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Preface

The recording and analysis of food data are becoming increasingly sophisticated.
Consequently, the practicing food scientist in industry or at study faces the task
of using and understanding statistical methods. Unfortunately, statistics is often
viewed as a difficult subject and tends to be avoided because of complexity and lack
of specific application to the food field. While this situation is changing and there
is much material on multivariate applications for the more advanced reader, a case
exists for a univariate approach for the non-statistician. That is the intent of this
book. It provides food scientists, technologists and other food practitioners with a
source text on accessible statistical procedures. Material for students and workers
in the food laboratory is included, covering the food analyst, the sensory scientist
and the product developer. Others who work in food-related disciplines involving
consumer survey investigations will also find many sections of use. Emphasis is
on a ‘hands-on’ approach with worked examples using computer software with
the minimum of mathematical formulae.

For the second edition, the content has been revised, some errors corrected and
additional information and detail given at various points. The main thrust of the
analyses, Excel use, has been updated for Excel 2010 format, whilst retaining the
instructions for Excel 2003. This update includes some of the amended formulae as
well as the new style of menu interaction when using the calculation and charting
facilities.



About the companion website

This book is accompanied by a companion website:

www.wiley.com/go/bower/statistical

Excel spreadsheet files with data are available on the website in both formats (2010
and 2003), so that readers can perform the calculations in the text or use new data
for their own examples and exercises.
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Chapter 1

Basics and terminology

1.1 Introduction

Food issues are becoming increasingly important to consumers, most of whom
depend on the food industry and other food workers to provide safe, nutritious and
palatable products. These people are the modern-day scientists and other prac-
titioners who work in a wide variety of food-related situations. Many will have
a background of science and are engaged in laboratory, production and research
activities. Others may work in more integrated areas such as marketing, consumer
science and managerial positions in food companies. These food practitioners
encounter data interpretation and dissemination tasks on a daily basis. Data come
not only from laboratory experiments but also via surveys on consumers, as the
users and receivers of the end products. Understanding such diverse information
demands an ability to be, at least, aware of the process of analysing data and inter-
preting results. In this way, communicating information is valid. This knowledge
and ability gives undeniable advantages in the increasingly numerate world of food
science, but it requires that the practitioners have some experience with statistical
methods.

Unfortunately, statistics is a subject that intimidates many. One need only con-
sider some of the terminology used in statistic text titles (e.g. ‘fear’ and ‘hate’;
Salkind 2004) to realise this. Even the classical sciences can have problems. Pro-
fessional food scientists may have received statistical instruction, but application
may be limited because of ‘hang-ups’ over emphasis on the mathematical side.
Most undergraduate science students and final-year school pupils may also find it
difficult to be motivated with this subject; others with a non-mathematical back-
ground may have limited numeracy skills presenting another hurdle in the task.

These issues have been identified in general teaching of statistics, but like
other disciplines, application of statistical methods in food science is continually
progressing and developing. Statistical analysis was identified, two decades ago,
as one subject in a set of ‘minimum standards’ for training of food scientists at

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.



4 Statistical Methods for Food Science

undergraduate level (Iwaoka et al. 1996). Hartel and Adem (2004) identified the
lack of preparedness for the mathematical side of food degrees, and they describe
the use of a quantitative skills exercise for food engineering, a route that merits
attention for other undergraduate food science courses.

Unfortunately, for the novice, the subject is becoming more sophisticated and
complex. Recent years have seen this expansion in the world of food science, in
particular in sensory science, with new journals dealing almost exclusively with
statistical applications. Research scientists in the food field may be cognizant with
such publications and be able to keep abreast of developments. The food scientist
in industry may have a problem in this respect and would want to look for an
easier route, with a clear guide on the procedures and interpretation, etc. Students
and pupils studying food-related science would also be in this situation. Kravchuk
et al. (2005) stress the importance of application of statistical knowledge in the
teaching of food science disciplines, so as to ensure an ongoing familiarity by
continual use.

Some advantages of being conversant with statistics are obvious. An apprecia-
tion of the basis of statistical methods will aid making of conclusions and decisions
on future work. Other benefits include the increased efficiency achieved by taking
a statistical approach to experimentation. Guiding the reader on the path to such
knowledge and skills begins with a perusal of the book contents.

What will this book give the reader?
The book will provide the reader with two main aspects of statistical knowledge.
One is a workbook of common univariate methods (Part I) with short explanations
and implementation with readily available software. Secondly (Part II), the book
covers an introduction to more specific applications in a selection of specialised
areas of food studies.

1.2 What the book will cover

Chapter 1 introduces the book and gives a summary of how the chapter contents
will deal with the various aspects. Accounts of the scope of data analysis in the
food field, its importance and the focus of the text lead on to a terminology outline
and advice on software and bibliography.

Chapter 2 begins with consideration of data types and defines levels of mea-
surement and other descriptions of data. Sampling, data sources and population
distributions are covered.

Chapter 3 introduces the style of the analysis system used with the software
and begins with simple analysis for summarising data in graph and table format.
Measures including mean, median, mode, standard deviation and standard error
are covered, along with various types of graphs. Definitions and application of
some of these methods to measures of error, uncertainty and sample character are
also given.
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Chapters 4–6 cover various aspects of analysis of effects. Firstly, Chapter 4
gives a detailed account of significance testing. Analysis of significant differences,
probability and hypothesis testing and its format are described and discussed.
The chapter concludes with consideration of types of comparison and factors
deciding selection of a test, including assumptions for use of parametric methods.
Chapter 5 continues with significance tests themselves, with tests for paramet-
ric and non-parametric data, two or more groups, and related and independent
groups. Chapter 6 describes effects in the form of relationships as association
(cross tabulation) and correlation (coefficients) and their significance. The topic
of correlation is then applied in simple regression and prediction.

Chapter 7 concludes cover of basic material by detailing the nature and termi-
nology of experimental design for simple experiments. Stages in the procedure,
such as identification of factors and levels, and sources of experimental error and
their elimination are explained. Details of design types for different sample, factor,
treatment and replication levels are then described.

Chapters 8 and 9 start the applications part of the book. In Chapter 8, sensory
and consumer data are described in terms of level of measurement, sources,
sampling via surveys, sensory panels and consumer panels. Summary methods
and evaluation of error, reliability and validity in these data sources are considered
along with checking on assumptions for parametric nature. Specific methods of
analysis are then illustrated for a range of consumer tests and survey data, and for
specific sensory tests and monitoring of sensory panels.

Chapter 9 uses a similar approach to instrumental data. They are described in
terms of level of measurement, sources and sampling via chemical and physical
methodologies in food science. Analytical error, repeatability and accuracy are
defined followed by use of calibration and reference materials. An account is then
given of specific significance analysis methods for laboratory work results and
experiments.

Chapter 10 applies experimental design to formulation procedures in food prod-
uct development. Identification of factors and levels as ingredients for simple de-
signs is given viewed from the formulation aspect. Decisions on the response and
its measurement are described along with the issues in objective versus hedonic
responses. Examples of some formulation experiments are used to illustrate the
analysis methods and their interpretation.

Chapter 11 deals with the application of the basic methods and experimental
design to the case of quality control procedures. Key features of sampling quality
measurement are outlined and then application of statistical methods to production
is explained. The data forms generated and their analysis are displayed with
reference to control charts and acceptance sampling.

Chapter 12 provides some indication of how to take the univariate methods a
stage further and apply them to multivariate situations. A selection of commonly
used more advanced and multivariate methods are briefly described, with more
detail on principal component analysis. The analysis of sensory and instrumental
data and how to combine them in the multivariate context concludes.
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Despite the above examples and the description of content, many scientists
and workers in the food field may still ask why they are required to have such
knowledge. This question can be answered by considering the importance and
application of the subject in the food field.

1.3 The importance of statistics

Why are statistical methods required?
It is possible to evaluate scientific data without involving statistical analysis.
This can be done by experienced practitioners who develop a ‘feel’ for what the
data are ‘telling them’, or when dealing with small amounts of data. Once data
accumulate and time is limited, such judgement can suffer from errors. In these
cases, simple statistical summaries can reduce large data blocks to a single value.
Now, both the enlightened novice and the experienced analyst can judge what the
statistics reveal. Consequent decisions and actions will now proceed with improved
confidence and commitment. Additionally, considerable savings in terms of time
and finance are possible.

In some instances, decision-making based on the results of a statistical analysis
may have serious consequences. Quantification of toxins in food and nutrient con-
tent determination rely on dependable methods of chemical analysis. Statistical
techniques play a part in monitoring and reporting of such results. This gives con-
fidence that results are valid and consumers benefit in the knowledge that certain
foods are safe and that diet regimes can be planned with surety. Other instru-
mental and sensory measures on food also receive statistical scrutiny with regard
to their trustworthiness. These aspects are also important for food manufacturers
who require assurance that product characteristics lie within the required limits
for legal chemical content, microbiological levels and consumer acceptability.
Similarly, statistical quality control methods monitor online production of food to
ensure that manufacturing conditions are maintained and that consumer rights are
protected in terms of net weights, etc. Food research uses statistical experimental
design to improve the precision of experiments on food.

Thus, manufacturers and consumers both benefit from the application of these
statistical methods. Generally, statistics provides higher levels of confidence and
uncertainty is reduced. Food practitioners apply statistical methods, but ultimately,
the consumer benefits.

1.4 Applications of statistical procedures in food science

There are many applications of statistics in the field of food studies. One of
the earliest was in agriculture where Fisher used experimental design to partition
variation and to enable more precise estimation of effects in crop plot experiments.
There was even an early sensory experiment on tea tasting (Fisher 1966), and since
then, statistical applications have increased as food science emerged as a distinct
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Table 1.1 Some applications of statistics in the food field.

Method Application

Summaries of results Tables, graphs and descriptive statistics of instrumental,
sensory and consumer measures of food characteristics

Analysis of differences and
relationships

Research applications on differences in food properties due to
processing and storage; correlation studies of instrumental and
sensory properties

Monitoring of results Statistical control of food quality and parameters such as net
filled weight

Measurement system
integrity

Uncertainty of estimates for pesticides and additives levels in
food

Experimental design Development and applications of balanced order designs in
sensory research

applied science subject. Some examples of the form of statistical applications in
food are given in Table 1.1.

Preparation of data summaries is one general application of statistics that can
be applied across the board. It is one of the simplest applications and can be done
manually if necessary, depending on the requirements. A variety of simple graphs
and table methods are possible, which allow rapid illustration of results. These
summaries are taken further in statistical quality control where measures such as
the mean value are plotted ‘live’, as a process is ongoing. The graphs (control
charts) used include limit lines that are set by using other statistical methods,
which allow detection of out-of-limit material, e.g. food product packs that are
below statutory minimum net weight. Statistical methods can also be applied to
evaluate the trustworthiness of data obtained by any method of measurement. This
application has been used extensively in evaluation of chemical data generated
by analytical laboratories. The statistical analysis provides an evaluation of how
dependable the analytical results are. This can range from within-laboratory to
between-laboratory comparisons, globally. Enforcement agencies rely on such
checks so that they can monitor adherence to legal requirements with confidence.

Food research application brings in analysis of differences and relationships.
Here, hypotheses are put forward on the basis of previous work or new ideas and
then magnitudes of effects in sample statistics can be assessed for significance,
for instance, examination of the change in colour pigment content during frozen
storage of vegetables.

Examination of relationships requires that different measurement systems are
applied and then compared. There are many examples of this in studies of food
where data from instrumental, sensory and consumer sources are analysed for
interrelationships.

The process of sampling of items, including food material and consumer re-
spondents, can be controlled using statistical methods, and here, a statistical appre-
ciation of variability is important. Experimental design takes this further, where
sources of such variation are partitioned to improve precision or controlled and
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minimised if extraneous. A common example is the unwanted effect of order of
samples in the sensory assessment of foods – design procedures can minimise this.

In fact, all the above examples rely on design procedures if the result is to be
valid and adequately interpreted. Experimental design is dealt with fully in a later
chapter, but an introduction to some aspects of experimentation is important at
this point to provide a foundation.

1.4.1 The approach to experimentation

Why are experiments and research necessary?
Progress in food science and all its associated disciplines is underpinned by re-
search activity. New information is gathered by investigations and experiments,
and in this way knowledge is advanced. The scientific approach to research and
exploration follows an established paradigm called the positivism method. This
postulates that events and phenomena are objective and concrete, able to be mea-
sured and can be explained in terms of chemical and physical reactions. All
scientists are familiar with this viewpoint, which is described as the scientific
deductive approach (Collis and Hussey 2003). It is largely based on empirical
methods, i.e. observations from experiments. The scientific style of approach can
be used for any type of investigation in any subject.

The procedure uses deduction from theory based on current knowledge. To
advance knowledge, experiments can be designed to test advances on existing or
new theory, using a hypothesis process. The findings can then be disseminated
and knowledge increased. Results are generalised and can be used to establish
new theories and to model processes and event reactions, which in turn allows
prediction in the formation of new hypotheses. The term quantitative research is
also used in reference to the scientific approach. This strictly refers to the nature
of the data generated, but it implies the deductive positivistic viewpoint.

In this process, the researcher is assumed to be objective and detached. Ulti-
mately, the deductive method searches for an explanation on the basis of cause–
effect relationships. Without such procedures, there would be no progress and they
form the foundation of the scientific approach in many food disciplines.

A more recent approach is that of phenomenology where an inductive approach
can be used to examine phenomena on the basis that they are socially constructed.
Theories and explanations are generated and built up from data gathered by meth-
ods and techniques such as interviews (Blumberg et al. 2005). These methods are
often described as qualitative, which again refers to the data that are in the form of
words rather than numbers. The modern food practitioner needs to be aware of such
data as there are several qualitative methods (e.g. interviews and focus groups)
used in sensory and consumer work. Analysis of data from qualitative methods
can be summarised by numerical techniques such as counting the incidence of
certain words and phrases, but usually statistical analysis as such is not involved.

Typical use of the scientific approach in food studies entails identifying a topic
for research or investigation then posing a research question(s). Deductive rea-
soning from existing knowledge is examined to develop a research hypothesis.
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Start

State problem/pose research question

Establish fact Demonstrate difference/relationship

Carry out determination Perform experiment

State research hypothesis

Analyse data

State conclusion

Fig. 1.1 The approach to investigation.

A plan can then be drawn up with an experimental design and specification of
measurement system, etc. Data are gathered and then statistical analysis is used to
test the hypothesis (quantitative). The scope of the procedure can be from a sim-
ple investigation of the ‘fact-finding’ type, e.g. determination of chemical content
values, to a complex experimental design, e.g. a study on the effect of temperature,
pressure and humidity levels on the drying properties of a food. In this latter case,
the objective would be to identify any significant differences or relationships. Ex-
perimental control means that results can be verified and scrutinised for validity
and other aspects.

Simple experiments do not usually require stating of hypotheses, etc. In circum-
stances where differences or relationships are being examined, e.g. ‘Does process
temperature affect yield of product’, a more formal procedure is used or, at least,
assumed (Fig. 1.1).

The conclusion of one investigation is not the end of the process as each piece
of work leads to new ideas and further studies, etc.

1.5 Focus and terminology

It is important at this point to give some indication of what this text will concentrate
on in terms of applications. Data from three main areas are drawn on:

� Instrumental methods of analysis
� Sensory methods
� Consumer tests and measures
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These divisions are broad enough in scope to provide examples of a range of
statistical applications. The terms above are used throughout this book in reference
to data (thus, instrumental data, sensory data, etc.).

Instrumental measures itself can cover any measurement system from chem-
ical and physical analysis to specific food instrumentation methods and process
measures, e.g. protein content, Lovibond colour measures and air speed setting.
Sensory measures include all sensory tests used by trained assessors such as dis-
crimination tests and descriptive analysis methods. Consumer tests include some
sensory methods, which are affective or hedonic in nature, e.g. preference ranking.
The above systems cover mostly laboratory measurements.

Consumer measures refer to questionnaire measures in surveys, such as con-
sumers’ views and opinions on irradiated foods. These consumer applications are
usually non-laboratory in nature.

1.5.1 Audience

As stated above, this book is aimed at the food scientist or food practitioner who has
to undertake some aspect of data analysis and interpretation. The intention is not
to include formulae and mathematical content wherever possible. All calculations
are done using appropriate statistical software. In this respect, the text cannot be
viewed as a statistical source, but numerous references for those readers who wish
more on formulae are given. The emphasis is on providing a basic account of how
methods and tests are selected, how to avoid inappropriate use, how to perform
the tests and how to interpret the results.

Software packages

All examples of statistical tests and methods are selected from the appropriate
menus of a software package usable with Microsoft R© Windows R©. Readers will
require some familiarity with an analysis package. Microsoft R© Excel R© is probably
the most accessible and available package that includes statistical analysis and
functions. Applications employ the Excel 2003 and Excel 20101 versions, as used
in Windows for PC. Explanation of the differences between the functions for these
versions is detailed in some sections, otherwise the 2010 function is stated followed
by the 2003 form in brackets. As far as possible, Excel functions and data analysis
add-ins are used, followed by those of Minitab (Minitab R© Statistical SoftwareTM;
any basic version). Some guidance is given on use of functions and commands for
these packages, but the instructions cannot be viewed as comprehensive and some
readers may wish to consult texts such as Middleton (2004), Carlberg (2011),
and McKenzie et al. (1995) and Wakefield and McLaughlin (2005) for advice on
Excel and Minitab, respectively. The Excel Analysis ToolPak and Solver Add-
ins are required for some examples. Another useful addition is the MegaStat

1 Excel 2007 has a similar interface and commands to Excel 2010.
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(McGraw-Hill/Irwin, McGraw-Hill Companies Inc.) add-in for Excel (Bowerman
et al. 2008), which provides other facilities including some non-parametric tests.

Some of the more advanced design examples and the multivariate applications
(Chapter 12) require Excel with more sophisticated facilities, fuller versions of
Minitab, or packages such as SPSS (International Business Machines Corporation)
and specialist software (Design-Expert(R), Stat-Ease, Inc.). It must be stressed
that these are not required for the majority of examples in this book, and that
it is appreciated that many readers will not have access to all these packages.
Several are available as student versions and this is indicated. Additionally, there
is a wealth of statistical tools and facilities on the Internet.

1.5.2 Conventions and terminology

Already in this chapter, new terminology is accumulating, which may cause con-
fusion for some readers. Additionally, certain terms can be used in more than one
sense. For example, ‘analysis’ can refer to chemical analysis or statistical analysis.
‘Sample’ can be used in more than one way. ‘Measure’ is a general term, but it
signifies the act of carrying out of a determination, etc. Most key terms are defined
or explained where they occur and usually the context will aid understanding, but
a brief list of common terms and their meaning is presented in Table 1.2.

In addition to software and terminology, etc., indicated earlier, much reference
is made to certain key texts and research publications in food science and statistics.
Most chapters include at least one of the following sources, which are introduced
at this point.

Advice on bibliography

Textbooks on specific basic applications of statistics to food science are not numer-
ous. Some ‘standard’ texts include Gacula and Singh (1984) on general material
for food research and O’Mahony (1986) on sensory applications. There are several
texts on multivariate sensory applications. Also, sensory evaluation data analysis
is dealt with in other general sensory texts, but only as an add-on section or a
chapter in the main contents. For the chemical analyst, there are some general
texts of interest such as Miller and Miller (1999), but these are not specific to
food. As seen, the publication dates on several of these are more than a decade
ago, although they are still used extensively by practitioners. More recent texts in
general biosciences are appearing, but they often deal with advanced newer meth-
ods. Other useful texts take a more technical view (e.g. Chatfield 1992) or a gentler
approach (e.g. Rowntree 2000), but again these are not specific to food science.
Ultimately, the food scientist may need to go to journal and article publications
to get a particular method, from research journals and the work of organisations
such as the Laboratory of the Government Chemist series on Valid Analytical
Measurement and the Food Standards Agency. Older texts have the advantage that
in some cases the descriptions and statistical analyses are simpler and easier to
understand.
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Table 1.2 Terminology and conventions.

Term Meaning

Food practitioner The person carrying out the food investigation and the statistical
analysis (scientist, technologist, researcher, student, pupil, etc.)

Food study Any investigation on food by the above practitioner

Analysis Statistical analysis or instrumental analysis

Analyst Chemical analysis practitioner

Analytical Chemical analysis

Analyte Constituent being determined by chemical analysis

End determination A single measure on a sampling unit or subsample

Observation As determination

Sample A selection of sampling units

Sampling unit An individual object taken from the population

Subsample A portion of a sampling unit used for an end determination

Instrumental Instrumental method (covers, chemical, physical, biological, etc.)

Sensory panel Group of selected, trained assessors

Sensory test Sensory analysis tests using trained assessors or consumers

Consumer panel Group of untrained consumers for sensory testing

Consumer test Sensory measure using consumer respondents

Consumer measure A measure used in a consumer survey

Consumer A member of a consumer population

Data The values as measured

Results Data that have been summarised and analysed

Assessor A member of a sensory or consumer panel

Panellist As assessor

Judge As assessor

Ranking Specific use of a ranking test

Rating/scoring Allocating a measure from an ordinal, interval or ratio scale

Scaling Allocating a measure from any scale

Variable A measure that can take any value in a range of possible values

Object An item upon which measures are made (food material, food
machinery, methods, consumer, etc.)

Item As object

References

Blumberg, B., Cooper, D. R. and Schindler, P. S. (2005) Business Research Methods.
McGraw-Hill Education, Maidenhead, pp. 18–25.

Bowerman, B. L., O’Connell, R. T., Orris, J. B. and Porter, D. C. (2008) Essentials of
Business Statistics, 2nd edn. McGraw Hill International Edition, McGraw-Hill/Irwin,
McGraw-Hill Companies, New York.



Basics and terminology 13

Carlberg, C. (2011) Statistical Analysis: Microsoft R© Excel 2010. Pearson Education, QUE
Publishing, Indianapolis, IN.

Chatfield, C. (1992) Statistics for Technology, 3rd edn. Chapman & Hall, London.
Collis, J. and Hussey, R. (2003) Business Research. Palgrave MacMillan, Basingstoke,

pp. 46–79.
Fisher, R. A. (1966) The Design of Experiments, 8th edn. Hafner, New York.
Gacula, M. C. and Singh, J. (1984) Statistical Methods in Food and Consumer Research.

Academic Press, Orlando, IL.
Hartel, R. W. and Adem, M. (2004) Math skills assessment. Journal of Food Science

Education, 3, 26–32.
Iwaoka, W. T., Britten, P. and Dong, F. M. (1996) The changing face of food science

education. Trends in Food Science and Technology, 7, 105–112.
Kravchuk, O., Elliott, A. and Bhandari, B. (2005) A laboratory experiment, based on the

maillard reaction, conducted as a project in introductory statistics. Journal of Food
Science Education, 4, 70–75.

Malhotra, N. K. and Peterson, M. (2006) Basic Marketing Research, 2nd edn. International
Edition, Pearson Education, Upper Saddle River, NJ.

Mckenzie, J., Schaefer, R. L. and Farber, E. (1995) The Student Edition of Minitab for
Windows. Addison-Wesley Publishing Company, New York.

Middleton, R. M. (2004) Data Analysis Using Microsoft Excel. Thomson Brooks/Cole
Learning, Belmont, CA.

Miller, J. C. and Miller, J. N. (1999) Statistics and Chemometrics for Analytical Chemistry,
4th edn. Ellis Horwood, Chichester.

O’Mahony, M. (1986) Sensory Evaluation of Food – Statistical Methods and Procedures.
Marcel Dekker, New York.

Rowntree, D. (2000) Statistics without Tears – A Primer for Non-mathematicians. Pelican
Books, London.

Salkind (2004) Statistics for Those Who (Think They) Hate Statistics. Sage publications,
London.

Wakefield, D. and McLaughlin, K. (2005) An Introduction to Data Analysis Using
Minitab R© for Windows, 3rd edn. Pearson Education, Pearson Prentice Hall, Upper Saddle
River, NJ.

Software sources and links

Microsoft C© Excel for Windows. Available at www.microsoft.com (accessed 28 February
2013).

Excel add-in: MegaStat R© for Microsoft R© Excel, McGraw-Hill Higher Education. Available
at www.mhhe.com (accessed 28 February 2013).

(also available with Bowerman et al. 2008)
Minitab: Minitab R© Statistical Software, Minitab Inc. Available at www.minitab

.com (accessed 28 February 2013).
Design-Expert(R) software: Stat-Ease, Inc., Minneapolis, MN. Available at

www.statease.com (accessed 28 February 2013).
SPSS for Windows Student Edition 13.0, 2006, International Business Machines Corpora-

tion, New York, (formerly SPSS Inc.). (Available with Malhotra and Peterson (2006)).



14 Statistical Methods for Food Science

SPSS for Windows, Rel. 15.0.0 2006. International Business Machines Corporation, New
York (formerly SPSS Inc.).

Laboratory of the Government Chemist. Available at www.lgc.co.uk (accessed 28 February
2013).

Department of Trade and Industry’s VAM. Available at www.vam.org.uk (accessed 28
February 2013).

Food Standards Agency. Available at www.food.gov.uk (accessed 28 February 2013).



Chapter 2

The nature of data and their collection

2.1 Introduction

This chapter describes the nature of data, covers methods for data gathering
by sampling and details the characteristics of populations. Data originate from a
source material that depends largely on the focus of the investigation or experiment.
In food science, the obvious sources are the many types of food that are analysed
by instrumental and sensory methods. Thus, for such work, samples are taken
from a defined larger lot or batch, which can be viewed as the original population.
In other types of study such as with consumer surveys on food-related issues,
another type of population is more recognisable – that of a population of people,
that is, the consumers themselves.

In all these examples, values are generated by the particular measurement
system, giving rise to many forms of scales and levels of measurement for data.
This chapter highlights the importance of concise definitions and specifications for
measurement systems, sampling methods and populations so that the conclusions
from statistical analysis are valid. These points are discussed below beginning
with data and measurement systems.

2.2 The nature of data

Data occur in many forms. In their original ‘as-measured’ state, data are ‘raw’ and
they may convey readable details, but usually ‘processing’ is required before they
constitute information in the form of results. Commonly, data occur as numbers,
but other forms are possible. These can be letters, words, images, symbols, sounds,
sensations, etc. In food studies, all of these forms can be found, but the term
‘science’ is often associated with ‘scientific measurements’ recorded as physical
measures of distance, mass, volume, etc., and powers of these. These measures are
expressed as numbers with units of the particular quantity being measured. For

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.
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Table 2.1 Examples of measurement types in food science.

Measurement/quantity Example (typical unit)

Weight Balance reading (gram)
Force Mechanical firmness (newton)
Absorbance Spectrophotometer (absorbance)
Colour CIE units
Extensibility Extensometer units
Sensory intensity Intensity scale for bitterness
Rotation Polarimeter (degree)
Volume Burette reading (millilitre)
Energy Calorimeter (temperature, ◦C)

example, the quantity weight is expressed as a number with gram units. Beyond
this, many scientific instruments in food science analysis have their own units for
measurement of parameters such as absorbance, colour units, texture units and
retention times (chromatography) (Table 2.1).

Other measures can occur without units and use numbers to express counts of
the occurrence of objects, for example the number of bacterial colonies on an agar
plate, or the number of people preferring one food sample to another.

All data are measured in some way, whether by use of a scale, by simple
enumeration or by collection using specific instruments. All of the examples in
Table 2.1 involve a scale of some sort.

2.2.1 Measurement scales

Scales are characterised by having divisions labelled with anchors, which identify
points on the scale. Anchors can be numbers or words and they guide selection of
each individual measure. For example, when measuring length with a 15-cm metric
ruler, the numbered anchors for each centimetre guide the selection of the length
measure. Note that for some scales, the investigator may be required to estimate
the final reading, as when reading absorbance from an analogue meter and the
pointer lies between the marked divisions. In other scales, there is no estimation
as all parts of the scale are anchored or the scale provides a digital output. The
format of a scale depends on a number of factors. Instrument scales have their
own specific readouts such as a balance (g) or spectrophotometer (absorbance).
Scales used in sensory work and in consumer surveys come in a wide variety of
forms. They can occur as categories with tick boxes or as graphic lines, etc. More
information on scales with examples is provided below.

In all cases, the quantity being measured constitutes a variable in experimental
design terms. A variable can take any value on the scale of measurement. The scale
can be within an instrument or in a questionnaire, or on a sensory assessment sheet.
The measures are taken from objects in the form of food samples, consumers,
different instruments being compared, different process lines, etc. Ultimately,
the objects constitute sampling units, which make up experimental units in the
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The nature of data

Measurement of variable

Numeric/Quantitative

Data

Non-numeric/Qualitative

Ordered No orderDiscrete Continuous

Interval and ratio scales Nominal scaleOrdinal scale

Fig. 2.1 The nature of data.

investigation (Section 2.3.1). There are several aspects to the nature of the data
generated by the various measurement systems (Fig. 2.1).

These include whether the data are generated as numbers or non-numbers such
as words, the form that these take and finally, the scale on which they are measured.

At this point, a scale can be classified in terms of its level of measurement.
There are four levels (detailed below) ranging from non-numeric, non-ordered
scales (nominal), and those with order (ordinal), to those with a fuller numeric
nature (interval and ratio).

2.2.2 Numeric and non-numeric data

One way to classify data is to decide whether they are numbers or not and this in
turn decides some other features. If numbers are generated, the data are numeric.

Numeric data

Numeric data are quantitative in that they represent measures of ‘amounts’. They
can occur in two forms, one as discrete numbers, where the variable can take one
of a sequence of numbers, typically integers. For example, the number of peas
in a pod – there can be 0, 1, 2, 3 . . . peas. Continuous variables have numbers
that can take any numeric value on the scale, depending on the precision of the
measurement system. Weighing a sample for analysis with a ‘pointer-type’ balance
could give a continuous number such as 5.385 g, where the last digit was estimated
from the position of the pointer on the scale (between 5.380 and 5.390 g). The true
weight could be 5.38343672 g, but the measurement system cannot read to this
precision. Modern digital balances do not require estimation of the final digit, so
although a continuous variable is being measured, the measure becomes discrete
in that one of a sequence of numbers must be selected. Thus, for a milligram
balance, the weight could be one of 5.380, 5.381, 5.382, 5.383, . . . , 5.390 g, but
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unlike a discrete variable, the variable weight can take any value – it is just limited
by the measurement system in this case.1 The terms continuous and discrete are
similar to analogue and digital, respectively. For instance, a voltage measured on
an analogue meter with a scale and a pointer can take any of an infinite number of
values that must be estimated visually, but a digital reading consists of a series of
integer digits, although admittedly this can be up to the limitation of the device,
as seen above.

For continuous variables and in many cases for discrete ones, the data are
measured on a scale that is of the ‘fuller’ numerical type (at least interval in nature,
but more likely ratio – see Section 2.2.3). The term parametric is sometimes used
to describe numeric data of interval or higher level of measurement. This actually
refers more to the population from which the data originate, in that the population
will have certain well-identified parameters (Section 2.4). The term metric on its
own signifies a generalised measure of distance, but it can be used in reference to
interval or ratio measures, thus metric data.

Non-numeric data

These data occur as letters, words, etc. (sometimes referred to as ‘string’ format
signifying a string of characters or letters) and they can be described as qualitative
in nature. The words can be categories or classifications without order in which
case a nominal (categorical) scale will have been used, e.g. ‘red’, ‘green’ and
‘blue’. If order is present in the categories then an ordinal scale is evident, e.g.
‘poor’, ‘fair’ and ‘ok’. A complication is that the numbers are often used with
ordinal scales and with ranking tests (ordinal), thus fogging the division between
numeric versus non-numeric for ordinal variables. In terms of analysis, coding
with numbers is used for both ordinal and nominal data, but this does not change
its original nature. Certainly, the source population from which they originate is
viewed as non-parametric in that an assumption of no parameters is made.

While all these examples can be recorded in numeric or non-numeric form, a
crucial characteristic of the data is the amount of information that they contain. One
major aspect of this is given by considering the level of measurement possessed
by the scale or the method used to gather the data.

2.2.3 Levels of measurement

Level of measurement is a specific term that describes the quantity of information
in data, but it refers to the measurement system used to obtain the data. Thus,
the description nominal data refers to data that were generated by a nominal
scale. Level of measurement decides the degree to which the data can be manip-
ulated in a mathematical sense and points the way to which forms of analysis are
appropriate.

1 Continuous values are therefore estimates which lie between identified limits, but discrete values are
accurate in that they are always ‘on the mark’.
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Table 2.2 Levels of measurement.

Term for
Level Data form Key features Example Analysis scale use

Nominal Word, names No order Apple variety Count, mode,
crosstabulation

Classifying

Ordinal Words, numbers
(rank)

Order, no
magnitude

Preference rank;
consumer satisfaction
(low, medium, high)

As nominal plus median,
quartiles

Ranking, rating

Interval Numbers Order, magnitude,
equal intervals,
arbitrary zero

Sensory intensity
(low to high)

As above plus mean,
standard deviation,
correlation, analysis of
variance

Scoring

Ratio Numbers Interval, true zero Fat content As above plus ratio
quantifications, geometric
mean, coefficient of
variation

Scoring

The levels are shown in Table 2.2. This list displays them from the lowest level
(top) to the highest. This division does not reflect the ‘goodness’ of the data; i.e.
it is not ‘bad’ to use the lowest level of measurement. What is defined is the scale
and the choice of the level depends on the requirements for measurement. Thus,
for some variables, such as consumers’ country of origin, the nominal level is
appropriate. The variable is non-numeric and it takes values as categories (the
names of the countries). It would not be appropriate to use a ratio scale for this –
whereas it would be for the quantity ‘weight’. In this latter case, the level of
measurement is decided by the measurement system, i.e. a weighing system such
as a digital balance.

If there is a choice of level of measurement then it is desirable to get as
much information as possible by using a higher level. Other factors such as the
complexity or sensitivity (confidentiality) of the measure in a sensory test or a
survey question may need to be considered in this choice. For example, nominal
level questions that are easier to interpret and answer in some respects may be
more appropriate for very young or very old consumers; sensitive information
such as salary or age are commonly asked for using category (nominal) scales as
people may be unwilling to give exact (ratio level) values. Thus, although it is
possible to record the salary level as a higher level of measurement (ratio), it is
usually set lower as a list of category bands (Fig. 2.2).

Please give your annual salary (£):

10000–20000

20001–40000

40001–60000
60001–80000

Fig. 2.2 Example of a measure in categories from a higher level of measurement.
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This scale also qualifies for ordinal level and it could be used as such in a
particular analysis, i.e. there is order present in the salary categories.

The terms for describing the manner in which the various scales are used are
essentially based on those ‘defined’ by Land and Shepherd (1988). These terms
are by no means ‘official’ across all disciplines and as the latter authors explain
definitions are based on international standards for sensory testing terminology.
Although they are used commonly, there is some intermingling of the terms in the
literature. Thus, ‘rating’ and ‘scoring’ can be used interchangeably irrespective of
scale. In this book, they are used for scales with specific levels of measurement,
as an aid to comprehension, and to avoid confusion. The term scoring, which
implies use of numbers, refers to use of a numerical, metric scale (interval or
ratio). Note that numbers need not be on the scale itself, but they are used on data
analysis. Ranking is taken as being used only for a ranking test, and rating is
for use of a scale with ordinal properties, but which does not specify a ranking
procedure. Selection of categories from nominal scales is classification. As seen
above, an element of confusion is caused by use of the term scaling, which is
generally applied to all levels of measurement. Usually, the context should make
the reference clear.

What decides level of measurement?
A useful guide to level of measurement is given by the format of the measurement
or observation during its generation. As seen above (Fig. 2.1), two forms are pos-
sible: numeric or non-numeric. This applies to measures taken from instruments
or from people in sensory tests or questionnaires. The criterion applies to the
data as they are measured and not to any coding with numbers that can occur
during data entry into some software packages. This distinction of numeric versus
non-numeric gives the first indication of which level of measurement applies.

Nominal data

Data occurring originally as non-numeric strings of letters, e.g. a word or name,
are likely to be nominal. These data are categories or classes of objects, e.g. type
of potato cultivar (Fig. 2.3).

Classify the potato tuber sample as:

‘Maris Piper’

‘King Edward’

‘Golden Wonder’

(Select ONE variety only)

Fig. 2.3 Example of a nominal scale.
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They are often recorded on a category or attribute (property or characteristic)
choice list in sensory or consumer testing. These lists possess no order and no
magnitude between the categories. Other than counting the incidence of each
category, there is very limited mathematical analysis possible by conventional
methods. The classifications can be based on one or more attribute descriptions
for the object. There can be confusion if there is an implied order given with a
nominal scale. For example, ‘low’, ‘medium’ and ‘high’ or ‘soft’, ‘firm’ and ‘hard’
in a texture classification. Such terms are commonly used as anchors in interval
scales in sensory descriptive analysis methods. When used as categories in a
nominal scale, they imply order and the scale is treated as being at least ordinal.
Some scientific instruments and tests generate nominal data, for instance chemical
or microbiological tests that produce a ‘positive’ or ‘negative’ result (hence the
term ‘qualitative tests’). Nominal data can also be referred to as attribute or
category data.

Ordinal data

These can occur as two forms. One is that generated by a ranking test, i.e. a task
in sensory and consumer tests where objects are put in order of an attribute or
characteristic. For example, ‘Arrange the following samples in order of preference’
(Fig. 2.4). Here, the data are measured as numbers, but in rank order only.

Ordinal data are also produced by a scale that has some natural order to it. These
ordinal scales are used to rate items on a list of descriptions that have logical order.
A common example in consumer surveys and market research is the Likert item
based on the Likert scale (a composite scale containing several individual items),
where variables such as level of agreement, satisfaction, importance, acceptance
and goodness are measured on statements and concepts (Fig. 2.5).

This example is not a ranking test as the respondents to this question would
not arrange the scale anchors – they select one only, but they are assumed to use
the anchors in an ordinal manner. Some practitioners argue for interval status for
such scales, especially when there is more evidence of progression in the category

Rank the following items in order of preference where 1 = most preferred and

 5 = least preferred:

Sample 385

Sample 590

Sample 127

Sample 078

Sample 931

Fig. 2.4 Example of a ranking test (ordinal scale).
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Please state your opinion on the following aspect of the food service:

‘The overall quality of the main course’

Poor Fair Good Very good Excellent

Fig. 2.5 Example of an ordinal scale (individual Likert-item style).

terms as with the ‘agree/disagree’ form of the Likert scale (Fig. 2.6; Sorenson and
Boque 2005).

Stone and Sidel (1993) give an account of the use of the Likert scale in various
formats, including acceptance, for sensory and consumer research.

Both forms (rank and rating scale) of ordinal data have order, but there is no
indication of magnitude of differences and it cannot be assumed that there are
equal divisions between the anchors. Numbers are often used in conjunction with
these scales and this may imply equal divisions (i.e. as for an interval scale). This
may or may not be the case, but these types of scales of peoples’ opinions such
as level of agreement and importance are viewed as being used in an ordinal
manner (Sirkin 1999), when used as single items (the original Likert scale uses
a scale containing several items that are then summed and averaged (Clason and
Dormody 1994)). Ordinal scales that are anchored with a more obvious continuum
(e.g. ‘weak’, ‘moderate’ and ‘strong’) may have more interval properties (Stone
and Sidel 1993), but those with more of a subjective feel such as ‘good’, ‘ok’ and
‘poor’ are less convincing (Lawless and Heymann 1998).

The well-known hedonic scale (Peryam and Pilgrim 1957) used in sensory
work (descriptions of ‘like extremely’ to ‘dislike extremely’) is similar in nature
to the Likert scale above, but it is viewed differently. Considerable research has
shown that the divisions on the hedonic scale are sufficiently interval in nature to
meet one of the assumptions of the more powerful statistical methods (Gacula and
Singh 1984; Lawless and Heymann 1998) particularly when the nine-point scale
is used.

As stated above, ordinal data are often coded into numbers (or occur as rank
order numbers) for analysis, but the values cannot be interpreted in an interval

Please state how much you agree/disagree with the following statement:

‘GM foods are beneficial to health’

StronglySlightlySlightlyStrongly
disagreeDisagreedisagreeNeutralagreeAgreeagree

Fig. 2.6 Example of an ordinal scale (individual Likert-item style).
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manner, for example ‘important’ cannot be judged as twice as much as ‘slightly
important’ on an ‘importance’ scale, or rank order 2 cannot be viewed as half of
rank order 4. Thus, analysis of these data in their basic form is usually limited
to a count of the frequency of each descriptor or rank allocations and certain low
power significance tests. If several ordinal scales are combined to give a composite
measure then the data are now more continuous in nature. They can be classed as
interval as many more points on the scale are possible than the limited discrete
integer nature of each of the original individual scales. For example, the nutrition
knowledge scale used by Alexander and Tepper (1995) contained ten items, and
the food choice questionnaire examined by Eertmans et al. (2006) contained nine
scales with three to six items in each.

Bipolar and semantic differential scales are usually ordinal. In a bipolar scale,
the anchors at either end have opposite meanings as with the agree-disagree
scale and the hedonic scale. Another example is the just-about-right scale that
has a series of anchors indicating insufficient, ideal and excessive degrees of a
particular attribute, e.g. ‘not sweet enough’, ‘ideal sweetness’ and ‘too sweet’.
Purchase intent scales are similar with ‘definitely not buy’ at one extreme and
‘definitely buy’ at the other.

Semantic differential scales have two reference terms with opposite meaning
at either end of an ordinal scale. They include a wide variety of possibilities in
consumer surveys. A particular characteristic is rated on the scale referenced by
the two opposite terms (Fig. 2.7).

Another complication arises with ordinal scales in that they can be used with
anchors linked to category boxes (Fig. 2.5) with various points on the scale.
Typically, five points are used, but as low as three and as many as nine are
possible. Usually, higher numbers of divisions on a scale (ordinal and above)
give better discrimination ability; i.e, it is easier to differentiate items. Another
possibility for such scales is the graphic line with two or more anchors. For
this type, the number of divisions on the scale is theoretically infinite. In Fig.
2.8, scale (a) consists of categories with order. The data produced would be
very limited in terms of being able to discriminate between items. Scale (b) has
more discriminatory power and although still at least ordinal, it has more of a
continuous nature. Lawless and Malone (1986) examined various forms of scale
and found a slight advantage in the category box type in terms of discrimination
ability, but they indicated that use with five or less categories could reduce the
sensitivity.

Please rate the reliability of the resealable package samples:

A lotSomeA littleA balanceA littleSomeA lot

Sample 017
ReliableUnreliable

Fig. 2.7 Example of a semantic differential scale (ordinal).
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(a)
Very importantImportantNot important

(b)
Very importantImportantNot important

Fig. 2.8 Category box and graphic line scales.

Interval data

Interval scales will always produce numeric data that can be discrete or continuous.
There are equal intervals and thus the scale has order and magnitude. Interval
level data can be described as originating from a ‘limited scale’ in that there is
an arbitrary zero setting. One example of this is the degrees Celsius scale where
0◦C happens to be set at the freezing point of water, as this is a useful reference
point. This differs from the true absolute zero point of degrees kelvin (–293◦C).
Analysis that is much more mathematical is possible with interval data although
strictly speaking ratios of scale points do not apply. For example, between 5◦C and
0◦C is the same as the difference between 15◦C and 20◦C, but 20◦C is not four
times as hot as 5◦C.

Many arbitrary scales in sensory and consumer panel tests can be described
as approaching this level of measurement, such as a scale describing a specific
graded change in some aspect of food quality and sensory scales of intensity for
attributes (Fig. 2.9).

The example uses a graphic line, but this type can be used with category boxes
also. A feature of such scales is that they have fixed limits as used – unlike ratio
scales, which can go theoretically from zero to infinity.

Ratio data

Any data that involve more concrete physical and scientific measures will usually
be ratio data. This includes most measures of time periods (e.g. freezing time),
physical dimensions (e.g. weight, volume and peak area), absolute temperature and
many other instrumental measures (e.g. air pressure, flow rate and starch content)
that are continuous in nature. Any form of counted objects gives discrete ratio
data (e.g. numbers of people in a consumer survey and number of defective packs

Score the intensity of the odour of the fish samples:

Sample 804

hgiHmuideMwoL

Fig. 2.9 Example of an interval scale.
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in a daily batch). Ratio level of measurement is a ‘true scale’ with equal intervals
and a true absolute zero point. Full mathematical analysis is now possible and
multiplication and division result in valid comparisons. For example, a firmness
reading of 0.5 N is five times as firm as firmness of 0.1 N.

Interval and ratio scales are more recognised as scales of measurement in the
scientific sense and for this reason the resulting data are often treated as ‘scale’ or
‘metric’ in some statistical packages. The view adopted in this book is to refer to
interval and ratio data as metric data.

NB: In food research, sensory measures on ordinal scales are often treated as
interval, which in turn is often treated as ratio for analysis. These procedures
depend on a number of factors such as whether the scale has an underlying more
continuous nature to it. Other factors such as sample size also have a bearing
where large sample sizes can reduce the dependence on assumptions regarding
level of measurement and the appropriate analysis. Level of measurement per se
does not automatically qualify a measure for parametric analyses as other factors
such as distributional form also contribute. More details are provided on this in
later chapters.

Changing level of measurement

All levels of measurement above nominal can be converted to a lower level.
This may be required for a particular type of analysis, but it does involve loss
of information. For instance, in a consumer survey, a question could be please
indicate your frequency of consumption of this product type in the last month, with
a scale given as 0 (none) to 30 (every day). The scale in this case is ratio level,
but for certain analysis purposes, the data can be formed into divisions based
on a specified ‘level of consumption group’ (e.g. as ‘low consumption (0–10)’
and ‘high consumption (11–30)’). Thus, the original data may have been metric
in nature, but as a rule, the grouping process is viewed as putting the data into
categories and hence the data are taken as categorical or nominal in this form.

How do data sources differ in level of measurement and other aspects?
Direct measures on food samples or other objects of interest using instrumentation
usually employ interval or ratio data scales, e.g. ash content, weight and height of
dieters, floor area of retail food displays, number of defects, cost of low fat retail
products. These are all numeric (discrete or continuous). With sensory measures,
level of measurement depends on the particular test. Difference tests generate
choice from two or more samples, e.g. which sample do you prefer (A or B)? In
this test, the answer would be a non-numeric (A or B), thus level of measurement is
nominal. This contrasts with descriptive analysis tests where ordinal and interval
profiling scales are more common.

In consumer testing survey questionnaires, where the objects are the respondents
or subjects, each question is a data source and a variety of data forms is generated,
ranging from nominal to ratio. Focus groups and interviews with consumers will
generate recorded words, which are nominal in level. The frequency of occurrence
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of selected words and phrases can be counted to give a numerical summary, but
again this does not change the original level of measurement.

The terms ‘instrumental’, ‘sensory’ and ‘consumer’ along with ‘data’ are used
frequently in this book to indicate the source of data. Usually instrumental data
are numeric, continuous and parametric in nature. Sensory data can be similar,
but sensory tests include non-numeric ordinal and nominal classification (non-
parametric) scales. Consumer data from food testing are more likely to be non-
parametric even when using specific sensory methods (due to lack of familiarity
with scales, etc.).

Some indication of choice of level of measurement has been given above, but
usually it is pre-decided when an instrumental measurement system is chosen. In
sensory and consumer test, there can be a choice. Usually, it is better to use higher
levels of measurement if appropriate.

For all the above classifications, measures can be univariate, bivariate or mul-
tivariate in nature. These terms are often applied to the data as well. They signify
the number of unique measures which were taken on samples or which are being
analysed. Thus, considering a single affective measure such as ‘degree of liking’
involves a single univariate measure, whereas a descriptive analysis test may gen-
erate three or more sensory attribute measures (e.g. ‘watery’, ‘grassy’ and ‘bitter’)
and is thus multivariate. Bivariate refers to the circumstance where two measures
are made on the objects being examined, such as in the case of a relationship study
on measures of ‘stale odour intensity’ and chemical peroxide content of stored
foods. Each food sample would be scored for stale odour level by a sensory panel
and receive chemical analysis for peroxide content.

2.3 Collection of data and sampling

During experimentation, the readings or recordings, whether from instrument
readout or a consumer survey sheet, provide the data. To obtain these, a sample is
gathered from a defined population. Sampling is a fundamental procedure in most
investigations, but it needs to be justified and placed in context.

Why do we have to sample?
Sampling is viewed as a process of taking a fraction from a ‘parent lot’, source or
population. Ideally, all of the population would be sampled (100% sample) because
in one sense there would be 100% confidence that a ‘trustworthy’ result had been
obtained. Instead of an estimate in the form of a statistic, the actual population
parameter itself would be determined. However, with a large population and limited
resources this is not possible – it would be too expensive, too time consuming and
there are other disadvantages (see below). Thus, the practitioner has to rely on an
estimate via a sample and this exposes the determination to sampling error. As
will be seen, this is but one error source. The nature of the sample itself involves
definition of some terms and fuller explanations.
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2.3.1 Sample, sample units and subsamples

A sample is made up of individual items, objects or people referred to as sampling
units. As indicated above, in food studies, the units can be weighed amounts
of food, or individual consumer respondents in a survey, etc. In either case, the
total quantity of the food material or the whole consumer population will not
be subjected to measurement and a sample is taken as a small fraction. Some
examples of the form of this procedure are shown in Table 2.3.

The population of interest is any defined group such a large batch of raw material
food, or a day’s production of food packs, or a consumer group. The sampling
units are made up by the individual members of the population. Sometimes this is
obvious if the units are discrete in nature, e.g. individual consumers or individual
packs of food coming off a production line. In the case of continuous material, the
sampling units are usually weighed or measured portions of material – the actual
amount depends on the method of analysis and the number of subsamples required.
Thus, the nature of the population can be of two forms – one is as discrete units
such as 450 g cans of a meat product, or individual consumers in a survey, and the
other as continuous material such as white flour in a large silo. In the former case,
the sample and the sample units are as per the population, e.g. individual cans. In
the latter, the sample must be defined in terms of a measured amount. The detail
of the sampling protocol depends on circumstances and there may be additional
stages. For instance, in sampling of foods to obtain food composition data, primary
gross samples are taken from the population batch. These are then aggregated
before secondary sampling to obtain laboratory samples (Greenfield and Southgate
2003). There is some commodity-related differences in this terminology, e.g. tea
sampling involves selection of initial large lot samples from the consignments,
which are blended before selection of a primary sample from each, followed by
combining into a bulk sample used for selection of laboratory samples (BSI 1980).

In some cases, there is further sampling for the end determinations or obser-
vations, thereby generating subsamples. Thus, in the examples above, laboratory
samples may go through at least one other stage to render analytical samples. These
latter terms refer to repeat observations and the readings for the subsamples are
averaged to give a single measure per sample unit, or whatever intermediate sample

Table 2.3 Relationship of population with sample types.

Population Sample nature Sampling unit
End determination
subsamples

Raw material batch Weighed/measured
amounts

Each amount One or more parts of the
amount

Final products of 1
day’s production

Sample of the unit
packs

Each pack One or more measured
amounts from each pack

Consumer population
of United Kingdom

Sample of consumers Each consumer

Food prototype batch Weighed/measured
amounts

Each amount One or more parts of the
amount
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Table 2.4 Specific examples of populations and sample types.

Population
Sample size (number of
units/amount)

Subsample
(number/amount)

(a) Fact finding experiment (% fat content)
5 000 cans 20/cans of 450 g each 2 of 50 g from each can for

fat determination

(b) Comparative experiment (sensory similarity for 2 products with 300 consumers)
12 000 tubs (100 g) product A 1/75 tubs of 100 g 300 portions of 25 g
12 000 tubs (100 g) product B 1/75 tubs of 100 g 300 portions of 25 g

(c) Survey experiment:
234 000 consumers 100/consumers None

Note: Further analysis of subsample data is also performed in some cases in order to ascertain the quality of the data
and the measuring system, but it is not valid to analyse the subsamples as true separate sample units (see below).
Variations in subsample end determinations give a measure of measurement error assuming homogeneity in the
main unit. To assess experimental error and to ascertain differences, etc., experimental unit values (which consist of
sampling unit(s)) must be compared. More detail on this concept is given in later chapters (Section 7.3).

type is being dealt with. Table 2.4 gives some specific examples to illustrate this
point. Thus, for the analytical example, 20 cans are sampled from the population
and two portions of 50 g are taken from each can and are subjected to fat analysis.
For the sensory similarity experiment, much greater amount of food material is
required and a sample of 75 tubs is required to provide 7500 g of product (the unit)
so that 300 consumers can assess a 25 g subsample each. The consumer survey
investigation is simpler in that each consumer constitutes a unit and division into
subsamples is not required.

Thus, it is important to distinguish between the source material from which
the units originate and the end determination material, i.e. the subsamples from
which measurements or observations are being taken. There is a complication for
sensory work when large numbers of assessors (usually consumers) are involved,
in that it is not possible for all assessors to be given subsamples from the same
individual unit as illustrated in example b in Table 2.4. Bearing these points in
mind, the sample taken has two dimensions:

� Sample size or number
� Sample amount or quantity

These dimensions also apply to the subsample size and amount. Calcutt and
Boddy (1983) and Meilgaard et al. (1991) highlight these distinctions for chemical
and sensory data, respectively. Some of the possibilities are given above, but
logically the next question concerns how to decide on sample and subsample size
and amount.

2.3.2 Sample size

What size of sample is required?
It could be argued that a sample size of 1 is sufficient. If there is one sample such as
a single can from a population of 5000, with one reading or measure then statistical



The nature of data and their collection 29

analysis will be simple, but limited. Admittedly, one unit has the great advantage of
saving much time and resources, but this is not recommended for several reasons.
The main one is that such a procedure would not give a representative value for
the population. This is because all objects in a population vary in amount or extent
of their various characteristics, such as chemical and physical make-up. If there
was no variation then a sample size of more than 1 would superfluous, as each unit
would be the same.

Thus, a sample size of 1 is rare. It may be the procedure with some types
of routine chemical analysis, but it suffers from another drawback: What if an
error was made? Errors could have been made at a number of points. Even if the
analyst is confident that these errors were controlled and that the single result can
be viewed with confidence, there is still the possibility that the result does not
represent the population.

Thus, a single sample does not provide adequate representation and it does not
allow for detection of error – a minimum of 2 is required for the latter state. More
may be necessary depending on the circumstances of the experiment for a variety
of other reasons as explained below.

At the other end of the sampling size question is the upper limit – ‘How large
should the sample be?’ or ‘How many unique measures are required?’ This will
depend on several factors, such as the specific circumstances and the nature of the
experiment or investigation involved. The following example illustrates some of
the issues:

A food analyst is asked ‘What is the protein content of this batch of raw meat?’
This is a relatively simple exercise and the objective is to establish new information.
What are the possibilities for sample size?

Assume that the meat lot is a deboned joint and it weighs 10 kg. To answer
the original question above, one could analyse the whole 10 kg. All the material
would have been analysed and there would be a high degree of confidence in the
result, barring measurement errors. Unfortunately, at the end of the determinations
none of the meat would remain, presuming that a destructive method of chemical
analysis was used. The analysis would involve many samples, plus a lot of analysis
time and expense. These disadvantages are, of course, overcome by taking a
limited number of samples from the original source material, then inferring back
to the original (much larger) batch. Thus, the investigator is faced with decisions
regarding the samples – first the number of samples as units (sample size) and if
appropriate, the amount of material in the unit (sample amount).

Factors influencing sample size

The factors having a bearing on sample size are listed in Table 2.5. Some have
a consequence for the error of any statistic calculated from the data. Ideally, the
analyst would wish for no error to be present and that the value obtained from
the sample (the estimate) would be same as the population value (the parameter).
For instance, in the meat analysis example above, a sample would provide an
estimate of the mean protein content, but the population mean could be obtained
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Table 2.5 Some factors affecting sample size and amount decisions.

Factor Reason

Representation Influences sampling error; affects accuracy of the measure

Resource considerations – time,
finance, personnel

Affects costs of sampling and measurements, etc.

Homogeneity of population
(variability of the material)

Masks population value

Chosen method of analysis
(instrumental or sensory)

Determines amount required

Other statistical requirement Specifics of power, confidence interval, significance level, etc.

by analysing all the material. Total absence of error is rarely achieved and the
possibilities are that the estimate will either be too low or too high compared with
the population parameter, i.e. there is an ‘over-’ or ‘underestimate’ indicating
possible bias (an effect that pulls the estimate away from the ‘true’ or ‘correct’
result). This means that the estimates obtained in determinations will be accurate
to varying degrees (accuracy is a measure of how ‘true’ an estimate is). To
ascertain how accurate would require further calculations, which are described in
Section 3.4.3.

Increasing the sample number and amount can reduce such errors and improve
the estimate, but this is balanced against increased costs. Each factor will now be
detailed.

Representation

The only ‘sure way’ to determine a population parameter is to examine all units. As
a consequence of taking a sample, error will be present even assuming no errors in
determination, etc. This is sampling error, which affects the ‘trueness’ (accuracy)
of the result and it is due to the sample and the population being different in
number. The error is larger for small sample sizes and will decrease as the size
increases, finally reaching zero when the sample equals the population in number
(at which point the test result = the true value). To ensure minimisation of this
error, certain features must be integral to the sampling procedure:

� Ensure the sample is representative of the population

How can a representative sample and minimisation of sampling error
be ensured?
A representative sample is one that closely resembles the original population.
This means that the sample should mirror the characteristics of the population. To
achieve this for any sample size requires that the sample is selected in a certain
way (by a probability method – see Section 2.3.3). Another way is to increase the
sample size.
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Thus, to ensure a representative sample:

� Use a random sampling method
� Use a larger sample size

As the sample size increases, the estimate approaches the value in the population.
Random sampling will ensure that variability similar to the population is present
in the sample. When the measurements have been taken, the result will be closer
to the value of the population parameter and the estimate will possess higher
accuracy, i.e. closer to the ‘true value’. Non-random sampling could result in the
sample being biased in that not all population units have the same probability of
selection.

Unfortunately, adopting the above may be limited by resource implications.

Resources

With unlimited resources in the form of finance, staff, time, facilities and equip-
ment, etc., large numbers of measurements can be taken. Sampling method, sample
size, unit amounts and numbers of subsamples can be tailored to get the most ef-
ficient experiment. Costs can overcome deficiencies in personnel. For example, a
modern instrument enabling much faster analyses with a single operator compared
with many operators using long traditional methods. Unfortunately, many research
projects have limited resources and some compromise is required, and limitation
of sample size is one way of reducing dependence on resource requirements.

Variability of material

Decisions on sample size and amount also depend on the form of the material
in the population. For food material, the physical and chemical make-up decides
whether the material is homogeneous or heterogeneous, i.e. uniform in nature
or not. Liquid foods tend to be more homogenous than solids. Food meals can
contain several ingredients resulting in very heterogeneous material. Raw foods
such as meat, fish and crop commodities all vary markedly due to inherent variation
and the effects of species, variety, season, geographical region, etc. This leads to
problems in experiments where it is not possible to even out variation and the
sample unit must be left in reasonable intact form, e.g. as in fish and meat in
sensory assessment – which assessor gets which part of the fillet or cut? With
consumer populations, many demographic and psychological influences result in
very heterogeneous responses in surveys.

Larger sample sizes and amounts counteract high variability in the population
from which they originate. Thus:

� Sample size and amount should be indirectly proportional to the population
homogeneity
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That is, more heterogeneous source materials require larger sample numbers.
Additionally for food materials then larger amounts can offset heterogeneity. If
consumers make up the sample then the practitioner can expect wide variation in
opinions, etc., and a larger sample size would be required. This contrasts with a raw
material liquid, which may well be very homogenous in chemical composition –
consequently, a much smaller number of sampling units, and amount would suffice.
In practice, the amount may depend more on the particular method of measurement
being employed.

For some measurement systems such as chemical analysis, homogeneity can be
improved just prior to sampling by mixing, macerating, etc., but such comminution
may not be suitable for sensory testing, as it would destroy the structure and texture
of the material. Subsample selection should receive the same treatment and again,
increasing the number and amount of subsamples will counteract variability, at
the expense of increased costs.

Randomisation and counteracting variability are techniques in experimental
design. If the sample is too small for the variability in the population, then sample
bias can occur.

Measurement system

Resources in the form of the system that performs the end determination or
observation can be of a variety of types such as an analytical instrument, a trained
sensory panel or a consumer group. This can have a large influence on the number
of subsamples and the amount required for analysis, as well as the sample size itself,
i.e. the number of units. Many food analytical methods have specified subsample
sizes, ranging from less than 1 g to 100 g, but the number of sample units can be
limited by the time and cost of analysis. Assessment of food using sensory methods
demands larger subsample amounts due to tasting requirements (except in the case
of colour and appearance assessment). As seen above, this can cause difficulties as
these subsamples cannot be viewed as true sample units. Consumer surveys using
questionnaires cause relatively few problems in this sense, as each consumer (unit)
receives the same questionnaire. A range of factors affects the ‘quality’ of the data
from these systems and these are detailed in the application chapters.

Statistical requirements

It is possible to calculate the sample size required to achieve desired levels of
accuracy and discrimination in experimentation. This demands that the practitioner
makes some other decisions in addition to the points above. These procedures
ensure that the statistical analysis itself is up to the task set by the experiment,
particularly for comparative experiments where significance tests are used.

Calculation of sample size depends on:

� Degree of confidence required
� Effect size of differences
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� Significance required
� Power required

The calculations require a measure of variability within the sample. This may
be available in an existing databank of analyses. If not, then an estimate can be
based on a pilot or trial determination. Essentially, the higher the confidence level,
significance level and power and the smaller the effect size, the larger the sample
size. These terms and requirements are discussed in later sections and in detail in
Chapter 4. A simple method for calculation is explained briefly in Section 3.4.3.

Hough et al. (2006) present tables for the number of consumers for acceptability
tests based on consideration of the above statistical factors. Also, Gacula and
Rutenbeck (2006), in similar work, established the importance of the effect size,
i.e. the difference considered important for detection and the effect on consumer
sample size for consumer and sensory panels. An indication of typical sample
sizes for various applications is given below (Table 2.7), but it is now appropriate
to describe methods for selection of the sample.

2.3.3 Sample selection methods

How are samples selected?
The ‘quality’ of a sample in respect of how it represents the population also
depends on how the members of the population were selected. This in turn also
governs the extent to which the practitioner can generalise or infer back to the
population. A concise definition of the population must be stated and depending
on the sampling method, a list of all members can be prepared, referred to as the
sampling frame.

There are a number of possible methods.

Probability sampling

Sampling techniques based on probability mean that every possible member or
part of the population has an equal chance of being selected. Such sampling
allows inferences about a population based on the sample as it gives a sample
that is representative. Probability sampling minimises sample error and sample
bias. Randomisation techniques are used in this form of sampling hence the name
‘random sampling’. Randomisation procedures can be set up with random number
tables or a random number generator in a calculator or computer.

Simple random sampling

Here, the sampling units are selected randomly from the population. The simplest
example is with discrete items. For example, the population is defined as consumers
in a city. The sample is randomly selected from the sampling frame in the form of
a databank of names such as a census list or telephone directory. The consumers
are contacted and asked if they would be willing to participate in a survey. One
disadvantage is that such lists are rarely complete (Upton and Cook 2001), but the
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method is common as evidenced by Hossain et al. (2003), who used data from
a sample of over one thousand consumers from a population of 97 million by
random selection of telephone numbers. Another population with discrete items
could be a single production run of frozen fish finger packs. A sample could be
taken of the end of the line at random intervals during the run.

With continuous food material taking a random sample means that the material
making up the sampling unit and subsamples should be selected in a random way,
for example by drawing samples from different (random) locations in the mass of
the batch or unit, rather than just from the outer or easily available parts. For large
bulk particulate and block foods, there are a variety of probes and devices to enable
‘spearing’ into the depth of the material to draw a sample. Cork borers can be used
to spear samples from retail products such as fruits and blocks of cheese. Smaller
batches of particulate powders can be sampled using a ‘quartering’ technique
where the material is spread out thinly, marked into squares and one of these
randomly taken (Kirk and Sawyer 1999; Nielsen 2003).

Systematic random sampling

Systematic sampling ‘spreads out’ the random selection process so that no two
random samples are too close together and can avoid any grouping within the
random sample. A scheme is drawn up where a random start point is chosen then
a fixed gap is inserted between the sampling units. For instance, in consumer
sampling, every 100th person in the census list could be selected. Sampling of
food during production can be done by this method, but if periodic differences
occur, this could produce misleading data (Giese 2004).

Stratified random sampling (cf. quota sampling)

Stratified sampling takes into account the balance of proportion of subpopulations
in a population and is best applied to strata that exhibit larger sources of variation.
The sample is then drawn randomly, but mirrors this distribution. For instance,
in the frozen food production example above, consider several production runs
within a day. A simple random sample could result in imbalance according to
the number of packs in each run. Identifying the number of packs in each run as
the strata can allow make-up of the sample to mirror the percentage distribution
within the strata (Table 2.6). In this example, selecting a sample of 20 is achieved
in balance with the run strata.

Table 2.6 Stratified sampling method.

Run number % Of total Sample
(strata) Packs population (numbers)

1 350 35 7
2 500 50 10
3 150 15 3
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Now any source of variation between the runs is spread out with a balanced rep-
resentation. Other examples include stratification according to commodity variety,
geographical source, etc., and to characteristics in consumer populations based on
age group, gender and other demographic variables.

Cluster sampling

In cluster sampling, random selection of identified clusters (typically, geographical
groups) is performed followed by a further selection within these groups. Similar
to stratified sampling, but all the strata are not included and because the clusters
are random, inference can be made back to the population of clusters. This method
can be employed in consumer surveys where the clusters could be major cities –
instead of sampling all cities, a random selection of these is performed initially
followed by further random selection within each.

All random sampling methods tend to involve more resource requirements. If
these are limited then non-probability methods are the alternative.

Non-probability sampling

With non-probability sampling, there is more likelihood that a larger sampling
error is present. The major advantage is that it is much less demanding of resources,
but this is at the cost of the results having less generalisation potential to the
population.

Convenience

Samples are selected as available or in the case of consumers, those who are willing
to participate often at short notice. Another example could be food products,
which are conveniently available outwith production or process areas, or new food
commodities that are limited in amounts.

Quota

Here, the sample structure is set up to align with the populations in terms of
representation of various characteristics that are present. In surveys, these can
be demographic variables such as gender, age, socio-demographic group and
geographical location. Similar procedures can be used to ensure representation of
groups of food products according to quotas such as run, day and machine (see
stratified sampling example). A quota sample will ensure that sufficient numbers
of each element are included. As the sample is drawn, continuous checks are made
so that deficiencies in any element can be made up as sampling proceeds.

Snowball (survey)

This method is applicable in consumer surveys, when access to the population of
interest is difficult for reasons of anonymity, confidentiality, etc. The initial contact
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Table 2.7 Typical sample and subsample size and amount.

Application
Sample size
(number of sample units)

Number of subsamples
per unit

Routine instrumental analysis 1–4 2–4

Estimation of bias/precision 4–8 (depends on variance and
confidence required)

1–4

Sensory difference test 2–5 10–20

Sensory attribute test 2–8 10–20

Consumer preference test 2–8 30–100

Consumer survey (non-sensory) 50–500 1

is made with a small number of sample units (respondents) who then pass on the
measuring instrument (questionnaire) to similar acquaintances, relations, etc. The
data sheets are then returned to the researcher.

2.3.4 Application examples

What are the typical sample sizes for the various applications?
Additional details of sampling and replication are given in Part II in the application
chapters, but a summary of some possibilities is listed in Table 2.7. In general,
samples that are representative and that provide sufficient numbers to enable
appropriate statistical analysis in terms of assumptions, etc., ideally should number
at least 10 for food sampling circumstances and at least 30 for consumer surveys.
In the latter case, many more are readily available, but in the former, especially
for complex chemical analysis, resources can limit sample size.

For the protein analysis example, a sample could be two to four randomly
selected 100 g cuts (the units) from the meat, which were then homogenised
to a fine mince, from which duplicate 2 g subsamples were drawn for the end
determinations. Ultimately, it depends on the detail of the design and experiment
under study, according to the factors discussed above. Often, ongoing work builds
up a databank of sample results so that minimal sample sizes may suffice. The
gain in overall trustworthiness of results as dependent on sample size is covered
in the next chapter.

2.4 Populations

Appropriate application of certain statistical analysis methods demands that there
is some knowledge of the population from which the samples originate. The term
‘population’ refers generally to all the objects or subjects that make up a defined
group. While it is sometimes possible to examine all members of a population,
this is not common for a number of reasons. Hence, as illustrated in Section 2.3,
it is more likely that a sample is taken of much smaller size than the population
itself.
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Ultimately, it is the actual measurements or readings on the sample units them-
selves that make up the population under consideration. For example, in exami-
nation of the fat content of bacon samples, the fat content (%) values provide the
data and a population of these values is assumed. A population of data would be
real (rather than assumed) if all the food material within the defined population
were to be analysed. Thus, if the source material were ‘apples’ with a population
definition of ‘apples grown in the United Kingdom in 2007’ then a chemical anal-
ysis investigation into malic acid content would generate a sample of acid values.
For consumer surveys, the data would be assumed a sample from a population
of values from various scales and selections in a questionnaire. For example, the
source population could be defined as ‘young adult consumers (age 18–25 years)
domiciled in London during the time of the research (2006)’. Assume that a sam-
ple of such consumers was surveyed on their opinion regarding use of disposable
packaging by means of a Likert scale-type measure. The sample values from the
Likert scales would be assumed to come from the population of these values. In
addition to these examples, populations can be made up of other sources such as
different analytical methods, different process machines or different laboratories
depending on the focus of the investigation.

Sample data can be displayed and analysed in various ways to give a view of
certain characteristics, which relate to the population. Such knowledge is funda-
mental to the understanding of sampling and statistical analysis, from organisation
of data to estimation of population parameters and significance testing. The first
of these aspects relates to the distributional form of the population.

2.4.1 Population distribution

The term distribution refers to the form and shape of the degree of variability
that the data reveal when summarised and displayed. The displays reveal measures
such as the range and frequency of values within the sample. This can be done in
the form of a table, but more conveniently, graphically. The applicability of graph
and table type depends on level of measurement, but many scientific instrumental
data are at least interval in level of measurement and are continuous in nature.
They form a very characteristic distribution shape when plotted in a histogram
or a grouped frequency graph (Section 3.2.3); for example, calcium content in a
large sample set of a dairy product (Fig. 2.10).

The variation is caused by many small independent random errors2 resulting
in values above and below the mean (Nielsen 2003). This is due to a number
of influences including random variations in environment and small unit-to-unit
inherent variation in food material (Section 3.4.1).

Increasing the number of values plotted would eventually result in a smoother
curve.

2 The normal nature of such distributions refers more specifically to the distribution of these random
errors.
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Fig. 2.10 Frequency distribution of Ca content of 74 sample units of dairy product (Excel).

Ultimately, with an infinite number of sample units the distribution forms a
symmetrical bell-shaped curve, typical of a normal distribution (Fig. 2.11). Many
instrumental measure populations have a similar form of distribution, where the
data are continuous. The display shown is the theoretical shape based on an infinite
number of samples from the same source (i.e. same material being analysed by the
same method and operator). The distribution has a number of important features.

It can be visualised as a map or model of how the individual data points are
spread out in the population. The area of different proportions below the curve
shows large variations. It can be seen that about three fourths of the values lie within
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Fig. 2.11 A normal distribution (Excel).
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the central region. Much fewer lie within the tails (the ends of the curve at either
extreme). When drawing random samples from the population, this proportional
spread allows probabilities to be assigned to the chances of obtaining certain
values. Additionally, certain population parameters (Section 3.3) can be located.
In the centre, the mean (μ), median and mode are located. The spread on either side
gives a measure of the variability within the population, calculated as the variance
and standard deviation. The area underneath the curve can be demarcated into
specific sections (the shaded areas in Fig. 2.11) on the basis of the population
standard deviation (sigma (σ )), which gives the magnitude of the spread as below
(–σ ) and above (+σ ) the central average value. Thus, 68% of the values lie within
±1σ , 95% within ±2σ and 99.7% within ±3σ (approximate percentages).3

Normal distributions can be rendered into a standard form, which allows com-
parison of different distributions. This is achieved by converting the variable (x)
to that of the standard normal variate (z):

z = x − μ

σ

Such a distribution has a mean of zero and a standard deviation of one. Assume
that the original distribution above has a mean of 100 mg/100 g of calcium and a
standard deviation of 15 mg. Any single calcium value can be standardised as:

Original value = 130 mg/100 g, z = 130 − 100

15
= 2.0

The z-value (or z-score) is in ‘standard deviation’ units, i.e. in the standardised
form the value is two standard deviations from the mean (see Section 3.4.3 for
determination of z-values). In turn, this allows the standard normal distribution
to be divided up into portions based on z-values exactly in the same manner as
described above for the original non-standard form.

How is the knowledge of the normal population used?
Knowledge of the shape and character of the normal distribution provides a concise
guide to the spread and location of all the data. This allows certain parameters to
be located and assumptions to be made concerning how large or small a magnitude
the values will attain. Hence, the term central location that indicates where to find
the mean, median and mode. Variability (variance) can be calculated from the
width of the spread on either side of the centre.

When random samples are taken, it can be seen that it is more likely (i.e. there
is a higher probability) that samples will be from the central region as this region
has more area and has a higher density of the population units. To qualify as
‘normal’ in this sense, the distribution must have the general peaked shape and

3 Figure 2.11 is also known as a probability density function and can be drawn using data produced
by Excel’s NORM.DIST function (NORMDIST Excel 2003).
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Table 2.8 Probability.

Event probability Chance of happening (%)

0 0 (no chance)
0.05 5
0.1 10
0.75 75
1.0 100 (certain)

must be symmetrical as above (or at least approximately so). Deviations from this
are assessed by graphing of sample data and by specific tests (Section 3.5).

Finally, a very important consequence follows. It has been found that when
many samples are taken and averaged, the distribution of the sample means is
normal, even if the parent population deviates from normality. The proof for this is
known as the central limit theorem (Chatfield 1992). The sampling distribution
has the same mean value as the original distribution, but a smaller spread. It
enables assumptions of the normal characteristics to be applied to much wider
sampling circumstances.

Probability

This concept is used frequently throughout this book and it refers to the chance of
events happening. Probability can be expressed on a scale of 0–1, or as 0–100%.
Hence, if an event has a probability of happening equal to 0.5, then there is a 50%
chance that it will happen (Table 2.8).

The events can be choice of one food over another, proportion of consumers lik-
ing ‘green’ foods, an analytical result being different from others, etc. Probability
forms the basis of decisions in significance testing and calculation of confidence
levels, etc.

Does the normal distribution apply to all data?
The above illustration displays the distribution of a continuous ratio level variable
(calcium content) and this form would apply to similar data of interval or ratio
level. Thus, many instrumental measurement distributions are normal in nature.
However, many data are not continuous and there are other levels of measurement.
For discrete data of interval or ratio level, the normal distribution provides an
approximation. Sensory methods generate a number of different levels of mea-
surement, but descriptive analysis data may possess a normal distribution.

Other distributional forms are possible (Table 2.9). Ordinal data from a ranking
test will not be normal as the data have equal occurrences of each rank value.
Ordinal rating scale frequencies may give a normal distribution. Hence, for some
data, the assumption of normality may not apply and brief detail of some other
possible distributions is given below.
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Table 2.9 Data and distribution type.

Data Level of measurement Type Distribution

Instrumental Interval and ratio Continuous Normal
Discrete Approximately normal

Sensory descriptive Interval Discrete Approximately normal
Sensory difference Nominal Discrete Binomial/chi-square
Ranking test Ordinal Discrete Non-normal
Survey data Nominal Discrete Binomial/chi-square

Derived distributions

The normal population does not always provide the best model for analysis of
data. In some cases, it may introduce error when calculating certain statistics. One
such instance is given when using the normal population parameters to determine
a confidence interval for a mean value (Section 3.4.3). The calculation requires
knowledge of the population variability (spread), i.e. the population standard
deviation. In practice, this is not available, and it is estimated from the sample
data. Using this estimate with the normal population model underestimates the
width of the interval. A derived distribution – the t-distribution – is used instead.
This is similar in character to the normal distribution, but is wider at the base
reflecting greater variability. When sample size is 30 or less, the t-distribution
should be used for this analysis and for significance testing with small sample
comparisons. Above 30, the t-distribution gets narrower and approximates more
and more to the normal form.

The normal distribution is applicable when the statistic of interest is the mean
of continuous data, but due to the central limit theorem it can assumed as an
approximate distribution for other types of data when the sample is large enough
(Upton and Cook 2001).

Discrete

There are some discrete distributions, the binomial and Poisson, which exhibit
event occurrences. Binomial distributions are important in significant testing of
sensory difference tests. With large samples, and when the number of possible
events increases, the spread and height of the distribution assumes a shape similar
to that of normal also.

Other continuous distributions

If interest is in other parameters, such as population proportions as frequencies for
categorical (nominal) data, then the normal distribution may not be a suitable model
unless the number of categories is large. Another continuous distribution, chi-
square, provides a suitable model for nominal data when the deviations of observed
frequencies from expected frequencies are examined. Chi-square is continuous,
thus the variability of frequencies originating from discrete data conforms to an
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approximate chi-square distribution. The minimum number of categories is two
and this gives one distributional form. As the number of categories increases
in different populations, different chi distributions occur. Ultimately, with large
samples, these too will approximate the normal form.

F-distribution

This is another continuous distribution that models the distribution of a ratio (F) of
variances. It is used in testing differences in variability between data sets (Section
3.5). It is also employed in significance testing where it compares variability
estimates between and within data sets (Sections 5.5.2 and 7.5). The F-distribution
calculation gives maximum values of the F-ratio attainable by chance that is
compared with the test value for significance evaluation.

2.4.2 Identification of population distributional form

It is important to identify the nature of the population as it influences the choice of
the statistical method. It is possible to check for this using a variety of statistical
tests (Section 3.5), but the simplest rule is to always plot the sample data. Note that
level of measurement itself does not decide whether data are normal in distribution
or not, i.e. distributional form is not decided by level of measurement. Usually
interval and ratio data will conform to the normal distribution, but there are
exceptions. For example, salary level in consumer surveys as pounds or dollars
per year. These data are ratio in level as a person’s salary can take any value from
zero upwards, but unlike a ‘natural’ characteristic, salary levels are set by other
factors and there are many on high salaries and many on low. The distribution
of such data is often skewed and bimodal (Section 3.5.1), when gathered from a
consumer sample. Salary level is not an inherent property that humans possess
(compared with, e.g. height) and it is determined by type of employment and other
external factors. ‘Age’ is another example of a ratio variable that is not normally
distributed – there are more young ages than old and the distribution is skewed. In
addition, microbial count data can contain values that differ by large magnitudes
requiring modelling by non-normal methods (Joglekar 2003).
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Chapter 3

Descriptive statistics

3.1 Introduction

Once data are collected, they are in the form of a recorded list or a computer
file. Organisation and analysis require that the data are entered or loaded into an
analysis package. For the majority of examples in this book, Excel is used followed
by Minitab and reference is made to MegaStat for Excel. In all cases, data are
entered as a column of numbers or categories (nominal data). A label or heading
is assigned to identify the data and if necessary non-numerical data can be coded
as numbers for the purposes of analysis (NB: this does not change the level of
measurement). For most Excel examples, more detail is provided, as illustrated
in Table 3.1. This is the basic worksheet layout so that the reader can enter the
data and the analysis functions for future use. Data are blocked in one or more
columns, referred to as array(s) and the sample size (n) is given.

The name of the statistic is listed on the left and the formula is entered in
the next cell to the right. The nature of the function used is displayed in the
adjoining cell. Use of the Analysis ToolPak and some functions require variation
from this, but data will always be identified and some guidance given. In some
examples, statistics required in later calculations in the same table are identified
by an abbreviated name for use in later formulae. The ToolPak is activated in
Excel 2010 via the page for managing add-ins, available in the File sub-menu
on the Ribbon – thus File/Options/Add-Ins, then click the Go button and select
from the list; for Excel 2003 activation is gained from the top menu bar – click
Tools/Add-Ins then select. Access to the tools is obtained by Data/Data Analysis
(Excel 2010) or Tools/Data Analysis (Excel 2003).

Excel calculations produce values with many decimal points. In most circum-
stances, these are excessive considering the preciseness with which the original
data were measured. Additionally, readability is reduced. Thus, the majority of
values are adjusted to display two decimal places, but any permanent rounding
should not be done until the final result is obtained. Data layout for Minitab is

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.
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Table 3.1 Example of Excel data entry and function display.

CBA

Example of Excel worksheet use1

2

Sample data (n = 5)3
moisture content (g/100 g)

65.784

64.385

62.566

63.227

64.798

Formula:Result:9

64.15Mean10 =  AVERAGE(B4:B8)

11

similar and this is followed by selection of the particular graph, statistic or analysis
method from a menu. Sample sizes are chosen to fit the circumstances wherever
possible, but some are limited for reasons of space (typically ten data values).
Some analyses receive more of a preamble and introduction and are identified as
numbered examples (for instance, Example 3.2-1).

The first stages of analysis are often those that summarise the data. Under
this heading comes descriptive statistics, which are methods used to summarise
the characteristics of a sample, e.g. the average value, but which also includes
displays with graphs (charts) and tables. Excel charts are produced by selecting
the column(s) of data and then choosing the Insert tab on the ribbon to access the
Charts menu (Excel 2010) or by clicking directly on the Chart Wizard button
on the standard toolbar (Excel 2003). Note that in some cases, charts have been
edited regarding colour, line and fill styles, and labels, etc., to get the particular
appearance of the examples in this book. More details of the procedures in Excel
are provided for some charts.

3.2 Tabular and graphical displays

Graphical displays in their basic form provide indications of how the sample data
are distributed. This is also possible using table forms such as a frequency table.
Graphs and tables can also be used to display descriptive statistics, which include
a number of summary values such as the measures of central tendency and
variation. Graphs and charts have the advantage of giving a more rapid overview,
and they can indicate possible trends, effects and relationships. Graph icons on
their own will mean that values will have to be estimated from the axes, unless the
software allows a numerical display superimposed on the icons (numerical values
with more than one decimal point are better shown in a table).
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A large number of possibilities exist, but selection of an appropriate graph or
table depends mainly on the level of measurement of the data and whether they
are continuous or discrete.

3.2.1 Summarising nominal data (discrete)

Nominal data can be summarised using simple tables or graphs. These will indicate
frequency of occurrence (i.e. a count) of the categories in the data. A graph or
list of frequencies shows the distribution of the data in the sample. The method
chosen for display must ensure that each item of data is treated exclusively and
displayed once, i.e. there must be no overlap in the frequency counts.

Tabular displays of nominal data are usually in the form of a frequency table.
In Excel, these are produced by using the FREQUENCY() function.

Example 3.2-1 Summary of nominal data by frequency table
A food-processing line monitors quality in fruit by recording the incidence of
defects in each batch that passes through. The tally or count of such occurrences
can be summarised by a frequency table.

Table 3.2 shows an example of the frequency of occurrence of the defects in
fruit. There are four categories of defect labelled with codes as 1–4. The coding
key is entered on the right side of the data column as shown, and then the data

Table 3.2 Data and frequency table (Excel).

EDCBA

Frequency table1

tCa egories of2
defects in fruit

Sample data3
(n 10)
Occurrence

Defect
(label)

Defect
code

Frequency table
(result)

Formula

21Bruise44
FREQUENCY(A4:A15,C4:C7)

32Cut25

23Mould16

54Fragment27

38

Frequency of defect by batch49

Batch 2Batch 1410

62Bruise111

13Cut312

23Mould213

34Fragment414

415
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17%
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41%
Bruise

Cut
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Fragment

Fig. 3.1 Pie chart of occurrence of defects in fruit sample (Excel).

are entered using the codes. The FREQUENCY() function is entered in the final
column by blocking enough cells for the number of nominal categories (in this
example = 4, hence cells D4:D7), identifying the data column (‘data_array’;
A4:A15), the code column (the ‘bin_array’; C4:C7), then pressing ‘Crtl-Shift-
Enter’ to complete (i.e. do not press ‘OK’ in the function menu). This action
inserts the FREQUENCY() function into each cell of the output as an array
formula. The table includes a final column that displays the formula used in the
previous (frequency) column (ignore the lower right table for the moment).

The result is the small table in column D and it shows that defect number 4
(‘fragment’) is the most numerous.

When there are many categories, such tables can become overlarge and a graph-
ical display is the alternative. Pie charts or simple bar or column charts are
suitable for nominal data. The latter two differ in the axis used for the categories
(horizontal axis for the column chart) but are essentially interchangeable. Such
charts can be used for data with few categories, but many more can be displayed
effectively, giving an advantage over a large frequency table. To graph nominal
data using Excel, a frequency count is calculated first (as above) and then the
values are selected for use in the chart. Each pie slice, bar or column displays the
frequency of each category in the nominal data by its size. For the chart of Fig. 3.1,
select cells D4:D7.

In Excel 2010, click the Insert tab and select the first of the Pie/2-D Pie charts,
which produces an initial chart and opens the Chart Tools menu. This can be
used to adjust among many other aspects: colour (Design tab), chart and axes
titles, data labels (Layout tab) and fill styles (Layout or Format tab). To obtain
the name labels for the slices of the pie, click on the chart if not already selected,
then Design/Select Data. Click the Edit button in the Horizontal (Category)
Axis Labels part and select the label data (B4:B7). The division of the pie slices
by count value in a variety of styles including percentage is turned on via the
Layout/Data Labels menu. Select More Data Label Options to turn off value
and display percentage as shown in the figure. (For charts with axes (not the pie
chart), axes scales can be changed in Layout/Axes – select the desired axis and
then More Primary. . . . Axis Options.)

Excel 2003 starts by selecting the data column as above, then the Chart Wizard
button. Select Pie for the chart type followed by the basic sub-type of this chart.
Click the Next > button and the display shows the chart and the data range used
and at this point the Series tab can be clicked and the slice labels turned by
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Fig. 3.2 Clustered column chart of batch defects (Excel).

selecting B4:B7 in the Category Labels box. Clicking Next > again accesses
more options including titles for the chart and axes, and choosing Data labels
can be used to turn on Percentage display. Click Finish to complete. Fill colour
and pattern menus, etc., can be obtained by right-clicking one of the slices and
selecting Format Data Series. (For charts with axes, right-click an axis then select
Format Axis/Scale to adjust scale.)

The display on the pie chart agrees with the frequency table (Table 3.2) in
that there is predominance of the ‘fragment’ defect. In this graph, the nominal
data have also been converted to percentage proportions. Pie charts have another
advantage in that the whole sample is shown in the pie with no particular order
to the slices, which is reflective of the nature of nominal data. Creation of simple
bar and column charts is treated in a similar manner. If required, two or more
quantities can be shown within categories on the same chart. This is possible
using a form of compound chart, referred to as a clustered bar or clustered
column in Excel. For example, examining the relationship of batch number and
fruit defects displays both variables (Fig. 3.2), showing that batch 1 has a more
even distribution of defects. Frequency counts for both batches are prepared (small
table at lower right in Table 3.2), and then these values are blocked with ‘the Batch
1/2’ headings, and graphed via the chart facilities using a Clustered Column chart
in Excel.

Proportions and nominal data

Nominal data can be summarised by expressing frequencies as proportions. One
proportion can be the focus of the investigation, e.g. one particular fruit defect
(Table 3.2) could be considered critical – the frequency of this defect as a pro-
portion could be subject to further analysis. The sample proportion provides an
estimate of the population proportion (the number of such defects in the whole
batch). Proportions can be calculated and displayed in both tables and graphs (see
below for summary measures of proportions; Section 3.3.3).

More complex forms of nominal data, such as those produced by a multiple-
choice question, require that each possible choice be treated as a category. Selection
can be coded as ‘0 = not selected’ and ‘1 = selected’. The frequencies of the
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Fig. 3.3 Clustered bar chart of selection of characteristics considered important by consumers for
quality in meat (Excel).

selection data can then be plotted as a simple bar, column or pie chart for the
occurrence of selected categories or both can be shown in a clustered chart.

Figure 3.3 illustrates use of a clustered bar chart and shows that consumers
selected ‘colour’ and ‘texture’ as being important for meat quality, as these char-
acteristics had a higher incidence compared with ‘odour’ and ‘flavour’.

For many categories with low incidence, tables can become too large and graphs
contain too many slices or bars, leading to difficulty in interpretation. Grouping of
categories can aid this. For example, data consisting of calendar dates when food
items were purchased – instead of having the individual dates, groups of dates per
week or month will give a more understandable display.

The graph and table displayed above may clearly identify the predominant
category in terms of numerical occurrence, but this can be identified accurately
by calculation of the mode (Section 3.3.1).

3.2.2 Summarising ordinal data (discrete)

With these data, order is present in the scale used as ranks or as points on an
ordinal scale. Bar or column charts are more appropriate than pie charts as the
order of the original scale is displayed along a horizontal or vertical axis.

Ranking tests

How to summarise a ranking test
A ranking test produces ordinal data. These data can also be summarised by
frequency tables and simple bar charts, but the results may be unsatisfactory.
Ranking more than three items generates a compound bar or column graph with
several bars per item.

Example 3.2-2 Summary of ordinal data by a compound chart (clustered
column)
As part of a product development study, 25 consumer judges assessed the
preference of five fruit-flavoured beverages using a ranking test where 1 = most
preferred and 5 = least preferred.
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Fig. 3.4 Clustered column chart of frequency of rank allocations for five fruit-flavoured drinks by
25 consumers (Excel).

Using Excel, frequencies were evaluated as described above and then these
values were tabulated with rows as rank 1–5 and columns as the fruit flavours (see
data table at foot of graph in Fig. 3.4). These values were blocked and graphed as
described above for the fruit defect batch data. Two changes are required to get the
display – in Excel 2010, with the chart selected, click Layout/Data Table/Show
Data Table. For Excel 2003, the data must be plotted as Rows in the Data Range
menu page of the Chart Wizard and Show data table must be turned on in the
Data Table of the next page.

In the example (Fig. 3.4), there is a lot to see, but initial observation shows that
ten consumers have ranked the ‘strawberry’ sample as first rank (most preferred)
and ten have ranked ‘raspberry’ as lowest.

Such displays can be difficult to interpret, as would be a frequency table of
the rank selections. One solution is to plot separate charts or graphs for each
item. Even the simplest ranking task (three items to order) would require three
tables or three separate charts to display the data. Such summaries are possible,
but as the number of items increases, it can become cumbersome to view several
together unless software is used to arrange the items on one page. Accepting these
limitations, it may still not be possible to decide with confidence from the results,
which item in the ordinal data has received a clear first-choice predominance.
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Fig. 3.5 Median bar chart for preference ranking (Minitab).

Ultimately, this can be judged by a significance test, but a summary measure is
the median (Section 3.3.1). Summaries such as median values for a ranking test
can be displayed as a table and as a median bar chart (Fig. 3.5). Using Excel
would require calculation of the medians separately, but Minitab does this directly
from the raw data using the Chart option, which can plot summary measures
(Fig. 3.5).

In the example, there are three food items, two have equal medians and the third
is ranked lower in preference.

Ordinal scales

Scales such as the Likert item are deemed to be used in an ordinal manner (Sirkin
1999). These data can also be summarised by frequency tables and simple bar
or pie charts as described earlier but suffer from similar limitations when several
items are summarised together (Table 3.3).

Table 3.3 Frequencies for Likert scale type items (5 statements,
seven-point scale, 21 consumers) (Excel).

GFEDCBA

1 Frequency table

Likert-item statement2

CodeResponse s53 s4s3s2s1

4 Disagree strongly 001051

5 Disagree 034362

6 Disagree slightly 656763

7 Neutral 101251024

8 Agree slightly 202115

9 Agree 201006

10 Agree strongly 112017

11

2121212121Total
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Fig. 3.6 Dot chart of moisture content in raw potato (Minitab).

This table, a form of crosstabulation, was created using the Excel FREQUENCY
function for five columns of data (21 values in each). As seen, interpretation of
such tables can be difficult, but statement numbers 3 and 5 have most of the ‘agree’
category. Here, a table or bar chart of median values can sometimes give a more
comprehensible overall picture.

3.2.3 Summarising metric (interval and ratio) data (continuous or discrete)

Interval and ratio data can be summarised by some of the methods above, but there
is one major limitation. Visualising large data sets cannot be done easily using
frequency tables or pie and bar charts, as there are usually too many individual
values, particularly if the data are continuous.

With a small number of values, graphs such as the dot chart (also known
as the cross or blob chart) (Calcutt and Boddy 1983) can be used and
can be drawn quickly manually or by using Minitab’s Character graph
(Graph>Charactergraph>Dotplot) option and MegaStat’s Dotplot. The mois-
ture contents of 11 samples of potato flesh are marked on the chart (Fig. 3.6) where
the values are spread out with a slight central peaking.

For larger data sets, some form of grouped display of the frequencies is re-
quired. Graphically, this is provided by a histogram or in table form as a grouped
frequency table. The grouping process should be such that the group sizes are of
the same range or width on the graph (Fig. 3.7).

Excel has a Histogram tool in the ToolPak menu (Data/Data Analysis in Excel
2010; Tools/Data Analysis for Excel 2003). Data (% fat content in retail meat
cuts) are entered as a column(s) followed by an adjacent column, which lists the

Histogram

0

2

4

6

8

10

0–5 >5–10 >10–15 >15–20 >20–25 >25–30

% Fat content (g/100g)

F
re

q
u

en
cy

Fig. 3.7 Histogram of % fat in minced beef (Excel).
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Table 3.4 Data, grouped frequency table and histogram analysis (Excel).

GFEDCBA

Sample data (n = 25) % fat1 Grouping
(bins)(g/100 g)

2

Result3

FrequencyBin520.8111.3317.004

0–5109.7012.554.54 15

157.0917.5415.566 >5–10 3

2010.6913.3110.937 >10–15 9

2516.4412.6018.138 >15–20 6

3018.9013.389 >20–25 4

12.3529.4510 >25–30 2

0More24.3414.0011

21.6327.8412

21.926.1613

desired group sizes (referred to as bins) plus one empty cell. Each bin represents a
group range for the data, namely the bin numbered as ‘5’ will include all values in
the range 0 (or less) up to 5, etc. The data (Input Range) and the bins (Bin Range)
are selected in the histogram menu along with Chart Output. Label headings can
be included in the input but they must be in the cells immediately above the data
and the bin columns and the Labels box must be ticked (if data are in 2 or more
columns then omit labels). The resulting output (Table 3.4) is an example of a
grouped frequency table, and it will be accompanied by the histogram (Fig. 3.7).

An alternative way to obtain a histogram is to deselect the chart output option
in the Histogram menu and use the FREQUENCY() function as above for the
bin groups and plot a column chart with the charting facilities. In Table 3.4, the
output bin column has been edited to give more detail to the group sizes before
plotting as a simple Column Chart using the groups as x-axis labels (as Fig. 3.7).
The majority of fat contents is in the 10–15% region of the data.

Line graphs (Fig. 3.8) are useful for displaying changes over time as in storage
or processing changes, etc. The line shows the rate of change of temperature over
the period with the product attaining 2◦C by 55 min.
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Fig. 3.8 Line graph of temperature change during chilling (Excel).



54 Statistical Methods for Food Science

0

50

100
Aroma

Crispness

SaltinessOiliness

Aftertaste

Product 1

Product 2

Fig. 3.9 Radar chart of sensory profiling data (Excel).

Radar charts (also known as spider charts or web charts) have a special place
in food science – that of displaying multivariate sensory data from descriptive
analysis techniques (Fig. 3.9). Product 2 has higher scores for all attributes.

Such graphs appear regularly in the literature as they can display more than
one measure for more than one sample product. Chambers et al. (2004) used a
radar graph to display three samples, 15 sensory attributes along with significant
difference indicators.

Boxplots are a graph type that displays several aspects of data including the
distribution and summary values (Fig. 3.10).

In the chart (available in Minitab and MegaStat for Excel), which has a vertical
layout in this example, the maximum and minimum values (range) of the data are
at the end of the ‘whiskers’ unless extreme values are present; the upper and lower
quartiles (Section 3.3.2) are at the top and bottom of the box, respectively. The
median can appear as a ‘shelf’ that divides the box. In this example (a plot of the
data of statement 1 of Table 3.3), the values range from 1 to 7 and the median is 2.
Boxplots are also able to display outlying or extreme values marked individually
with an asterisk. For these data, it can be seen that there is one extreme value.

7

6

5

4

3

2

1

s1

Fig. 3.10 Boxplot of statement 1 (Table 3.3) of Likert scale (Minitab).
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Data points of this nature, generally referred to as outliers, should be examined
for validity (see below). The median is off-centre indicating that the distribution
is not perfectly symmetrical and is slanted or skewed to one side. Comparison
of several boxplots together is one rapid way of comparing data from different
samples.

Metric data summary measures can be displayed graphically in a number of
ways including summary statistics along with error (variability) indicators.

Example 3.2-3 Summary of metric data by graph of mean and standard
deviation
As part of a chemical analysis of dehydrated food samples, moisture content
was determined for three samples with five replicate determinations. The data
were analysed using Excel functions to give the means and standard deviations:

Sample 1 Sample 2 Sample 3

Mean 1.4 5.6 4.0
Standard deviation 0.49 2.65 0.63

To display the data graphically using Excel requires that the summary measures
are calculated first and tabulated as above (see Tables 3.1 and 3.6). The mean
values are then blocked and plotted as a simple column chart. To get to the ‘error
bar’ menus in Excel 2010, click on the chart if it is not already selected to access
Chart Tools then click Layout. Click the Error Bars button then More Error
Bars Options. Turn on the Display as Plus and Cap then for the Error Amount
turn on Custom and click Specify Value. Select the three standard deviation values
as the Positive Error Value then click OK followed by Close.

For Excel 2003, the ‘error bar’ option is accessed by a right-click on a bar
or point on the graph and selecting Format Data Series. Select Y Error Bars
and one of the error markers. Click the Custom button and block the standard
deviation values for the data table as the ‘+’ values for the error bar to finish.

Figure 3.11 shows mean values and standard deviations for the moisture content
in the samples of dried food. Sample 2 has a higher average moisture content and
a much larger standard deviation than the other samples, which agrees with the
table values above.

3.2.4 Summarising two variables together

How to summarise bivariate data
These procedures are often carried out in examination of relationships between
variables. Two different measures are required on each object or person and these
can be of the same level of measurement or different ones.
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Fig. 3.11 Mean value and standard deviation (Excel).

Bivariate nominal data

Two sets of nominal data can be displayed together by use of a compound column
or bar chart (see Figs 3.2 and 3.4). Thus, Fig. 3.2 shows one nominal variable
‘defect’ with four categories and a second nominal variable, ‘batch’ with two.
Alternatively, a crosstabulation table can be used (similar to Table 3.3, which
is a ‘5 × 7’ table of ‘statement’ by ‘response’). Here, the data are rearranged
and summarised, with one variable in the vertical direction and a second variable
in the horizontal direction. A crosstabulation can be described as showing the
relationship between all possible values that each variable can take. The simplest
crosstabulation would be the ‘2 × 2’ case. The term refers to the number of rows
and columns, respectively.

Minitab was used to show an example (Table 3.5) for three lots of raw mate-
rial from different locations (‘source’) that were graded into five colour classes
(‘grade’; Minitab Stat>Tables>Crosstabulation option).

The example is a ‘3 × 5’ table. The ‘crosstabs’ shows that source ‘2’ appear to
have more incidence of the colours ‘3’ and ‘5’ and that source ‘1’ has a spread
of colours ‘2–5’. Crosstabulation tables are sometimes easier to interpret if the

Table 3.5 Three-by-five table of location and colour grade (Minitab).

1 2 3 4 5 All
1 0 11 9 12 8 40
2 0 0 22 0 18 40
3 12 18 9 1 0 40
All 12 29 40 13 26 120
Cell contents – count

Rows, source; columns, grade.



Descriptive statistics 57

frequencies are shown as percentages, particularly when comparing different tables
with differing overall numbers of items.

Bivariate ordinal data

With ordinal data sets, crosstabulation and clustered bar charts can be used, but
as more individual points are possible on ordinal scales this can make such tables
and charts difficult to interpret. It is possible to use a scatter graph with two sets
of ordinal data, referred to in Excel as the XY (Scatter) chart. The allocation of
which variables are X and Y can be arbitrary unless more involved analysis is
intended (Chapter 6). One difficulty may arise with superimposed points when the
scale is discrete and when there is a large sample size. Some software packages
allow display of these cases usually by the size of the point being related to the
number of values (point density). This can be alleviated in some software by
turning on some form of display for point density (see below).

Example 3.2-4 Summary of bivariate ordinal data by a scatter graph
(superimposed points)
A consumer survey gathered data on peoples’ opinion of genetically modified
foods by recording their level of agreement with various statements. Two of the
statements (Table 3.3) were ‘GM foods are beneficial’ (no. 2) and ‘I have a rea-
sonable level of scientific knowledge’ (no. 3). Is there evidence of a relationship
between these two measures on the basis of a scatter graph?

The data for the two statements were entered in Excel as two columns (these
data are summarised in Table 3.3 as frequencies and are available as individual
values on a website file). Superimposed points are present in these data and they
can be displayed in Excel by first sorting the two columns of data so that points
with the same coordinates are listed together.

In Excel 2010, select one column, then click Data tab on the Ribbon and in
the Sort menu choose the Sort A to Z icon. Ignore the warning message and click
Sort. Repeat this for the second variable. In Excel 2003, select a column then
click Data in the top menu bar followed by Sort, Sort again, then in the menu
click OK.

When the data are viewed in this way, there are several instances of superimposed
points, three for value 2 and five each for values 3 and 4. The symbols representing
these occurrences can be edited to make them larger in proportion to the number
of occurrences.

The scatter graph is produced by blocking the two columns of values (to get
the display as per Fig. 3.12, copy the data so that statement 3 is in the left-hand
column). For Excel 2010 click Insert, select Scatter from the chart menu and
choose the unlined chart. This gives a graph with all points the same size. Identify
a superimposed point then click it twice, then double click it to access the Format
Data Point menu. Point size can be changed using the Marker Options (Built-in
button). In Excel 2003, use the Chart Wizard and selecting the XY (Scatter)
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Fig. 3.12 Scatter diagram with point density (Excel).

option (Chart sub-type with points only). Superimposed points can be changed
by clicking on a point twice then double-clicking as above; the symbol size can
then be changed via the sizing box.

For this example, the superimposed values were changed to size 6, 8 and 8,
respectively, whereas the other single instance points were set at size 4. In addition
to the main set of points, it can be seen (Fig. 3.12) that the superimposed ones
display a stronger relationship, which can help interpretation. In the chart, the
impression is of a positive relationship – as statement 3 values increase so do
those of statement 2. There appears to be a relationship between a person’s science
knowledge and the perception of GM foods as beneficial: those who are more
scientifically knowledgeable are more likely to perceive advantages.

Minitab’s character graph option produces a scatter diagram with point density
shown as numerical digits for two or more superimposed points.

Bivariate metric (interval and ratio) data

Metric data can have many scale points, especially when continuous and crosstab-
ulation tables are often large and unwieldy to view. A common graphical display
is by the scatter diagram as in the previous example (Fig. 3.12), but there may
be less incidence of coincident points (see more examples of scatter graphs in
Chapter 6).

Bivariate mixed levels of measurement

This usually requires that one variable is modified to lower its level of measurement
to that of the other variable. Thus, nominal plus metric would require that the
metric variable be grouped into categories first. Ordinal and metric data can often
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be displayed effectively by use of a scatter diagram. It is also possible to leave the
data as gathered and examine for relationships for mixed levels of measurement
using other methods (Field 2006).

The examples above have essentially illustrated the distribution of individual
data items or groups data. While useful information can be derived from these
types of results, more can be gained by calculating summary statistics, which
reduce the data to single numerical values. These are the descriptive statistics and
include such common examples as the mean, range and standard deviation. Most
of these latter measures are applicable to metric data, but there are forms available
for nominal and ordinal data.

3.3 Descriptive statistic measures

Calculation of these statistics reduces data to key numerical summaries. They are
often presented in tables, but graphs can also be used as illustrated in Figs 3.5 and
3.11. Several of these summaries are usually performed in one operation and a list
of measures is obtained. A full illustration using Excel is given below, but first
some brief definition and detail are required.

3.3.1 Measures of central tendency

These measures are named in this manner because the parameter or statistic
obtained is located centrally on the measurement scale between the full span of
the data. This can be visualised as being at the centre of the population distribution
(Fig. 2.11).

The mean (arithmetic mean)

The mean or average value is probably the most familiar statistical measure for
a sample of data. It is obtained by summing all of the individual data items then
dividing by the number (n) of data: e.g. five determinations of magnesium content
to the nearest milligram/100 g:

20, 24, 18, 26, 27; mean = 23

The trimmed mean gives a statistic based on the middle values, and it can be
used as a check on the effect of extreme data.

The median

The median is the middle value in a series of values that have been arranged in
rank order, e.g. seven ratings on an ordinal scale:

1 1 2 3 5 6 9; median = 3
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When there is an even number of values, the median is the average of the two
middle values:

1 1 2 3 4 5 5 8; median = (3 + 4)/2 = 3.5

The mode

The mode is the most frequently occurring value in a series of values:

2,2,2,3,3,4,4,4,4,4,4,5,6,6,7,7,7; mode = 4

Other measures of location

In addition to the median, which can be located at the centre of the data when they
are ordered in magnitude, other measures of location are possible. The ordered
values can be divided into groups of various sizes. Thus, the quartiles give four
groups. The lower and upper quartiles are identified by the last value in the first
and third group, respectively, e.g.:

2,4,5,6,8 , 12,15,16,20,22 , 26,28,30,40,46 , 48,50,52,55,59
lower 25% at 8 upper 25% at 46
(The interquartile range is 46 − 8 = 38)

Similar procedures can be used to create centiles (10 groups) and percentiles
(100 groups). These measures are useful for comparing the spread of data via
derived measures such as the interquartile range (see below) and for dividing
data into similar group sizes for comparison (subgroup comparison). Kolodinsky
et al. (2003) used a 75th percentile split to divide a consumer group in two
levels of concern regarding genetically modified foods, and West et al. (2006)
compared quartiles of mineral levels in fruit juices to show which sources had
more variability.

3.3.2 Measures of dispersion or variation

The measures of central tendency give single value estimates from the sample
data. They are limited in this respect and can mislead, as it is possible to have data
sets with similar ‘central’ statistics, but which differ otherwise:

44, 44, 45, 46, 47, 48, 48; mean = 46
5, 5, 10, 20, 80, 90, 112; mean = 46

Thus, a mean value alone gives insufficient description of a sample. What is re-
quired is a measure of ‘spread’ of data on either side of the mean (or median). There
are a number of ways of calculating this dispersion or variation of values in a set.



Descriptive statistics 61

The range

This is given by subtracting the smallest value in the series from the highest value:

34,35,47,56,69,74; range = 74 − 34 = 40

The range is limited in that it is calculated from two values, irrespective of the
total number in the data, which can be much larger. It can give a false impression,
especially if one value is extreme compared with the other data. More powerful
measures of variation are given by methods that look at the deviation from the
mean for each datum.

Mean deviation

The simplest of these is the mean deviation (also known as the average deviation
or mean absolute deviation). For this, the absolute deviations (i.e. negative signs
are ignored) from the mean are summed and divided by the sample number (n).
Similar calculations can be used to obtain a median absolute deviation.

Standard deviation and variance

A more familiar measure of variation is the standard deviation (sd), which is
calculated from its ‘parent’ measure, the variance. Calculations are similar to the
mean deviation, but the deviations are squared before summing and division by n –
1. The square root is then taken of the variance to give the standard deviation in the
original units of the data. The mean deviation, variance and the standard deviation
all give the degree of variation in the sample data. The higher these measures
are, the greater the variation judged relative to the mean. A minimum value for
any is zero (i.e. no variation in the sample values – they are all the same). The
standard deviation is more commonly quoted and both this and the variance are
more sensitive to wider variation due to the squaring of values in the calculation
(O’Mahony 1986).

A distinction is made between the ‘population standard deviation’ (σ ) and the
‘sample standard deviation’ (sd) in that the divisor n – 1 is used for the latter
(and is the usual formula in software and calculators). This is because on the basis
that the sd is an estimate of σ , the use of ‘n’ results in a biased estimate of the
population parameter.

When comparing data sets from different measuring systems with different units
for the extent of variance, absolute values can mislead and a relative measure is
more appropriate. Thus, if two sensory intensity-scaling methods are compared
and the first (a scale of 0–30) has an sd of 1 for a mean of 10, this would reflect
a relatively large variation. The second method uses a scale of 0–150, and also
obtains an sd of 1, but for a mean of 100, indicating a very small spread of values.
In these cases, a more valid way of comparing the variation is to calculate a relative
form of the deviation: the coefficient of variation (CV; also known as the relative
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standard deviation, RSD). It is calculated by dividing the sd by the mean and is
conveniently expressed as a percentage by multiplying by 100:

sd Mean %CV (= (sd/mean) × 100)

1 10 10%
1 100 1%

The %CV values now reveal the large difference in spread. Consequently, the
%CV is appropriate when comparing different analytical methods, sensory cf.
instrumental, etc. Strictly speaking, this statistic is only applicable to ratio data,
i.e. scales with a true zero, and negative data calculations could mislead (Chatfield
1992). Both deviations can be taken as a measure of how consistent repeated
measures are on the samples of the same material – thus they are measures of
precision (Section 3.4.2).

Standard error

The measures of variation above indicate the spread of the data, but they do
not provide measures of confidence about the estimate of the mean value. The
standard error (se) is calculated from the standard deviation (sd) divided by the
square root of the sample number (n). It takes into account not only the spread but
also the sample size. The standard error will vary indirectly with the certainty of
the mean value, as it gives an indication of how far the estimate is from the true
unknown mean (James 1996). It is derived from the sampling distribution of the
mean (Section 2.4.1) and is used extensively in significance tests and procedures
that test mean values. It is a measure of the variation of mean values of repeated
samples of size n – similar sds can give rise to different se values due to different
sample sizes:

Data Mean Sd se n

Set 1 2, 4, 5, 2, 5, 6, 4, 7, 1 4.0 2.0 0.7 9
Set 2 1, 3, 6, 3, 5, 6 4.0 2.0 0.8 6
Set 3 2, 4, 6 4.0 2.0 1.2 3

In this example, the smaller standard error for data set 1 signifies more confi-
dence in the estimate. Standard errors are reported in many published experimental
results for food studies, usually along with mean values in tables or graphs, e.g.
those shown in Martı́n-Diana et al. (2007) for bar graphs of instrumental firmness
of vegetables, but the standard deviation is possibly more common.
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The interquartile range

Another way to look at spread of data is to consider the range based on the location
of points in the data when they are ordered in magnitude. Thus, the interquartile
range (the upper quartile minus the lower quartile) gives a view of the spread of
the data away from the extremes of the range itself. This can indicate the presence
of extreme values (Fig. 3.10).

3.3.3 Summary measures for proportions

Nominal and ordinal (non-numerical) data can be summarised as frequencies,
percentages and proportions (Section 3.2.1 and Table 3.7). Descriptive statistics
such as the arithmetic mean and standard deviation are not applicable for such data
and they have other measures. Proportional balance between two possibilities (e.g.
‘yes/no’ response in a consumer survey) follows a binomial distribution (Upton
and Cook 2001), which, when the sample size is large, approximates to a normal
distribution. The measures are illustrated in a simple example (then with reference
to the data of Table 3.7).

Proportional mean

A proportion is calculated from the frequencies of two or more possible outcomes,
but only two are considered here. The proportion of interest is identified and this
is divided by the total number of samples, e.g. 100 consumers are asked ‘Have you
modified your food shopping habits due to food scares?’ and they are required to
answer ‘yes’ or ‘no’. The result is that 40 say ‘yes’ and 60 say ‘no’. Assuming that
the proportion of interest is the number who reply ‘yes’, then the point estimate
of this is:

Proportion = 40/100 = 0.4 or 40%

NB: as with probability, proportions can be expressed as a decimal fraction 0–1
or as a percentage 0–100%.

The normal approximation allows calculation of an average value of a proportion
as the above and as the proportion multiplied by the sample number:

Averageproportion = 0.4 × 100 = 40

Variance of a proportion

The variability of a proportion is given by the product of the two frequencies
expressed as proportions:

Varianceproportion = 0.4 × 0.6 = 0.24
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The ‘spread’ of such data is provided by the proportional variance. Hence,
with the example above for a 40%:60% result the variance is 0.24. If a 50%:50%
split was obtained then the variance would give a maximum value (0.25) and
this decreases as the two proportions diverge. Thus, a 90%:10% division would
have lower variance (0.09), as more of the sample respondents are in agreement.
When all respondents agree (a 100%:0% response), the variance would be zero.
A proportional standard deviation and standard error can be calculated from this
form of variance and can be used to calculate a confidence interval for a proportion
(see below).

Example 3.3-1 Illustration of descriptive statistics
Part of the information required in a development trial included various mea-
sures on a fruit drink prototype: sugar content by chemical analysis, sensory
analysis and a consumer ballot on several aspects of the concept and its selling
potential. Three data sets are provided: an instrumental chemical analysis of
total sugars in one ingredient (blackberry pulp; 10 sample units from 1 large
batch); a sensory analysis on 10 sample units from a prototype formula of the
soft drink, evaluated for ‘fruitiness’ on an intensity scale by a novice panel
(Table 3.6); for illustrative purposes these latter data comprise the panel modes
rather than the means, arguably more appropriate due to lack of training. The
third set are data on one question (Table 3.7) from a consumer survey on ‘Would
you purchase this product on a regular basis?’ The instrumental and sensory
data have received the same analysis, but the consumer analysis includes some
additional statistics.

For Excel analysis, data were entered as shown in Tables 3.6 and 3.7. Descriptive
summaries were produced by Excel functions. In some cases (range, standard
error and confidence interval based on t), there is no function and a calculation
was required (the Data Analysis Tools option Descriptive Statistics gives these
measures and most of the others directly).

The Excel function formulae are shown for the instrumental data column only,
but they have been applied to the sensory data also and can be copied over for
readers who wish to prepare the worksheet for their own data, etc. Once calculated,
some measures are referred to subsequently by an abbreviated name and not by
cell reference, e.g. the standard deviation (sd) is calculated by the STDEV.S()
function (STDEV() Excel 2003) and in later formulae on the same sheet, it is
referenced as ‘sd’. Reference to these tables (Tables 3.6 and 3.7) is made below
and at other points where appropriate, although additional descriptive analyses are
also presented.

Comments on instrumental and sensory data (Table 3.6)

The summary values for the data sets show that in the case of the instrumental
analysis, data (continuous) for the mean and the median are the same (when
rounded up) indicating symmetry in the distribution of the sample data. There is
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Table 3.6 Descriptive statistics of instrumental and sensory data (Excel).

DCBA

1 Sample instrumental data (n = 10) Sample sensory data (n = 10)

Total sugars (g/100g) in blackberry pulp Intensity (1-9) of 'fruitiness' in fruit drink2

3

96.34

2D7.2D5

1A6.2A6

4T6.5T7

8A7.3A8

55.89

15.910

16.411

97.012

26.813

Formula (column B)Statistic (name):14

Count (n) (count) 0151 10= COUNT(B4:B13)

6.5Mean (mean)16 4.2= AVERAGE(B4:B13)

6.5Median17 3= MEDIAN(B4:B13)

# N/AMode18 1= MODE.SNGLa(B4:B13)

5.8Minimum (min)19 1= MIN(B4:B13)

7.3Maximum (max)20 9= MAX(B4:B13)

1.5Range21 = max - min 8

0.43Mean deviation22 2.84= AVEDEV(B4:B13)

0.52Standard deviation (sd)23 3.36= STDEV.Sb(B4:B13)

0.16Standard error (se)24 1.06= sd/SQRT(count)

0.27Sample variance25 11.29= VAR.Sc(B4:B13)

Kurtosis26 −1.21 = KURT(B4:B13) −1.54

0.12Skewness27 0.57= SKEW(B4:B13)

28 6.231st Quartile (1st Q)

29

1.25= QUARTILE(B4:B13, 1)

3rd Quartile (3rd Q)

30

6.95 7.25= QUARTILE(B4:B13, 1)

0.73IQR

31

= 3rd Q–1st Q 6

6.54Trimmed mean

32

4= TRIMMEAN(B4:B13)

Accuracy:

33 )atad ecnerefer morf()eurt(  eulav eurT 

43

6.6

Error of mean (em)

35

−0.1 = mean−true

%REM

36

−0.92 = em/true ∗ 100

Confidence Int. (95%,z)

Uncertainty:

37 0.323 2.082= CONFIDENCE.NORMd(0.05, sd, count)

38 t (0.05,df) 2.262 = T.INV.2Te(0.05, count-1) 2.262

39 CI95%,t (CI) 0.373 = t ∗ se 2.404

Precision:40

0.52Standard deviation41 = sd 3.36

%CV(RSD) 79.724 = sd/mean ∗ 100 80.00

f

aMODE() Excel 2003.
bSTDEV() Excel 2003.
cVAR() Excel 2003.
dCONFIDENCE() Excel 2003.
eTINV() Excel 2003.
fAvailable as CONFIDENCE.T() Excel 2010.
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Table 3.7 Descriptive statistics of consumer data (Excel).

EDCBA

Sample consumer data (n = 30)1

2 Would you purchase this product
on a regular basis?

(1 = no, 2 = yes)3

2114

1225

2116

1227

2118

2229

22210

22111

22212

22113

Formula:Result:14

Count (n) 0351 = COUNT(A4:C13)

2Mode16 = MODE.SNGLa(A4:C13)

1Minimum17 = MIN(A4:C13)

2Maximum18 = MAX(A4:C13)

Proportion:19

20Count (yes)20 = COUNTIF(A4:C13, 2)

10Count (no)21 = COUNTIF(A4:C13,1)

30Count (total)22 = yes + no

Proportion (p yes) 76.032 = yes/total

Proportion (p no) 33.042 = no/total %

0.67Mean prop for yes25 = p-yes 66.7

Variance (p var) 22.062 = p-yes ∗ p-no 22.0

Standard error (p se) 90.072 = SQRT(p-var/total) 9.0

28 CI 95%,z 1.96 ∗ p-se0.17 17.0

aMODE() Excel 2003.

no mode, i.e. all the values are unique. For the sensory data (discrete) the mean,
median and mode are all different suggestive of a non-normal distributional shape.

Histograms (Figs 3.13 and 3.14) produced by Minitab show that the sensory
data are less symmetrical than the instrumental.

These statistics have summarised the data set, no matter how large, to single
values, usually located at the centre of the distribution of the data. This depends
on how symmetrical the distribution is – if there is non-symmetry or more than
one mode is present then these values will not coincide. The measures of skew
(symmetry about the centre) and kurtosis (‘peakedness’), which are both near zero
for a normal distribution, show that both distributions are flat and are positively
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Fig. 3.13 Histogram of instrumental data (Minitab).

skewed, but the sensory data set is more marked in both respects and has a
suggestion of bi-modality.

The measures of dispersion for the data sets show quite different results for
sensory versus instrumental, but it must be remembered that comparison of ab-
solute values can be spurious with data from different scales. Comparisons of
standardised measures such as the %CV are valid: the instrumental data are much
less variable.

Comments on consumer data set (Table 3.7)

The summary table provides a number of additional measures to those used for the
data of Table 3.6. There are 30 responses of ‘yes’/‘no’ and the mode is ‘yes’ (coded
as 2). The maximum and minimum values provide a simple check on data input
error – in this case, there are no accidental entries of double digits or of missing
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Fig. 3.14 Histogram of sensory data (Minitab).
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values. The predominance of ‘yes’ is confirmed by the count data. Proportional
measures were then calculated as shown by simple formulae. It can be seen that
the estimate of the population proportion for the ‘yes’ response (the measure of
interest) is 0.67% or 67%. The variance is ‘medium’ (a 67:33 split) and the value
is used to give a 95% confidence interval. This is based on an approximation to the
normal distribution as n is relatively high (n multiplied by either proportion should
be greater than 5). Expressed as a percentage, this gives ±17%, approximately.
The confidence in the estimate appears very low with a range of 50–84%! This
would be unacceptable in most surveys and a larger sample number is required, e.g.
increasing the sample size to 300 would reduce the interval to approximately 5%.
Further reduction becomes much more costly in terms of sample size – reduction
to 3% requires a sample of over 1000 and 2000+ for 2%.

Market research surveys of consumers are often limited by these numbers
and tend to compromise on a sample of approximately 1000 with ±3% (hence
the term 3 percentage points of error; Upton and Cook 2002; Bowerman et al.
2008).

3.3.4 Application of descriptive measures

How to apply and interpret descriptive measures
The applicability of these measures depends on the form of the data (continuous
or discrete), the shape of the distribution and the level of measurement of the
scale employed. Thus, with nominal data, which do not originate from an ordered
scale, there will not be a ‘middle’ point. An appropriate summary measure is the
mode and the data can be examined by a pie chart or frequency table to view the
distribution. If nominal data are expressed as proportions then the measures of
Section 3.3.3 are suitable. With ordinal data where it cannot be assumed that there
were equal intervals on the scale, or where the distribution is skewed, the median
and interquartile range for variation are applicable. For metric data (interval and
ratio) where symmetry and shape of the distribution approximate to normal, use
of the mean, standard deviation and standard error are justified.

Comparison of the median, mean and mode can be made for metric data as
a symmetry check, but the mode may not ‘exist’ (i.e. each value is distinct)
in small data sets for continuous data (see Table 3.6) or there may be bi- or
multi-modality for discrete data, which can be misleading. For some experimental
results, other factors such as the nature of the distribution of the data may prompt
use of summaries other than the customary methods. Albala Hurtado et al. (2001)
used medians and quartiles for vitamin K content data due to high variability and
non-normal distributions, despite such data being viewed usually as parametric in
nature.

It is recommended to examine all data after entry using a variety of graphs, ta-
bles and summary statistics to ascertain that no obvious data entry errors have
been made and to assess distributional shape (see comments on the data of
Tables 3.6 and 3.7).
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How to deal with missing and outlying data
Missing values will show up during data entry or in tables and some graphs.
They can be handled by most software packages in that the analysis can proceed
without the missing data. If not, replacement can be done by one of a number of
complex methods, but a simple solution is to replace any missing data using the
grand (overall mean) for the whole data set where this is appropriate. Extreme
or outlying observations may also stand out in tables and especially in boxplots
(Fig. 3.10). Outliers need to be examined to see if they are due to data input
errors, etc. If no accidental reason for the outlying nature can be found then a
decision needs to be taken on whether or not the value is ‘typical’ for the data by
examining it in relation to the whole data set. Any values lying outside ±3 sds,
or excessively outwith the quartiles may be candidates. The data analysed in Fig.
3.10 have a mean value of 2.6 and a standard deviation of 1.5, thus the extreme
value (7) is just on the limit for +3 sds. The scale used for these data had seven
integer points and with such scales, particularly with ‘noisy’ data (Section 8.2) the
occasional extreme value is recorded in a valid manner. There are some other tests
and identification aids that can be used, such as those available in the Descriptive
Statistics option of MegaStat for Excel. Analysis may give the same results with
and without the outlier(s). Once confirmed that it cannot remain, the outlier can
be deleted all together or replaced with the grand mean as above, or replaced with
the next largest or smallest value (Chatfield 1992).

Summary statistics give a smaller number of key values to assess the data, and
the next stage is to examine the quality of the data in respect of their trustwor-
thiness or integrity and the presence of errors. Some indication of this can be
gleaned from the data summaries presented above if some knowledge of ‘typ-
ical values’ is known. To acquire more information, additional calculation is
required.

3.4 Measurement uncertainty

How trustworthy are the results?
All types of measurement are subject to error sources. Some of these have been
touched on in previous sections, and the consequence is that there is a degree of
doubt or uncertainty concerning the results. An example of a laboratory situation
demonstrates this (Box 3.1).

As seen, the experimental weight is not the true weight. The process of gathering
and measuring data by whatever system is subject to a variety of error sources.
Error is often described as ‘noise’ in that the error makes it difficult to ‘hear’ any
real effect that may be present, hence the expression noisy data where there is high
error. In the example, the errors have been identified and quantified by simplified
means, but proper assessment requires additional experimentation. In more routine
situations, the analyst would not carry out such detailed error assessment. Conse-
quently, the experimental result would be viewed as having an error effect above
or below the true value. There are statistical measures that can quantify error,
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Box 3.1 Simplified example of error in measurement.

A food sample is weighed three times on a digital balance and averaged to
give experimental weight:
EW = (2.56 + 2.60 + 2.58)/3 = 2.58
The true weight of the sample is TW = 2.3841 g
During the measurements, the lab door was left open and a strong draft made
the reading unsteady: E1
A sticker on the balance reads: ‘Serviced, calibrated 1982’: E2
The balance read to the nearest 0.01 g: E3
Repeated readings were different: E4
Possible results are: EW = TW – a completely ‘correct’ or an accurate result
EW < TW or EW > TW – an inaccurate result
The reasons for the inaccuracy are due to error(s), thus:
EW = TW + E1 + E2 + E3 + E4 . . . [E values can be ±] where,
Error 1 (the draft) caused the balance pan to lift slightly and under-read the
true weight by 0.1 g
Error 2 caused the balance to over-read by 0.3 g
Error 3 rendered the balance unable to weigh to the third and fourth decimal
place of the weight
Error 4 caused repeated readings to vary, thus:
EW = 2.3841 – 0.1 + 0.3 – 0.0041 + (–.02 + .02 + 0) = 2.58 (this is a
simplification)

but essentially all experimental results from ‘high-tech’ instruments to simple
questions in a survey, produce a value that is modified by error:

Measured value = true value + error

Obviously, the practitioner will wish to minimise all error, but first some analysis
is required to assess the magnitude of such error. The larger the error, the less the
overall trustworthiness of the work and the eventual statistical analysis will be
undermined. It is not possible to avoid error completely, but its magnitude should
be assessed in some way.

3.4.1 Error types

Errors are sources of variation that arise during all investigations. They are not
‘mistakes’ for the most part. Types of error are summarised in Table 3.8. Errors
begin to accumulate at the sampling stage as discussed in Chapter 2, where sam-
pling error arises because the sample is not representative of the population from
which it comes – an estimate is being made and there is uncertainty within the
estimate.
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Table 3.8 Types of error.

Error Nature and effect Example

Sampling errora Between test result and population
parameter; lowers validity/accuracy

Non-representative (biased) sample

Experimental error Between experimental units; lowers
precision

High variability between different units

Gross error Lowers validity and reliability Misreading an instrument, scale or
survey response; incorrect sample
coding or transcription;
incorrect/omitted reagent

Measurement error

Systematic Determinate, lowers validity/accuracy Biased method or operator; un-calibrated
instrument

Random Indeterminate, lowers
reliability/precision

Variation on repeated readings on same
unit or subject

aThe term is also used in some texts to describe the variation between sampling units.

All the above errors are often described generally as ‘experimental error’, but
this is a distinct effect, which is dealt with in more detail in Chapter 7. Note that
all measurement systems including questions in surveys are subject to all forms
of error variation.

Gross error

Gross errors are made by accident and they can occur at any point. Often they
are easily detected as the values will stand out by virtue of their large difference
from the other data, i.e. they will appear as outliers. Some marked events such
as those in Table 3.8 are typical. When these errors are smaller in magnitude and
less detectable, they can have serious consequences and can undermine the whole
experiment.

Measurement error

Measurement error can occur during the procedure used to measure the key
observations of the investigation – whether it is by use of a spectrophotometer or a
sensory attribute scale, the integrity of the data depends on this stage. Contribution
to this error can come from the operator and the measuring instrument or method
itself, as well as random error.

Systematic error

Systematic errors occur when there is some lack of reference point in the mea-
suring system. They can be difficult to detect unless it is possible to introduce a
controlling mechanism. In the example above, a systematic error was introduced
because the balance had not been calibrated for over 20 years. This process of
calibration applies not only to scientific instruments but also to any measurement
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system. This type of error is also known as bias and it will affect all data. Cali-
bration reduces or removes the bias, hence accuracy is increased. It is possible to
detect this type of error by introducing a control sample of known nature into the
determination. A common example with instrumental measures is ‘blank sample’,
which should give zero or very low value on determination. Others include ref-
erence standards with known amounts of analyte, physical properties or sensory
stimuli such as liquids with known sugar concentrations. For some instruments and
devices, calibration standards are provided, e.g. calibration weights for balances,
calibration colour plates and temperature tags to calibrate temperature probes and
recorders electronically.

Other examples of systematic error include bias in the method of measurement
caused by a technique fault by the practitioner, or an inbuilt bias in the method itself,
e.g. it is known that certain chemical analysis techniques over- or underestimate.
This latter type is a constant error, as it cannot be removed unless the method is
modified or replaced by another.

Lack of calibration and faulty techniques can be changed and are known as
determinate errors. With consumer survey procedures bias can be caused by a
number of effects including misleading question format, etc. (see below).

Does calibration provide total protection from bias?
Calibrated measurement systems can still give error if they are not sensitive enough
to measure the true value being determined. For instance, a milligram balance can
measure to the nearest milligram (0.001 g), but if the true weight is beyond the
milligram level then an error will be present (see above). Similarly, a sensory panel
may be able to measure intensities of sensory attributes to a limited fraction of the
scale used, e.g. on a 1–10 intensity scale measurement may be possible to 0.5 of a
unit, but not beyond. Findlay et al. (2007) used feedback as a sensory calibration
procedure for trained panels to enable panellists to see immediately which of their
attribute scores were outwith an acceptance region.

Random error

Assuming that the practitioner was able to eliminate the above errors, it could
be taken that the measure was now as accurate as possible. However, as shown
in Section 3.4, when weighing was repeated on the same unit there was still
variation. This is an example of random error. It is caused by random variations
in environment and electrical supply (Mullins 2003; Nielsen 2003), small unit-to-
unit inherent variation in food material and small measurement errors during all
the stages of drawing samples for analysis, weighing, pipetting, etc. (James 1996).

Consequently, even when measuring with non-destructive methods, repeated
measures are likely to be different, e.g. measuring colour of the surface of a food
with a reflectance chromometer – repeated measures at the same point on the
food surface under the same settings will give variation. Even with care, these
small variations in repeated measures can be still present. As the development
of scientific instrumentation progresses, random error will decrease, but it will
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still be present. For the detection of random error, there must be a least two end
determinations. End determinations can be averaged to even out this variation,
but despite this, they contribute to uncertainty. Random error can also exert an
effect in surveys if a repeat measure is performed with consumer respondents.
Many psychological and physiological factors can modify a person’s response to
questions, such as mood, fatigue, etc.

This error type affects the consistency of the measure on repeated operation of
the method. It is an indeterminate error and it cannot be eliminated entirely.

3.4.2 Aspects of data and results uncertainty

There are two specific viewpoints in assessment of the integrity or trustworthiness
of findings:

� Validity
� Reliability

Both terms have several facets to them and general definitions clash with
discipline-related forms at points, resulting in confusion and intermingling of
the terms. Additionally, the terms are sometimes applied to instruments and some-
times to data, the latter being more appropriate. Essentially, validity has to do with
accuracy and reliability with consistency:

Validity equates with accuracy
Reliability equates with consistency

Beyond this brief concept, other aspects are best described in relation to the
type of measuring system and discipline involved, although the similarity between
terms should be evident.

Validity (instrumental and sensory)

Here, it should be envisaged that in one situation the measuring system is in the
form of a specific instrumental device (e.g. a spectrophotometer or a mechanical
texture-testing machine) or method (e.g. fat content by acid hydrolysis). The other
is where a trained sensory panel or a consumer panel assesses or measures food
samples for differences in attributes or degree of liking, etc.

Validity in such measurements has two main dimensions: one is qualitative in
nature in that the measurement system must measure what it is intended to do and
the second is quantitative validity – ‘does the system measure the quantity close
to or at the ‘true’ value (or nearest estimate)?’

For example, if nitrite content is being determined, the method can be valid in
two ways: (i) it can determine nitrite and not some other additive and (ii) it will
give a nitrite content close to the true value.

The same conditions apply to trained panel and consumer sensory measures –
if ‘chewiness’ is determined by a sensory panel, the measure should determine
this attribute and not some other. Quantitative validity can be achieved to a degree
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Table 3.9 Measures used to estimate trustworthiness of data.

Measure Effect

Instrumental/sensory data
Validity

Qualitative Specificity of the measurement system
Quantitative Accuracy of the measurement system
Population validity Generalisation of results

Reliability
Precision Consistency of results

Survey instrument data
Validity

Internal ‘Trueness’ to underlying construct
Construct Ability of instrument to demonstrate lack of relationship with

theoretically identified non-effect subjects/respondents
Criterion Closeness (correlation) to established instrument

Reliability
Internal Consistency of results within a single survey instrument
Alternate form Consistency of results between different survey instruments
Test–retest Consistency of results between repeated surveys

with sensory assessments, although obtaining a ‘true’ measure of attributes such
as ‘chewiness’ is difficult.

Validity encompasses some wider viewpoints in respect of the quality of exper-
imental findings (Table 3.9).

Qualitative validity can be viewed as the specificity of a method, a term used
in chemical analyses. Specificity is one criterion in judging the overall quality of
data from chemical method analysis, but the concept is applicable to data from any
measure. It refers to the extent to which a method measures what it was intended
to measure. High specificity implies that a method will be able to ‘home in’ on the
particular analyte, sensory property or consumer respondent opinion under study,
despite any interfering factors. For instance, in chemical methods, analysing for
specific sugars rather than for total sugars.

For quantitative validity, the term refers to how close the estimate is to the true
value of the intended measure. In the specific context of instrumental analysis, the
term accuracy is used, but again this view can be extended to cover results from
sensory tests and consumer surveys.

Accuracy

A more formal way of defining accuracy, which gives a clue as to how to calculate
it, is ‘The accuracy of a result is a measure of how close it is to the true value’.

Similar definitions are given in several texts, particularly the British Standards
Institute publications (BSI 1983, 2000). High accuracy is possible for instrumental
measures and some sensory measures if calibration is present. Accuracy can be
calculated by comparing the test estimate with a true or defined reference value
(see below).
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Another aspect of validity is population validity, which refers to the extent to
which the results obtained from the investigation can be generalised. For instance,
can the result be taken as a valid measure of other similar samples under similar
conditions? The sampling method (random or otherwise) and how the population
and sampling frame have been defined have a major bearing on such issues.

Reliability and precision (instrumental and sensory)

The term ‘reliability’ as a guide to the quality of data can cause confusion as
it is applied in different ways. One is a general measure of the ‘dependability’
of a measurement system. When used in this way, it considers the ability of the
system to ‘do the job’ for a period of time, etc. (BSI 1983), or as storage stability
measure of the products durability and shelf life, e.g. ‘how long will a piece of food
processing equipment last before it stops working?’ The use considered here is
more specific where reliability is used to gauge consistency of a repeated measure
and this is described in scientific terms as precision (BSI 2000).

Precision

The precision of a measurement system is the agreement of repeated measures
under specified conditions. This more detailed definition is still a source of confu-
sion, as pointed out by Miller and Miller (1993), due to the exact meaning of the
word ‘precision’ itself. Dictionary definitions of ‘precision’ do not help as it can
be given as ‘a measure of accuracy’, and the term ‘precise’ is stated as ‘accurate’
(as in a ‘precision method’). An additional layer of confusion is caused by more
recent definitions of accuracy in the BSI 5725 part 1 (BSI 2000) publication,
where a general definition of accuracy includes ‘trueness and precision’. One way
to avoid this confusion would be to use preciseness for accuracy and precision for
reliability. More specific definitions below make the intended meaning clearer.

The basic definition of precision has been expanded to cover different circum-
stances that arise when measurement takes place in different locations or when
done by different operators. This gives rise to questions such as ‘Do repeat mea-
sures with the same operator (or panel/panellist) on the same material give the
same values?’, ‘Would the same results be produced by the operator at a different
time? – Or by different researchers? – Or different laboratories/locations?’, etc.

For instrumental and sensory work where repeat measures are performed then
precision can take two forms (BSI 2002). The first is repeatability. It is taken
to mean precision within one set of circumstances or conditions, i.e. within one
laboratory or sensory laboratory, or within one set of procedures and with same
operator, etc. Taking the definition to cover broader circumstances gives repro-
ducibility that refers to precision under different conditions, i.e. different labora-
tories, methods, operators and panellists:

Repeatability – precision under the same conditions
Reproducibility – precision under different conditions
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Precision is essentially measured by calculation of the standard deviation, but
calculation of accuracy and precision is detailed below. Note that for instrumental
and sensory measures precision and accuracy in whatever form are not automati-
cally directly related. High accuracy does not imply high precision and vice versa
(see Section 3.4.3).

Validity and reliability of consumer survey data

The concept of validity and reliability for data obtained by consumer surveys on
food issues can be approached in several ways. The measuring instruments in
such investigations are the key questions dealing with people’s opinions, attitudes,
beliefs, motivation, knowledge, satisfaction, etc. In some instances, the researcher
may employ survey instruments developed by other workers in related fields
such as psychology and behavioural sciences, in others new methods may be
introduced. The measures can consist of a single question, but more commonly
they are multi-component in nature.

These survey instruments attempt to measure a theoretically developed con-
struct, which encompasses the ‘mind-state’ in the consumer subject or respondent;
for instance, a set of questions (the survey instrument) that measures the motivation
(the construct) of consumers to support ‘animal-friendly’ food sources.

Ideally, researchers should carry out validity and reliability checks on their own
data as well as quoting similar measures from other workers.

The quality of data generated by consumer surveys is also highly dependent
on the phrasing of questions and how the process was conducted or performed.
Thus, bad grammar, ambiguous or leading questions and use of technical terms
without explanation are just some of the effects that could lead to invalid answers.
Inadequate control of questionnaire administration can lead to increased error,
just as with any lack of experimental control. Another problem is the Hawthorne
effect (Evenson and Santaniello 2004) caused by respondents reacting to the cir-
cumstances of being ‘under study’. This can have positive or negative effects, such
as respondents supplying answers that they think the researcher wants. Ultimately,
the effect can result in invalid data, which is not representative of the true situation.
Minimisation of such effects can be achieved to a degree by stressing to respon-
dents the need for honest answers for good research. Accepting that these points
are covered, the survey instrument can be judged on other aspects of validity and
reliability.

Validity (survey)

Consumer survey measures of people’s opinions, motivations, satisfaction and
attitudes must, if valid, measure the requested view or characteristic, i.e. survey
instruments must possess qualitative validity. The quantitative aspect is more
difficult with such less concrete measures and calibration is difficult. These and
other psychological factors cannot be measured directly, but must use a constructed
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scale or a proxy measure, for which it is difficult to have a ‘control person’ with a
known level (zero or other) of the characteristic.

At least three forms of validity are assessable. As with instrumental and sensory
data, accuracy or ‘trueness’ is central to the understanding in each case. Internal
validity (‘content validity’, ‘face validity’) refers to whether or not the survey
measure ‘covers the ground’ in what it is intended to measure, or how well it
measures the construct (Malhotra and Peterson 2006); this can be viewed as
qualitative validity, i.e. does it include all the necessary dimensions of the measure?
For example, in assessing consumer perception of health effects of low-fat diets, a
valid construct would need to include all the critical aspects (palatability, energy
levels, heart disease, obesity, cost, etc.). Omitting one of these aspects could reduce
the internal validity of the data obtained. This type of validity requires assessment
by acknowledged experts in the field (the researchers or appointed experts) and is
more subjective than a calculated value.

Criterion validity (‘concurrent validity’) compares the measure with another
more established one. This can be achieved by correlation with an established
construct run at the same time. This latter form is a type of ‘comparison with a
true value’ and produces a validity coefficient (correlation method). It can also
be assessed as predictive validity (Ruane 2005), e.g. the ability of the measure to
predict future actions and behaviours of consumers. This form of validity can be
numerically calculated by comparing results (predicted cf. actual; see example in
Section 8.4.3).

Construct validity assessment requires examination of how the construct is
argued theoretically (Malhotra and Peterson 2006). This can be done as convergent
validity where the measure is compared (correlated) with other related (but not the
same) measures as established by theory and other work. High convergent validity
is indicated by outcome of significance correlation coefficients. As discriminant
validity the measure should be able to discriminate and demonstrate the presence
or lack of relationship between group measures (Huck 2004). This could be the
ability of the measure to discriminate between identified groups that theoretically
should have low and high values (e.g. consumers whose gender suggests that they
will have negative or positive attitudes to low-fat diets). In this latter case, gender
and attitude should be related if the measure and data are valid.

Population validity applies to the results of surveys also – can they be taken as
applicable to other groups of consumers or all the population?

Reliability (survey)

Test–retest reliability is recognised in its similarity to precision. The survey in-
strument is administered more than once to the same respondents and the results
compared by correlation (reliability coefficient). High positive correlation means
high reliability or consistency (Section 8.4.3). A simpler form of test–retest can be
included in a single run of a questionnaire if one or more questions are presented
twice, e.g. at the beginning and at the end so that the respondent is unaware.
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Internal consistency reliability refers to multi-item measures and how closely
the separate parts measure the same construct. Calculation requires an inter-
correlation measure with high values, indicating an acceptable internal reliability.

Alternate form reliability (‘parallel form’) means ‘asking the same question in
different ways’. Correlation coefficients can be used to determine to what extent
the measures agree. Consistency also applies to the respondents as a group(s) and
they can be compared for inter-rater reliability when items are rated or scored by
calculation of a correlation or concordance coefficient.

3.4.3 Determination of measures of uncertainty

How to assess uncertainty of data and results
The term uncertainty is primarily applied to chemical analysis data at present,
but some of the measures below can be applied to any measurement system. Most
rely on the descriptive statistics defined above (Section 3.3), with one or two
exceptions, and the formulae and calculations are given in Table 3.6. The methods
are described generally and application is covered in more detail in later chapters.

Determination of accuracy and validity

Accuracy (instrumental and sensory data)
The accuracy of a statistical result can be calculated for data of all levels of mea-
surement (such as nominal data proportions), but has been primarily applied with
metric data (interval and ratio). The statistic of interest for accuracy calculation
with metric data is the mean value. The median and mode can also be used, but
this is less common. Based on the definition of accuracy, some measure of the
‘correct’ result is required, i.e. the true, most probable or any defined value (BSI
2000). The true values for measures on food are likely to be unknown and a ‘most
probable’ substitute is provided by another material of known composition. This
can be tailor made or of reference level in character. Hence the terms calibration
standards and reference materials are used, mainly in analytical chemistry. The
analyst knows what the contents of these materials are and can use this to calibrate
the unknown measures. Similar standards can also be found for physical measures
of food properties, e.g. standard materials of known hardness, compressibility or
elasticity (food texture) and colour plates (food colour methods), often produced
to stringent specifications. Both types of standard (chemical and physical) can
also be employed in training and calibration of sensory panels (Chapter 8). For
analytical chemistry, these techniques are used extensively in measurement uncer-
tainty trials such as the DTI’s VAM (valid analytical measurement) and the Food
Standards Agency initiatives and are dealt with in detail in Chapter 9.

A measure of accuracy can be given by the difference between the reference
or standard value and the experimental value. The error of the mean is obtained
by simple subtraction of the true value from the mean (Tables 3.6 and 3.10). It
can be standardised to an absolute form for comparison of different methods by
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Table 3.10 Measures of accuracy and precision for instrumental and sensory data.

Measure Calculation

Accuracy
Error of mean (em) Difference between the experimental mean (mn) and the

true mean (tm): em = mn – tm

%Relative em (%REM) em divided by tm times 100

Precision
Mean deviation ‘Averaged’ deviations of each datum from mean

Standard deviation (sd), variance ‘Averaged’ squared deviations of each datum from mean

%Coefficient of variation (%CV) sd divided by mean times 100

Uncertainty
Confidence interval (CI) Based on distribution and standard error (level of

confidence factor multiplied by the standard error)

division by the mean then multiplication by 100 to give the relative error of the
mean (Ryan and O’Donoghue-Ryan 1989; Table 3.10).

The magnitude of these measures is directly proportional to the level of accuracy.
Hence, ‘perfect accuracy’ would give an em and %REM of zero. Positive and
negative errors are possible, thus terms as ‘overestimate’ and ‘underestimate’ can
be used. For instance, the sulphur dioxide content of a food sample is determined
as 25 mg/kg and the most probable value is 20 mg/kg:

em = 25 − 20 = 5 mg
%REM = (5/20) × 100 = 25% (i.e. a 25% overestimate

Confidence interval
Another measure of data quality is given by a confidence interval (CI). A CI can
be viewed as a gauge of precision and to a lesser extent accuracy and is therefore
an ideal measure of the uncertainty in an estimate. The interval expresses a region
where the true population value (parameter) is likely to be located. The likelihood
is expressed as a probability. Narrower intervals reflect a more ‘certain’ estimate. It
should be noted that the population value refers to the population of measurements
– if the measurement system and data are biased then the ‘real true value’ may not
be at the centre of the interval. It could be off-centre or indeed outwith the interval
(see below). CIs are sometimes displayed graphically as:

Estimated
LCL mean UCL
5.4 7.5 9.6
|------------o------------|

CI95% = ±2.1

The CI limits are expressed as the lower and upper confidence limits (LCL,
UCL) and the estimated parameter is at the centre. Limits can be quoted as
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the whole width or as ± a half-width and the CI expression should include the
confidence probability.

CI calculation requires knowledge of the population distribution from which
the data originate. In this way, probability can be assigned to the location of the
test parameter and the spread or width of the interval calculated. For metric data
where the mean value is an appropriate statistic, a normal population (Section
2.4.1) is assumed, but there is a complication. The calculation requires knowledge
of the variability of the data in the population. If this is not known then it has
to be estimated from the sample data. Using this estimate introduces error into
the confidence interval itself and underestimates the width of the interval. This
is of less importance with large samples (n > 30), but for smaller samples the
t-distribution gives a more valid calculation of the interval. In some applications,
sample sizes can be greater than 30, but for instrumental analyses they are usually
less than 10; therefore, the t-distribution is appropriate.

How to calculate a confidence interval
A confidence interval reflects accuracy only in so far as it spans a region where the
true mean is located at the particular confidence level. There are two requirements
before the calculation can proceed. Firstly, a measure of the degree of confidence
must be specified as a probability and usually the 95% limit is the minimum. This
indicates that on repeated sampling of the population, 95% of the time, the test
mean will be located in the interval. This allows the level of confidence factor to
be selected from an appropriate distribution.

The second requirement is knowledge of the spread of the data as the standard
deviation. This may be known for the population in some cases, but often it is
estimated from the sample itself as explained above.

If the population sd, sigma (σ ) is known then the calculation (Table 3.6) uses a
standardised value (z) representing a 95% content proportion of the region of the
distribution spread (Section 2.4) as the confidence factor. This is multiplied by the
uncertainty in the form of the standard error (se). It can be seen that the larger
the se (variation and sample size), the larger the interval:

CI95%,z(half width) = mean ± confidence factor × standard error
= mean ± z value95% × standard error
= mean ± 1.96(σ/

√
n)

This form of confidence interval can also be determined by use of the CONFI-
DENCE.NORM() function (CONFIDENCE() Excel 2003).

How to determine a standardised z-value
The calculation is possible when σ is known, which allows the use of z-values
(Section 2.4.1) from the standard normal distribution. It assumes that the sampled
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values originate from a normal population (a valid assumption for most chemical
and instrumental analyses techniques, but less valid for sensory evaluation data).
The central limit theorem (Section 2.4.1) allows this assumption to apply to sam-
pling distributions of non-normal sources. The standardised z-value is obtained
via the NORM.S.INV() function in Excel (NORMSINV() Excel 2003), thus for a
confidence level of 95% (0.95):

z = ABS

(
NORM.S.INV

(
1 − confidence level

2

))

= ABS

(
NORM.S.INV

(
1 − 0.95

2

))
= 1.96

Usually σ is unknown and an estimate of it is given by the sample sd. The CI
limits are much wider and are calculated using parameters from the t-distribution
(which has more spread than the normal distribution especially for small values
of n). Thus, the confidence factor is represented by a t-value rather than a z-value.
Here, t is obtained from the particular t-distribution, which depends on the degrees
of freedom (df; equal to sample size minus 1). As n gets small, t becomes large
and the interval widens – thus small sample sizes give wide intervals with less
certainty in the estimate:

CI95%, t (half width) = mean ± t (sd/
√

n)
where t = two-tailed (5%) t-value for n − 1 df

Consider four protein determinations with end determinations as 17.0, 19.0,
19.4 and 16.6 (all g/100 g). The sd is calculated solely from the replicate values
and the quality (confidence) of it depends on the sample size:

Mean = 18.00, sd = 1.4
CI95%,t = 18.0 ± t(1.4/

√
4)

for n = 4, df = 3, t5% = 3.182
CI = 18.0 ± 3.182 × 0.70 = ±2.24
∴ CI width = 15.76 − 20.24%
15.76 18.0 20.24
|-----------------o-----------------|

That is, on 95% of occasions when such samples are drawn and a CI calcu-
lated, the population mean for %protein lies within the above range. t-Values are
obtained from published tables or using the T.INV.2T() function in Excel (TINV()
Excel 2003) as shown in Table 3.6. They are based on confidence level (%) and
the degrees of freedom. The interval can also be calculated using the function
CONFIDENCE.T() (Excel 2010 only).
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The maximum value for t at 95% confidence is when there is one degree of
freedom, i.e. a duplicate determination. To illustrate this, assume that only two of
the %protein determinations were carried out (17.0, 19.0), giving a similar mean
and sd:

Mean = 18.0 sd = 1.41
t (95%, 1) = T.INV.2Ta (0.05, 1) = 12.71 (n = 2, df = 1)
CI95% t = t∗sd/SQRT(n) = 12.71
= 18 ± 12.71 CI limits = 5.29 – 30.71
5.29 18.0 30.71
|- - - - - - - - - - - - - - - - - - - - -o- - - - - - - - - - - - - - - - - - - - -|

aTINV() Excel 2003.

As seen, t is very large as is the interval width, which underlines the low
confidence when based on but two determinations. Whether or not the magnitude
of the CI is acceptable depends on how confident the analyst is in the validity of
sd. In the latter example, it is based on only two determinations and gives a CI
range of 25.4% – using four replicates cuts this to a fifth.

Larger sample sizes result in a narrower interval, i.e. less error and more confi-
dence. It must be remembered that there is still a chance that the interval does not
contain the true value. This is a consequence of using a sample. To become 100%
confident would require examination of the whole population. If higher levels of
certainty are specified, such as 99%, then the interval will be wider unless sample
size is increased. The confidence interval is one of the factors taken into account
in sample size calculations. The examples below illustrate these points:

Sample size for confidence of

95% 99%
Population size

Large 100 2 500
Small (400) 80 200

As sample sizes decrease, the interval widens and hence the uncertainty in-
creases. The numbers differ due to the second example being a finite population,
thus requiring an adjustment unless the sample is less than 5% of the population
(Czaja and Blair 1996).

CI for proportions
Much of the foregoing has been concerned with numerical metric data, but nominal
data proportions can be assessed for uncertainty by calculation of a CI (Table 3.7)
as there are measures of proportional variance as explained above (Section 3.3.3).
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The assumption is that the data conform approximately to normal when n is high
(>30). The binomial variance and proportion estimates are required, then:

CIprop = proportion estimate ± z ×
(

binomial variance√
n

)

Thus, assuming a 75:25 variance for 40 consumers where 30 disagree and 10
agree with a statement on I would shop more from local farms, and the ‘agree’
answer is the focus, then:

Proportion = 0.25, variance = 0.75 × 0.25 = 0.188
sd = SQRT(variance) = 0.433, n = 40
Standard error = sd/SQRT(40) = 0.068
CI95%, prop = 0.25 ± 1.96 × se = ±0.134

The CI width is 0.268 or approximately ±13%, which again is high as a relatively
small sample was gathered. These calculations are performed using Excel in
Table 3.7 for the consumer survey example.

Confidence intervals and sample size calculation

The statistics used in the standard error and CI calculations include use of the
sample size used in an experiment or investigation. By rearranging CI formulae,
it is possible to produce a method for sample size calculation, for both numerical
and proportional data. CI calculation requires a measure of variation, the sample
size and a statement of confidence level. The standard error is calculated by use
of the standard deviation and the square root of the sample size, thus:

CI = confidence factor × standard error

= confidence factor ×
(

standard deviation√
n

)

Rearranging the second statement produces:

√
n = confidence factor ×

(
standard deviation

CI

)

Then squaring both sides

n =
(

confidence factor ×
(

standard deviation

CI

))2

Sample size (n) can be determined by specification of the required confidence
level in the results if the population standard deviation or an estimate is available.

For instance, a food scientist wishes to determine moisture content to ±1%,
with a confidence of 95%. Previous data exhibited a standard deviation of 1.2%,
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which is taken as the population parameter. The confidence factor is obtained in
the form of a z-value, as described above for the confidence interval. Thus:

n = (z95% × 1.2/1.0)2 = (1.96 × 1.2/1.0)2 = 6 (always round up)

Six determinations would be required. Note that the units in this case are
percentages. Similar units apply to the error margin (the ± value) and the standard
deviation. There is a slight complication in that because n < 30, use of normal
distribution z-values would underestimate the sample size, unless there is high
confidence in the estimate of the standard deviation. If not, then t-values should
be used, but these are less easily incorporated (see above for use of t in a CI). A
simple solution is to calculate as above using z, obtain t (df = sample size minus
1) and then repeat the calculation (this process produces n = 10).

The same formula can be produced for a proportion. A consumer scientist
requires to carry out a survey in which the proportion of consumers who are in
favour of switching to non-plastic food packaging is to be estimated to within
5% (±) with a confidence of 95%. A previous estimate quoted counts of 35% ‘in
favour’ and 65% ‘against’. The variance and standard deviation are calculated as
explained above, and the sample size can be determined as:

Variance = 0.35 × 0.65 = 0.23,
√

0.23 = 0.48
n = (1.96 × 0.48/0.05)2 = 350

Thus, 350 consumers are required for the survey. This is large compared with
the instrumental sample above and is partly due to the level of measurement being
nominal.

The above formulae apply to single group samples, i.e. one set of determinations
or respondents where a single estimate is intended. If two or more groups are to
be compared then modified formulae are necessary. Some software packages
provide sample size calculators and there are many available on the Internet. More
advanced versions of Minitab include a facility that calculates sample size and
power for a range of statistical tests and estimates.

Survey measures of validity

Where a calculated value is possible, these measures use correlation coefficients.
These are illustrated in Chapters 6 and 8.

Determination of precision and reliability

Precision (instrumental and sensory)
Any determination of variability between repeated measures will give an indica-
tion of analytical precision as defined above (Section 3.4.2). Thus, the standard
deviation (sd) and the mean absolute deviation can be used. To enable compar-
isons between different methods or different circumstances, both these values can
be adjusted to give standardised versions (%coefficient of variation). This allows
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a more valid comparison of variability with different sample sizes and different
measuring systems. Other percentage expressions are also possible based on the
mean deviation and the confidence interval (in each case divide the measure by
the mean and multiply by 100).

Precision of a proportion can be calculated in a similar way by using two or
more estimates of the sample proportion.

Reliability (survey data)
Reliability measures require calculation of correlation coefficients. Examples of
these are given in Chapters 6 and 8.

Typical values for uncertainty (Tables 3.6 and 3.7)

Some idea of the magnitude of the above measures in different data sets can be
seen in the data tables. It is obvious that the instrumental data are more precise and
have high accuracy. The sensory data precision is very poor, being more typical
of that attained by consumer panels. Both aspects (accuracy and precision) can be
improved upon, but it depends on the method and (in the case of chemical analysis)
the analyte. Some research workers quote precision cut-off points for acceptance
of results such as Ferreira et al. (2006), who quoted not accepting duplicate vitamin
K (phylloquinone) determinations with a %CV over 15%, contrasting with Glew
et al. (1999), who achieved CVs of less than 3% in fat determination and Heinonen
et al. (1997) with acceptable CVs of 5–10% for fat soluble compounds. Quotation
of accuracy levels in publications requires that a standard or sample unit of known
nature has been tested (as in Table 3.6, where a sugar reference was used). Bower
(1989) reported a potassium content study where a reference sample of wheat
flour was used to validate the determinations. High accuracy was achieved over a
series of duplicate analysis during the course of the study, with values averaging
out equal to the reference potassium content. For sensory work, standards may
not be available, but accuracy can be judged by the percent correct responses in
difference tests (where there is a known correct result) as used by Calviño et al.
(2005) when monitoring panellist performance. Percentage correct scores of 75–
100% were achieved by most participants. More examples of typical values for
accuracy and precision are given in Chapters 8 and 9.

Relationship between accuracy and precision

There is no relationship between accuracy and precision, in that the state of one
does not imply the other. Both can be high or low or they can differ markedly.
Confidence intervals can display the possibilities:

High precision Low precision
High accuracy Low accuracy

|---o---| |---------o---------|
T T

(T = ‘true’ value)
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High precision Low precision
Low accuracy High accuracy

|---o---| |---------o---------|
T T

The width of the interval indicates precision and the confidence in the estimate.
Thus, a narrow interval signifies higher precision and a more certain estimate.
Uncertainty is also judged by the closeness of the estimate and the ‘true value’
(T). If T lies within the interval then there is a strong indication of accuracy, but
this in turn depends on interval width and the distance between T and the estimate.
True values outwith the interval indicate bias of some origin and this can occur
even with a narrow interval.

3.5 Determination of population nature and variance homogeneity

Data may also require examination for certain other features prior to further
analysis. This will enable application of appropriate method of analysis. Thus,
specific methods of analysis can be used to establish such aspects as normality of
distribution and variance similarity, etc.

3.5.1 Adherence to normality

This can be checked in a number of ways. The simplest is by graphical means
using a cumulative frequency plot. The histogram or a dot plot can achieve this
(Figs 3.6 and 3.7). The display should be examined for features that characterise
the normal distribution curve (Section 2.4). These include the symmetrical central
peak and the tails on either side. Sample plots even from a ‘true’ normal population
will not show perfect adherence, so some deviation is likely. The most common
infringement is that of skew where the peak is off centre. The peak may be small
or there may be more than one peak, as in a bimodal case (Fig. 3.14). There
are also calculated values for skew and shape in respect of the peak (kurtosis).
These are available using Excel functions and their magnitude (+ or – to zero)
indicates the level of deviation. As pointed out above, Table 3.6 illustrates varying
magnitudes of skew and kurtosis with the sensory data values exceeding those
of the instrumental data. Thus, there is a lower adherence to normality for the
former data.

A very simple check is to compare the mean, median and mode – for a normal
distribution they are the same. Additionally, significance tests can be used (Rees
2001), e.g. the chi-square goodness of fit test or the Shapiro–Wilks test. The
goodness of fit test requires large samples (>50), although it can be performed
with caution on smaller samples in MegaStat’s Descriptive Statistics.

The Shapiro–Wilks test (SPSS) can deal with small sample numbers (10–15),
and Minitab provides a test (Ryan–Joiner) similar to it in the Graphs>Normal
Plot menu. This has been done for the data of Table 3.6. The variable (listed in a
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p- value (approx): >0.1000
R :                 0.9850
W-test for Normality

No. of data: 10
Std Dev: 0.52111
Average: 6.54
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Fig. 3.15 Normal plot and Ryan–Joiner test on instrumental data (Minitab).

column(s)) is entered as the input column in the plot menu and the Ryan–Joiner
test is selected.

The output includes a normal probability plot (Figs 3.15 and 3.16). The theory
behind this method is that when values from a normal population are plotted on a
normal probability paper scale then the points will form a straight line. Assuming
all the data are from the same population, deviation from the line (in this appli-
cation) indicates deviation from normality. A minimum of 16 measures is usually
required to give a meaningful impression (Daniel 1959). In the examples, the in-
strumental data appear adequately normal, but the sensory shows slight divergence
and the Ryan–Joiner statistic is smaller, although not significant. This latter test
appears weak, in that a Shapiro–Wilks test (by use of SPSS) and an alternative
in Minitab (the Anderson-Darling test) on the sensory data were significant – i.e.
there is a significant deviation from normality.

p-Value (approx): >0.1000
R : 0.9658
W-test for normality

Nof data: 10
Std Dev: 3.35989
Average: 4.2
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Fig. 3.16 Normal plot and Ryan–Joiner test on sensory data (Minitab).
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How large a deviation should there be before data are taken as
non-normal?
There will be deviation from ‘perfect’ normality even when sample are drawn from
a truly normal source. Thus, zero values for skew, etc., are not mandatory. Some
guidelines are given by Smith (1988) where quotients of skew and the square root
of (n/6) and kurtosis × square root of (n/24) are calculated. If the magnitude of
either of these exceeds 1.96 then the population is not normal.

For the analyses in Table 3.6, there is strong evidence (skewed, bimodal, normal
plot) that the sensory data do not originate from a normal population. As the
sample size is small (n = 10) parametric analysis on such data should be viewed
with caution, and non-parametric would be more appropriate. Tests of normality
are limited by samples size and less than 15 will be less reliable. This comment
would appear to apply to the Ryan–Joiner test (application of the test to the Likert
data (n = 21) of statement 1 in Table 3.3 illustrates a significant ‘non-normal’
result).

Most instrumental data are continuous and should conform to normal. If discrete
categories are on the scale then there may not be adequate room for the spread of
the measure, thus skew may result.

What if the assumption of normality is infringed?
As with other measures, the adherence need not be exact. Additionally, large
samples sizes obviate the need and some statistical tests are robust to slight
deviations. It is possible to transform the data to overcome infringements (Gacula
and Singh 1984). If the practitioner is convinced that the data are non-normal and
transformation is not performed then tests for non-parametric data are available
(see Chapters 4 and 5).

3.5.2 Homogeneity of variance

Some parametric significance tests assume that the variation within sets of data
that are being compared is similar and non-compliance is viewed as a more
serous infringement than that of normality. Variation can be compared by exam-
ining measures such as variances or standard deviations visually (see Fig. 9.1),
but a variance ratio test (F-test) can assess the significance of any dissimilar-
ity. The ratio is calculated by dividing the larger variance with the smaller then
examining the p-value (or comparing with a critical value). For more than two
comparisons, the pair-wise testing can be done, but this introduces the possibil-
ity of multiple testing errors (see Chapter 5). The F-test is available in Excel’s
Data Analysis ToolPak or as the function F.TEST() (FTEST() Excel 2003) for a
two-sample variance comparison and some significance tests perform a variance
comparison check as part of the process (see Table 4.3 and later examples in
applications).
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Chapter 4

Analysis of differences – significance testing

4.1 Introduction

The summary methods dealt with in the previous chapter are relatively simple
forms of analyses. Graphs, tables and summary statistics such as the mean or a
proportion can suggest differences and trends, but to establish statistical signifi-
cance more involved methods are required. Commonly, the intention is to compare
an experimental result with a standard value or set to see if they differ, or identify
significant differences due to the effect of some factor highlighted in the exper-
iment. For example, the effect of the factor ‘process temperature’ on thiamin
retention in processed food. When differences are found, it is usually the case
that some association between variables is present. Thus, as ‘process temperature’
rises, thiamine retention falls. Association and correlation effects can be analysed
specifically for significance of effect in the form of a relationship rather than a
difference. In some experiments, cause and effect structures can be established
by use of an appropriate design. A more general approach is taken in this chap-
ter, which gives a commentary on the nature of significance testing. Relationship
analysis is covered in Chapter 6 and experimental design in Chapter 7.

The effect is the focus of interest and it can be viewed as a measure of the
extent of any difference (or relationship) observed in an experiment or a survey.
Assessment of the effect will involve at least one of the following:

� Display and calculation of the magnitude of the effect
� Establishing the significance of the effect

Display and magnitude of effects can be done using graph and tables. These
can be applied to summary measures, comparison of means or whichever sum-
mary measure is being compared. Calculation of a specific effect size can be done
simply by gauging the magnitude of the difference between summary measures
or by calculating a standardised measure to allow general decisions on specific

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.
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statistics (Cohen 1992; Field 2006). One standard effect size measure is the linear
correlation coefficient (Chapter 6). As it is standardised, comparisons between co-
efficients from different experiments are valid. Some software packages included
the summary measure and effect size statistics as part of the significance test
output.

The purpose of the analysis is according to the circumstances of the experiment
that generated the data. In cases where a specific design and specific research
question were posed and hypotheses have been formulated, a well-established
procedure is followed as detailed below.

Assume that the purpose is to ascertain whether or not significant differences
are present. At the basic level, the practitioner may pose research questions
such as:

‘Do these 2 products differ significantly in fat content?’
Or,
‘Is product A preferred over product B?’

These examples could be simple investigations or they could be based on a
deductive approach (Section 1.4.1) and to be able to answer the research questions
hypothesis testing would be required.

A fundamental aspect of these comparisons is the importance of the effect size.
Ideally, the magnitude of an important effect size should be specified at the design
stage, allowing details of sample size and other statistical requirements to be set
up (Huck 2004). These points are dealt with in later sections, but for the moment,
the significance testing process requires some more description.

4.2 Significance (hypothesis) testing

This procedure is also known as hypothesis testing as hypotheses are stated in
the formal stages of the tests. Significance tests are used in experiments where
the practitioner wishes to establish that differences or a relationship are of (or are
not of) sufficient magnitude to qualify for statistical significance. This will enable
confident decisions to be made about products and processes. The analyst should
be aware that for the significance testing procedure itself to be valid, several factors
need to be considered:

� Inference nature
� Not 100% sure
� Statistical significance not practical importance

The first of these is that significance testing is an inference procedure. It assumes
that the analyst is collecting data from a sample then inferring back to a population
(hence another term ‘inferential statistics’). On this basis, the result can never be
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100% sure or ‘true’ – this would require sampling the whole population (Section
2.3.3). Thus, all significance-testing results are less than 100% sure. The big
questions are ‘how much less?’ and ‘what is acceptable in these terms?’ The
concept of probability (Section 2.4) is fundamental to understanding significance
testing. While 100% confidence (probability is certain) is not attainable when
using samples, lower levels near to this are—95, 99 and 99.9% being conventional
(loosely, probabilities of 95–99.9% ‘sure’, respectively).

An important distinction relates to the difference between statistical significance
and the practical importance of the outcome of the analysis. While it is possible
to establish the former, the practical significance may be nil. For instance, in an
experiment comparing hedonic ratings for two prototype food formulations, a
significant difference of 0.1 (5.9 cf. 6.0, on a 1–9 scale) was found between the
average values. This difference is very small and is unlikely to be of consequence in
the retail market situation. Contrast this with the level of certain toxins or additives
in food, where small differences may be of critical safety or legal importance,
respectively.

4.2.1 The method of significance testing

How does significance testing work?
The foregoing chapters have established that all data are likely to have a spread of
values around some central measure. For many measurements based on interval
and ratio scales, the spread is around the mean value, and it usually originates from
a normal population or an approximation of it, i.e. the bell-shaped curve (Section
2.4). For nominal data, there are binomial and chi-square distributions, which can
also approximate the normal distribution when sample sizes are large. A number
of consequences arise from the model provided by a characteristic distribution:

� A sample from a single population will show a range of values
� Two or more samples from the same population may have different summary

values
� Distribution of values is ‘mapped’ as probabilities
� Random samples will reflect the probability
� Separate populations can overlap

Thus, when drawing random samples from two or more populations for com-
parison, the degree of difference between them has a bearing on the outcome, as
one of a number of circumstances will apply:

1. The populations are almost identical
2. The populations are each distinctly separate
3. The populations overlap

If the populations are close to identical in terms of the measure being determined
(circumstance 1), random samples from the different populations are in essence a
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sample from one population. There is a possibility that differences could be found,
but unless samples are very large, significance would be absent. Circumstance 2
will allow detection of significant differences with small samples. Circumstance
3 can allow detection of significant differences, but larger samples would improve
the possibility.

The difference between any two population summary values gives a guide
to the effect size. Circumstance 2 has a relatively large effect size. Significance
testing calculates the probability of getting the result achieved by the analysis,
by chance alone. The higher the chance probability, the less likelihood there is
of a real difference. Differences are compared on the basis of typical spread for
the population as estimated by the sample, i.e. it is known that there is a spread
of values – how wide is it likely to be? This information is provided by the
distributional model, which gives probabilities for variance (normal), deviation
from fixed points (chi-square), etc., and is estimated via the sample.

If the differences are large and the sample variability is low then calculated
statistics will be large and are unlikely to be due to chance. The test statistic can
then be assessed for significance. Hypothesis testing will establish whether or not
the difference is statistically significant under the conditions of the test. If the
probability of the result is below a preset level then the result is unlikely to be due
to chance. Depending on the scale of the investigation, application of significance
testing ranges from simple fact-finding experiments to research projects based on
previous work, with hypotheses being put forward.

4.2.2 The procedure of significance testing

How to carry out a significance test
The process of carrying out a significance test involves several clearly defined
stages. Most statistics textbooks (e.g. Rees 2001) include these and Clarke and
Cooke (1998) give a fuller account. The main parts deal with statements relating
to the hypotheses followed by details regarding the significance test and conditions
of testing:

1. State the objective of the test
2. State the statistical null and alternative hypotheses
3. State the significance level and assumptions
4. Select an appropriate test and analyse the data to obtain a statistic plus descrip-

tives
5. Assess the magnitude/significance of the statistic
6. Decide to retain or to reject the null hypothesis
7. State conclusion considering the significance and effect size

Each stage is discussed below in detail with reference to an example investi-
gation. The full significance test is presented for this example later in the chapter
(Section 4.4).
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The objective of the test

The origin of a significance test lies with a research or investigational requirement
in the form of a question or problem. When differences are under study, this can
be between two or more populations or between a single population and some
standard value. The investigation (experiment, survey, etc.) will generate data,
which on analysis may provide an answer or a solution to the problem. Thus, the
starting point can be in the form of a research question or a statement of the intent.

To illustrate this, consider a relatively simple fact-finding type of experiment
where a food manufacturer receives a new supply of vegetable material (beetroot).
It is required to ascertain the sodium (Na) content of the new source in comparison
with existing supply. This particular piece of information is required for calculation
of sodium content in proposed products. If there is a difference then this could have
consequences for labelling of products that contain one or both of the vegetable
sources (more details are given on this analysis in Example 4.4-1). Thus, the
research question could be:

Research question

Do these two sources of vegetable differ in sodium content?

Alternatively, it could be in the form of a general statement or research hypothesis
of the expected or postulated result based on deductive reasoning from previous
work or theory. A published example of this was given by Øygard (2000), who
based a research study on an existing theory (‘Bourdieu’s theory’), the basic tenet
of which was that social position affects food taste.

In the instance of the sodium example, the reasoning could be that the two
sources of vegetable were grown in different soils, containing different sources
of sodium and therefore are likely to differ in sodium content. Note that a rea-
soned, logical and testable research hypothesis should be put forward. Usually,
this hypothesis is or becomes the test hypothesis (the alternate hypothesis, see
below), and it is usually in the form of a statement of the possible outcome, i.e. an
expectation. Hypotheses can also include reference to other aspects such as cause
and effect circumstances.

Examples occur in many research publications, e.g. Jæger et al. (1998) postu-
lated that mealiness in stored apples would have a negative effect on consumer
liking. They compared fresh and stored samples, tested these for sensory prop-
erties related to mealiness and measured liking with a sample of 127 consumers
using a hedonic scale. The stored samples had higher sensory scores for attributes
linked to mealiness and their degree of liking was lower, thus providing support
for the research hypothesis.

In another study, Moerbeek and Casimir (2005) put forward the hypothesis that
a higher knowledge of genetic modification would result in a lower acceptance of
the technology, based on previous supporting evidence. They analysed secondary
data where measures of knowledge and acceptance had been obtained from a
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very large sample of consumers (12 000+). It was found that people with higher
knowledge scores tended to have higher acceptance of genetically modified foods,
thus the research hypothesis was disconfirmed.

The null and alternative hypotheses

The statistical hypotheses are now stated as the null and alternative hypotheses
with specific detail in terms of population parameters. These hypotheses are the
focus of the test calculation and form the core of the whole process. An initial
condition is assumed and it is stated as the null hypothesis, symbolised by H0.
The null statement can be viewed as the ‘no effect’ hypothesis, although this is not
always the case. It is prefaced in the style – ‘There is no difference/no effect/no
relationship . . . ’, etc. It is stated in terms of the population mean (μ) or other
parameter being tested.

Thus, for the current example, the null hypothesis is The products do not differ
in sodium content:

H0: μa = μb (the mean sodium content of vegetable source A does not differ
from that of source B)

Secondly, the alternative hypothesis (H1) is stated. The alternative states that
there is an effect – ‘There is a difference/an effect/a relationship . . . ’, etc. More
specifically the detail of what differs is provided in the actual statement and here
a complication arises.

Choice of one-tailed/two-tailed
The alternative hypothesis must be declared as directional or non-directional.
This is referenced as one-tailed or two-tailed, respectively. These terms specify in
which direction the difference (if present) will lie. A directional difference will
lie above or below the null hypothesis:

H1 : μa > μb or H1 : μa < μb

A non-directional alternative simply specifies a difference either way:

H1 : μa �= μb

Thus, there are three possible alternatives, but only one can be put forward
for testing. The choice initially is between one-tailed and two-tailed. The chance
probability differs markedly by these two possibilities and it is ‘easier’ to get a
significant result with a one-tailed test (probabilities are halved). However, the
one-tailed choice must be supported by logical argument and by previous work,
such that a prediction can be made of the outcome in one direction or the other if
the null hypothesis cannot be retained. If there are doubts then two-tailed should
be used.



Analysis of differences – significance testing 97

O’Mahony (1986) discusses this and points out that statisticians themselves
disagree on the issue, some advocating two-tailed only. The decision must be made
by the food practitioner. Apart from the reasons above, outcomes of experiments
can surprise. Certainly, for some investigations, results are difficult to predict
because of unrecognised factors arising and a conservative two-tailed approach is
the recommended alternative. Predictions can be made in certain types of sensory
difference tests where a ‘correct result’ can be identified, and one-tailed tests are
appropriate.

In the present example, assume for now that there is no support for a prediction
of which vegetable source will have the higher sodium content, thus:

H1 : μa �= μb (the mean sodium content of vegetable source A differs from
that of source B)

Only one of the statistical hypotheses can remain in force after the test – if the
null is not viable then the alternative is accepted.

Testing assumes that the null hypothesis is true unless otherwise demonstrated.
On this basis, results close to the null would be found. The observed experimental
data are analysed in comparison to see if any difference (effect) shows a large
enough deviation from the null statement. Thus, the objective is to provide evidence
that the null hypothesis cannot ‘hold water’. This is done indirectly by analysing
the alternative hypothesis via the data then examining the probability that the
results could have arisen by chance. If this probability is above a pre-chosen level
then the null is deemed false and it is rejected. If not, then assuming control of
measurement errors, any effects are purely due to sampling variation and not due
to real forces.

The conclusions reached in significance testing are therefore based on proba-
bility. Because of examining a sample rather than the whole population, it is not
possible to be 100% certain about rejecting a null hypothesis. There is a chance
that it could be wrong and an incorrect conclusion is made, i.e. the probability of
decision error exists.

Significance testing errors
There are two types of error that may occur during treatment of the null hypothesis:

Type I error:
Rejecting a null hypothesis that is correct (‘rejecting a true null’)
Type II error:
Failing to reject a null hypothesis that is incorrect (‘retaining a false null’)

These errors are controlled during the analysis by selections of probabilities for
the test.



98 Statistical Methods for Food Science

The Type I error: The analyst wants initially to have a high probability of being
correct when rejecting a null hypothesis. This is conventionally a probability of
0.95 (95%) or 0.99 (99%). Thus, the Type I error is controlled in that it has a low
probability of occurring. The practitioner now has a 95% (0.95) chance of being
correct and hence the probability of being wrong, and committing the Type I error,
is 5% (0.05). This probability is known as the significance level of the test (alpha,
symbolised as α).

If this margin of error still appears to be insufficient and too conservative
then α can be decreased to 1% (0.01) or less, to reduce the chance of com-
mitting the error. There would be a number of consequences, one being that
the effect sizes detectable as significant under α = 0.01 would be larger than
those at α = 0.05. That is, reducing the chance of committing the Type I
error reduces the sensitivity (the reaction to a given effect size) of the test.
For example, assume that with α = 0.05, a significance test can detect differ-
ences of 1.5 as significant on the measurement scale used – on changing to
α = 0.01, it can now detect differences of a minimum of 2.0 – differences of
1.5 will ‘pass through’ undetected. What is happening is that the practitioner
is ensuring that the null hypothesis is not rejected unless there is a real (i.e.
large) effect present. It becomes a matter of balancing up these two opposing
factors.

There are other ways to reduce the Type I error; these include increasing the
sample size, and other factors related to calculation of sample size, such as the
required confidence level. These procedures should of course be taken into ac-
count when planning the experiment. A common mistake is an inadequate sample
number to detect the envisaged effect sizes.

The Type II error: This error refers to the risk of retaining a null hypothesis,
which is false, i.e. the risk of missing a real effect. The probability of this error
is beta (symbolised as β). It is not specified at the testing stage, but it can be
taken into account during sample size calculation. It can be reduced by increasing
sample size. Probabilities for β are usually higher than α, e.g. 10% or 20%. This
is because researchers usually want to be sure that they do not commit Type I
error and do not report results that are false as in one sense there is less to lose
by committing the Type II error. There are circumstances when the converse is
true and β must be lowered (see Chapter 8). An important term derived from β is
power (power = 1 – β). This refers to the ability of a significance test to detect
real effects.

Power curves can be drawn up for all significance tests for different sample sizes,
different settings of α, and differing magnitudes of the effect. All such curves show
an approximate sigmoid shape. They are a type of operating characteristic curve
(Montgomery 2001).

It can be seen (Fig. 4.1) that for a fixed α and a small effect difference, a
sample size of ten gives higher power than a sample size of one. A larger effect
difference means that power is higher for both sample sizes, but again the larger
sample size is higher in power. To an extent, the Type I and II error risks depend
on one another. The value for α decides how large a difference is needed for
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Fig. 4.1 Power curve example (Excel).

significance, and this effect size determines the value of β – as α falls, β rises and
power falls.

In practice, α is set and β depends on this, sample size and other factors. They
are both lowered when large effect sizes are present in the samples.

Higher significance levels can be used for exploratory experiments, e.g.
α = 10%, and it can be lowered when sample sizes increase so that only large
differences are detected. Tepper and Trail (1998) used a significance level of 0.01
as a very large sample size was gathered, which would tend to produce many
significances.

In any significance test, the above hypotheses are always implied, but they may
not be stated. In some investigations, a question is posed and a test done, without
reference to the procedure above, but statement of the hypotheses can clarify the
conclusion made.

Significance level and assumptions

Bearing in mind the points in the previous section, the setting for α must be decided
at this stage. α also relates to the level of confidence in the results of the analysis
and is similar in concept to confidence level (Section 3.4.3). Conventionally,
significance levels of 5%, 1% and 0.1% are used, corresponding to being confident
that when drawing similar random samples, 95%, 99% or 99.9%, respectively, of
the time similar results will be found. For the sodium content example, α is set as
0.05 (5%).

A population distribution must be assumed at this point regarding the parameter
specified in the null hypothesis. The significance level (α) determines a region
in the assumed distribution outwith which the result would not be likely (low
probability) to be due to chance.

The sodium content variable is ratio level and the data can be assumed to be
from normal populations. Checks on this assumption and that of homogeneity
of variance (Sections 3.5.1 and 3.5.2) can be performed at this point (see details
later). It is also assumed that a random selection of samples is drawn from the
population (in this case each lot of vegetables; see Section 2.2.3).
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Selection of test and calculation of statistic and descriptives

The appropriate significance test will depend on a number of factors. One (as-
sumed) distribution will have been considered above and other features such as
the number of groups can now be specified in the selection. More detail on test
selection factors is dealt with below (Section 4.5). Data are then analysed to
calculate a statistic from the sample data. Depending on the software used, the
analysis output can include tables and graphs of the summary measures, effect
size calculations, etc. No matter which test is used, all outputs are similar in that a
test statistic is produced. This will often be accompanied by a probability value –
this is the chance probability for the results and is known as the p-value or ‘sig’,
‘prob’.1 Alternatively, some software will also display a critical value for the test.

For the current example, it has been decided that the variable is ratio level,
and on the basis that assumptions are confirmed, a parametric test is appropriate.
There are two groups being compared and as they are distinctly separate, a two-
group, independent test is required, namely, the independent t-test. The data
are summarised to produce descriptives (Table 4.3) and analysed by the t-test
(Table 4.4) resulting in a p-value of 0.013.

Significance assessment

At this point, visual examination of the summary measures can reveal the magni-
tude of differences, effect size and hints of possible significance. On determining
this, the calculated statistic is then assessed via the critical value or p-value.

The decision regarding significance depends on these values with the p-value
providing the simplest decision rule:

If the p-value is less than the significance level then significance is present.

For example, if the p-value is 0.03 then the result is significant when α = 0.05.
If the software does not give a p-value then the practitioner must examine the
critical value for the statistic. This is the maximum value that would be attained
by chance for the circumstances of the test (degrees of freedom), then:

If the test statistic is greater than the critical value then significance is present2

Degrees of freedom
Degrees of freedom (df) refer to the number of terms that are independent under
the conditions of the test. This feature is linked to the number of samples within

1 Terminology varies according to the software used.
2 There is some variation on this rule with some authors stating that the p-value requires to be ‘equal
or less’ than α, or that the statistic requires to be ‘equal or greater’ than the critical value (e.g. Daniels
2005).
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specific groups in the analysis and the experiment. Typically, the magnitude of
the df is equal to n – 1, where n is the sample number. In planning experiments,
sufficient degrees of freedom must be available to enable appropriate analysis. The
more involved the analysis, the more degrees of freedom that are required. For
example, on analysis, a main effect can be assessed with minimal sample sizes and
relatively low degrees of freedom – if interaction effects are to be assessed as well
then more degrees of freedom are required and this can be attained by increasing
replication, etc.

Decision on the null hypothesis

Two outcomes are possible:

‘If the p-value is less than the significance level then reject the null hypo-
thesis’.
OR,
‘If the p-value is equal to or greater than the significance level then retain
the null hypothesis’.3

And, for critical values:

‘If the test statistic is equal to or less than the critical value then retain the
null hypothesis’.
OR,
‘If the test statistic is greater than the critical value then reject the null
hypothesis’.

Thus, all values at and below the critical values mark a region within which
the test statistic is not of sufficient size to justify rejecting the null. The critical
value(s) is the maximum that the statistic can attain due to chance at the chosen
significance level.

These ‘rules’ need not be followed exactly depending on the circumstances of
the experiment. Thus, there can be ‘marginal’ significance, e.g. a p-value of 0.06
(Hassan 2001). One useful guide is to take any p-value between 0.01 and 0.1 as
the ‘inconclusive region’ (Kvanli et al. 1989), although this may ‘go against the
grain’ with some researchers eager to report a significant difference. It should be
noted that if the null hypothesis is retained, this does not mean that is ‘correct’ or
that it has been ‘proved’. Rather, there is insufficient evidence to reject it. It is not
possible to prove the null hypothesis – it can only be disproved.

3 Very low p-values reported as 0.000 are not at zero, but will have one or more significant figures if
expressed with sufficient decimal points, e.g. a p-value of 0.000 could actually be 0.000006.
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For the illustration with sodium content, the decision is that the p-value (0.013)
is less than α (0.05) and therefore significance has been found: the null hypoth-
esis is rejected. By convention, significant results are reported as one of three
possibilities: ‘significant’ (p < 0.05), ‘very significant’ (p < 0.01) and ‘highly sig-
nificant’ (p < 0.001), often accompanied by ∗, ∗∗ and ∗∗∗, respectively. Absence
of significance is referred to as ‘not significant’, abbreviated as ‘ns’.

State conclusion considering the significance and effect size

The conclusion from the test can be stated as a fuller account of the particular
hypothesis that is still present. If significance is obtained and assuming α = 5%
then there is confidence that when a similar samples drawn such differences will
be present in 95% of samples. The conclusion for the example analysis is that
there is a difference in sodium content and vegetable source B has a higher content
than A. The effect size is small and this has a bearing on the practical significance
(see below).

4.3 Assumptions of significance tests

Significance tests differ in a number of respects regarding the data to which they can
be applied. This has been referred to at some of the stages in the testing procedure
above. One of the main assumptions relates to the source of the data, in terms of
population distribution, for certain parametric significance tests (Table 4.1).

For these more powerful tests a metric level of measurement and normality are
assumed plus a continuous nature to the variable being analysed. This may not be
apparent in some arbitrary scales and some discrete scales. Some of these latter
types can be treated as continuous if the scale can be divided and fractionated even
though they are not presented in this way. For example, a sensory scale that uses
10 integer points, which could be divided up into 100 points (both types are found
in sensory work). The 100 points could be divided further in 200 half points and
so on. In addition, counts of objects theoretically could be taken as half or quarter
objects, etc. Sometimes this is less easy to visualise with some rating scales. The
well-known Likert and hedonic scales are used as 5 point, 7 point and 9 point,
where the description of the anchors on the scale is made increasingly precise. On
this basis, they could be treated as continuous, but they are not necessary used in an

Table 4.1 Assumptions of significance tests.

Test type Assumption

General Random sampling
Independence of samples

Parametric Equal variance
Normality
Continuous
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interval manner, except for the hedonic scale (Section 2.2.1). With larger samples
(n > 30), the assumptions are less strict and use of tests reliant on approximations
to normal is possible.

Establishing significant differences also assumes that the method of measure-
ment is the same throughout. Thus, all the details of instrumental, sensory or
consumer measures must be the same unless the method or the different groups
themselves are under study. This procedure itself ensures that another assumption
regarding the spread or variance of each group is similar.

The more sophisticated aspects of parametric tests make additional assumptions
regarding measurement error and other aspects, which are dealt with in Chapter 7
on experimental design. Further details are available in most statistical texts (e.g.
Steel and Torrie 1981).

All significance tests also assume that the sampling was done randomly and that
each sample was independent of the others. Hence, each sample can only be used
once, or each reading is one per sample. Some instruments take multiple reading
on each sample – these cannot be treated as separate independent results – they
must be averaged first. A similar situation arises in some sensory tests – many
assume that each reading is generated from a single assessor. Repeat measures
by each assessor cannot be treated as independent – they must be averaged or
alternative forms of analysis employed.

4.4 Stages in a significance test

A full account of the significance testing procedure is presented below. It contains
much detail, but it will not be possible to provide this for all the tests in this book
and abbreviated steps are used hereafter.

Example 4.4-1 Worked example of a significance test (t-test)
A manufacturer requires data on sodium content in raw material vegetable
supplies for product labelling purposes. Batches of each source of vegetables
(beetroot) are delivered and a random selection of sample units is drawn from
each lot of vegetables (Section 2.3.3). As this is a new raw material, 10 samples
of 200–300 g containing approximately 10–15 individual units are selected from
each consignment, prepared in a similar manner to the form that they would
be used in products, then blended to a form a homogeneous mass. Duplicate
subsamples are taken and analysed for sodium content. Average values for each
sample are reported.

The background to the test is based on a fact-finding type of investigation. The
first stages of the test are present in Box 4.1, with the sequence of analysis in
following tables, figures and Box 4.2. Checks on assumptions for the data were
carried out using Minitab (histograms and N plots) and Excel (descriptive statistics
and F-test). This latter test employed the ToolPak, which was also used for the
significance test itself, the independent t-test.



104 Statistical Methods for Food Science

Box 4.1 Initial stages in a significance test.

1. State the objective and rationale of the research hypothesis.
Research question: ‘Do the two sources of vegetable differ in sodium content?’
Rationale: The two sources of vegetable were grown in different soils, con-
taining different sources of sodium and therefore are likely to differ in sodium
content.
Based on this reasoning, the research hypothesis is:
‘There will be a difference in the sodium content’
2. State the statistical null and alternative hypotheses.
The null hypothesis (H0) is that there is no difference in the Na content.
H0: μa = μb

The alternative hypothesis (H1) is that there is a difference in the Na content.
H1: μa �= μb

Thus:
H0: the mean sodium content of vegetable source A does not differ from that
of B.
H1: the mean sodium content of vegetable source A differs from that of B.
This is a two-tailed test, as the direction of the difference is not specified –
there is no specification of whether a higher amount will be found in A or in B
– either result could occur.
3. State the significance level and distributional assumption.
α = 0.05% or 5%
Checks are performed on the sample data (Table 4.2): Histogram, N plot, Ryan–
Joiner, skew, kurtosis and an F-test for variance homogeneity. The results are
presented in Figs 4.2, 4.3, 4.4 and 4.5 and Table 4.3. Based on these results, the
assumption of normality and equal variances is accepted (the normality plot
has some points off the line but the Ryan–Joiner statistic is large – indicative
of conformance).

Table 4.2 Sodium data.

Sodium (mg/100 g) to nearest whole mg

Source

Unit A B

1 50 53
2 47 57
3 48 52
4 53 60
5 52 55
6 58 57
7 54 58
8 49 61
9 57 53

10 54 58
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Fig. 4.2 Histogram of sodium content – source A (Minitab).
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Fig. 4.3 Histogram of sodium content – source B (Minitab).

p- value (approx): >0.1000
R: 0.9882
W-test for normality

No. of data: 10
Std Dev: 3.70585
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Fig. 4.4 Normal plot of sodium content – Source A (Minitab).
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p-value (approx): >0.1000
R: 0.9844
W-test for normality

No. of data: 10
Std Dev: 3.06232
Average: 56.4
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Fig. 4.5 Normal plot of sodium content – source B (Minitab).

Table 4.3 Summary statistics and variance test for sodium data (Excel).

Source BSource A14

15 Statistic

1010Count16

56.452.2Mean17

57.052.5Median18

53.054.0Mode19

3.063.71Standard deviation20

5.437.10%CV21

Kurtosis22 −1.04 −1.18

0.16Skew23 −0.07

5247Min24

6158Max25

53.549.31st Quartile (1st Q)26

58543rd Quartile (3rd Q)27

28

29 F-test 2-sample for variances

BA30

56.452.2Mean31

9.3813.73Variance32

1010Observations33

34 df 99

35 F 1.47

36 P (F ≤ f) one-tail 0.29

37 F critical one-tail 3.18
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Box 4.2 Final stages of the significance test.

4. Select an appropriate test and analyse the data to obtain a statistic plus
descriptives.
The gathered data and tests are presented in Tables 4.2 and 4.4. These are metric
data of a continuous nature, thus a parametric test is required, based on the
assumption of a normal population. Samples sizes are small (n < 30), thus the
t-distribution is used as an approximation. Two independent groups are being
compared, so an independent test for two groups, the t-test is selected, which
produces a summary of the data and the t-statistic. An F-test was performed
first and found to be non-significant so an ‘equal variance assumed’ t-test is
used. The data were analysed using Excel (Table 4.4). The summary statistics
show that the means differ by a small margin.
5. Assess the magnitude/significance of the statistic.
It can be seen from Table 4.4 that the two-tailed significance for the t-statistic
is less than 0.05 (it is 0.013), i.e. the p-value is less than 0.05 (p < 0.05), The
Na levels do differ and the difference is large enough to be significant under
the conditions of the test.
6. Decide whether or not to reject the null hypothesis.
Thus, based on the sample taken and the significance level of the test, there
is evidence to justify rejection of the null hypothesis, and the alternative
hypothesis is accepted.
7. State conclusion (statistical and practical importance).
It is concluded that there is a significant difference in the sodium content of the
vegetable sources. The research hypothesis statement has been found to apply
and the answer to the research question is ‘Yes – the sodium, contents differ
significantly and vegetable source B has a higher content’. The difference is
small and in practical terms, the difference will not result in important changes
to total sodium content in products, but given recent health issues sodium in
food must be monitored and food manufacturers are under pressure to reduce
levels.

The Excel analyses were conducted by arranging the data as in Table 4.2, with the
variable with the larger variance in the left-hand column (‘variable 1’). This can be
confirmed via the summary measures (standard deviation; upper Table 4.3), which
were calculated using the methods of Table 3.6. The F-test was obtained using the
Data Analysis tool, the F-Test Two Sample for Variances, and entering the two
column arrays (A and B) as the data ranges. The output (lower Table 4.3) gives a
one-tailed p-value – double this for two-tailed. The Excel function F.TEST(variable
1 array, variable 2 array) (FTEST Excel 2003) gives the two-tailed value directly.
Based on this analysis, i.e. the variances are not significantly different, the t-Test:
Two Sample Assuming Equal Variances was used (Table 4.4) to compare means
with data entry in a similar manner, concluding via the two-tailed p-value (set
Hypothesized Mean Difference to 0). This test can also be performed using the
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Table 4.4 The independent samples t-test (Excel).

t-Test: two sample assuming equal variances
a b

Mean 52.2 56.4
Variance 13.73 9.38
Observations 10 10
Pooled variance 11.56
Hypothesised mean difference 0
df 18
t-Stat –2.76
P (T ≤ t) one-tailed 0.006
t-Critical one-tailed 1.734
P (T ≤ t) two-tailed 0.013
t-Critical two-tailed 2.101

function T.TEST(variable 1 array, variable 2 array,2,2) (TTEST() Excel 2003),
which gives the two-tailed p-value directly.

4.5 Selection of significance tests

Significance tests analyse data to determine if there is enough evidence to be
able to reject a null hypothesis. There are many significance tests, but they all
operate in a similar manner. The researcher’s problem is to determine which test
to use.

Which factors determine the significance test to use?
The choice of significance test depends on several factors related to population
assumption and the measure used. One is the nature of the data:

� Level of measurement
� Data form – continuous or discrete
� ‘Normal’
� Variance between groups

And secondly:
The circumstances of the experiment:

� Number of groups
� Independence of groups

4.5.1 Nature of the data

Several of these characteristics classify the data as parametric or non-parametric.
Checking the data for conformance can be done using the methods described in
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Section 3.5 and the examples above for the sodium investigation. Parametric data
are assumed to be at least interval in nature and continuous (at least theoretically)
even if discrete as discussed above. Variances are assumed to be similar for the
groups compared.

4.5.2 Circumstances of the experiment

Number of groups

This aspect requires further clarification.

What are ‘two-sample’, ‘three- or more sample’, paired and matched
tests?
The number of groups examined for difference in significance tests can be defined
in two ways. The first is simply the number of groups examined or compared,
which comprise one, two and ‘three or more’. The second is where any relationship
between the groups is specified. Some groups are separate and independent and
in such cases, the number of groups may be specified in the name of the test. Thus,
‘two-sample tests’ indicates that two separate groups or sets of data are compared
within the significance test. There are also ‘one-sample’ tests where one set of data
is compared with a population or standard value. For three or more sample group
tests, they may be referred to as such along with the term independent. Thus, tests
that identify numbers of sample groups usually imply that the groups are separate
and independent from another.

This contrasts with the terminology for groups that are dependent on each other
or are related in some way, where ‘paired’ refers to two groups and ‘three or more
related groups’ or ‘matched groups’ refers to larger numbers of groups.

The number of groups will usually be identified and sometimes the related or
independent status is obvious, but in other circumstances, it can cause confusion.
Choice of test depends on this so more consideration is required.

Related cf. independent groups

How to tell if sample groups are related or independent
This can be difficult and it is easy to get wrong, resulting in choice of the wrong
test. What is required is an examination of the data, a check on how they were
gathered and identification of what is being compared. From this, the status of the
groups can be judged.

Independent groups

Independent groups can be identified clearly in certain applications. Consumer
sampling is the easiest in this respect as grouping can be done by a number of
criteria – e.g. demographic measures. Thus, gender gives two independent groups,
i.e. they are distinctly separate. A grouping based on socioeconomic class would
give six or more distinct independent groups depending on the classification system
used.
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Table 4.5 Independent data sets.

Group example

Consumer Sensory Instrumental 1 Instrumental 2

Male Female Food x Food y Method A Method B Food k Food l Food m

y n p1 p4 rep 1 rep 1 rep 1 rep 1 rep1
y n p2 p5 rep 2 rep 2 rep 2 rep 2 rep 2
y n p3 p6 . . . . . . . . . . . . . . .
. . . . . . . . . . . . . . . . . . . . . . . . . . . .

p1–p6 are individual panellists.

Provided the consumers themselves are being compared, then independent tests
are required. For example, male and female consumers state whether or not they
consider themselves concerned on health issues and food with a ‘yes/no’ answer
(Table 4.5 consumer example). If the gender effect is examined then an independent
test should be used. In sensory evaluation, independent groups could be based on
comparison of results from different panels. For instance, testing a product in
one city using one consumer panel, and the same product with a second panel
in another city (Stone and Sidel 1993). The two groups of people making up the
panels are quite separate geographically and are independent.

The difficulties arise when attempting to apply these criteria in other applica-
tions. Thus, in the circumstance of chemical analysis comparing two methods of
analysis on one food, or applying one method to three different foods – are these
independent or related groups being compared? Here, looking at the source of the
data and what is being compared can clarify. Laying the data out in tabular form
can help illustrate this (Table 4.5). Thus, in the former case the two methods of
analysis are being compared (‘Instrumental 1’) – two sets of data are generated
which are distinct due to two different independent methods – the results of method
B do not depend on method A, thus a two-sample independent test is required.

Another way to clarify the perception is to compare the within-group and
between-group independence, and to base the decision on the between-group state.
In the ‘Instrumental 1’ case, the within independence is low – they are all repeat
samples of the same material. The between independence is high – two separate
methods – there is no evidence of a relationship; therefore, an independent test is
appropriate.

In the second case (‘Instrumental 2’) there is no variation in method, but three
separate independent food materials provide the data, so a comparison of the
results would require an independent ‘three or more’ sample test. Admittedly, the
same method is applied to all three foods, the within-group independence is very
low – two pieces of information contribute to this. One is that within each group
there are repeat samples of the same food (i.e. they are related and independence is
low); secondly, the same method is applied to each of these – another relationship
and again independence is low. On the other hand, there is only one feature of
the between-group independence – there are three different foods; therefore, it is
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high. When these factors are compared, the decision is weighted in favour of the
groups being viewed as independent.

With independent groups, there is no cross relationship with the data sets, i.e.
value 1 in the first set does not have any relationship with value 1 in the next
set – they are quite independent. For independent group comparison, group sizes
do not require to be the same, which often happens during instrumental analysis
(a gross error in one replicate) or when consumers or panellists are not able to
be recruited or to attend in equal numbers. Independent groups can be markedly
different. If they are used as assessment or ‘determination’ tools then ‘between-
group’ variation can be high. It may be the objective of the experiment to determine
the extent of this variation, otherwise using the alternative design feature of related
groups may be more desirable.

Related sample groups

Groups which depend on each other are sometimes more difficult to identify,
except when a single group is being tested in a ‘before’ and ‘after’ situation. With
more than one group, a clue can be the presence of some feature that indicates that
the groups are ‘matched’ in some way, i.e. they have something in common. Again,
in sensory and consumer work it is more apparent. Whenever all the assessors or
consumers rate or score two or more samples, this is an example of related groups
of data. The latter phrase is used because the food samples are being compared in
these circumstances (Table 4.6).

The data are sourced by the product samples. For assessor 1, it can be seen that
rating for samples all come from the same assessor – thus, they are related. If
there are but two groups, they are referred to as paired groups, otherwise they are
called matched groups.

In the sensory example above, instead of comparing results based on separate
panels only one panel is involved. This means that variation caused by indepen-
dent groups is not present. The focus on the product differences is heightened
and smaller differences can be detected for similar sample sizes cf. independent
circumstances. The within independence is high (same product, but different as-
sessors) cf. the between independence being low (three different products, but from
the same assessor). Thus, the decision is that for these particular circumstances,

Table 4.6 Related groups.

Product samples

A B C

Assessor 1 Rating A Rating B Rating C
Assessor 2 Rating A Rating B Rating C
Assessor 3 Rating A Rating B Rating C
Assessor 4 Rating A Rating B Rating C
Assessor 5 Rating A Rating B Rating C
. . . . . . . . . . . .
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for the groups being compared, the related state is greater. An instrumental ex-
ample of the ‘related samples’ case would be with two or more different methods
analysing several different food materials (a single analysis on each material by
each method).

Usually, it is desirable to use a related design. Groups are paired or matched
and are similar in respect of one or more features. Thus, the treatment effects are
more easily identified and detected and the experiment has greater precision. More
examples of the above differences are given in the next chapter.

Other differences between paired, two-group and ‘three or more group’ tests

Two group and paired tests are distinct from tests that allow comparison of three or
more groups. With two-sample and paired tests, the decisions and conclusions are
relatively straightforward: if significance is found then the two groups differ. With
the three or more group case, the tests identify whether significance is present or
not – but they do not locate specific differences. These must be found by examin-
ing the summary measures for the data and by following up two group tests. It is
not recommended to do a series of two group or paired comparisons directly for
experiments with more than two groups (i.e. instead of a ‘three or more’ group
analysis). The reasons relate to the increased probability of committing a Type I
error during such multiple testing. This is well recognised and discussed in most
statistical texts. A significance test at the 5% level means that there is a 1-in-20
chance (5% in 100%) that the test is incorrect. This is stipulated for one test –
performing others on the same data means that more chances are being ‘used up’.
Ultimately, when large numbers of paired comparisons are carried out, the chance
of an error becomes high. For example, for seven groups or treatments, 21 compar-
isons are required so one error is certain. To avoid this, probability levels can be
adjusted and tests have been designed which take this into account (Section 5.5.2).

4.6 Parametric or non-parametric tests

The above features, which depend on the nature of the data, essentially reduce
significance test selection to two possibilities: parametric or non-parametric tests
(Table 4.7).

As shown, the choice of test depends on the factors discussed above. The choice
between them is often done incorrectly. One reason is that results obtained can
differ markedly between the methods, and practitioners favour the more powerful

Table 4.7 The nature of parametric and non-parametric tests.

Type of test Level of measurement Form Normality/distribution Variance

Parametric Interval, ratio Discrete, continuous Normal Equal
Non-parametric Ordinal, nominal Discrete Any Any
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methods. These are more efficient at detecting differences and are often the desired
choice. The conditions above must be met or assumed, at least approximately,
otherwise the practitioner should consider use of a non-parametric test. As sample
size increases this condition can be relaxed. Non-parametric tests can be used for
any level of measurement when there are doubts about how the scale was used,
when there are outliers in the data, uneven group sizes or when samples sizes are
small (<10).
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Chapter 5

Types of significance test

5.1 Introduction

Chapter 4 has given an account of the basis and procedure of significance testing.
The tests themselves can now be described in detail. They are dealt with below
according to level of measurement and population distribution, as these are initial
factors deciding their selection. Indication is also given of other selection criteria,
but readers should consult Chapter 4 (Section 4.5) for a full explanation if required.
There are many different types of test, but only a limited number are included of
the ones likely to be encountered by the food practitioner. Software applications
are given for most tests and illustrations that are more specific are given in later
chapters of the book. Within all tests, the significance testing procure is assumed
but will not be stated in full and the significance level is set at 5%. Checks on
assumptions are also assumed in this chapter but are provided in applications.

5.2 General points

It should be borne in mind that whilst the tests are done on sample data, any
significance applies to the population itself. Tests applicable for a particular level
of measurement or distributional form can be applied in a ‘bottom to top’ manner to
any higher level of measurement where circumstances dictate, such as doubts about
how the scale was used, etc. (Section 4.6). In these cases, parametric tests can be
replaced with the non-parametric distribution-free alternatives (Huck 2004). Thus,
tests for nominal and ordinal data can be applied to interval and ratio data. Data may
require rearrangement or grouping for these cases. Note that ‘distribution-free’
does not mean ‘assumption-free’ and some non-parametric tests have additional
notes referring to certain conditions that must apply (Rees 2001).

Another consideration is sample size. As sample size gets larger, the assump-
tions for the more powerful parametric tests matter less. Parametric methods have

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.
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the advantage of locating differences more effectively, but if there are doubts
regarding assumptions the reader should consult Section 4.5.

5.3 Significance tests for nominal data (non-parametric)

Nominal data are non-parametric in nature and make fewer assumptions regarding
the parent population from which the data originate. Data are in the form of
category groups or classifications (two or more). The tests have a variety of
applications in food studies, mainly in consumer and sensory testing. These data
are often generated in consumer survey tests where demographic variables are
gathered. Some sensory difference tests also generate nominal data (Table 5.1).
They are usually tested using chi-square (sometimes written as χ2) methods.
Another commonly used test for dichotomous two-group nominal data is the
binomial test.

5.3.1 Chi-square tests

Essentially chi-square tests compare the proportions of observed occurrences with
those of the theoretical expected ones, assuming that the null hypothesis is true
(typically, if the null is true then the proportions will be equal). The calculated
statistic is assessed via the critical value or p-value. This test is very commonly
used in analysis of questionnaire or difference data as a test of proportions or
distribution in that it tests the ‘goodness-of-fit’ of experimental data to expected
data. Another frequent use is in a test of independence with data in a contingency
table (Section 6.2). Expected values are based on existing knowledge or theory and
are defined as ‘all categories are equal’ or any pre-defined proportion (Table 5.2).

Chi-square tests are recommended to meet the following conditions to avoid a
weakening effect:

� Frequencies not percentages
� >5 in each category
� Sample size > 40
� Formula can include continuity correction for two categories

Generally, chi-square requires a minimum count of 5 in each group or ‘cell’ (i.e.
not 5%, but an absolute count of 5) otherwise the test is weakened. This is because

Table 5.1 Significance tests for nominal data.

Test Number of groups Group type Application

Chi-square Two or more Independent Proportions, just-about-right, difference tests
McNemar Two Related Before and after comparison
Cochran’s Q Two or more Related Multiple-choice comparison
Binomial Two Independent Paired difference tests
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Table 5.2 Chi-square tests of proportion for nominal data categories.

Test Number of groups/type Application

Chi-square Two or more,
independent

Proportions: compares proportions of categories in
nominal choices in surveys and difference tests, or
for pooled categories from Likert scales and
just-about-right scales

Distribution: compares proportions of sample group
occurrences with a particular distribution of groups

McNemar Two, related Nominal choice in a before and after comparison

Cochran’s Q Two or more, related Multiple nominal choice comparison

the sample statistic X2 (discrete) is an approximation to the chi-square population
distribution, which is continuous (Owen and Jones 1994). This approximation
is valid for large sample sizes but is less valid as n falls, but this is acceptable
provided cell frequencies are at least 5. For research studies, total numbers of
observations should reflect this requirement, especially with survey experiments,
where the sample may be formed into subgroups for chi-square analysis.

If the frequencies are low then categories can be pooled before comparison, e.g.
with ‘just-about-right’ scales and for Likert data (Czaja and Blair 1996), provided
such scales are treated as nominal categories for the purpose of analysis (see
Chapter 8 for more on analysis of these scales). Other scales have been treated
similarly. Vickers and Roberts (1993) pooled both categories of frequency of
consumption and hedonic responses for popcorn at three levels of salt to ensure
large enough cell sizes before using chi-square. Further adjustments can be made
to the chi-square calculation for two-group comparisons in contingency table
analysis (Section 6.2).

The chi-square test of proportion (goodness of fit)

How to do a chi-square test of proportion
The chi-square test can be done in Excel by summing the squared differences
between the observed and expected frequencies (Table 5.3). The expected fre-
quencies are usually taken to be equal and are obtained by dividing the total count
by the number of categories (non-integer values are possible in some cases). The
differences are then summed to give the chi-square statistic, and the p-value is
calculated using the CHISQ.DIST.RT() function (CHIDIST() Excel 2003). If the
original data are large in number then frequencies can be calculated using the
FREQUENCY function described in Section 3.2.1. Degrees of freedom are equal
to the number of categories minus 1.

Example 5.3-1 Significance test on nominal data (chi-square on
proportions)
Twenty-four consumers were asked to select which of two samples (X and Y)
they preferred: 10 chose X and 14 chose Y. Does this indicate a significant
difference in preference?
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Table 5.3 Chi-square test of proportions (Excel).

EDCBA

1 Chi-square test of proportion

2 Sample data (n = 24)
Resultpaired preference choice

3 FormulaChi-square termExpectedObserved

0.331210Number choosing product X4 = ((B4-C4)∧2)/C4

0.331214Number choosing product Y5 = ((B5-C5)∧2)/C5

0.67Chi24Total6 = SUM(D4:D5)

7 df 11

8 p-value                    0.41 = CHISQ.DIST.RTa

    (D6,D7)(two-tailed)

∗ CHIDIST() Excel 2003.

Data were entered as shown in Table 5.3 and the analysis stages were followed
as described above. The expected frequencies were taken as half the total count
of consumers (=12). The null hypothesis was that both choice frequencies were
equal, the alternative was that they are not equal (two-tailed). The analysis reveals
that they do differ, but not to a large enough extent and the p-value is >0.05. H0

is retained: there is no difference in preference.
Readers who consult the Excel Help facility on this function may be confused

as it is described as returning a one-tailed probability, although the test is declared
as two-tailed in nature. A simple explanation is that according to the criteria of
Section 4.2.2, the alternative hypothesis is non-directional, i.e. there is a difference
between observed (O) and expected (E) frequencies but there is no specification
of which one dominates the difference. However, the chi-square statistic can only
increase in one direction as the difference between O and E gets larger, hence
one-tailed. It is possible to use the test for a one-tailed alternative in which case
the CHISQ.DIST.RT() (CHIDIST.()) probability is halved (Section 8.5.5).

These calculations must be done on the original count data, but the results can
be expressed as percentages if desired. The number of categories can be two or
more for the chi-square test and Table 5.3 can be expanded to allow more.

When more than two groups are tested, a significant chi-square test does not
mean that all groups are significantly different. This can be ascertained by ex-
amining a table or graph of the frequency of occurrence of each group. A more
conclusive way is to apply the two-group chi-square significance test to each
two-group comparison, but there is a danger of multiple testing errors (see Sec-
tion 5.5.2). For instance, when testing three categories of frequencies 10, 15
and 24, a chi-square test is significant – at least two of the categories differ in
frequency. A series of two-group tests show that only 10 cf. 24 show p-values
below 0.05.

Chi-square tests of the above type are used extensively in consumer food survey
literature. Hashim et al. (2001) used chi-square to compare proportions of con-
sumers selecting between beef production labelled as traditional and irradiated and
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found a higher incidence of choice for non-irradiated. Reed et al. (2003) measured
a number of demographic characteristics in a sample of consumers (702) including
gender, age, urban, rural, etc. Chi-square was used to compare acceptance for, and
levels of consumption of, chilled ready meals between groups according to these
factors. Higher levels of consumption were found for urban male and younger
consumers.

The McNemar test

This test analyses for differences in a single group, but in a ‘before’ and ‘after’
condition. An example could be comparing a dichotomous response such as ‘y/n’
before and after consumers received information about foods.

How to do the McNemar test
The McNemar test can be calculated for chi-square by subtracting 1 from the
absolute difference between each case where there has been a change in the ‘after’
condition. This value is then squared and divided by the total number of changes
(Upton and Cook 2002). Cases that do not change are ignored (Table 5.4). The test
was applied to an experiment where 50 consumers were asked to accept or reject
a product on tasting without a brand label: 20 accepted and 30 rejected. Later, a
second test with the same source of samples and consumers, but with brand labels,
resulted in 15 who did not change after being given information, 14 now accepting
the product and 21 now rejecting it. Hence, the two parameters required were:

Change1 (changed from reject to accept) = 14
and
Change2 (changed from accept to reject) = 21

This level of change was not significant (p > 0.05) and the brand information
has not had a significant effect on acceptance.

Table 5.4 McNemar test (Excel).

DCBA

1 McNemar test

2 Sample data (n = 50) consumer
Resultchoice before and after brand label

3 FormulaChi-squareChange 2Change 1

1.0321144 = ((ABS(A4-B4)-1)∧2)/(A4 +B4)

5

6 df 11

7 p-value (two-tailed)      0.31 = CHISQ.DIST.RTa

    (C4,C6)

aCHIDIST() Excel 2003.
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Cochran’s Q test

Cochran’s Q test analyses the multiple-choice test situation and compares the
incidence of choice for multiple items. The null hypothesis states that all items in
the list are chosen with equal frequency. Cochran’s test will identify significance,
if at least two items differ in selection incidence. An example could be where
consumers select one or more items from a list of four possible forms of processed
vegetable (canned, frozen, dried and chilled). As this involves more than two
objects, the data in the form of a table or a graph must be examined to see which
choice(s) dominates (e.g. as per Fig. 3.3). Bi (2006) illustrates use of Cochran’s
test for multiple matched proportions, where the analysis is performed on the
incidence of correct and incorrect responses of a series of tests.

This statistic can be calculated using the formula given by O’Mahony (1986),
who also gives worked examples. The test was used for the consumer choice
of four forms of processed food where accept = 1 and reject = 0 (Table 5.5).
This sheet is larger than usual and formulae are entered on left and right and
in some cases underneath the calculation cell. A limited number of consumers
(10) participated in the test. The column totals in the ‘Column Calculations’ box
reveal the maximum number of choice for each form of processing. The highest
incidence was for ‘chilled’ followed by ‘frozen’, but the differences are not large
enough for this small sample and the test is not significant (p > 0.05): there is no
difference in the incidence of the choices.

5.3.2 The binomial test

The binomial test calculates a statistic using the general binomial theorem. It
calculates the probability of getting the result by chance in a choice between
two objects (product sample/methods of production, etc.). The total number of
occurrences of the choice is viewed as the trials. For example, in choice of one
out of two food product samples (A and B) by 20 consumers or trained sensory
assessors, there are 20 trials. The choice results in two groups – those selecting A
and B, respectively. In some applications, there is a correct answer in the choice
and these are designated as the number of ‘successes’. In other applications,
one of the choices (the larger) is designated as the number of agreements. In all
circumstances, the chance probability with two objects is a 50:50 split. If the test
probability is well away from this (as gauged by the significance level) then a
significant choice of one sample over the other has occurred.

The test statistic can be calculated from the binomial terms as done is several
texts (e.g. Bower 1996), but software and tables are faster. Cumulative probabilities
must be calculated, i.e. all the events including and above the ones which qualify
as a ‘success’ or as an ‘agreement’.

In food science, the main application is for sensory difference and consumer
preference tests. More than two objects are involved in some tests, but the chance
probabilities are all calculated on the two groups of choice, e.g. a triangle test has
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Table 5.6 Significance tests for ordinal data.

Test Number of groups Group type Application

Friedman’s Three or more Related Ranking test, ordinal rating
Wilcoxon test Two Related Paired ratings or scores
Sign test Two Related Paired ratings or scores
Mann–Whitney U Two Independent Two group ratings or scores
Kruskall–Wallis Three or more Independent Three or more groups ratings or scores
Rank sums Two or more Related

three objects, but the results are expressed as ‘correct’ and ‘incorrect’. Specific
examples of the binomial test are given in Sections 8.4.2 and 8.5.5.

5.4 Significance tests for ordinal data (non-parametric)

Ordinal data are generated by ranking tests and when groups of consumers or
sensory assessors rate items on a scale that has some logical order (Section 2.2.3).
A number of tests are available (Table 5.6).

These tests compare the median of groups and some take into account the
symmetry and shape of the parent distribution. Details that are more specific are
given by Bower (1997a,b).

5.4.1 Related pairs and groups

Wilcoxon and sign

When pairs of related items are rated by the same assessors using an ordinal or
higher level of measurement scale, there is choice between the Wilcoxon-signed
rank test (matched pairs) and the sign test. Here, the data are unlikely to be in
the form of ranks, as only two items are being assessed, and the values will be
generated by an ordinal scale.

The sign test is simpler in that it compares the incidence of negative and positive
differences between pairs. By doing this, the magnitude of the difference on the
scale is lost and power is reduced. The Wilcoxon alternative does maintain some
magnitude of differences and is thus more powerful. This test assumes more of an
interval scale than the sign test and is thus an ideal test for data that are at metric
level of measurement, but which are non-normal in distribution.

Example 5.4-1 Significance test on paired ordinal data (sign test and
Wilcoxon-signed rank test)
A study on new varieties of vegetables asked consumers to rate two factors
(‘home-grown’ and ‘price’, f1, f2) for ‘level of importance in making a choice’
on a five-point scale (1 = not very important, 5 = very important). Is there
evidence that consumers view the factors differently in term of the importance
for choice?
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Table 5.7 Wilcoxon and sign tests using Minitab.

Sample data
(n = 10) Result

f1 f2 Sign Sign test
5 3 2 SIGN TEST OF MEDIAN = 0.00000 VERSUS N.E. 0.00000
3 4 −1
3 4 −1 N BELOW EQUAL ABOVE P-VALUE MEDIAN
5 4 1 Sign 10 4 0 6 0.7539 1.000
2 3 −1
3 1 2
4 3 1 Wilcoxon signed ranks test
2 3 −1
5 1 4 TEST OF MEDIAN = 0.00000 VERSUS MEDIAN N.E. 0.00000
5 4 1

N FOR WILCOXON ESTIMATED
N TEST STATISTIC P-VALUE MEDIAN

Sign 10 10 39.0 0.262 0.5000

Excel cannot perform these tests directly, but both are available in Minitab and
in MegaStat for Excel (although the sign test can be analysed using binomial
probabilities in Excel). For Minitab, data are entered in columns (Table 5.7) and
the Calc option is used to calculate the difference and stored in a third column.
The difference column is then analysed by selecting Stat>Nonparametrics then
the one-Sample Sign or One-Sample Wilcoxon test. The ‘test median’ (= 0) is
selected, i.e. the null hypothesis is that the signs sum to zero. There are options for
one- and two-tailed alternative hypotheses – select ‘not equal to’ for a two-tailed
alternative (Table 5.7).

Both tests are not significant with p > 0.05, thus the ratings do not differ
and there is no difference in level of importance. It is also possible to compare a
reference value with single sample data for both these tests in the Minitab versions.
MegaStat can do both tests and reaches the same conclusion.

Friedman’s test

How to analyse a Ranking Test
Ranking tests involve at least three items, which are dealt with by all assessors in
related groups. The tests specify a criterion, which is used to order the items. A
common objective is to identify the item that is ranked first, e.g. ‘where 1 = most
preferred’.

The Friedman test is used for analysis of ranking tests and for any three or
more related group comparisons where items are rated on an ordinal or higher
level scale. Its fuller name is Friedman’s two-way analysis of variance (ANOVA)
with two factors. These are referred to as treatments and blocks, respectively, and
Friedman’s test uses a randomised block design (this terminology is detailed in
Chapter 7). Usually, only the treatment (sample) effect is of direct interest and
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Table 5.8 Friedman’s test on ranking data (Minitab).

Friedman’s test
Sample data (n = 5) preference ranking of five products

Consumer s1 s2 s3 s4 s5

1 5 3 1 2 4
2 3 4 1 2 5
3 3 4 1 2 5
4 5 4 2 1 3
5 2 3 4 5 1
6 3 1 5 2 4
7 4 3 2 1 3
8 2 3 4 1 5
9 5 1 2 3 4
10 5 4 2 1 3

Result
Friedman test of ranking by sample blocked by consumer
S = 10.26, df = 4, p = 0.037
S = 10.31, df = 4, p = 0.036 (adjusted for ties)

Sample N Estimated
median

Sum of
ranks

1 10 4.100 38.0
2 10 3.300 30.5
3 10 2.100 24.0
4 10 1.900 20.0
5 10 3.600 37.5
Grand median = 3.000

the contribution of the block (assessor) effect is removed giving more precision
and power.

Friedman’s test is available in Minitab, where the data are entered as a single
column, and two other columns identify the samples (treatments) and the assessors
(blocks). Table 5.8 gives an example of ten consumers ranking five food samples in
order of preference, where 1 = most preferred and 5 = least preferred. The data are
given in separate columns (‘unstacked’) to save space – these require to be rear-
ranged into one column using Minitab’s Manip>Stack function. Select the sample
columns (s1–s5) and enter a new column (name it ‘rank’) to store the stacked data.
Tick the ‘store subscripts’ box and provide a second new column (name it ‘sam-
ple’) to store the identifiers for each part of the stack – in this case, it is the sample
(1–5) identifier. Two new columns are produced, but a third (name it ‘consumer’) is
required to identify the block – this is provided by entering the consumer identifier
number for the first sample then copying below for the other samples. These three
columns are required for the Stat>Nonparametrics>Friedman option, where
‘Response’ = rank, ‘Treatment’ = sample and ‘Blocks’ = consumer.

In this case, the p-value is <0.05 – at least two of the samples differ in preference.
Looking at the estimated median, sample 4 has received the ‘lowest’ rank; i.e. it
has been ranked as ‘more preferred’, whereas sample 1 has received more high
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rank values (low preference). These samples will differ significantly, but location
of all possible sample differences requires multiple pair-wise testing (see below).

The significance of the Friedman statistic depends on its magnitude and the
number of blocks and treatments. If these latter numbers are small (3 samples plus
2–9 assessors or 4 samples with 2–3 assessors) then Friedman’s special tables (a
version is available in BSI 1989) are required (Minitab does not appear to take
this into account). This test is the one recommended in the BSI publication (BSI
1989) for a sensory ranking test. MegaStat produces the same result as above and
provides a multiple comparison value for pair-wise testing.

5.4.2 Ordinal scales

How to analyse ordinal scales of Likert format
Questionnaires commonly use ordinal scales to rate statements on food issues with
the Likert ‘agree–disagree’ scale’. In addition, consumer tests on food samples
often employ the hedonic rating scale, which can be regarded as ordinal if the
analyst wishes to be conservative regarding the assumption of interval level for
this scale (Section 2.2.1).

Such data can be analysed by non-parametric methods, with the test depending
on the number of groups being compared and the number of items (‘full’ Likert
scales are often used in sets of individual item scales numbering 5–10).

Likert format scales (survey)

Likert scales were originally intended to be used as a set of statements all measuring
the same underlying construct. Examples could be a 10-item scale on nutritional
knowledge or a 25-item scale on attitudes to environmentally friendly foods.
Individual items are summed and averaged to give a composite measure that
would qualify as interval level of measurement (see the next section). If the
composite measure data are still viewed as ordinal, they can now be analysed for
summary measures, etc., and for significance testing, typically, by comparing the
composite median values between independent groups. This is done when looking
for demographic variation effects in consumer samples – gender effects, age group
or geographical location, etc. The choice of methods is between Mann–Whitney
U and Kruskall–Wallis tests (see below).

Likert-type items

Individual item scales of various Likert formats can also be analysed. Although
such scales are ordinal, there are few readily available ways of analysis that are
recommended and that retain the level of measurement in the data. The objective
may be to determine whether or not consumers ‘agreed’ or ‘did not agree’ with
a statement, or did they consider the item ‘important’ or ‘not important’. A more
conservative analysis can be achieved by treating the data as nominal, provided that
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the scale is in the form of categories boxes. The frequency of each category on the
scale can be compared using a chi-square test (Section 5.3). This is recommended
for survey data (Czaja and Blair 1996) and can be taken further by pooling of the
descriptors on the scale to give fewer categories such ‘agreeing’ cf. ‘not agreeing’.

Hedonic rating (consumer)

The hedonic scale is used to compare degree of liking between different food
samples. Usually, the analysis will provide answers to questions such as ‘do the
samples differ in degree of liking?’ and ‘which food was liked most?’ The non-
parametric analysis is achieved using Friedman’s Test for three or more food
samples and the Wilcoxon for two (see above and Chapter 8 for an example of
the Friedman’s test on hedonic data). Again, if hedonic data between different
groups are being compared then independent non-parametric tests are the choice
(as below).

5.4.3 Independent groups

Mann–Whitney U and Kruskall–Wallis tests

When groups are independent the non-parametric, Mann–Whitney U and
Kruskall–Wallis tests are appropriate for two and three or more groups, respec-
tively. Minitab and MegaStat provide both tests.

Mann–Whitney U test (Minitab)

For this test, the data are entered as two columns – one for each sample. These are
selected in the Stat>Nonparametrics>Mann–Whitney menu. Choose 95% for
the confidence interval and a two-tailed alternative hypothesis (‘not equal to’). To
illustrate the test, a single Likert-item scale (seven-point, ‘disagree strongly’ (1) to
‘agree strongly’ (7)) was rated by male and female consumers. The statement was
‘British beef is safe’. The research question was ‘do male and female consumers
differ in their view on this statement?’ The ratings for both groups were entered
into Minitab and analysed by the test (Table 5.9). For this analysis, it can be seen
that the medians are both on the ‘agree’ side of the scale, but they are very similar.
The test is not significant (p > 0.05) and the confidence interval contains zero
confirming this. MegaStat analysis gives a p-value directly rather than a confidence
interval, and it agrees with the non-significance. Thus, male and female consumers
have similar views on the statement on British beef, both being on the ‘agree’ side
of the scale. If an analysis of the ratings of the whole sample was required in
order to establish ‘did they agree or disagree with the statement?’ then a different
analysis would be used such as comparing the frequency of the categories (with
pooling if necessary) by using chi-square as explained above.
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Table 5.9 Mann–Whitney U test on two groups (Minitab).

Sample data (n = 10),
comparison of level of
agreement with statement
(Likert-type item) Result

Male Female Mann–Whitney Confidence Interval and Test
7 5
6 4 Male N = 10 Median = 5.500
4 5 Female N = 10 Median = 5.000
6 5 Point estimate for ETA1–ETA2 is –0.000
5 3 95.5% CI for ETA1–ETA2 is (–1.000, 2.000)
2 6 W = 109.5
6 4 Test of ETA1 = ETA2 versus ETA1 ∼= ETA2 is significant at 0.7624
4 5 The test is significant at 0.7570 (adjusted for ties)
7 5
3 7 Cannot reject at alpha = 0.05

Kruskall–Wallis test

This test is used for comparison of rating between three or more groups. Data
are entered as one column and then a ‘Factor’ (sample identification) column. For
this example, three groups of consumers of different educational level (‘edugrp’
where 1 = ‘low’, 2 = ‘medium’ and 3 = ‘high’) are asked to indicate their level
of importance (1 = ‘not important’ to 10 = ‘very important’) that they attach to
price of food products during normal shopping (Table 5.10).

For these results, the medians are different, in that those of ‘medium’ educational
level appear to attach more importance than the other groups. However, this large

Table 5.10 Kruskall–Wallis test on three-group comparison of importance scale (Minitab).

Sample data (n = 5),
importance rating for price
according to education Result

edugrp Rating Kruskall–Wallis ‘rating’ ‘edugrp’
1 7
1 3 LEVEL NOBS MEDIAN AVE. RANK z, VALUE
1 5 1 5 4.000 6.1 −1.16
1 2 2 5 8.000 10.7 1.65
1 4 3 5 5.000 7.2 −0.49
2 3 OVERALL 15 8.0
2 8
2 9 H = 2.88, df = 2, p = 0.237
2 5 H = 2.93, df = 2, p = 0.232 (adjusted for ties)
2 8
3 1
3 6
3 4
3 7
3 5
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difference is not sufficient (for this small sample) to exhibit significance (p >

0.05). Once again, if a significant ANOVA was found then additional testing to
locate the significant difference would follow (see below).

NB: Friedman’s and Kruskall–Wallis tests are the non-parametric equivalents
of the parametric ANOVA randomised complete block (RCB) and completely ran-
domised design (CRD) methods. If ANOVA is significant then the data must be
examined to locate significant differences. The significance can apply to each
possible pair or only to one. A significance test can be performed to confirm evi-
dence from a summary table or graphs of the rank sum or medians. Suitable tests
for Friedman’s test are the sign test and Wilcoxon, and for Kruskall–Wallis, the
Mann–Whitney U.

Ranked and ordinal data analyses appear regularly in published work. Purdy
et al. (2002) provide an example of Kruskall–Wallis test use with a follow-up
Mann–Whitney U test when significance was found in a study of socioeconomic
status and salt intake. They used quota sampling to get representative numbers
(based on census data) in each of six groups (n = 360) and the final sample balance
compared with the census report.

Albalá-Hurtado et al. (2001) analysed data that they deemed as non-parametric
using Kruskall–Wallis and Mann–Whitney U tests. They compared a range of
infant milks for vitamin content in powdered and liquid form (n = 41 and 18)
finding significant differences in riboflavin and thiamin.

Friedman’s test has an alternative for pair-wise testing described in BS 5929
(BSI 1989), which is also detailed in Danzart (1986) and Sprent (1993). A non-
parametric equivalent of Tukey’s honestly significant difference (HSD) test is also
possible (Meilgaard et al. 1991). A comparison of these methods is given by Bower
(1998a). Multiple comparisons can incur risk of committing a Type I error, which
is discussed below in the context of parametric tests.

Many of these tests (except the sign test) perform ranking on the data in some
manner and a problem arises when ranks are tied. Usually a relatively high inci-
dence (>25%) of ties has a weakening effect on the tests. Ties can be avoided by
specific instructions to respondents to avoid them (in ranking tests) or by using
as many points on the scale as feasible. Scales that have three or five categories
are more likely to result in ties (Minitab and MegaStat take this into account and
adjust the p-values for ties).

5.4.4 Other non-parametric tests

Page and Jonckheere tests

These tests compare the experimental rank order with a reference set of known
rank, such as chemical content. For instance, when a sensory panel ranks solutions
of known sugar or salt content, etc. The Page test is for related samples and is
detailed in BS 5929 (BSI 1989). The Jonckheere test is an independent samples
form of the test. Neither of the tests is available in Excel or Minitab, but a full
explanation and worked examples are given for the Page method in the BSI
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reference. These tests appear relatively rarely in publications, but Tepper et al.
(1994) used the Page test to analyse rankings of perceived fat content against actual
fat content – generally consumers were able to perceive fat levels in common foods
effectively (the Page statistic was significant).

Rank sums

An alternative to full calculation of ranked data as above is to calculate rank sums
then consult published tables. This has the advantage of a simpler calculation,
and for small data sets and routine small sensory panels, it can be done quickly.
Different sets of tables are available in various texts, but not all are valid and
comprehensive. Bower (1998a) gives some explanation of the various forms, but
the tables produced by Basker (1988a,b) have been cited in a later publication
(Lawless and Heymann 1998), although those of Newell and MacFarlane (1987)
are also useful. Christensen et al. (2006) examined both sets of tables and viewed
them as being suitable for comparing the highest and lowest sums, but deemed
them as too conservative for multiple comparison of all. They provide expanded
tables for this latter purpose.

Rank sums have the advantage of speed and give direct results without having to
carry out ANOVA followed by multiple comparisons. The sums must be calculated
first manually, or by computer or calculator then the tables are consulted.

Proportions

Proportions can be compared for significant differences within one sample by chi-
square and binomial methods (Section 5.3) or by approximation to normal using
the proportional estimates detailed in Section 3.4.3. Consider a situation where a
local grocery magazine states that ‘only 25% of food shoppers buy organic’. As-
sume that a group of researchers disagree with this as their analysis of sales figures
suggests a higher proportion is likely. To test this, they ballot a quota sample of
shoppers and ask ‘do you buy organic (y/n)’. They find that 33 out of 100 say ‘yes’.
Is this estimate (33%) evidence of more than 25%? Using chi-square as detailed in
Table 5.1, the observed frequency of 33 and 67 are compared with the expected of
25 and 75. The p-value is 0.065 so the higher proportion is not significant, as it is
not large enough to warrant discounting the magazine statement. More advanced
versions of Minitab and MegaStat include a proportional test that can be applied
to the previous example (see MegaStat>Hypothesis Tests>Proportion vs. Hy-
pothesized Value). There is also another test for comparison of two independent
proportions, e.g. the proportion of faults in product A cf. with those in product B
(Hypothesis Tests>Compare Two Independent Proportions).

5.5 Significance tests for interval and ratio data (parametric)

In cases where the data are at a higher measurement level than ordinal and dis-
tributions conform to normality, the more powerful parametric methods can be
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Table 5.11 Significance tests for metric data.

Test Number of groups Group type

One-sample t One —
Paired t Two Related
Two-sample t Two Independent
Analysis of variance Three or more

Completely randomised design (CRD) Independent
Repeated measures

Randomised complete block (RCB) Related

used. In these applications, an assumption is made regarding distributions and thus
checks on assumptions are required (Sections 3.5 and 4.3). If the checks indicate
a wide divergence from the assumptions then a non-parametric test can be used,
or the practitioner can proceed with a parametric one with caution (e.g. increase
the significance level). The tests available are more elaborate with several forms
of parametric analysis of variance and the t-test (Table 5.11).

These tests compare the mean values of the measure and the appropriate test
depends on the number of groups being compared and whether or not they are
independent. As with the non-parametric equivalents above, the tests can be used
to compare the items that are scored on the scale or to compare group differences.
These tests are universally used in analysis of instrumental data. For these appli-
cations, the groups will consist of food items or methods of analysis. For example,
two varieties of orange are compared for ascorbic acid content using a t-test (the
independent version). The significance of any difference can be obtained by such
analysis. Comparison of this type for three or more food items would demand use
of a CRD form of ANOVA.

These parametric tests are also commonly used on sensory and consumer test
data in some research applications. In sensory evaluation, attribute scaling data
generated on intensity scales would qualify. Here, the panel assessors are viewed
as an instrument and they themselves are not necessarily under scrutiny (except
in panellist performance testing – see Section 8.5.5). Thus, different food samples
can be compared for intensities of an attribute such as ‘saltiness’ using a related
parametric ANOVA. This form of analysis is referred to in a number of ways
(Bower 1998b), all essentially being repeated measures designs.

Demographic variations can be examined by comparing two and three or more
groups. In addition, the test value can be compared with a value obtained from the
literature or some other source, ideally a ‘population value’ or a normative value.
The test used is classed as a 1-sample test.

5.5.1 t-tests

t-tests can be used in a number of forms. t is measured in units of standard error
(se) – the distance between group means or a mean and a standard value is divided
by the se. Larger differences (effect sizes) with low variation (se) will give rise
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to large t-values that are more likely to be significant. t-Tests are used for small
samples (<30), but with larger samples, the t-distribution is similar to normal and
the z-test (see below) can be used under certain conditions. All t-tests are available
in Excel except the one-sample t, but this is simple to calculate.

One-sample t-test for parametric data

How to do a one-sample t-test

Example 5.5-1 Significance test for ‘one-sample’ metric data (one-sample
t-test)
A new fruit variety is claimed to have more ascorbic acid content than the
current main variety. A series of sample units were analysed and compared with
the reference value (35 mg/100 g; based on an established average value for the
main variety). Do the data provide support for the claim?

The data were entered as a column (Table 5.12 ) and the required values were
obtained via Excel functions and formulae.

Table 5.12 One-sample t-test (Excel).

CBA

One sample t-test1
2

Sample data (n = 7)3
ascorbic acid in fruit
(mg/100 g)

354

425

376

437

418

459

3710

Formula:Result:11

12 Count (n) 7 COUNT(B4:B10)

13 Mean 40.00 AVERAGE(B4:B10)

14 sd 3.70 STDEV.Sa(B4:B10)

15 se 1.40 B14/(SQRT(n))

35.0Reference value16

17

18 t 3.58 ABS((B13-B16)/B15)

19 df 6 n – 1

20 p-value (one-tailed) 0.006 T.DIST.RTb(B18,B19)

aSTDEV() Excel 2003.
bTDIST(B18,B19,1) Excel 2003.
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Summary statistics are calculated by methods used in Table 3.6. Based on
the previous evidence and reasoning, the alternative hypothesis in this test is one-
tailed – if the null hypothesis is rejected then it can be predicted that the new variety
will have a higher content of ascorbic acid. The value of the t-statistic is obtained
by dividing the absolute difference between the test mean and the reference value
by the standard error. The p-value is calculated using the T.DIST.RT() function
with parameters as the t-value and the degrees of freedom (TDIST() for Excel
2003 with an extra argument: ‘1’ for one-tailed). The mean value for the new
variety is indeed greater than the reference value and it is significant (p < 0.05).
There is evident to support the claim.

Two-sample t-test for parametric data (independent groups)

For t, the two-sample and the paired test can be obtained from Excel’s ToolPak
Data Analysis menu or by using the functions. The data are entered in two columns
and the type of test selected.

How to compare two groups with parametric data
For a two-group comparison, the Excel T.TEST() function (TTEST() Excel 2003)
can be used or the independent t-test in the ToolPak (Data/Data Analysis in Excel
2010 or Tools/Data Analysis for Excel 2003). Two forms of the test are avail-
able: one for an assumption of equal variances and one without (a full example
of this test is provided in Chapter 4 that includes a variance check prior to the
analysis). One advantage of the independent test is that group sizes do not need to
be the same. An example of this was presented by Aguilar and Kohlmann (2006),
who used t-tests to compare two independent groups, one of producers (n = 19)
and the other of consumers (n = 101) for several aspects of ‘willingness to con-
sume and produce transgenic bananas’. They found highly significant differences
between farm manager producers, who could see benefits, and consumers who
did not.

z-test (Excel)
When both sample sizes are larger (>30) and the population standard deviation
is known, a two-sample z-test can be used in a very similar manner to the above
with the Z.TEST() function (ZTEST() Excel 2003) or the ToolPak, testing that
the difference between the means is zero. All the original data must be used in the
basic Excel z-test, but MegaStat (Hypothesis Tests>Compare Two Independent
Groups) allows a summary input, which can be more rapid if mean values, and
the population standard deviations are known.

Paired t-test (Excel)
For paired data, the paired t-test is used. Take the instance of a trained panel
scoring the intensity of ‘stewed’ flavour in two baked apple preparations, us-
ing a line scale (0–100). One lot of each was prepared, assessed on sub-units
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Table 5.13 Paired t-test (Excel).

CBA

1 Paired t-test

2

3 Sample data (n = 8)

4 Preparation 1 Preparation 2

57 (Assessor 1)

(Assessor 2)

(Assessor 3)

(Assessor 4)

(Assessor 5)

(Assessor 6)

(Assessor 7)

(Assessor 8)

745

47356

70757

33838

45589

734710

428911

395712

13 Result

t-test: paired two sample for means14

15

16 Variable 2Variable 1

50.864.8Mean17

211.64345.36Variance18

88Observations19

Pearson correlation20 −0.23

0Hypothesized mean21
difference

22 Df 7

23 t Stat 1.52

24 p (t ≤ 0.09t) one-tailed

25 t- Critical one-tailed           1.89

26 p (t ≤ t 0.17) two-tailed

27 t 2.36-Critical two-tailed

and the panel scores analysed by a paired t-test using the Data Analysis tool
(Table 5.13).

This t-test examines the data on the basis that the differences sum to zero; i.e.
the null hypothesis is true. As seen from the summary values, there is quite a
large difference in the scores, but there is a high variance within the sets show-
ing variability due to the panellist and possibly between the sub-units within a
preparation. This brings a two-tailed p-value of 0.17, which is not significant.
Preparation one has more of a stewed flavour by a large margin of the scale, but
until variability is reduced, it would be difficult to demonstrate this consistently and
significantly.
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5.5.2 Analysis of variance (ANOVA)

How to compare three or more groups with parametric data
This test is a form of analysis of variance (ANOVA) and it is used to test hypotheses
concerning comparisons of three or more groups (thus being an independent
sample test, i.e. there are three or more separate groups). In the simplest form, it
is an extension of the t-test above. A dependent variable (usually continuous and
parametric) and an independent variable (usually categorical) need to be identified.
If an overall significance is established then the location of specific differences can
be indicated by examination of the mean values, but a multiple comparison test
is required for location of significant differences. Forms of ANOVA are discussed
in more detail in Chapter 7. For the moment, an example of one-way ANOVA (i.e.
there is one independent variable) is illustrated.

Example 5.5-2 Significance test on metric data with many groups (one-way
ANOVA)
A cereals laboratory is examining baking effects on products and requires to
answer a question that arose from an investigation into oven conditions: ‘Does
temperature of processing cause changes in brittleness of baked biscuit prod-
ucts?’ Four lots of each product dough were baked in random order at a range
of temperature settings (t1–t4). Instrumental texture readings of ‘brittleness’
(newtons) were taken on four random biscuits from each lot, and the replicate
values averaged. Do the viable oven temperatures used have a significant effect
on product brittleness?

This type of experiment is viewed as a completely randomised design (CRD;
Section 7.4) where more than two independent groups are compared. It can be
analysed using Excel’s one-way ANOVA option in the ToolPak. For this analysis,
the data are entered as shown in Table 5.14. The data values and the column
headings (t1–t4) are blocked and the analysis proceeds by selecting Data/Data
Analysis (Excel 2010) or Tools/Data Analysis (Excel 2003) then selecting Anova:
Single Factor. The blocked data and label constitute the Input Range (tick Labels
in First Row box). Select an Output Range location (a single cell of the top left-
hand corner of the output box) to complete.

The summary values show that the average values do differ – but are these due
to real effects or simply sampling and other error effects? In this example, the
p-value of the F-ratio (foot of Table 5.14) is above 0.05 and the null hypothesis is
retained: there is no difference in the brittleness at the temperatures used.

Assume that the temperature range is changed to three new settings (t5–t7) and
that the experiment is run again (Table 5.15).

Now the mean values show more difference and the p-value is significant (p <

0.05), although in the ‘inconclusive’ region which has ramifications for location
of the significant effect(s). The null hypothesis is rejected and the alternative
accepted: at least two of the brittleness values differ. The ANOVA does not reveal
this as such – all the means differ, but is each pair-wise comparison significantly
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Table 5.14 Analysis of variance (Excel).

GFEDCBA

1 Parametric ANOVA

2

Sample data (n3 4)

t4t3t2t14

5

0.330.160.270.126

0.230.210.190.167

0.170.340.300.208

0.110.240.250.259

10

11 Result (data analysis tool)

ANOVA: single factor12

13

Summary14

15 VarianceAverageSumCountGroups

0.00310.180.734t116

0.00220.251.014t217

0.00580.240.954t318

0.00880.210.844t419

20

21

ANOVA22

Source of23 F-criticalp-valueFMSdfSS
variation

3.490.530.770.003830.012Between24
groups

0.0049120.059Within groups25

26

150.071Total27

different? Multiple comparisons are required, in this case three, as t5 cf. t6, and t6
cf. t7 and t7 cf. t5. As indicated above with respect to the non-parametric ANOVAs
and as discussed below there is a choice of which test to use for comparison.

Multiple comparison tests after ANOVA (three or more groups)
This procedure is performed only if a significant F-ratio for ANOVA is obtained.

It is subject to multiple testing risks as explained in Chapter 4. For parametric
tests, there are many possible ‘post hoc’ tests and there is much debate on the issues
raised in their selection in statistical literature. Readers should consult texts such
as Gacula and Singh (1984) for a fuller account. The tests calculate a range value
against which the differences between treatment means are compared. Table 5.16
shows some common tests.
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Table 5.15 Analysis of variance (b) (Excel).

GFEDCBA

Parametric ANOVA1

2

Sample data (n3 4) (‘brittleness’  (N))

t7t6t54

5

0.420.360.236

0.290.400.277

0.370.380.328

0.390.290.299

10

11 Result (data analysis tool)

12

ANOVA: single factor13

14

Summary15

16 VarianceAverageSumCountGroups

0.00140.281.114t517

0.00230.361.434t618

0.00310.371.474t719

20

21

ANOVA22

Source of variation23 F-criticalp-valueFMSdfSS

4.260.0494.290.009720.019Between groups24

0.002390.020Within groups25

26

110.040Total27

The tests are performed at the same significance level as ANOVA. Choice of
test depends on assumptions regarding the data as for application of a parametric
test. The more powerful ones risk committing the Type I error and conversely
the weaker ones the Type II. In some, the number of comparisons causes the
significance value to rise directly with the number (the LSD test). Tukey’s test

Table 5.16 Some common multiple comparison tests.

Test Relative power (approximately)

Least significant difference (LSD) High (liberal)
Duncan’s multiple range High (all possible pairs)
Newman-Keuls’ range Medium (all possible pairs)
Bonferroni LSD Medium (all possible pairs)
Tukey’s HSD (honestly significantly different) Low (all possible pairs)
Scheffés Low (conservative; all possible pairs)



Types of significance test 137

avoids this but has less power for detection of true differences as numbers increase.
Duncan’s test calculates a range value, which varies according to the number of
comparisons. The Bonferroni LSD adjusts the significance level according to the
number of tests. This technique, the Bonferroni adjustment (Huck 2004), can be
applied simply by adjusting alpha. If there are three comparisons to be made then
for an original alpha of 0.05 that for the comparison is 0.05/3 = 0.017, for six
comparisons 0.05/6 = 0.008, etc. This method appears ideal, but when ANOVA
significance is ‘borderline’ (p-value between 0.04 and 0.05), it can be difficult to
locate any pair-wise differences with the Bonferroni adjusted p-value.

Choosing a test depends essentially on the confidence in the data. Instrumental
data will usually qualify for the more powerful tests. For sensory and consumer
data, it may be more advisable to use a more conservative alternative. Consider-
ation of the error types, e.g. in cases where missing a true difference is of high
consequence, a more powerful test is appropriate. A compromise is a ‘medium’
test such as Tukey’s HSD. There are many examples in food research literature of
use of this entire test set for a wide variety of experimental circumstances.

How to perform a multiple comparison test
Excel in its basic form does not provide multiple comparison tests, although Carl-
berg (2011) describes an involved implementation of some procedures including
the Scheffé test. With caution and with adjustments such as the Bonferroni pro-
cedure above, independent t-tests can be used to give an indication of where the
significant difference(s) lie. Doing all possible t-tests can be viewed as equiva-
lent to the LSD test (Table 5.17). Ideally, analysis software that includes multiple
comparison procedures as part of the ANOVA should be used. MegaStat provides
multiple comparison t-tests and a form of Tukey’s test, as does Minitab and SPSS
ANOVA menus include a wide choice.

With the ANOVA example above and basic Excel the only option for multiple
comparison of means is to perform t-tests. Equal variance can be assumed or

Table 5.17 Use of t-test as follow-up comparison after a significant
ANOVA (Excel).

t-Test: two-sample assuming equal variances

t5 t6

Mean 0.28 0.36
Variance 0.0014 0.0023
Observations 4 4
Pooled variance 0.0019
Hypothesised mean difference 0
df 6
t-Statistic –2.62
P (T ≤ t) one-tailed 0.02
t Critical one-tailed 1.94
P (T ≤ t) two-tailed 0.039
t Critical two-tailed 2.45
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checked using F-tests (Section 4.4). This was assumed for the data of Table 5.15
and t-tests were performed using the appropriate tool in the ToolPak to compare
the means (Table 5.17). If α is taken as 0.05, then mean t5 with mean t6 and t5
with t7 were significantly different (p < 0.05). Comparison of the means for t6 and
t7 was not significant (p > 0.05). Thus, ANOVA has identified the presence of at
least one difference, and the pair-wise comparison test revealed that two pairs are
different. However, if the Bonferroni adjustment is made to these tests (p-value =
0.017) then none of the tests are significant. If Tukey’s test is performed on these
comparisons, mean t5 cf. mean t7 are the only pair that approach a significant
difference – this is a consequence of using the weaker test (see below). MegaStat’s
‘One factor ANOVA’ agrees with the main analysis and the t-test comparisons
above and Tukey’s test finds no significant differences.

Minitab provides one-way ANOVA and comparisons from its Stat menu (Ta-
ble 5.18). The ANOVA output is similar to that of Excel except for the confidence
intervals of the mean values. These show in graphical form that mean t5 is more
distinct than those for t6 and t7. Fisher’s LSD and Tukey’s test were selected
for the comparisons. The output requires more study to interpret – significant
differences are located by a confidence interval (difference interval) that does not
contain zero, i.e. if the difference between a pair of means is at or near zero the

Table 5.18 Use of LSD and Tukey’s test follow-up comparison after ANOVA (Minitab).

MTB > Oneway ‘t all’ ‘factor’; SUBC > Tukey 5; SUBC > Fisher 5.
Analysis of variance on ‘t all’
Source DF SS MS F p
Temp 2 0.01947 0.00973 4.29 0.049
Error 9 0.02042 0.00227
Total 11 0.03989
Individual 95% CIs for mean based on pooled STDEV
Level N Mean STDEV —+——+——+——+—
1 (t5) 4 0.27750 0.03775 (——–*——–)
2 (t6) 4 0.35750 0.04787 (——–*——–)
3 (t7) 4 0.36750 0.05560 (——–*——–)
Tukey’s pair-wise comparisons Family error rate = 0.0500
Critical value = 3.95 Individual error rate = 0.0209
Intervals for (column level mean) – (row level mean)

1 (t5) 2 (t6)
2 (t6) –0.17409

0.01409
3 (t7) –0.18409 –0.10409

0.00409 0.08409

Fisher’s pair-wise comparisons Family error rate = 0.113
Critical value = 2.262 Individual error rate = 0.0500
Intervals for (column level mean) – (row level mean)

1 (t5) 2 (t6)
2 (t6) –0.15620

–0.00380
3 (t7) –0.16620 –0.08620

–0.01380 0.06620
MTB >
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means are less likely to differ. On this basis, Tukey’s test does not reveal any
differences. For instance, comparison of mean t5 with means t6 shows an interval
of –0.17409 to +0.01409, which lies on either side of zero, although t5 cf. t7 is
‘close’ to significance.

The above results and observations are a consequence of the use of tests with
differing levels of power, plus the fact that the ANOVA p-value is very close to the
decision point (0.049 cf. 0.05). Thus, for ANOVA results that are ‘just’ significant,
the less powerful multiple comparison tests may not locate differences.

The more powerful LSD (Fisher’s) test locates two significant differences (1 cf.
2, 1 cf. 3) as only one comparison (2 cf. 3) has an interval (–0.08620 to +0.06620)
containing zero. Note the importance of using the summary table of mean values
and confidence interval to aid interpretation of comparisons after ANOVA.

An idea of the possibilities with ANOVA can be seen by the research done by
Péneau et al. (2006) on attributes affecting perception of apple freshness. The
researchers employed three-way ANOVA where the factors were age, gender and
level of consumption and they measured importance on a simple scale (five cate-
gories). Bonferroni tests were used to compare pairs when a significant ANOVA
was found. Freshness rated high in importance and well above other influences
such as ‘organic’. Of the factors, gender was most significant in that females gave
higher ratings on most attributes.
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Chapter 6

Association, correlation and regression

6.1 Introduction

Previous chapters have concentrated on several examples of detection of differ-
ences between treatments. Differences are not the only way in which effects can
manifest themselves. Effects that cause differences often exhibit an association
or relationship between two variables (Section 4.2) provided a sufficient range
of readings are taken. The current chapter interest is focused on the strength of
the relationship, which gives a measure of the effect size. Variables that exhibit
this feature are considered to depend on one another in some way. This cannot
be taken that one causes an effect in the other. This would require a more de-
tailed examination and attention to experimental design and other features but for
cause and effect, association must be present.1 Both terms are interchangeable,
but commonly, association is used with respect to nominal or categorical vari-
able data (non-numeric) and correlation with ordinal (numeric) and metric data
(Rees 2001).

For both circumstances, two measures are required on each sampling unit,
be it a food product, processing machine or a consumer subject. Circumstances
affecting the quality of the analysis include the range of values within each measure
and their independence; i.e. each reading must not be affected by any other.
A sufficient range of values in the measure (correlation) and independence are
required. Association can be displayed by tabular methods, correlation graphically
and both can be assessed for significance by a significance test. The strength of the
relationship is assessed by calculation of a coefficient. Regression is a technique

1 It is possible to have significant association between two variables and significant differences in one
according to variation in the other, but not always. This can depend on the magnitude and linearity of
the differences, e.g. temperatures of 15, 20, 25◦C give yields of 5, 25, 35% (case 1 – both significant);
case 2 yields of 5, 6, 7% – significance correlation, non-significant difference; case 3 yields 2, 29,
5% – significance difference, but non-significant correlation – non-linear.

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.
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that combines correlation with some of the ANOVA methods of Chapter 5 and is
of great importance in prediction models.

Studies of relationships are commonly applied in food science investigations
with sensory and instrumental data and in consumer surveys where demographic
variables are examined for association with factors such as preference and pur-
chase intention for food products. Ultimately, regression may be employed in
order to allow the strength of predictive power in these relationships to be
established.

6.2 Association

Analysis of association is done on two nominal variables. These can be nominal
originally or can be transformed by dividing a higher level of measurement into two
or more categories. Thus, each variable can have two or more categories, although
the ‘two-by-two’ case is easier to interpret. Sample size must be sufficient to allow
a minimum count of 5 in each category cell of the analysis, if statistical analysis
of significance is to be performed (chi-square test – Section 5.3).

Association is examined initially by displaying the two nominal variables in
a special table known as a contingency table, also known as a crosstabulation
(Section 3.2.1). The counts of the occurrence of each variable are split between
that of the other. The two-by-two case is the simplest, giving four cells in the
table. A Pearson’s chi-square test is often used with two sets of nominal data
to test the significance of association between the variables. This is a test of
independence between the variables. The chi-square test establishes whether or
not the counts differ between the divisions of each category. Sufficient deviation
from the expected frequencies may point towards dependence. A test result with
significant dependence does not imply cause and effect and the research question
should reflect this.

Calculation of a coefficient can be done to measure the strength of the associa-
tion. There are a number of possible measures for this, but Cramér’s V (available
in MegaStat and SPSS) appears to be most useful as it covers more than two cat-
egories in either variable and it allows comparison across different experiments.
This ranges in magnitude from zero (no association) to a positive unity (maximum
association). It is readily calculated from the chi-square statistic using a formula
given in various texts (e.g. Upton and Cook (2002)). In Excel, a simplified formula
gives V = SQRT(X2/(n * (k − 1)) where n = grand total and k = lower of the
variable category counts for the rows and columns (e.g. for a ‘3 × 4’ table, k =3
and for a ‘2 × 2’, k = 2).

Association analysis by ‘crosstabs’ can be done using Excel pivot tables and by
a more detailed use of Excel’s functions and formulae (Middleton 2004; Carlberg
2011), which in the latter case involves use of the CHISQ.TEST() (CHITEST()
Excel 2003) functions. Minitab and MegaStat provide a full crosstabulation anal-
ysis with much simpler data input. Both packages can analyse the original data
and Minitab also allows direct entry of frequencies.
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How to carry out a crosstabulation analysis with a significance test

Example 6.2-1 Crosstabulation analysis and test of independence
A consumer survey examined data for a possible association between the sex of
the respondent and their propensity for low-fat foods. A sample of consumers
were asked ‘If given a choice would you choose low-fat foods over conventional?
(y/n)’. Gender and answers were recorded and collated as frequencies. Does
gender appear to have an association with a propensity for low-fat foods?

The null hypothesis is that gender has no association with a tendency to choose
low-fat foods and the alternative (two-tailed) is that association is present. Us-
ing Minitab, the data require entry as columns, one for the gender of the re-
spondent and the other for ‘low fat’ response (y/n). If frequencies are used then
only the categories for each variable are required and the counts go into a third
column (‘freq’). Stat>Tables>Cross Tabulation is used to obtain the analysis
(Table 6.1).

The expected frequencies are calculated on the basis of the null hypothesis
being true and the chi terms are summed to get the statistic. Minitab does not pro-
vide the p-value directly and it must be obtained by entering the chi-square value
into Calc>Probability Distributions>Chisquare as the Cumulative probabil-
ity with df = 1 and entering the value as a constant (chi-square and the probability
appear at the foot of the table). The p-value for the test is given by subtracting this
from unity.

Table 6.1 Association analysis of two nominal variables (Minitab).

Crosstabulation with chi-square

Data

Gender Low fat Frequency

1 1 35
1 2 15
2 1 45
2 2 5

Rows: gender (1 = male, 2 = female)
Columns: low-fat (1 = yes, 2 = no)

1 2 All
1 35 15 50
2 45 5 50
All 80 20 100

Chi-square = 6.250, with df = 1
Cell contents–count
MTB >

MTB > CDF 6.25;
SUBC > Chi-square 1
6.2500 0.9876 0.0124
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For this example, the association is significant (p-value = 1 − 0.987581 =
0.0124) and the variables are not independent. The propensity for low-fat foods
depends on gender. Examination of the table shows that there is strong tendency for
female consumers to be in favour of low-fat foods compared with males. Using the
output from the analysis and the formula above, Cramér’s V = SQRT(6.25/(100 *
(2 − 1)) = 0.25, so the effect, although significant, is not particularly marked
based on these data.

The Minitab analysis does not include the ‘Yates’s continuity correction’ to
compensate for the use of a continuous distribution for nominal data frequencies.
Without it the analysis can overestimate chi-square. This procedure is recom-
mended by Upton and Cook (2001) for ‘2 × 2’ tests, although there is still
controversy over its use. In the example above, redoing the analysis by software
that does include Yates’s correction leads to the same conclusion (e.g. SPSS gives
p-value = 0.024).

Contingency tables and their analysis by Pearson’s chi-square are very common
in research reports. Øygard (2000) used this test to compare proportions of con-
sumers (n = 703) in categories of gender, education, income and social position
with food taste categories including ‘healthy’ and ‘exotic’, and Kolodinsky et al.
(2003) compared level of concern on genetically modified foods by gender, age
and nationality. Both studies found that gender had a significant association with
the other variables.

6.3 Correlation

Relationships in the form of correlation require that the variables are above nominal
in level of measurement and that they are continuous and normally distributed.
A measure of the correlation is given by calculation of a correlation coefficient.
For ordinal data or metric data where there are doubts about the quality of the
measurement, Spearman’s rho (ρ) coefficient is appropriate. For an interval or
ratio data, where it can be shown or assumed that the data are normally distributed,
Pearson’s (product-moment) correlation coefficient (r) is the choice.

6.3.1 Main features of correlation

Correlation coefficients are calculated such that the numerical values lie between
–1 and +1. A magnitude of 1 indicates maximum correlation, and 0 indicates
minimum correlation. These relationships are best viewed in graphical form as
when the variables are plotted on a scatter graph (Section 3.2.4). In idealised
form, maximum correlations are obvious (Fig. 6.1). Zero correlation in shown by
a cloud of points with no obvious trend (diagram (a)). In actual research graphs, the
correlation may not be so clear. When the variables increase in a positive direction
together, there is a positive correlation (diagram (b)). When one increases and the
other decreases, a negative correlation occurs (diagram (c)). The coefficients can
be calculated by calculators and most statistical software. There are alternatives



Association, correlation and regression 145

10 r = 0
(a)

5

0
0 5 10 0 5 10 0 5 10 0 5 10

10 r = +0.92
(b)

5

0

10 r = −0.94
(c)

5

0

10 r = −0.06
(d)

5

0

Fig. 6.1 Scatter diagrams of different levels of correlation (Excel).

such as Kendall’s coefficient of concordance, which is a non-parametric method
(available in MegaStat for Excel).

To achieve an adequate assessment of the effect in correlation studies, certain
features must be present:

� Sufficient range of values
� Independent readings
� Linear relationship

If the relationship is not linear then the coefficient will not be valid. This
may be indicated by a curvilinear appearance on the scatter diagram, although
sampling variation can make this difficult. The data can be transformed to a linear
format (typically, by taking the logarithm) or a curve-fitting procedure can be used.
Hedonic measures can be curvilinear if measured over a wide enough range (see
Fig. 6.1d), and this can mislead in correlation with sensory and instrumental data
(Section 10.3).

The scatter graph is also useful for spotting outlying points as shown in Fig. 6.1d.
These can give a false impression of the magnitude of the coefficient. Outliers
should be considered for deletion on the basis that they may have been caused by
a gross error (Section 3.3.4). Alternatively, using the non-parametric approach by
ranking as with Spearman’s coefficient can avoid the distortion that they cause.

The magnitude of the coefficient does not indicate significance (nor does it imply
causation). Significance determination requires another calculation (see Table 6.2)
along with the stepwise significance testing procedure (Chapter 4). Sample size
(the number of pairs of readings) along with the effect size has a bearing on
significance. As with all statistical significance, only the practitioner can decide
whether or not such significance for a coefficient is important. Examination of
effect size, significance level and sample size should be taken into account as well
as the relevance to the particular topic under scrutiny.

An associated measure is the coefficient of determination (R2) that is obtained
by squaring the correlation coefficient (or directly from the data by the Excel
function RSQ()). This gives an estimation of the variation in one variable explained
by variation in the other (see the example below).



146 Statistical Methods for Food Science

Table 6.2 Correlation analysis (Excel).

CBA

Correlation analysis1
2

Sample data (n3 6)

YX4

PanelConcentration5

60.016

230.057

340.258

530.59

790.7510

87111

12

FormulaResult13

Count (n) 641 COUNT(A6:A11)

Correlation coefficient 89.051 CORREL(A6:A11,B6:B11)

16 t 10.78 ABS(B15) ∗ SQRT((n –2)/(1-B15∧2))

17 p- 4000.0value T.DIST.2Ta(B16, n-2)

Coefficient of determination 76.6981 B15∧2 ∗ 100

aTDIST(B16,n-2,2) Excel 2003.

6.3.2 Correlation analysis

How to carry out a correlation analysis
Correlation analysis has several distinct stages:

1. Gather data (two measures on at least three sample units)
2. Draw scatter graph
3. Calculate the correlation coefficient
4. Calculate the significance of the coefficient

The sample size can be of great importance in deciding the importance of a
correlation effect. Considerations of power and significance level apply if signif-
icance testing is included. Small samples (5–30) are possible in food laboratory
studies where sensory and instrumental measures are being examined. For con-
sumer studies, larger samples (100+) are necessary as relationships can be of
lower magnitude and unit-to-unit (person) variability is often relatively high. As
stated previously, each measure should be independent, but replication can be
included to allow improved confidence in the estimate.

Ideally, measures should be on the same sampling unit, which is possible with
consumer respondents. In the case of food materials where destructive measures
are used or for hygienic reasons as in sensory tasting, convenience, etc., different
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subsamples may have to be used. This can introduce error causing the coefficient
to be high as researched by MacFie and Hedderley (1993), who give a procedure
to correct for this. In addition, for sensory versus instrumental studies the panel
mean should be used.

Assumptions for significance testing are as given in Chapter 4 (Section 4.3)
with the addition of a bivariate normal population. This is more difficult to assess,
but approximate normality in the two measures is a compromise check. Otherwise
a non-parametric method such as Spearman’s coefficient can be used.

A typical application of correlation is in the establishing and utilisation of a
relationship between sensory and instrumental data.

Example 6.3-1 Correlation analysis (sensory and instrumental data)
During training of a sensory panel, ‘colour intensity’ was measured on a series of
samples (6) containing different concentrations of a red food dye. A graphic line
scale was used and the readings were transformed to millimetres (0–100). Based
on a correlation analysis what do the data reveal concerning any relationship
and the performance of the panel?

The panel means were calculated and the data were entered into Excel as
displayed in Table 6.2. The choice of X and Y is arbitrary in correlation analysis
but requires consideration in regression (see below). For this example, the red
dye concentration was taken as the X variate and the sensory intensity as the
Y variate.

A scatter graph (see Example 3.2-4) was drawn that shows good linearity
(Fig. 6.2). The coefficient was calculated using the CORREL() function, and
it is significant using the formula as shown. For significance testing, a t-value
is required based on the degrees of freedom of the test – obtained by the sample
count (n) minus 2. The null hypothesis is that the coefficient = 0 and the alternative
is that it is a non-zero value. The coefficient is high on the positive side and is
significant even with only six points (objects) being examined.
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Fig. 6.2 Scatter plot of sensory versus instrumental data (Excel).
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Based on the above analysis, there is evidence of a very strong relationship
between the instrumental colour concentration and the panel mean colour intensity
values. The significance test also shows significance and the null hypothesis is
rejected – the coefficient is positive and highly significant. In this respect, the
panel performed well and was accurate relative to the instrumental values.

The Pearson correlation coefficient calculation assumes that both measures are
metric and that they come from a normal distribution. The coefficient of variation
is obtained by squaring the correlation coefficient. For this example, 97% of the
variation in X is explained by Y. Thus, Y accounts for almost all the variation in X.

Excel’s Data Analysis ToolPak has a correlation tool, which can carry out the
above analysis. It can incorporate more than two variables and an example in this
form is given in Chapter 8 (Table 8.8).

Correlation analysis can be performed on ordinal data or a mixture of metric
and ordinal. Spearman’s coefficient of rank correlation is appropriate and it is
available in MegaStat with correction for tied ranks. Minitab does not supply
Spearman’s test, but an alternative method is to analyse the ranks using Pearson’s
method as shown in Table 6.2. This is approximate, unless ties are present in
which case Pearson’s coefficient gives the correct value (Rees 2001). On this
basis, an approximate p-value for Spearman’s can be calculated using the above
Excel formulae.

6.3.3 Correlation application

How are correlation studies applied?
Correlation studies are used widely in food research in examination of relations
between instrumental, sensory and consumer measures of food and in nutritional
studies comparing food intake with health and disease incidence. The above ex-
ample has illustrated how the correlation results were used in checking panel
performance.

The main point to be aware of is that it is incorrect to imply cause and effect
automatically, when this may not be the case.

Correlation is also used as a starting point for the predictive process of re-
gression, a very powerful technique. This method is a major application of both
correlation and ANOVA and is dealt with in the next section. Other applications
include assessment of reliability, which can establish whether or not two differ-
ent methods of measurement correlate. This is a quick way of checking on that
two data sets show similar changes, but it should not be confused with precision.
Correlation can be high, but precision can be low.

The magnitude of correlation coefficients and their practical and statistical
significance can be best appreciated by comparing results obtained in research.
Rimal et al. (2001) gathered a range of consumer measures (n = 236) on food safety
issues and examined correlation. Coefficients of greater than 0.4 were significant.
This illustrates that increasing the sample size allows significance to be obtained
with lower magnitudes for the coefficient. Thus, Unusan (2006), who studied a
larger sample (684 students) for food preferences in childhood and in later life,
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found that coefficients of 0.3 were all considered important (‘meaningfully large’)
because of the sample size, and magnitudes of r = 0.33 were found to be significant.

These relatively low coefficients contrast with those obtained by Zamora and
Guirao (2004), who used correlation for comparing performance of a trained and an
expert panel on wines (n = 9). Several sensory attributes were measured and
coefficients of ±0.6–0.9 were produced, all significant. This demonstrates to an
extent the contrasting nature of subjective consumer data with the more objective
‘laboratory’ data.

Another use of correlation coefficients lies with many of the measures given in
Chapter 3 regarding the quality of survey instruments. An illustration of the use
of correlation for assessing reliability of a consumer survey experiment is given in
Eertmans et al. (2006), who reported on a satisfactory test–retest reliability for the
food choice questionnaire over 2 and 3 weeks. Coefficients were relatively high
(>0.7) with a sample of 358 respondents.

Such correlation studies, where large numbers of respondents are recruited,
result in scatter graphs with many more points than the previous examples in this
chapter (see Section 8.4.3 for an example of a scatter graph with ‘many’ points,
and more use of correlation coefficients with survey data).

6.4 Regression

Regression is a natural extension of the results of a correlation analysis. The scatter
diagram displays points that were determined in the investigation, but intermediate
values can be judged. Thus, the possibility of prediction of one variable via the
other exists.

6.4.1 Main features of regression

Regression analysis calculates a mathematical expression of this predictive ability
and allows an accurate plot of a line on the graph. In regression, a clear distinction
must be made on which variable is predicting the other. The predictor variable
(or explanatory variable) is designated as the independent variable and the other
as the dependent or response variable. In simple linear regression, there is one
predictor and one response variable. More predictors are possible in multiple
regression (Section 12.3.1).

Mathematically, regression is expressed as one variable being a function of the
other. This gives a regression equation of the form Y = bX + a. In regression
terminology, X is the predictor or explanatory variable and Y is the dependent
variable. There are two coefficients in the equation: a is the intercept (where the
line cuts the Y-axis) and b represents the slope of the line. These coefficients are
determined during the regression analysis along with the plotting of the best-fit
line using the method of least squares. This ensures that the experimental points
are at a minimum distance from the line.
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6.4.2 Regression analysis

Regression analysis follows similar stages to correlation analysis as above,
plus a regression stage. Excel provides a full regression analysis. Using the
example above, which has demonstrated evidence of strong correlation, a re-
gression analysis was performed.

Allocation of X and Y demands some consideration. In this case, it is assumed
that the concentration of the dye is causing the panel perception of intensity to
increase. Logically, this is reasonable on the basis of chemical content on colour
intensity. In other cases, it may not be so obvious and deeper reasoning may
be required. Ideally, the X variable should be the one with least error (the re-
gression model assumes this) and its values are fixed as accurately as possible
for the experiment. Cohen (1988) points out that the horizontal axis (abscissa
X) has less error on horizontal positioning of points in the visual display com-
pared with the vertical (ordinate Y). Thus, the horizontal axis (X) is always the
independent variable.

The data are in two columns (Table 6.2) and the regression option in the Data
Analysis ToolPak menu provides the output (Table 6.3).

An overall measure of the strength of the regression is given by R square.
The closer this is to 1, the stronger the effect (adjusted R2 recalculates for the
circumstances of the experiment so it can be compared with others). The coeffi-
cients are shown along with their individual significance. Thus, a (the intercept
on the Y-axis) is 13.24 and b (the slope or gradient of the line) is 79.13, a large
value indicating that the line is steep. As X (the concentration) changes, the panel
mean increases rapidly and both these components are significant (p < 0.05). The
ANOVA section of the table analyses the overall significance of the regression and

Table 6.3 Regression analysis (Excel).

Summary output

Regression statistics

Multiple R 0.983
R square 0.967
Adjusted R square 0.958
Standard error 6.503
Observations 6

ANOVA

Significance
df SS MS F F

Regression 1 4916.87 4916.87 116.28 0.0004
Residual 4 169.13 42.28
Total 5 5086.00

Coefficients Standard error t-Stat p Lower 95% Upper 95%

Intercept 13.24 4.10 3.23 0.03 1.84 24.64
X variable 1 79.13 7.34 10.78 0.00 58.75 99.50
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Y = 79.126X + 13.24
R 2 = 0.9667
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Fig. 6.3 Regression line and equation (Excel).

this is also significant. The null hypotheses for these tests are that the t coefficients
are zero in effect.

Excel will also fit a line to the data and this is the line of best fit (determined
mathematically). Right-click on one point of the graph in Fig. 6.2 and this will
initiate a sub-menu. Select Add Trendline from this menu and fit a linear line, then
in Options select to have the equation and R2 on the graph (also accessed in Excel
2010 by clicking on the chart then, in Chart Tools, select Layout/Trendline;
in Excel 2003 click chart then Chart/Add Trendline). The scatter graph should
appear with the line fitted, and the equation is shown in Fig. 6.3.

The equation allows sensory measures to be predicted for any given concen-
tration of the dye. Predicted values can be obtained for all the experimental
concentrations plus unknown ones. Thus, for a dye concentration of 0.1%:

Sensory colour intensity = 79.126 × 0.1 + 13.24 = 7.9126 + 13.24 = 21
(result rounded to nearest integer).

This procedure is known as interpolation where predictions are made within
the range of X values covered by the experiment. Taking prediction outwith this
range is extrapolation, which would assume that the relationship existed beyond
the limits of the experiment. This can lead to invalid predictions especially with
concentration effects on sensory perception. The above relationship was linear
within the range of concentrations used, but according to psychophysical laws
such as Fechner’s law (Meilgaard et al. 1991), over wider ranges a non-linear
effect occurs. Typically, as the stimulus increase, the response will level off, i.e. it
will become non-linear and prediction at such levels would be incorrect.

6.4.3 Regression assumptions

Regression analysis has similar assumptions to those for correlation, but in addi-
tion, no errors are assumed in the X values. Also, variability around each point is
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Table 6.4 Calculation of residuals (Excel).

Residual output

Observation Predicted Y Residuals

1 14.03 −8.03
2 17.20 5.80
3 33.02 0.98
4 52.80 0.20
5 72.58 6.42
6 92.37 −5.37

Sum = 0.00

assumed to be normal and to centre on zero. Some of these issues are covered in
more detail in Section 9.6.2. Accepting that in the example above, the concentra-
tions of the dye were made up very accurately, then the scatter around each point
can be examined by calculation of residual values that are the ‘left over’ variation
between the experimental values and the predicted ones:

Residual = Observed value – predicted value

Excel has options in the Regression analysis menu for calculation of residuals
as above and provision of a residual plot.

The predicted values have been subtracted from the observed ones (Table 6.4) to
obtain the residuals. For the ‘perfect fit’ regression equation, the residuals would
be zero, but because of error they vary in magnitude from 0.2 to 8.03. One quick
check is to see if they sum to zero – this has been done at the bottom of the table
and this is so, providing some evidence for the spread centring on zero.

The residual plot (Fig. 6.4) shows the scatter more effectively. For compliance
with assumptions, there should be a random pattern, but equal magnitudes on
either side of the zero line. While not perfect, this is roughly so for the graph and
it can be taken that assumptions are met.

X variable 1 residual plot

−10.00
−8.00
−6.00
−4.00
−2.00

0.00
2.00
4.00
6.00
8.00

0 0.2 0.4 0.6 0.8 1 1.2

X variable 1

R
es

id
ua

ls

Fig. 6.4 Residual plot for regression analysis (Excel).
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6.4.4 Regression application

How are regression studies applied?
One main application of regression is in the facility of replacing lengthy sensory
assessment with a more rapid instrumental method. High linearity must be demon-
strated along with good predictive power from instrument to sensory quality.

Ultimately, this can mean that routine chemical or physical analysis can predict
sensory properties of varying raw material intakes, so these can be rapidly incor-
porated into production. One difficulty here is that the instrumental measures may
not be a valid substitute (Piggot 1998). For instance, assuming that an instrumental
texture measure of ‘stickiness’ is equivalent to the sensory sensation may be false.
Other uses include calibration aids for sensory training and prediction of consumer
preference via sensory and instrumental measures.

Regression studies abound in the literature, but there are fewer of the simple
regression type. Homer et al. (2000) found high correlation and a linear relation-
ship between raw and cooked fat content in part of a study on the acceptability of
low-fat sausages. The use of low-fat and conventional fat content products enabled
a wider range of fat values to be examined. The regression equation was able to
predict level of fat loss on cooking. Other applications include prediction of the
level of a food constituent required to achieve a particular sensory or acceptance
target. Bower and Boyd (2003) used a simple linear regression model to predict the
concentration of sucrose to produce ‘ideal’ and ‘most-liked’ sweetness. A more
advanced application involves multiple regression (see Section 12.3.1) where more
independent variables are studied. One example in consumer research is that of
Rimal et al. (2001), who collected a range of consumer measures (n = 236) on food
safety issues and the effects on consumption habits. Regression equations were
formulated on the basis of demographic and attitudinal measures. Of the many
variables studied, consumer’s view of the importance of food labelling in concern
over food safety produced the largest coefficient, i.e. it had the largest influence.
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Chapter 7

Experimental design

7.1 Introduction

All scientific investigations involve experiments. To ensure that results are valid
and trustworthy, the organisation, planning and procedures of the experiment must
be of adequate quality. Design processes bring together all such aspects including
specific statistical analysis techniques. The ultimate purpose is to maximise the
precision (preciseness) of the experiment, i.e. the ability of the design to dis-
criminate between effects. To achieve this, effects must be quantified efficiently.
Additional benefits also accrue in longer-term use of design. Reduction of ex-
perimental time and cost is possible, as design can accelerate the whole process.
Generally, all stages are optimised giving increased efficiency and improved trans-
fer of research to practical applications. The experimenter should also take a ‘step
back’ and examine the intended work from all points of view in terms of its fea-
sibility, robustness and cost as described by MacFie (1986). Design features have
been touched on in previous chapters and these will now be formalised. Most
designs given herein involve testing by analysis of variance (ANOVA). This chap-
ter gives a descriptive account and the application chapters that follow illustrate
selected design types in detail.

7.2 Terminology and general procedure

Several key terms are used in describing experimental design (Table 7.1).

7.2.1 Experiments, studies and investigations

Several experiments have been described throughout earlier chapters. Typically,
they are studies of the effect of variation on a product, process or consumer
subject to obtain new facts or to confirm or deny a hypothesis. The types of

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
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Table 7.1 Terminology in experimental design.

Term Meaning

Experiment A planned inquiry or a controlled investigation

Variable Any characteristic of the experiment that can vary (known or unknown;
contributing; under scrutiny)

Sampling unit Individual units sampled from the population

Experimental unit Sample unit(s) that are allocated in the experiment to receive treatment

Factor Independent variable(s) which are under study

Response(s) Dependent variable(s) that are under study

Level(s) The ‘settings’ for individual factors

Control(s) and
base line(s)

Reference points

Treatment The application of the combined ‘settings’ of the factor variables

Effect The outcome of the treatment on the response

Main effect The outcome of a single factor effect

Interaction The outcome of a combined factor effect

experiment can vary from exploratory studies, where data are gathered to gain
facts, such as characterising products or balloting consumer views on foods. Other
investigations come in the form of comparative and confirmatory experiments or as
relationship studies, where the focus is on specified factors and effects. An account
and explanation of some pertinent features of the above terms follows below.

7.2.2 Experimental units and sampling units

Experimental units are the individual amounts or lots of material or numbers of
objects (or subjects) to which the treatments are applied and which are assessed
at the termination of treatments. They may be represented by one sampling unit
(Section 2.3.1) or more depending on the design (Bender et al. 1988). For instance,
in the case of consumer survey trials, the experimental unit and the sampling unit
are often one and the same, i.e. the consumer respondent or subject, but this
is not always applicable. For an experiment on the effect of label information
on preference, one experimental unit could be the control treatment with no label
consisting of 50 subjects and a second experimental unit could be the test treatment
(another 50 subjects). Treatments are applied to the experimental units. These need
to be identified in terms of the number of individual amounts or items sufficient
to cover the requirements of the experiment.

7.2.3 Variables, factors, levels and treatments

Variables are identified and set up as independent and dependent. An independent
variable is a factor, which is set at specific (fixed) or randomly selected levels.
The factor levels constitute the specific treatments of the experiment, i.e. ‘what
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the experimental units are subjected to’. A treatment description will specify and
define the conditions of the experimental factors and levels; thus, one treatment
could be factor A at level 1 combined with factor B at level 2.

A dependent variable is a variable that may or may not change according to
the effect of the treatments. It is described as a response – the term used to
describe the way(s) in which the experimental units react to the application of the
treatment conditions. One or more responses are measured to assess the effect of
the treatments.

Experimental factors can be of two types:

Quantitative – different numerical levels
Qualitative – different identity levels

Hence, with a quantitative factor, the factor is in the form of a variable that
can be set at different numerical levels, e.g. the quantity of an ingredient, or
process temperature. This contrasts with a qualitative factor which is nominal or
categorical in nature and which is set at different category or identity levels, e.g.
‘flavour additive’ with three different types of flavour. Note that the quantity may
not be the same.

In food study experiments, many factors can be used depending on the focus of
the experiment. For example, in consumer testing, consumer age may be a factor
of interest; in sensory panel training the panel and the panellists as factors may
be under scrutiny; for inter-laboratory trials, the laboratories are the factor. Each
factor is an independent variable, as it is controlled by the experimenter.

The levels are the settings that are assigned to the factors – this can be done on a
fixed or random basis. Each factor plus level combination constitutes a treatment
condition. The more factors and levels, the greater the number of treatments. If
replication is included, this will increase the number of treatments again. The
number of factors starts at one and there is theoretically no upper limit. At least
two levels are required or a single level with a reference value. As factors and levels
are added, the experiment becomes larger and the organisation and interpretation
become more complex. Blocking (see below) may be required to spread the work –
this should be done so that variation is minimised.

Beyond these guidelines, there is no restriction on types and numbers of factors
and levels; thus, ingredients, process types and conditions, etc., can all be included
within the one experiment. In addition, the types of responses can include sensory,
consumer and instrumental in more advanced experiments, e.g. Baardseth et al.
(1992), who included a number of qualitative and quantitative factors at 2–5 levels
and included 15 sensory plus 2 instrumental response measures.

7.2.4 Controls and base lines

A fundamental characteristic of a ‘good’ design could be that it includes a control
measure. This ensures that there is a reference point (‘baseline’) from which to
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gauge the magnitude of the response(s). Thus, control treatments provide a bench-
mark to compare treatment effects more validly. This can be achieved by providing
experimental units that are of known nature and characteristics (chemical, physical,
psychological, behavioural, etc.).

7.2.5 Responses and effects

The response(s) are the measures that are taken after the experimental units have
been treated. Thus, they depend on ‘what happens’ and they are the dependent
variable(s). Responses can be one or more measures of instrumental, sensory, etc.

Main effects are due to the effect of the individual factors on the response(s).
Interactive effects are caused by two or more factors interacting in some way to
produce an effect specific to each factor involved; hence, a significant ‘two-way’
interaction involves two factors acting together to modify the response in a way
that is different from the effect of each single factor. The importance of interactions
can outweigh the individual main effects.

Effect size

At this point, it is pertinent to consider the effect size, a concept raised in Chapter 4.
The question will arise: what is an important effect size? Essentially, this comes
down to the ultimate consequences of any difference or relationship that is found.
Thus, if there is an ‘appreciable’ improvement or lack of improvement in a response
such as the percentage yield from a process, or the number of sales for a food
product, then the treatment that produces such an effect can be adopted or rejected,
respectively. Assigning quantification to ‘appreciable’ requires input from the
subject specialist(s). In some food-related subjects, there are clear guidelines, e.g.
in dietary studies an important effect is a weight change of 10%. Some forms of
chemical analysis for statutory purposes ascertain whether a compound such as
an additive is within the legal maximum or not. Effects that exceed this even by
small amounts are technically infringing the requirement, e.g. an additive must
be present at no more than 200 mg/kg, but on analysis samples values average
out at 205 mg/kg, after adjustment for uncertainty. With sensory measures, the
decisions of important effects sizes can be based on significance of results such as
in discrimination tests. Changes in product formulation can be monitored here, but
changing production settings based on such tests should take into consideration
power levels (Section 8.5.4). With hedonic measures, appreciable effects can be
judged by the overall rating or score achieved, e.g. Pyne (2000) quotes a score of
6.0 or over on the nine-point scale as one qualification for a successful product.
Another way to view such data was taken by Baird et al. (1988), who studied
hedonic scores for fish products. They calculated mean values to gauge overall
position and all products were liked, but they also calculated the percentage of
consumers who scored on the like side of the scale. A cut-off point of ‘70% of
consumers liking’ was identified as an indicator for a viable market product.
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Identification and specification of many of the above features are part of the
design process. Additional details are also needed, such as methods of sample
preparation, treatment application and the selection of the statistical design being
applied for set-up and eventual analysis of effects. Familiarity with these terms is
essential to enable a procedural plan to be drawn up.

7.2.6 Stages in the design procedure

Clear objectives must be set at each stage of the overall design plan, with for-
mulating a rationale, selecting an appropriate design and drawing up detailed
specifications. In the rationale, the experimenter must:

� Decide on the questions for which the experiments will provide answers
� Decide on the aims and objectives
� Formulate the specific hypotheses to be tested
� Consider the cause and effect structure being applied

One of the objectives of many experiments is to establish ‘cause and effect’ to
enable greater understanding of reactions and changes. It requires identification of
the independent variable and the dependent variable. Causality should be argued
logically with consideration of extraneous variation, and the need for association
should be established first, etc.

Harper and Wanninger (1969) introduce the concept of cause and effect in
food experiments. They describe the procedure as one of understanding, and
eventually quantifying, the ways in which causes (input variables in the form of
ingredients and process parameters) result in effects (the output in form of sensory,
instrumental, responses, etc.). Causal analysis requires experimental control so that
the validity of any modelling of reactions can survive scrutiny, etc.

For design selection, the nature of the experiment, number of groups and meth-
ods of analysis must be taken into account. Statistical knowledge is required
from the beginning of this process. Specifications will decide on the scope and
extent of the experiment(s) (preliminary to critical) and will detail all aspects of
methodology: statistical, experimental units, factor treatments and levels, controls,
assessment techniques (sensory, chemical, instrumental, etc.).

7.3 Sources of experimental error and its reduction

Many error sources can act against the validity of an experiment. Some of these
were described in Section 3.4. Other possibilities can occur and relate to inade-
quacy or omission at some stage of the whole process (Box 7.1). Experimental
error refers specifically to variation occurring between experimental units that have
received the same treatment. Ideally, these should be similar before treatment, but
a number of influences act against this.



160 Statistical Methods for Food Science

Box 7.1 Source of experimental error.

Inherent and other sources of variation between experimental units within
treatments
Lack of uniformity during conduct of experiments
Lack of calibration of processes and assessment techniques
Inadequate statistical design and planning

Foods are recognised as being variable in chemical composition and physical
structure to various degrees. This is inherent variation and it means that each
experimental unit will differ even before treatments are applied. It cannot be
removed, but it can be reduced by size reduction of the food material if the product
nature or experimental circumstances permit. In addition, there may be other
sources of variation between experimental units when large amounts of material
are required. Different sources, different storage history, etc., will have inherent
variation plus other possible effects. The relative amount of information gained in
experimentation is a function of these sources: as the degree of variation increases,
the information decreases as the estimates are ‘swamped’ by the large variation
(Steel and Torrie 1981).

Conduct of experiments must be as constant as possible over the time of the
experiments. Lack of calibration of processes and assessment techniques and in-
adequate or absent measures of accuracy and precision, all contribute to weakness
in an experiment. It is not always possible to ensure that these sources are covered.

A lack of an appreciation of statistical aspects of design can serious undermine
experimental results; this applies from sampling through to the end analysis.
Inadequate control of variables during the experiments and response assessment
stages give a methodology that is weak and does not appreciate all sources of
variation – all the above factors can contribute to error, which if not recognised
and quantified can invalidate an experiment.

7.3.1 Ways of reducing error

Statistical appreciation

Errors due to inadequacy of design planning and appreciation of variability, etc.,
can be avoided by consultation of statistical texts in selection of appropriate
designs. This may not provide full answers, and the experience of the scientist
will be called upon in decisions regarding the number of factors and levels,
and the settings of the levels (the treatments). The whole experiment can be
undermined by treatment levels that are outwith the regions which matter. For
example, choosing levels of a process factor that results in products that are
non-viable or un-assessable by the response measurement technique employed.
Preliminary work and screening designs can guide selection here.
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Variation between experimental units

Replication
A single application of each treatment gives no estimate of error; depending on
the nature of the experiment, observed differences between treatments could be
due to inherent variation. Replication (two or more) gives quantification of error
variation, some of which will be due to inherent and other differences in the
experimental units. The experiment will have more precision, confidence intervals
will have decreased width and statistical tests will have more power. As the number
of replicates increases, so does the amount of information gained for a constant
level of variability (Steel and Torrie 1981).

In more complex designs, where the experimenter has the experience and guid-
ance to provide an assurance that certain assumptions hold, specific replication of
individual treatments can be omitted, thereby reducing the work involved. Hence,
in certain designs with no replication, an estimate of error is still provided, but
this is distinct from ‘pure error’ which only replication provides. The number
of replicates required depends on the degree of inherent variability present, as
assessed by prior knowledge or determined by preliminary work, and the degree
of precision required (Section 3.4).

The relative gain in experimental precision falls as the number of replicates
rises, i.e. there is more of a gain by increasing from two to four replicates than is
obtained by increasing from four to eight.

NB: Replicate treatments differ from replicate end determinations on one treat-
ment, i.e. the whole treatment must be repeated using another experimental unit.

Manipulation and dilution

If data are available on any other unwanted source of variation then analysis of
covariance can be performed to take this into account, e.g. material with known
differences in storage time.

While Excel and basic Minitab can calculate covariance for two variables, anal-
ysis of the style just mentioned (available in more advanced packages and SPSS)
is not so easily attained, although Carlberg (2011) describes its implementation
with Excel.

When no specific data are available, it is possible to ‘manipulate’ inherent
variation, i.e. utilise any variable characteristic within the experimental material to
contribute as little as possible to treatment differences. Thus, with food materials,
any obvious variation should be equally represented in each experimental unit, e.g.
size distribution. It may also be possible to subdivide items and allocate fractions
to the treatment lots – ideal where there is a compositional or quality variation
within the structure of the food items (Fig. 7.1).

Other aspects may also be improved in this way, such as pairing and ‘matching’
of samples in order to eliminate unwanted variation. Division of food material that
occurs in large masses such as root vegetables and meat cuts, etc., can be done
to suit the experimental requirements. The resulting pieces now originate from a
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Fig. 7.1 Subdivision of units to reduce variation within treatments.

common source and variation in chemical and physical features between separate
original material will be distributed throughout the treatments.

With consumer surveys, respondents can be allocated to treatment groups so
that variation is evened out – characteristics such as gender, age, socioeconomic,
nationality, region, etc. It is important that beyond these requirements, respondents
be randomly allocated to treatments.

Procedural techniques

Control of error resulting from procedures can be achieved by uniformity of the
tasks in all details. While this is desirable in one sense, an excessively systematic
approach to the order of tasks can introduce error and randomisation is univer-
sally applied. Despite these solutions, the size of the experiment may itself cause
unwanted variation, necessitating additional design techniques.

Blocking

In many instances, it is not possible to do all treatments at the one time and an
experiment has to be divided into a series of separate stages. This introduces
another possible source of uncontrolled variation and error. The technique of
blocking involves organisation of experimental stages such that all treatments
occur within each stage, e.g. four treatments (A–D) with three replicates:

Unblocked design:

Stage 1 – Do A on three experimental units
Stage 2 – Do B on ” ” ”
Stage 3 – Do C on ” ” ” etc.
Stage 4 – Do D on ” ” ” etc.

Blocked design:

Stage 1 – Do A, B, C, and D on one experimental unit each
Stage 2 – Do ” ” ” ” ” ”
Stage 3 – Do ” ” ” ” ” ”

The consequences of blocking are that any circumstance or event, which causes
error or variation within a stage, will now affect all treatments. It is possible to have
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replicate blocks and there are a number of block designs such as complete block,
split block and incomplete block (ICB), etc. (see below). In sensory evaluation,
blocking can have special significance if the assessors are allocated as the blocks.
Any variation introduced by the panel can now be quantified and removed if
desired from subsequent statistical analysis.

Randomisation

This has been proven to reduce error and bias that is caused by taking a system-
atic, non-random approach to organisation of experimental stages. The technique
involves randomisation of the order in which stages and individual treatments are
performed. For example, a completely randomised design (CRD; no blocks) of
five treatments and four replicates would have 20 random numbers in the range
1–20 assigned to individual treatment replicates; these numbers would specify the
order in which the treatment replicates were done – instead of doing treatment 1,
replicate 1 first, then treatment 1, replicate 2 second, etc. In sensory evaluation,
samples are presented to each judge in a random order to avoid bias and ‘the order
effect’ (see later for more on the specific problems for sensory evaluation).

Coding and blinding

If the designer, co-worker and participants (consumers, if included) in the experi-
ment are aware of all the details, they may be biased in their actions and decisions.
As far as possible, the exposure of knowledge of treatment details should be
minimised. Techniques to achieve this include concealing treatment and replicate
identity by labelling with random codes and using blind or double-blind treatment
allocation methods. ‘Blinding’ refers to a design feature where the participants
are unaware which treatment is which (due to coding or concealment of identity).
‘Double-blinding’ is where both the participants and the organiser of the experi-
ment are unaware of the exact identity of the treatments being allocated. In this
case, a third party must code treatments.

Use of controls or base lines

Without use of a reference point, conclusions from an experiment, no matter
how well designed in other respects, could be invalid. Thus, controls should be
included whenever possible. Examples could be a control group of consumers
who received no information before assessing foods, or addition of flavourless
powder in a formulation experiment. This use of units with a ‘zero’ setting for
the treatment (null-effect or ‘dummy’ treatments) is similar to the placebo ef-
fect used in drug-testing trials. They provide the baseline for measuring treat-
ment effects, which can be of critical importance in some applications such as
cosmetic testing.

Other possibilities are units that contain a presence of the response being mea-
sured. For instance, a raw sample of food for comparison with processed, or
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reference standards of known composition in chemical analysis. In the latter, the
standards would constituent a ‘positive control’ (as distinct from those with ‘zero’
settings sometimes referred to as ‘negative controls’). Responses are taken for the
control units, but their identity must be concealed by coding and they must be
dealt with as for all other experimental units.

Measurement error

Efficient design can be limited by inadequate control and assessment of the re-
sponse measures. There should be measures in place or previous data available,
regarding accuracy and precision of the techniques employed. Refinement of the
methods can be used to improve any weaknesses, e.g. more panel training in
sensory experiments.

Pilot studies in surveys are invaluable in this respect. Even with these steps,
response measures in isolation could lead to faulty interpretation and some form
of measurement quality checks should be performed.

Suitability of the response measurement

The effectiveness of experiments in achieving their target depends also on the
‘suitability’ of the response(s), i.e. does the response truly reflect the nature of
the feature under study? Are the response data coming from a population that has
a normal distribution and is the response linear? With instrumental or objective
measures, there may be little doubt. In such circumstances, the response variable
is at ratio level and would be assumed to be normally distributed. More problems
arise when using sensory evaluation tests for optimisation of ‘sensory quality’, as
such techniques may assume the above conditions.

7.4 Types of design

NB: It is assumed that the responses to be measured in these designs are at
least interval in nature. Designs for non-parametric responses are indicated where
available, but generally they are less accessible than their parametric counterparts.
Some other designs are detailed in the application chapters.

There are a great number of possible designs available for the food practitioner.
These range from simple one-factor designs, to more complex forms, which have
evolved to allow more precision and to overcome limitations of the simpler types.
Readers requiring more details should consult texts such as Cochran and Cox
(1957) and Box et al. (1978).

The simplest type of design is the single factor case (Table 7.2). Such an
experiment can be analysed by one-way analysis of variance (ANOVA). This can
be done for two or more levels. These are all classed as one-factor designs or ‘one
variable at a time’ (OVAT) designs (sometimes OFAT – one factor at a time).
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Table 7.2 Types of experimental design.

Design
Number of
factors

Number of
levels Analysis method Example

One factor
(i) Two groups One Two or more t-Test; Mann–Whitney; binomial;

chi-square
Sections
5.3–5.5

Completely randomised
design (CRD) more
than two groups

One Two or more One-way ANOVA;
Kruskall–Wallis

Sections 9.5.2
and 5.4

(ii) Paired One pair t-Test; Wilcoxon Sections 5.4
and 5.5

Randomised complete
block (RCB)

One Two or more Two-way ANOVA; repeated
measures ANOVA; Friedman’s

Section 8.5.5

Two or more factors
(i) Factorial Two or more Two or more Two-way/three-way ANOVA, etc. Section 10.4

(ii) Fractional factorials Two or more Two Special ANOVA
two-way/three-way, etc.

Section 10.5

(iii) Latin square Two or more Two or more Three-way ANOVA —

(iv) Split plot Two or more Two or more Special —

(v) Incomplete block Two or more Two or more Special Section 8.4.2

Changeover Two Two Special —

Optimisation Two or more Two or more Special —

They have the advantages of simplicity of operation and of interpretation, e.g.
one factor at three levels – compare the three levels – an OVAT design, i.e. only
one factor is varied; all other controllable variables are kept constant – simple
design features, relatively easy to control. The disadvantages of OVAT designs are
that the procedure needs to be repeated separately for any additional factors and
because such designs cannot detect interaction of factors – hence, they may ‘miss’
optimum levels.

7.4.1 One-variable designs

Despite the disadvantages, OVAT designs appear regularly in research publications.
They are used for simple experiments and for later stages of experimentation
(Meilgaard et al. 1991). In all cases, one factor at two or more levels is examined.
A number of forms are common.

Independent groups

Two-group designs (independent)
Terms appropriate for these designs were described in Section 4.5. They are simple
designs appropriate for comparison of two groups. One factor at two levels (i.e. two
treatments). The experimental units are randomly allocated to the two treatments.
Analysis employs the independent t-test or the Mann–Whitney U test.
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Completely randomised design (more than two groups)
This is a three or more independent samples design equivalent of the two-group
design above. The effect of one factor is examined, but three or more levels can be
compared. Analysis in this case uses one-way ANOVA or the Kruskall–Wallis Test.

With these independent group designs, it is important that treatments lots are
prepared such that there is similar variability within the units. Food materials
have inherent variability especially for solid raw materials and mixing, milling,
etc., at the sampling stages can reduce this. In some circumstances, this may be
sufficient and the initial variation in instrumentally measured responses will be
acceptable. Where the units are assessors in sensory panels and respondents in
consumer trials then the variation is likely to be larger. The CRD is possible in
such cases if circumstances demand that the same assessor or consumer cannot
handle all treatments. Gacula (1993) gives some guidance on application, with
requirements for uniformity between separate panels and increasing the sample
size to 100 or more for consumers. The CRD can be used for two or more factors,
but this demands more treatments.

Despite these possibilities, it may not be possible to reduce the variation suffi-
ciently for the required number of units. Thus, independent group designs suffer in
that differences between experimental units can be present before the effect of the
treatments. For instance, four sets of meat samples are processed by four process
settings and then analysed for texture tenderness by a shear device. Initially, the
four sets could have been quite different in texture and thus any differences after
processing would include this initial variation. It is possible to determine a control
unit measure of the texture by testing a raw sample, but as the test is destructive, it
is not possible to assess the raw texture of the original experimental units without
destroying them. These designs do have advantages of simplicity of ease of use
and they do not require equal numbers in each treatment.

A good example of the use of a CRD design is provided by Mumba et al.
(2004) in a study on the effect of soaking time on trypsin inhibitor activity in soya
beans. There were five soaking times (the factor) plus a positive control (raw) and
a negative control (heat-treated) for the assessment of activity. Weighed lots of
soya beans were randomly allocated to the seven treatments and it was found that
activity decreased significantly with soaking time.

Related (dependent) groups

The variability between experimental units is reduced by pairing or matching when
related designs are used. Formation of related groups is described in Section 4.5.
Treatment effects are now not clouded to the same extent by the initial variation.

Certain sources of unwanted variation are evened out and quantified in some
cases by application across all units. Thus, a process is applied to three treatment
units using the same machine or a sensory test is performed by the same assessors
for all units. Other possibilities for blocking are analytical methods, laboratories,
technicians, sessions, days and replicate sets, etc.

One of the key features of this type of design is the order of application of treat-
ments for the single related set. Thus, if machine X processes food products under
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conditions a, b and c – which order is used? If order ‘a–b–c’ is followed then ‘a’
may be biased because it is first, etc. Similarly, when comparing analytical methods
or assessing sensory properties, the order of procedures is often critical. The pro-
cedure of randomisation and balancing of order is the design method to overcome
such bias (Section 8.3). Often the related sets are referred to as blocks (see above)
that are a second factor. As explained by Bower (1997), there are a number of
different terms used to describe related designs depending on the application. All
come under the heading of two-factor designs, but the second factor is usually not
of direct interest and the term one-factor repeated measures is more appropriate.
Other terms are possible for sensory designs of this type (see Chapter 8).

Paired designs (related)
Pairs of experimental unit are treated and measured. The difference between the
response measures is analysed using the paired t-test or the Wilcoxon signed
pairs test.

Randomised complete block (more than two related groups)
Randomised complete block (RCB) designs are analysed as two-way ANOVA.
In the simplest form, the block-by-treatment interaction would not be assessed
and replication is not required. If interaction is within the data, it cannot be
quantified due to lack of degrees of freedom (no replication). This interaction will
be contained in the ANOVA error term resulting in loss of precision in assessing
the treatment effect. For RCB use where replication is difficult, e.g. in consumer
tests, a non-parametric test is recommended (O’Mahony 1986).

The RCB is a very common and popular design because of its improved pre-
cision. It is the equivalent of the paired design for three or more treatments. The
limitations of the CRD are overcome by inclusion and assessment of the block ef-
fect. Variation inherent to the units is assessed and removed. The blocking method
can be applied to any factor that is identified as causing unwanted variation. The
block design is therefore a type of two-way ANOVA. The second factor (block)
variation is calculated and removed from the residual error, thus improving the
focus on the main factor of interest. Lee and Inglett (2006) used an RCB design
in examination of physical properties of cookies with varying levels of oat bran
replacing the shortening. The main factor was the level of bran and the blocks were
replicate sample lots. ANOVA followed by Duncan’s multiple range tests revealed
significant differences in dough spread, water activity and colour due to bran level.

Repeated measures design
This term is sometimes used to describe design conditions where treatments are
judged by the same assessor on the same samples in sensory experiments during
a single session. In this circumstance, the repetition refers to the fact that the
same assessor is testing repeat samples within a short space of time. Extending
this concept, repeated measures applies to any measurement repeated over time,
such as in storage studies and long-term use of products. Essentially, this is an
RCB-type, which can be analysed by two-way ANOVA as described above. This
analysis is simpler, but it ignores possible effects such as correlation between
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the responses, and for this inclusion repeated measures ANOVA should be used
instead (Schlich 1993). If different groups of assessors are used then a split plot
type of analysis is more appropriate (see below).

Latin square
This design extends the block effect principle and includes two blocks of unwanted
variation. It can be analysed as a three-way ANOVA. While giving more precision,
it does require that treatment numbers equal block size. Order of application can
be balanced out using Latin squares. For instance, with three treatments where one
block factor is ‘assessor’ and a second is ‘order of assessment’:

Assessor Treatment order

1 a b c
2 b c a
3 c a b

This simple example shows that the assessment order has been balanced out to
an extent – treatments have been applied first, second and third. However, each
treatment has not been assessed after every other one.

Three treatments can be applied in six orders (abc, bca, cba, . . . ). The number
of orders is given by n! (‘n factorial’); thus, 3 × 2 × 1 = 6. If the designs were to
incorporate all six orders then the square would need to be replicated. Numbers of
orders increase dramatically with treatments, e.g. five treatments 5! = 120 orders.

In sensory tests, where several samples are assessed, bias can occur is several
ways for order, such as first treatment effect, when treatments with ‘noticeable ‘fea-
tures occur before a ‘less noticeable’ one. This can be balanced out using Williams
Latin squares, which implement all possible orders with balanced designs for a
range of treatment and blocks (MacFie and Bratchell 1989; Wakeling and MacFie
1995). These give the ultimate balance, as every treatment occurs before every
other. As mentioned above, the number of presentation orders increases dramati-
cally with the number of treatments, and such balance is only achieved in sensory
work where the numbers can be spread across the assessor (consumer) panel.

All the above designs can result in large numbers of treatments (see below)
when the basic design is used. The main treatment effect can be estimated, but
other aspects such as interaction are not unless there is replication.

7.4.2 Factorial designs

The RCB-type of design and Latin square are able to assess the main treatment
effect plus one or two block effects. These can be viewed as additional factors.
Where more than one factor is of interest, the design become factorial in nature.
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The disadvantages of OVAT designs are overcome by use of factorial designs
where all effects are evaluated.

Factorial designs

Examining the effect of factors in combination has more advantages. In addi-
tion to all the main effects, interaction effects can be calculated. This requires
that the treatments are replicated and the experiment becomes larger. In addition,
interpretation becomes more difficult when significant interactions are found (Sec-
tion 10.4). One other feature of design is the manner in which factors are defined.
They can be fixed, i.e. specifically selected, then the results are only applicable
to the levels of the fixed factor(s). It is possible to choose the factors randomly,
just as with the sample. This would give a random effects model for the design
and would allow generalisation to the population from which the factor and levels
were chosen. Combinations of these choices as mixed models are also possible.
It is important that the nature of the factor in this respect is taken into account in
ANOVA – different error terms are used in the calculations and therefore different
results are obtained (Section 8.5.5).

Full factorials

With replication, both simple and interactive effectives are assessed, e.g. a three-
factor experiment (A, B and C) would assess all main and all interactive effects:

Treatment effects: A, B, C (simple, i.e. main effects)
Treatment effects: AB, BC, AC, ABC (interactive)

There are 3 two-way interactions and 1 three-way (ABC), i.e. all possible
combinations.

Such designs can be analysed by ANOVA (two-way → three-way, etc.) depend-
ing on the number of factors. Hence, two factors using two different levels of
each – two factors (A, B) plus two levels (1, 2). The treatments required for this
design as a full factorial design would be:

Treatment Combination

1 A1 + B1
2 A1 + B2
3 A2 + B1
4 A2 + B2

This is equivalent to 22, i.e. the total number of treatment combinations for a
factorial experiment is given by the product of the number of levels for each factor.
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If the number of levels is increased to 3 then 32 = 9 treatments are required and
this is without replication. Thus, five factors at three levels each = 35 = 243 done
in duplicate = 486 treatments to be made up and tested – much more difficult to
organise and control, plus a more complex analysis. Baardseth et al. (1992) used a
full factorial design to study ingredient and processing effects on sausage proper-
ties. There were four factors at various levels (5, 3, 2 and 2) that gave 60 treatments,
plus replication of 3 treatments and one reference formulation, resulting in a total
of 64 production runs. Replicating all treatment formulations would have meant
at least doubling the main treatments (i.e. 120 runs) so the researchers used par-
tial replication instead to give a measure of pure error, presumably by random
selection of three treatments.

Changeover (crossover) designs

This procedure in a design refers to the manipulation of order variation to eliminate
bias (Gacula 1993). This has been explained above with respect to the Latin square.
Treatments order is varied so that carry-over from one treatment affects every other
treatment and not just a few. This is especially important for sensory experiments
involving several samples where strong flavoured samples affect weaker flavoured
ones, depending on order. The problem arises because unlike non-sentient material,
human assessors can remember a previous treatment effect. The same point applies
to other experiments where biological material can retain a residual effect from a
previous treatment.

Similar circumstances can occur in consumer studies. If the experiment uses
one group to measure as a control condition followed by the same group for the test
condition, the subjects will already have experience of the measurement procedure
and they could be biased by this carry-over effect. The crossover technique would
divide the main group into two and vary the order. Examples of this could be home-
use trial for food products (Gacula 1993) or assessing food with and without
nutritional information. The crossover effect can be assessed in the analysis,
although this requires that the two subgroups be compared. If there is no significant
effect then the main treatment effect can be determined with confidence. If there
is significant carry-over then it may be that only the first exposure of the treatment
can be compared.

In sensory experiments, the carry-over effect can be determined as another factor
provided that there is sufficient replication, but in some experiments, it is assumed
to be cancelled out by use of randomisation of order or balanced order techniques
such as the Williams Latin square (Wakeling and MacFie 1995). Schlich (1993)
describes use of changeover design in sensory work.

7.4.3 Optimisation designs

For optimisation, the statistical analysis of the experimental data allows calculation
of a mathematical equation or model, which describes the relationship between the
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response, the treatments and error effects (Harper and Wanninger 1970). This can
then be used to predict conditions that would give the most desired response; in
fact, the model can be used to generate or ‘map out’ a response surface, which can
show in two or three dimensions how the response is affected by the treatments.

Two-level factorials

Factorial experiments done at two levels can be used for this purpose, but the linear
first-order models produced may be inadequate and provide a poor description of
the geometric shape of the response surface. One reason is that two-level factorials,
even if full, cannot completely assess any non-linear effects caused by treatments;
i.e. three levels at least would be required. Thus, to elucidate fully and eventually
to optimise a system, more information is needed.

Three-level factorials

These allow generation of a second-order model, which will give better predictive
power. There is still one drawback: fitted responses from three-level factorials do
not predict with equal power in all directions, i.e. such designs are not rotatable.
This demands inclusion of extra design points such as in the central composite
design (see Section 10.5).

7.4.4 Designs to reduce the number of treatments and experimentation

A common problem with experimentation and the use of the above designs is that
the number of treatments can become so large that it becomes difficult to run in
one session and certain requirements may be difficult to achieve. Additionally, in
sensory work, this can lead to assessor fatigue. Even simple designs such as the
RCB can have this drawback as each block has to have one of each treatment.
Certain designs can overcome such difficulties by a number of modifications.

Split plot

The split plot design is a type of incomplete block. Essentially, a two-factor
factorial structure, but one factor is designated as the ‘main plot’ (from agricultural
terminology) and the second is divided into subplots within the main one. This
contrasts with a full factorial where each factor is treated in a similar manner.
The design has application in food science and technology experiments and some
types of consumer studies.

To illustrate the principle, consider a study on the effect of flavour content in a
product (four levels), subjected to different freezing methods (two forms). A full
factorial would require at least a 4 × 2 design = 8 treatments, and there would be
eight freezing runs done in random order. For some runs, the freezing equipment
would need to be cleaned and reset, etc.
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A split plot can do this as in two runs, one for each freezing method. Thus, for
four flavours (W, X, Y and Z) and two freezer types (T and F):

Full factorial of eight random runs – Fy, Fx, Tz, Fw, Tw, Ty, Fz, Tx
Split plot of two randomised runs – Run 1 (T freezer) y + w+ z + x

Run 2 (F freezer) x + z + w + y

For the split plot, the four flavours are randomly allocated to the machines with
respect to the order of preparation and the order in which there are placed or stacked
in the freezer compartments. As the freezers are taking a unit of each flavoured
product, the amounts may require to be reduced. The order of the freezing runs
can also be randomised, but in this case, they can be run together.

In this experiment, the main plots are the freezers and the product flavours are
the subplots. It may appear on first glance to be similar to be the same as a full
factorial, but there are subtle differences. The subplots are complete blocks, but
the main plot can be viewed as incomplete because there is not a unique occurrence
of each factorial combination. A consequence is that on analysis the subplot effect
is determined with more precision than that of the main plot.

There are a number of other features of the split plot that make it one of the more
complex designs. Its advantages are that it has more precision in one factor than in
the other. Thus, treatments known to produce small effects should be allocated to
the subplot. An alternative use for this feature is that it allows inclusion of a second
source of variation with more precision than just ‘unknown’. Additionally, subplot
units can be smaller (as above) that may save on materials; e.g. a processing
machine that requires a minimum load of units to function, or for when large
amounts are needed for one factor, but not the other.

Processing experiments are an ideal application whenever there is machinery,
with complicated, lengthy procedures for change of setting, etc. This is particularly
so when only one machine is available. Seker (2004) used a split plot design for this
purpose when looking at the effect of screw speed and configuration on residence
time in extruders. Only one extruder was available and using a full factorial would
have meant changing configuration (two types of screw) for certain runs. The split
plot method allocated the extruder configuration as the main plot and allowed
different speed to be applied (randomly) as subplots.

Another name used in some disciplines for the split plot is mixed ANOVA
(Huck 2004). This refers to experiments that have ‘between subjects’ and ‘within
subjects’ comparisons within the same experiment. This is similar to the exam-
ple above: the between subject factor is the main plot and the within subject is
the subplot one. This can be applied in consumer studies, e.g. an investigation
of the effect of ‘information’ and ‘price level’ on purchase intention for home-
grown food commodities. If the ‘information’ factor (two levels – ‘information
given’, ‘no information’) is the ‘between subject’ factor (main plot) then the
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participants for level 1 (‘information given’) will not take part in the ‘no informa-
tion’ setting.

The within subject factor (‘price level’) is exposed to all participants. Bower
and Saadat (1998) used a similar ‘between and within design’ where two groups
of consumers assessed liking of spreading fats, one without label information (the
control group) and the other with information (the test group). Thus, all subjects
assessed the fat samples (the within group factor), but only half received labelled
samples (the between group factor).

In sensory work (Lawless and Heymann 1998), the sub-units can be different
groups of assessors, i.e. one or more main factors have full plots, but the third
(assessor) is split into two or more groups. Stone and Sidel (1993) describe its
use in storage studies, but the use of the split plot for trained assessors, where the
panel is divided, is viewed as rare by Hunter (1996).

Fractional factorials

It is possible to reduce the work involved in full factorial designs, but still gain
most of the important information – this is done by use of fractional factorial
designs. Care is required in their application as certain assumptions are made
regarding interactive effects, namely that they are relatively insignificant; if this
is so then the main effects of many factors can be evaluated with much fewer
trials. Two levels, which are estimated to ‘bracket’ the optimum region, are used
for each factor, e.g. a 1/4 fraction of a 25 full factorial (32 trials) can be performed
in 8 trials. There are savings in cost and time plus increased efficiency as more
variables can be incorporated. Typically, they are used as screening trials to
identify, quickly and efficiently, the critical factors before more detailed fuller
factorial experiments. The data from these latter experiments are analysed to obtain
the optimum combination in terms of the response(s) measured (see Section 10.5
for an example of a fractional factorial).

Incomplete block designs
Another way to reduce experimental time and resources is to use ICB experiments.
When there are large numbers of treatments that would cause separation of assess-
ment into separate time periods, it is possible to handle all treatments within one
run by reducing the number of treatments per block. ICB designs are particularly
useful in sensory experiments where for reasons of sensory fatigue or strongly
flavoured samples, assessors cannot deal with all samples. In the balanced ICB
application (BICB), a reduced number of treatments are assessed and the alloca-
tion of these is balanced so that each treatment sample receives the same number
of assessors and degree of replication. Published designs of this type are available
in sensory texts and Cochran and Cox (1957). The analysis of ICB data is more
complex and requires use of BICB ANOVA (Section 8.4.2).
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7.5 Analysis methods and issues

Except in cases where non-parametric methods are readily available, most of the
above designs are analysed by parametric ANOVA in one of a number of forms. As
indicated, some designs require more advanced analysis, which is usually outwith
the ability of basic software. Using Excel, the application of many of the above
designs is limited. Paired, two-group and one-way CRD, two-way RCB analysis
is possible. Basic versions of Minitab can perform all these plus three or more
factors, but designs must be full and balanced. Analysis of Latin square and split
plot designs is not directly possible with Excel, Megastat and Minitab, and users
must turn to more advanced versions or packages such as SPSS which can do
all these and ICB designs. In addition, the more advanced assumption checking
such as those associated with repeated measures designs (e.g. homogeneity of
covariance; Lawless and Heymann 1998) will not be available in Excel and basic
Minitab.

7.5.1 Identification of design effects

What is the basis of design precision?
ANOVA was devised by Fisher (1966) to separate or partition sources of variation
so that they could be quantified, individually and interactively, as to the effect on
treatments. ANOVA does this by comparing variability within a treatment with
variability between different treatments. For the full analysis, this requires that
a treatment (experimental unit) be repeated, i.e. there are at least two replica-
tions. The extent to which these units, which have received the same treatment,
constitutes the within-variation. The between variation is due to any effect of
different treatments (i.e. the differing factor and level combinations). If these have
little effect then between-treatment variation will be low – if at least two different
treatments cause a large response difference then it will be high. There are two
sources of variation, expressed as variance (Section 3.3), which are expressed as
a quotient – the F ratio:

F = Variability between treatments/variability within1

F is the statistic produced when ANOVA is performed and its magnitude varies
according to the variance values. Efficient experimental design attempts to min-
imise the within variance so that any between variance can be detected. The larger
the F value, the larger the treatment effect.

In some designs, ANOVA cannot assess each effect distinctly due to confound-
ing that refers to the confusion of one effect with others (also referred to as
‘aliasing’). For designs with absent or limited replication, the interaction effect

1Within variation is usually referred to as ‘left over’ residual variation or error variation.
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Table 7.3 ANOVA assumptions.

Error term Nature

General Normally distributed, random nature,
uncorrelated, variance homogeneity

Treatment effect Independent of level

Factor effect Additive

Repeated measures Uncorrelated

can be confounded with main effects. In such situations, it is not possible to assess
any interaction and it may or may not be present.

This is a design decision that requires some knowledge of likely interaction
effects.

If new circumstances are being examined then replication would be required to
assess them, but it depends on the type of interaction. Higher order interactions
are less likely to be of significance, but second-order ones may be more marked
in effect. In some designs it is possible to manipulate the confounding effect to
advantage, to cut down on experimentation (Section 10.5).

Additional assumptions for experimental design and ANOVA
Assumptions for ANOVA were mentioned in Chapter 4. While these give the basic
picture, there are more complex details (Table 7.3).

Thus, in addition to the sample data coming from a normal population, paramet-
ric ANOVA requires that the errors be distributed in this way. Additionally, they
must be randomly ‘scattered’ on either side of the mean and must be independent
or uncorrelated with one another. The effect on treatments must not depend on the
particular magnitude of the response in the experiment. That is, an effect identified
as significant between 5 and 10 mg/100 g of a substance should apply to lower
and higher concentration ranges for the response substance (this can be infringed
in some chemical analysis cases (Section 9.6)).

ANOVA calculates a model in the form of an equation that quantifies the effect
of factors on the response. Each factor effect is assumed to ‘add-on’ to the effect
in a linear manner. This is the concept of additivity of the ANOVA model (hence,
a ‘linear effect model’). Thus:

Effect = effect factor A + effect factor B + · · · + error

Each factor will have a coefficient calculated relative to the strength of the effect.

How can these additional assumptions be checked?
Methods of analysis are available to determine some of these error aspects as
described in Sections 3.5 and 4.4. Examination of the sample data should be done
first by graphs and tables. Non-additivity arises when there is interaction between
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two or more factors. Replication in the design allows this to be quantified (see
previous section on the RCB design and example in Section 10.4), otherwise
examination of the data for patterns which suggest that changes are not occurring
‘in parallel’ is the only alternative. In sensory rating and scoring tests, one or
more assessors may assign values ‘out of sequence’ with other assessors. For
instance, one assessor scores three samples as 5, 2 and 8, but another scores
them as 3, 9 and 1, so the middle sample is causing a divergence. This can
manifest itself as interaction if sufficiently prevalent. If the software is capable,
visual examination of the residuals from ANOVA using graphs within diagnostic
techniques is possible in a similar manner to the procedure used for regression
(Section 6.4).

7.6 Applicability of designs

What type of design is best?
Selection of the design should be guided by the purpose and the circumstances
of the experiment, but there can be choices. Box et al. (1978) give an account
of the role of experimental design with examples of the types of scrutiny that is
required for effective design. The sensitivity (Bender et al. 1988) of a design is its
ability to ‘pick out’ differences, its preciseness and how it ‘reacts’ to changes in the
response. This can be improved by lowering the within-variation (residual error) as
explained above, increasing sample size, replication, etc. Such techniques lower
the standard error (Section 3.3.2) of the estimates in an experiment and hence
calculated statistics will be larger. Advance knowledge of the degree of within-
variation likely (e.g. in a preliminary or pilot experiment) can be used to calculate
efficient sample size and replication for a design.

There are arguments to support use of smaller, simpler designs in that they
are easier to manage and interpret. This is acceptable if key design essentials
are included (balancing, randomisation, controls, coding, etc.). What is lost in
such a case is the level of precision for detecting effects – so A, B and C –
analyse as one-way ANOVA is less precise than RCB by two-way ANOVA or
repeated measures. Related designs have advantages over independent because of
the more precise focus on effects without the interference of the variation between
groups.
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Part II

Applications

Part I provided an account of the nature of data and their collection and analysis by
a variety of methods. Part II builds upon this foundation with some applications.
These cannot be viewed as comprehensive as they include selected topics only.
Each chapter describes the nature of the data source and then outlines experimental
design approaches followed by a selection of analysis illustrations and summary
methods.

Presentation of all tests in detail with full statement of hypotheses, etc., is not
possible, but the first test in Chapter 8 is given as an example of the full procedure.
Beyond this, frequent reference to methods and fuller examples covered in previous
chapters is made.

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.



Chapter 8

Sensory and consumer data

8.1 Introduction

In this chapter, much of the basic statistical information of Part I is applied
to sensory and consumer data. The data sources have a number of features in
common which are considered together before examination of specific detail.

8.2 The quality and nature of sensory and consumer data

These data are generated by groups of people who are consumers, food company
staff or others recruited to participate in food trials for varying lengths of time.
Such participants are viewed in different ways depending on the application; if
they are assessing food samples then they can be referred to as judges, assessors or
panellists. The data from this type of source will provide sensory data by various
sensory evaluation tests. Within this type there is another division: data generated
by selected, trained panellists (BSI 1993) are viewed as trained panel sensory
data and that from consumers (untrained or lay respondents) as consumer sensory
data. This is similar in some respects to the two types of sensory evaluation
described by O’Mahony (1988). Separating the data sources in this way is by no
means clear-cut as many practitioners use consumer panels for tests that others
limit to trained panel work; some sensory tests (such as difference tests) are
commonly used by both forms of panel. Additionally, when time permits, training
consumers can also be incorporated in some experiments. There are a wide variety
of statistical applications to sensory data, with identification of product preference
and differences being common objectives.

The second main data form is that originating from consumers in surveys
where views and perceptions on food issues, concepts, etc., are recorded and these
are referred to as consumer survey data (Fig. 8.1). Here, the participants can

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.
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Fig. 8.1 Sensory and consumer data.

be viewed as respondents for general questionnaire trials or as subjects when
differing conditions are administered to groups, e.g. half of the subjects receive
brand details of products in the questionnaire and the other half do not.

Measurement systems based on human participants in the above formats result
in data that are ‘noisy’ in terms of error, when compared with instrumental data.
People are prone to a large number of physiological and psychological influences,
which affect their performance in such exercises. These are described in detail
in sensory texts (e.g. Stone and Sidel 1993), but they also affect performance of
consumers in surveys. Although both forms of data are subject to relatively large
error due to their origin, the extent of effects tends to be higher for consumer
sources. Additionally, consumer data (sensory and survey) have much more vari-
ability due to individual characteristics in terms of likes and dislikes, opinions,
beliefs, etc.

Trained panel sensory data suffer less from error due to the training and constant
monitoring procedures that are employed. Methods of evaluation of error sources
are an important application to these latter data. The error determination methods
in Section 3.4.3 are not used to the same extent, although this topic is of ongoing
interest in sensory methodology (Calviño et al. 2005).

Error appreciation, evaluation and control are crucial when one considers the
considerable investment made by food companies in sensory and consumer evalu-
ations, and the consequent critical nature of decisions based on the data. Accepting
the divisions above, there are three types of data that are relatively distinct in a
number of ways (Table 8.1).

Trained panel data have a lower subjectivity as their nature approaches objec-
tivity like an instrument, due to training and use of standards, etc. Again, this
separation based on error level is not sacrosanct – some research points towards
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Table 8.1 Sensory and consumer data: relative differences in nature.

Sources Subjective nature Error level Analysis methods

Trained panel sensory Low Low Parametric
Consumer sensory High High Parametric, non-parametric
Consumer survey High High Non-parametric, parametric

little difference – and consumer data should not be viewed as ‘inferior’ in this
respect.

8.3 Experimental design issues

Given the large number of possible sources of unwanted variation in such data
(sensory and consumer), scientists must use experimental design to combat them.
For experimentation with food units, all procedures in presentation of the sam-
ples must be controlled, in terms of unit size, shape, container, etc. The extent of
this does depend on the characteristics of individual foods. The use of specially
designed sensory booths is a feature of such control. These ensure minimisation
of distraction and provide a calm environment for the assessment. More advanced
versions include positive pressure conditions (to prevent ingress of foreign odours)
and computer control of test instructions and data collection to obviate the errors
that can occur during manual data collection. Variables such as order of presen-
tation can be randomised or balanced to overcome carry-over and ‘first sample’
effects. Designs based on the Williams Latin square meet this need (Wakeling
and MacFie 1995).

Related or independent designs are possible examining two or more samples.
When participants assess all samples, related tests are used with the randomised
complete block (RCB) being common. For consumer sensory trials, it is not usual
for repeat sessions to be held, but for trained panels this is the norm. In the latter
case, additional blocking can be used for repeat sessions. More specifics on design
types are given below and other examples are provided int Section 7.4.

8.4 Consumer data (sensory and survey)

8.4.1 Sampling issues

Food sampling for consumer sensory tests

Sampling for consumer testing involves both the consumers and any food sam-
ples to be assessed. When food samples are to be presented, a separate sampling
procedure is required for the food material. This is similar to the procedures
described in Chapter 2 for instrumental and sensory measures (also below), but
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much greater quantities are required as the consumer panel will be much larger
(typically, 100–500) than a sensory panel (8–12). Although recommended, repli-
cation of both sample and subsample (the determination or observation) is not
feasible with large consumer panels. Complication arises due to the large number
of subsamples required and sample amounts must take this into account (Section
2.3.2). Homogeneity between samples of the same material is important as well as
representativeness. The number of observations and the complexity of the task are
usually limited with consumer sensory evaluation (typically, six to eight subsam-
ples). This is restricted by fatigue factors, although some practitioners (Moskowitz
2003) argue that this can be exceeded when short recovery periods are included
within a trial. Usually, with consumer sensory tests such as hedonic rating the data
are analysed directly, with all values per sample included, unlike trained panellist
data that may be averaged first to give a panel mean. Measures of precision are
not possible without replication and all that can be calculated is the variability of
the whole consumer group. Often this is very high and %CVs of 50% or more
are common. Accuracy measures for hedonics are difficult, as this would require
a standard for affective measures (Gacula 2003) which to date has not been es-
tablished. The nearest would be a comparable rating for a current product that
was recognised as being ‘not liked’ or ‘well liked’, such as, in the latter case, a
brand leader.

Consumer sampling (sensory evaluation and survey)

Also of consideration is the sampling of consumers for sensory work and when
the intention is to gauge consumer population attitudes, opinions, beliefs, etc., in
surveys. Here, the sample units are the individual consumers. Selection can be
random, but more commonly, convenience methods are used in shopping malls,
etc. Sometimes both forms of test (sensory and survey) will take place and there
are a number of possible locations for the gathering of the data.

Consumer data come from tests and trials performed in a wide variety of settings
including in-house (food company), central location, shopping malls and home-
use. Control of experimentation does apply in some of the above, but home-use is
less controlled, although it has the advantage of being more realistic in reflection
of the real food consumption situation. There are arguments for less ‘laboratory’-
type control in consumer tests demarcating these methods from trained sensory
panels (Lawless and Claassen 1993).

8.4.2 Analysis of consumer sensory tests

The data are viewed as being more subjective and more ‘noisy’ in term of error
in nature compared with trained sensory panels and the focus is on tests of an
affective nature dealing with preference and acceptability. A number of possibil-
ities exist here and the food scientist will be familiar with these tests (Table 8.2)
or if not the reader can consult one of a number of texts such as Meilgaard
et al. (1991).
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Table 8.2 Consumer sensory tests.

Test Basic form/instruction

Preference tests
Paired Two samples – choose the one preferred
Ranking Three to six samples rank in order of preference

Acceptance
Hedonic Score on scale dislike to like degree

Diagnostic
Just right Select on scale for level of attribute relative to ideal

The data generated are in the form of incidence, ratings, scores, etc. Perhaps
the simplest sensory test is where two samples are compared for preference.

Analysis of preference tests

Paired preference test
How to analyse a paired preference test
In its basic form, the paired preference test gives the incidence or count of the
selections for two samples (A and B) by untrained consumers numbering 30 or
more (BSI 2005). A very simple results table is produced: number of consumers
choosing sample A and the number of consumers choosing sample B. The tests
can identify a difference in preference, but they cannot establish the magnitude
of difference.

There are several methods of analysis:

� Binomial test
� Binomial tables
� Chi-square test

For the example below, the binomial test, which is the commonest method,
is used. The basis of the test is described in Section 5.3.2. The number of trials
refers to the number of assessors or judges. The choice results in two groups: those
selecting A and B, respectively. One of these, the larger if there is predominance,
is designated as the number of agreements (referred to as successes for one-tailed
tests in Section 8.5).

The test statistic can be calculated from the binomial terms as described by
Bower (1996), but software is used here. Cumulative probabilities must be cal-
culated, i.e. all the events including and above the ones which qualify as an
‘agreement’ (or ‘success’).

In Excel, the BINOM.DIST() function (BINOMDIST() Excel 2003) is used. In
the basic form of the function, probabilities are calculated for exact numbers of
agreements (‘successes’ in Excel) and for ‘at most’ levels. To get the ‘number of
agreements (successes) or more’ format requires slight modification of the for-
mula. This can be done in a number of ways, but in the examples subtracting one
from the number of agreements gives the probability of getting ‘up to one less’
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than the number of agreements. This probability can then be subtracted from unity
to give ‘number of agreements or more’. The enumerated data are entered as the
number of judges selecting the higher or equal count minus one (Number_s-1),
and as the total number of Trials (number of judges). Probability_s is the chance
probability and ‘Cumulative’ is set to ‘TRUE’ so that individual terms are
summed. This gives the one-tailed probability of getting ‘more or equal than’
for one sample dominating the other, i.e. A > B. To get the two-tailed (A>B and
B>A), this probability is doubled (Box 8.1). This analysis is a significance test
and the hypothesis testing approach is assumed.

Box 8.1 Worked example of paired preference test.

Paired preference test
Objective: To establish whether two products differ in terms of preference
Question: ‘Is there a significant difference between A and B in terms of
preference?’
Experiment design: Paired design – 27 consumers presented with two
subsamples of two products A and B, in balanced presentation order, coded
with random three-digit numbers

Result: Sample Number preferring
A 20
B 7

Thus, there are 27 trials and 20 agreements
Statistical hypotheses:
H0 ProportionA = ProportionB (numbers preferring A = numbers
preferring B)
H1 ProportionA �= ProportionB (numbers preferring A or B are not equal;
two-tailed)
Significant level α: 5% (0.05)
Selection of test:
Level of measurement is nominal; discrete data (counts); number of groups =
2, independent. Therefore non-parametric test for two group proportions –
binomial test.
Calculation (Excel):
Probability (two-tailed) due to chance:
= (1 – BINOM.DISTa (number of agreements – 1, number of trials, 0.5,
True)) × 2
= (1 – BINOM.DIST (19, 27, 0.5, True)) × 2
p = 0.0096 × 2 = 0.0192 (p < 0.05)
Conclusion: H0 is rejected and H1 is accepted – there is a difference in
preference: product sample A is preferred over B.

aBINOMDIST() Excel 2003.
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Example 8.4-1 Analysis of paired preference test by binomial method
Initial prototypes (A and B) of a new product were examined by a small panel
of consumers for preference. A paired preference test was used. Twenty-seven
participants completed the test and 20 out of the 27 chose the A product sample.
Does this indicate preference of A over B?

The analysis of this test is presented in a full worked format (Box 8.1), illus-
trating aspects of sensory protocol and statistical significance testing.

The conclusion has found a significant difference in preference. Published tables
agree with this result, but they also show that if there was one less agreement then
the test would not be significant (p > 0.05). This underlies the nature of such
tests, which are affected by the number of trials and the proportion of agreements.
With ten trials, 90% or more agreements are required, whereas with 50 trials
approximately 60% give p < 0.05. Useful information can be gained by considering
‘close to significance’ results and ascertaining how many choice changes it would
take to ‘turn’ the results. The consequence lies in the power of the test. Tests with
small sample numbers (number of judges) with marginal numbers of agreements
will have lower power for a given difference than larger sample numbers (see
Section 4.2.2).

A confidence interval (CI) can be calculated for the results of the paired pref-
erence test (and for difference tests) using the formula given in Section 3.4.3
and Table 3.7 for proportions. This is based on the number of agreements. In
the example above, the sample size is small, but to illustrate the uncertainty, the
calculation was performed. The estimate of the proportion of consumers in the
population preferring sample A is 74% (20/27), thus 0.74 and 0.26 are substituted
in Table 3.7 for proportion yes and no, respectively. The 95% CI is 58–91% which
is very wide (±17%) and a larger sample size would narrow the CI. Thus, for
a similar exercise with 150 consumers, 111 agreed on A. This gives the same
average estimate, but the interval is 67–81% (±7%).

Published tables may be limited in terms of larger numbers of trials. Once the
number of trials gets larger (>50), the scatter of the other outcomes around the
50:50 division becomes more symmetrical and approximates a normal distribution
(Upton and Cook 2001) and probabilities can be calculated on the basis of an
approximation. This is not required by the Excel function, which can deal with
large numbers of trials, sufficient to cover the needs of most practitioners.

The chi-square test can also be used for this analysis using the procedure in
Chapter 5 (Table 5.3). The observed frequencies, 20 and 7, are entered and the
expected values are set to one half of the total count of 27 (13.5). It reaches a
similar conclusion in this case, but there are differences in that the chi-square in
its uncorrected form is more powerful (Section 5.3.1).

Preference ranking
How to analyse a sensory ranking test
Ranked data can be analysed using Friedman’s test (BSI 2006), although rank sum
tables (Section 5.4.4) are an alternative. A sample size of two is a special case of
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ranking and such a test can be analysed as a paired preference test above. Typically,
ranking will involve three to six samples. There is an example of Friedman’s test
on ranking data in Section 5.4.1 and another example of the test appears below on
hedonic data, including follow-up multiple comparisons.

Acceptance test – hedonic rating
Hedonic rating data can also be analysed using the Friedman’s test above. This is
still the case in some research reports, but due to the evidence concerning this scale,
it is treated as being interval (Section 2.2.3). This is assumed, but rarely checked, in
many publications. The example below includes checks and analysis by ANOVA.
Use of the hedonic rating scale in an acceptance test does not involve a ranking
procedure as such, but doubts may exist about its use in an interval manner. The
conservative approach is to treat the data as ordinal. Samples are assigned ratings
from a category scale with 5–9 anchors (Section 2.2.1), or using a line scale with
anchors on the extreme points and the central neutral point. Friedman’s analysis
converts the data to ranks. This is, of course, a loss of information and power and
is a consequence of opting for the conservative approach of a non-parametric test.

Example 8.4-2 Analysis of hedonic data by Friedman’s test
A hedonic rating test was carried out by a panel of assessors on three product
samples. The nine-point hedonic scale was used with category box anchors
(‘dislike extremely’ (1) to ‘like extremely’ (9)). Subsamples were presented to
ten participants in randomised order. The objective was to answer the question:
‘Is there a significant difference in liking?’

The design used is an RCB with three product samples and ten assessors (blocks).
For this test, the null hypothesis is that all three medians are the same, the alternative
is that at least two differ. The data are entered in columns in Minitab and analysed
using Friedman’s test (Table 8.3).

The p-value is less than 0.05, thus H0 is rejected and H1 accepted – there is a
difference in liking.

Subsequent to a significant result by ANOVA, a pair-wise comparison must be
done to identify where the differences are located. As seen in the table the highest
rank (most liked in this case) is sample 3 (c) – but is this significantly different
from all the others? Or just one? A paired comparison procedure is required as
explained in Section 5.5. For Friedman’s test, there are several possibilities, but
the recommended one is given in BS ISO (2006) (Section 5.4.3). Others include
more the conservative sign test and Wilcoxon’s test. These latter tests, along with
the more powerful t-test, were performed by Minitab (Table 8.4).

As seen, the sign test (least powerful) cannot locate any significant differences,
but Wilcoxon’s test locates two. However, if a Bonferroni adjustment (Table 5.16)
is made to the probability value for the multiple testing as 0.05/3 = 0.017, then
there is but one significant difference – sample b versus sample c. Megastat for
Excel gives similar results to Minitab, but the multiple comparison tests did not
detect any significant differences as with use of the sign test above.
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Table 8.3 Hedonic rating test (Minitab).

Sample

Assessor a b c

1 5 1 5
2 3 6 9
3 6 4 8
4 5 4 7
5 4 4 4
6 6 4 8
7 4 5 6
8 6 5 5
9 5 2 6

10 2 6 5

Friedman test of rating by sample blocked by consumer
S = 5.85, df = 2, p = 0.054

S = 6.88, df = 2, p = 0.032 (adjusted for ties)

Estimated Sum of
Sample N median ranks

1(a) 10 4.500 18.5
2(b) 10 3.500 15.5
3(c) 10 6.500 26.0

Grand median = 4.833

Hedonic rating treated as interval data (RCB design)

Checking of the hedonic data above with Excel using the procedures detailed in
Sections 3.5 and 5.5 (not shown here) revealed non-zero, but acceptable values for
skew and kurtosis. Histograms, normal plot and the Ryan–Joiner test (Minitab)
show that the distribution of the sample data is skew for all, but n-plots and

Table 8.4 Pair-wise comparisons after a significant Friedman’s ANOVA (Minitab).

Sign test of median = 0.00000 versus N.E. 0.00000
N Below Equal Above p-value Median

Sign a:b 10 3 1 6 0.5078 1.000
Sign a:c 10 7 2 1 0.0703 –2.000
Sign b:c 10 7 2 1 0.0703 –3.000

N for Wilcoxon Estimated
N Test Statistic p-value median

Sign a:b 10 9 28.0 0.554 0.5000
Sign a:c 10 8 1.5 0.025 –1.500
Sign b:c 10 8 1.5 0.025 –2.000

1 sample t on signs
N Mean sd se mean T p-value

Sign a:b 10 0.500 2.550 0.806 0.62 0.55
Sign a:c 10 –1.700 1.947 0.616 –2.76 0.022
Sign b:c 10 –2.200 1.989 0.629 –3.50 0.0068
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Table 8.5 Analysis of variance on hedonic rating data (Excel).

ANOVA: Two-factor without replication

Summary Count Sum Average Variance

Sample a 10 46 4.6 1.82
Sample b 10 41 4.1 2.54
Sample c 10 63 6.3 2.68

ANOVA

Source of variation SS df MS F p-value F-critical

Rows 20.67 9 2.30 0.97 0.50 2.46
Columns 26.60 2 13.30 5.60 0.01 3.55
Error 42.73 18 2.37
Total 90 29

the significance test are acceptable. If an assumption is made that these slight
deviations from normal are acceptable then a parametric analysis can be proceed.

This analysis was performed by Excel using the Anova: Two-Factor Without
Replication option in the Data Analysis Tools menu. Excel does not give an
RCB design directly, but this is the equivalent. The data are analysed in columns
as above (Table 8.3) with the samples as columns and the rows as assessor blocks.
The complete set of data, including labels and the assessor column, is entered into
Excel as the Input Range.

In the output (Table 8.5), there is significance for the sample effect as the p-value
for the ‘Columns’ F ratio is 0.01. Thus, at least two samples differ in degree of
liking (similar results were found using Minitab and Megastat). In this analysis,
the assessor blocks (rows) have not exerted a significant effect (see below).

Follow-up t-tests with alpha specified as 0.017 (Bonferroni adjustment) with
Excel (not shown here) give a significant difference for samples b and c. Further
analysis in Minitab using one-way ANOVA with multiple comparisons gives two
significances for Fisher’s least significant difference, but Tukey’s test gives one,
as above (see Section 5.5.2 for details of how to perform ANOVA and multiple
comparisons with Excel and Minitab). Megastat provides a randomised block
ANOVA option with Tukey and t-tests for multiple comparison – these also give
the same results as Minitab. Essentially, in this example, the non-parametric and
parametric tests have given similar results.

Just-about-right tests

Just-about-right (JAR) scales (Section 2.2.1) are a type of attribute diagnosis tool.
They can be constructed with line scales, but three or more category boxes are
more usual (usually of the style ‘too low’, ‘slightly low’, ‘just right’, ‘slightly
high’ and ‘too high’). They cannot be assumed normal and continuous and should
initially be examined by graphical means (Lawless and Heymann 1998). Analysis
can be done simply by frequencies or percentages of the choices. It is possible
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to use chi-square methods for the proportional responses for each category by
sample in a contingency table (Bi 2006), where the data are viewed as ‘ordered
categories’. This demands that there is a different consumer group for each product.
When consumers assess all samples, then the cell counts are not independent,
and individual chi-square tests must be used for each sample. These can then
be compared with a separate independent set of standard proportions based on
existing brands, etc. (Meilgaard et al. 1991). Another way is to ‘fold-over’ the
upper part of the scale so that the ideal point is the maximum. This makes it more
convenient for interpretation and for comparison with degree of liking data (Bower
and Boyd 2003), but loses some information.

Example 8.4-3 Analysis of JAR data
A series of JAR tests was carried out on four biscuit products by 60 consumers as
part of a product development study. The attribute ‘crunchiness’ was considered
particularly important for acceptability. One of the objectives was to identify
a suitable level (i.e. ideal) of ‘crunchiness’ that would be a characteristic to
incorporate in future new products. Samples of the products were rated on a
five-point JAR scale.

The first stage in analysis of these data was to calculate the frequencies of each
JAR category for each product. This can be done by Excel (Example 3.2-1) or
more conveniently by Minitab using the Stat>Tables>Tally function set to count.
The data were arranged in columns according to the choices of 60 consumers and
summarised (Minitab), then a series of individual chi-square analysis was carried
out on the data for each product. This is possible using Minitab or Excel (Example
5.3-1). The latter method was used (Excel) by extension of Table 5.3 (five rows in
total; all expected frequencies = 12; Table 8.6).

The chi-square statistics are very large and highly significant (p < 0.001) due
to the presence of some high and very low counts for some of the frequencies,

Table 8.6 Analysis of JAR scale (Minitab and Excel).

Sample

1 2 3 4 All

Too low 1 2 2 8 14 26
Slightly low 2 2 20 30 24 76
Just right 3 10 32 16 18 76
Slightly high 4 20 4 2 2 28
Too high 5 26 2 4 2 34

All 60 60 60 60 240
Chi-square test (Excel):

s1 s2 s3 s4
Chi 38.67 60.67 43.33 32.00
df 4 4 4 4
p-value two-tailed 0.000 0.000 0.000 0.000
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Fig. 8.2 Stacked histogram with sample by JAR rating (Minitab).

so there is a large effect. The data have also been graphed (Fig. 8.2) in a stacked
chart in the form of a histogram. The responses show that sample 1 has re-
ceived more of the ‘too crunchy’ category, and sample 2 the most of ‘just right’.
Based on these samples, the product with the ‘ideal’ degree of ‘crunchiness’ is
number 2.

JAR scale data can be analysed by a variety of other methods as described
by Lesniauskas and Carr (2004) and other authors, and more recently by Gacula
et al. (2008). These methods include conversion of the data to percentages of
consumers who express an attribute as ‘just right’ (ideal) and ‘not just right’.
Thus, in Table 8.6, 10 out of 60 or approximately 17% of the consumer panel
found that the ‘crunchiness’ of sample 1 was ‘just right’. For large samples of
consumers, the central limit theorem allows these percentages to be analysed by
parametric ANOVA to determine differences in the ideal totals across different
products. ‘Just right’ responses are coded as ‘1’ and ‘not just right’ as ‘0’. The
columns of this ‘incidence metric’ for each sample can be compared by one-way
ANOVA.

Another possibility is that the number of assessors on either side of the ideal
point can be compared using a binomial test (Section 8.5.5) to decide if one
non-ideal condition is significantly (p-value for sample is <0.05) prevalent over
the other. This information guides decisions by the product developer on how to
modify the product attribute(s).

Scales similar to Likert items such as ‘level of importance’ and ‘purchase intent’
(Section 2.2) are often a focus of consumer surveys and research. They can be
treated in a similar manner to the JAR analysis and reported as frequencies.

Balanced incomplete block design

An important application in sensory assessment of food is the use of balanced
incomplete blocks (BICB; Section 7.4.4). One application of the BICB design
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Table 8.7 Balanced incomplete block structure, data and analysis (SPSS).

Sample

Consumer 1 2 3 4 5

1 2 5 — — —
2 — 1 5 — —
3 — — 3 — 6
4 4 — 5 — —
5 — 2 — 8 —
6 2 — — 7 —
7 — 3 — — 4
8 4 — — — 3
9 — — 3 9 —

10 — — — 7 5
Mean (adjusted) 2.9 2.5 3.7 8.3 5.1

Dependent variable: hedonic

Sum of Mean
Source squares df square F Significance

Total 478.000 14
Consumer 7.500 9 0.833 0.278 0.958
Sample 55.000 4 13.750 4.583 0.049
Error 18.000 6 3.000
Total 496.000 20

could be for ‘fiery’ and ‘frosty’ foods as described by Allison and Work (2004).
An example details an experiment where five samples were assessed, but due to
their extremely strong flavour, assessors could tackle only two. As the assessors
(consumers) were available for a single session only, a BICB design was used
(Cochran and Cox 1957). It should be noted that unlike an RCB design, the
number of assessors is fixed once the number of treatments and replications are
decided (Gacula and Singh 1984). The example (Table 8.7) is one of the simpler
BICB designs and it is chosen with the maximum reduction in the number of
‘tastings’ (i.e. the minimum is two).

The adjusted mean values for the samples show large differences. The ANOVA
is significant (p-value for sample is <0.05), thus multiple comparisons can be
performed. Tukey’s test gives significance for sample 4 compared with 1 and 2,
whereas the least significant difference test finds these plus an additional one be-
tween 1 and 4. If the full ‘multiple testing rule’ is employed by using the Bonferroni
test then none of the comparisons are significant! This is equivalent to specifying
the significance level for ten comparisons (=0.05/10 = 0.005). Differences of the
above nature with a full block design would be more convincingly significant. Part
of the difficulty is that, for the example, the number of assessors is small (10)
and the p-value is just significant (p = 0.049). As consumers were involved more
would usually be available, and in such a case, the BICB structure above could be
repeated to suit.
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8.4.3 Analysis of consumer survey data

Questionnaires for testing of consumer food habits, views and opinions can include
a wide variety of levels of measurement and scale forms. A few of the many
possibilities, and data of interest in research, are listed below:

� Types, forms, brands of food commodities and food products consumed
� Frequency of consumption
� Views, opinions, attitudes, beliefs on food issues, concepts, etc.
� Food-purchasing habits and intentions
� Tests of food knowledge and awareness
� Rating of factors important in food choice
� Reasons for likes and dislikes
� Demographic questions of importance in food habits

Statistical analysis can employ many of the methods covered in previous chap-
ters. Only a selection of examples is given on the basis of typical questions for
different levels of measurement, with reference to previous sections for the method.

Nominal data questions

Survey questions of the type with a nominal reply can be analysed by:

� Frequency summary by table or chart (Section 3.2)
� Proportional significance (Section 5.3)

These methods apply to both dichotomous and multiple-choice questions. Pool-
ing of responses into a smaller number of categories and reduction of higher levels
of measurement (to give a more robust measure) are also possible in some cases.

Ordinal data questions

These include ranking tests and arbitrary scales on views and opinions, such as
‘importance’. These data can be summarised by calculation of a summary value
(median) for comparison with other measures, plus a display of the frequency
for each point on the scale when it is in the form of a category scale. In related
designs, Friedman’s test can be used as indicated above. Scales similar to JAR,
e.g. ‘purchase intent’, where there is more emphasis on the categories and there
are doubts about the continuity of the scale, should be analysed as per the JAR
data above.

Likert scales and items
Likert items and scales are very common in consumer surveys for eliciting opinions
on statements concerning food and nutrition. Individual items can be viewed in
the above manner as ordered categories and analysed in a similar manner by a
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frequency count and chi-square. When a multi-component Likert scale is used to
give a summated score or average, the data are more continuous and parametric
analysis is possible. Thus, the following statements (s1–s5) could be rated together
as a full Likert scale (level of agreement) or treated as individual items:

s1 : ‘I would buy this product on a regular basis’
s2: ‘This product represents value for money’
s3: ‘This product would be suitable as an inexpensive snack’
s4: ‘I would buy more than one item of this product’
s5: ‘This product would be at the top of my snack list’

Taken together, all the statements are measuring the same underlying concept
or construct – the commitment to purchase. Consumers who score high on each
item are more likely to buy. Data generated by the above questions can be analysed
in a number of ways:

� Expression of the average values of the construct in the sample
� Comparison of the average scores obtained by subgroups
� Correlation analysis on the scores for checks on reliability and validity

Analysis of Likert data was illustrated in Section 5.4.2. Individual items can be
analysed as per the JAR scale example above and the other forms of analysis are
discussed below.

Metric data questions

Survey questions on variables attaining interval and ratio status can receive treat-
ment by ANOVA and regression analysis. This may be preceded by division of
the sample into smaller parts or subgroups, often a main objective in consumer
surveys.

Subgroup analysis
Analysis by subgroups contained in the consumer sample can be done in a number
of ways. One is by comparisons of choices or ratings according to gender, age,
socioeconomic group, etc. These characteristics have been shown to influence food
habits, such as choice of ‘healthy’ foods, etc. In addition, consumers of different
gender and age group can occupy distinct market groups for certain products.

Another way is to create subgroups based on a feature of interest such as
‘educational level’ or ‘nutritional knowledge’ or ‘environmental awareness’. The
division of the whole sample into two or more groups is achieved via a particular
set of questions(s) that measure or at least record the respondents’ status with
respect to the feature of interest.

For example, consumers could select their ‘educational level’ from a nominal
list. A more detailed example could be a set of five questions to test their level



196 Statistical Methods for Food Science

of awareness of ‘environmental issues’ related to foods. For nominal data, the
subgroups can be created on the basis of two or more levels of education, e.g.
‘school diploma’, ‘degree’ and ‘higher degree’. With features measured on ordinal
or higher scales then measures of location such as the median and quartiles can
be used to divide the sample into two or more subgroups. The median-split is
the simplest way of doing this – the median is calculated, then two subgroups
arise – one below the median (the ‘low’ group) and the other above (the ‘high’
group). Consumer respondents with values at the median can be analysed as a
third group if numbers are comparable with the low and high groups, otherwise
they are considered ‘middle of the road’ in attitude and are not compared. The
median-split with two subgroups will usually be more effective at revealing any
possible difference than comparing several groups.

All the above subgroups are independent, and thus, independent group tests are
required for testing of differences in further measures of interest. Thus, taking
the example above, assume that a median-split on ‘environmental awareness’ was
used to create two subgroups: ‘low awareness’ and ‘high awareness’. Another
question measured the ‘acceptance of animal foods’ on a scale. The groups could
be compared using a Mann–Whitney U test (ordinal; Section 5.4.3) or an inde-
pendent t-test (metric; Section 5.5.1) to test the research hypothesis that ‘high
environmental awareness prompts low acceptance of animal foods’.

A common subgroup comparison is that of gender. For instance, a consumer
researcher poses the question ‘does purchase intention for a new “teen” soft drink
vary according to gender?’ The null hypothesis is that males and females do not
differ in their intention to purchase and the alternative is that they do. A purchase
intent scale of a more continuous nature is used: five categories from ‘will not
buy, might buy, probably buy, buy and definitely buy’. Assuming that this scale
is ordinal then an appropriate non-parametric test with two independent samples
is the Mann–Whitney U test. A sample of 50 males and 50 females of ages 15–
18 years are surveyed and asked to rate purchase intention for the declared new
beverage. The median values are 3 and 2, respectively, for male and female. The
test gives a p-value of 0.75. The null hypothesis is retained – there is no difference
in purchase intention between male and female teenagers for the proposed new
drink.

Comparison with published consumer characteristic
Consumer surveys are performed regularly on food consumption habits so there
are likely to be published figures available. As habits change and new influences
appear, researchers often wish to compare the existing figures with new survey
data.

One such consumer survey was interested in confectionery consumption. An
official diet report (year 2005) on ‘food facts’ stated that on average, people in
the country consumed the equivalent of twelve 50 g bars of chocolate in a year.
The new survey included a question on this point so that the published value
could be compared with new (2007) test data to establish whether or not the
situation had changed. Thus, ‘do people currently consume a different amount
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of chocolate (bars) compared with the national average for the year 2005?’
The researchers argued logically that on the basis of increasing leisure time and
increased obesity levels chocolate consumption might be higher. Countered against
this was the level of increased nutritional awareness, which could have a lowering
effect. They took the conservative view and posed the research hypothesis: ‘People
currently consume a different amount of chocolate that the national average for
the year 2005’. Null and alternative hypotheses were stated on this basis and
data were gathered from 110 consumers in a quota sample similar to that of the
previous research. The previous population average chocolate consumption was
the equivalent of 12 bars. The new data enumerated to 14 bars. As the scale is
ratio, a one-sample t-test (Section 5.5.1) was used to compare the test sample
mean against the published mean to see if there was a significant difference. On
analysis, the difference was significant (p = 0.007) and the null hypothesis was
rejected – there was a small, but significant increase in chocolate consumption.

Consumer survey checks on reliability and validity

Survey questionnaires often include checks on the instruments used to gather
data. Some mention of these was given in Section 6.3 and correlation analysis
is a feature of such procedures. Internal reliability is analysed by examining the
correlation between the items in a survey instrument. Taking the example of the
Likert scale (five items) above, correlation analysis of 145 consumer ratings for
these items produced Table 8.8.

This analysis is accessed in Excel via the Toolpak version of correlation in the
Data Analysis menu. It allows data from two or more variables to be analysed for
inter-correlation. In this case, data for five variables (items s1 – s5) were entered as
a block of 5 columns by 145 rows. Each item has a positive correlation with each
other item. Coefficients are significant (p < 0.05; analysis not shown), although the
magnitudes vary. On this basis, the Likert scale construct has internal reliability
or consistency. More comprehensive measures are available for this aspect of
reliability such as Cronbach’s alpha (available with some software packages)
that produces a single overall value. Coefficients above 0.7 are interpreted as a
satisfactory level of internal consistency, although any above 0.5 can qualify. The
above data are well within this as the coefficient for Cronbach’s alpha is 0.90
(SPSS).

Table 8.8 Inter-correlation between Likert items (Excel).

s1 s2 s3 s4 s5

s1 1
s2 0.82 1
s3 0.68 0.66 1
s4 0.58 0.54 0.57 1
s5 0.54 0.70 0.61 0.81 1
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Fig. 8.3 Scatter plot of test–retest survey (Excel).

One month later, the survey was delivered again to the same respondents, but
return was lower than the original count (n = 86). The average scores for the
construct for each month were plotted in a scatter graph (Fig. 8.3).

This shows evidence of a positive relationship. The test–retest reliability coef-
ficient (calculated by the formulae in Table 6.2) is 0.72 (p < 0.001) that is highly
significant. Thus, the instrument can be viewed as reliable in that a similar result
was obtained when it was repeated.

Other checks include the ability of the survey instrument to distinguish con-
sumers with various traits. To illustrate this form of analysis, a follow-up study
examined actual purchase of the product type after a period. Based on these data
and the previous commitment to buy scale, the researchers wished to know if the
construct showed predictive validity, by its ability to classify ‘low’ and ‘high’ ‘pur-
chasers’ correctly. To calculate this form of validity, both the original ‘purchase
commitment’ score and the current ‘actual purchase level’ were divided into two
categories (median-split) as ‘low’ and ‘high’ groups. These were then compared
using a crosstabulation analysis as described in Table 6.1.

The analysis (Table 8.9) shows that the original construct has predictive va-
lidity in that those consumers identified as ‘low purchase commitment’ had low
incidence in the new measure of actual purchases (p < 0.05). ‘Actual purchase’
is not independent – it depends on which group the consumers were in, based
on the original ‘commitment’ measure. Therefore, the construct has predictive
ability in that it could be used to predict future sales. Validity can also be cal-
culated using correlation coefficients – ‘low-commitment’ consumers would be
expected to show a negative relationship with actual scales and vice versa for ‘high
commitment’.

Similar analyses to the above appear in consumer research reports. Tepper et al.
(1997) used reliability and validity checks on a ‘restrained eating questionnaire’.
The researchers developed a shorter version of the original, established question-
naire instrument. The test–retest reliability was significant and the new version
was able to classify 274 consumers as having ‘low’ or ‘high restraint’, with a ‘90%
success’.
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Table 8.9 Association analysis as a predictive validity
check (Minitab).

Crosstabulation with chi-square

Data
Purcom. Puract. Freq

1(lo) 1(lo) 25
1(lo) 2(hi) 13
2(hi) 1(lo) 15
2 (hi) 2(hi) 23

Rows: purcom Columns: puract
1 2 All

1 25 13 38
2 15 23 38
All 40 36 76

Chi-square = 5.278 with df = 1
Cell contents – count
MTB >

MTB > CDF 5.278;
SUBC > Chi-square 1.
5.2780 0.9784 0.022

Eertmans et al. (2006) reported on a previous work where a satisfactory test–
retest reliability analysis for the ‘food choice questionnaire’ was performed over
2- and 3-week periods. Coefficients were relatively high (>0.7) with a sample of
358 consumers (r = 0.71, 0.83, respectively).

8.5 Trained panel sensory data

Data generated by trained panels are usually more objective. Here, the measure-
ment system consists of a small group of selected, trained participants. In this
sense, they can be viewed as an objective ‘instrument’. Generally, data are more
valid and reliable. For some tests, levels of measurement become more interval in
nature and distributions more normal. Ultimately, the quality of data can become
sufficiently high to warrant accreditation of sensory laboratories just as with other
testing laboratories (EAL 1995; Elortondo et al. 2007).

Data comprise two main types – those from difference tests and those from
descriptive analysis methods. With the former, product differences and simi-
larity are the focus. In the latter, average values and descriptive statistics for
product differences are more common objectives, but the data can also provide
diagnostic information on panel and panellist performance and other measures
of data quality. Some of these features are described by Wolters and Allchurch
(1994), who give a summary list of criteria for panel performance, including
reliability over replications, convergence (validity) and concordance between
panellists, etc.
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8.5.1 Samples for sensory assessment by trained panels

The assessors themselves are selected by a screening process and not by a sampling
procedure, per se.1 Thus, the samples referred to here are the food materials. The
panel will require enough of the food material for the sensory test and it is subject
to the sample selection procedures described above for consumer sensory samples
(Section 8.4.1).

In this situation, the sample unit will have to be divided up into smaller portions,
one or more per panellist, thus giving many more observations. Ultimately, for
intensity-scaling tests, the scores are averaged to give a single result for the samples
(the panel mean) before further analysis.

With trained assessors, replication is more likely. The term ‘replicate’ refers
to a repeat determination by the same assessor on two or more unique sample
units. The arguments above regarding numbers of end determinations apply to
sensory determination also. In the sensory situation, more replicates mean more
‘load’ on the panellists and higher risk of sensory fatigue. However, just as with
instrumental data, single determinations cannot detect error. In addition, several
checks on panellist performance rely on at least duplicate determinations being
performed.

Numbers of replicates can be approximately four to six for routine profiling
work and ten or more during training with difference tests (Stone and Sidel 1993).
Blocking of sessions can be used to spread out this load (Section 7.3.1). This
has the advantage that replicates are not viewed together, thus reducing bias and
improving independence of repeat measures.

8.5.2 Quality of trained panel sensory data

Precision

For metric data in descriptive tests, precision (consistency) can be calculated by
use of standard deviations and %CV provided that a measure is repeated. Values
will usually be larger than instrumental measures and %CVs can be of the order
of 5–10% (panel and panellist) depending on the extent of training. CIs can be
calculated and the CI width can be used as an indicator of precision and uncertainty.
The width of the interval does depend on how replicates are treated in the analysis.
Using different panellists as replicates gives narrow interval widths as they are
likely to be more numerous than true replicates, e.g. a CI based on n = 10 (panellist)
will usually be narrower than one based on two replicates (n = 2). BSI (1993)
describes a more comprehensive consistency check for selected panellists on the
basis of scoring intensities of an attribute for six samples in triplicate. In the BSI
test, the value of interest is the error variation calculated as the residual standard

1 This is one of the arguments put forward by practitioners who are of the view that trained panellists
should be treated as a fixed effect for analysis. Despite this, most sensory scientists tend to take the
opposite view (random effect).
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deviation, which is assessed by ANOVA. An example of this type of analysis is
detailed below.

Accuracy

Specific accuracy measures are possible only when some estimate of the true mea-
sure is known, e.g. as when trained panels score intensities of standard reference
samples with known concentrations of compounds that affect sensory properties.
There may be some certified standards available, e.g. colour plates. Standard sen-
sory scales are available, but are likely to be more variable. These include the
‘food-hardness scale’ (Muñoz 1986) and ‘spectrum scales’, with reference scores
(Meilgaard et al. 1991). Such calibration tools can also include one or more food
samples of known chemical concentration, which will produce a range of sensory
stimuli on the scale (Ishii and O’Mahony 1991).

Ultimately, descriptive tests produce some summary measure and CIs can be
calculated, although this is not often reported in publications. When CIs are calcu-
lated they indicate, in addition to precision, the degree of uncertainty, in that they
give a probability of repeated similar samples producing an interval containing
the true value. Narrow intervals indicate less uncertainty.

Accuracy is of use for monitoring trained sensory panel performance in this
way using reference samples, and in other tests such as ranking of intensities in
the correct order. Accuracy in the qualitative sense for descriptive sensory tests is
measured by the comprehensiveness of profile measures – does the profile include
all the pertinent characteristics of the product? For instance, does the attribute
‘rancidity’ really measure what was intended? This is more difficult to gauge,
although the sensory scientist can consult previous work on similar products for
comparison and can use chemical and physical standards to ‘fine-tune’ definitions.

Accuracy can also be judged in difference tests when the result can be pre-
dicted, i.e. a true or ‘correct’ result is known, as when comparing samples with
a known formulation difference. The level of accuracy can be judged on the ba-
sis of the number of correct responses on repeated testing. Some sensory texts
give guidance on this with levels of approximately 50–75% quoted. Such figures
will depend on the difficulty of the test and as yet there does not appear to be a
standard test, although there are several ‘selection criteria’ tests described (e.g.
BSI 1993).

8.5.3 Sources and test types

A wide variety of procedures and tests are currently in operation worldwide for
sensory testing food by trained panels. These tests are applied in quality con-
trol, product development and sensory research work. The data produced range
from simple univariate values to large databanks of multivariate values. Univari-
ate and some bivariate application are dealt with in this chapter. Multivariate
methods are dealt with in Chapter 12. Most, if not all, trained panel work is
laboratory-based under controlled conditions. A selection of test types is listed in
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Table 8.10 Sensory tests, data types and level of measurement.

Test Data Level of measurement

Difference Univariate counts Nominal

Descriptive Univariate/multivariate scores Ordinal/interval

Magnitude estimation Univariate score relative to reference Ratio

Time intensity Univariate score over time Interval/ratio

Psychophysical Score intensities over controlled stimuli, e.g.
(just-noticeable-difference)

Ratio

Table 8.10, but it is not possible to include examples of all the methods in this
chapter.

The objective of the analysis must be borne in mind when selecting some of the
above tests as analysis can be applied to panel and panellist performance checks
as well as to difference in products, etc.

8.5.4 Experimental design issues

In addition to the general points applicable to both consumer and trained panel
experiments, a feature of the latter for descriptive analysis tests is designs to enable
assessment not just of product differences, but assessor affects and interactions
of assessor by sample, carry-over effects, etc. Such designs are basically factorial
in nature, and demand increased replication in relation to the number of factors
included. Analysis methods are based on parametric ANOVA.

Lea et al. (1998) give a detailed discourse on the application of ANOVA in treat-
ment of sensory descriptive data. They describe a variety of replication structures
that result in different error terms for significance assessment. They recommend
at least three full replications where a single large lot of the food material supplies
all assessors, where individual units can be given to each assessor then at least
two units per assessor is appropriate. These authors also view selected trained
assessors as a random effect (as appears to be the opinion of most sensory prac-
titioners). Steinsholt (1998) discusses this issue and the case for the fixed effect
viewpoint. He argues for use of the split plot design in analysis of panel data and
explains how different conclusions can be reached depending on these differing
approaches. Use of random effect factors requires software that can accommodate
such terms (basic Excel cannot, but some forms of Minitab can; it is also possible
to manipulate the error term in Excel ANOVA to achieve the necessary analysis).

Research experiments may concentrate on such effects, but ultimately, the main
focus for other practitioners is the product or treatment effect. Again, randomised
block structures are common along with repeated measures designs.

The other main types of tests used by trained panels are difference or discrimina-
tion tests. These can be of the paired design type as described above for consumer
panels.
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Table 8.11 Chance probability of some common difference tests and minimum
numbers (one-tailed) for significance (5% level) with 12 trials.

Test Chance probability (%) Number trials Number for significance

Paired 50 12 10
Duo/Trio 50 12 10
Triangle 33 12 8
‘2 out of 5’ 10 12 4

8.5.5 Analysis of trained panel sensory tests

Discrimination tests (difference testing)

How to analyse difference tests
Difference tests produce counts of occurrences. Assessors make choices and these
are enumerated. These data can be analysed by the binomial method or the chi-
square test as described above for the paired preference test (Box 8.1).

For some tests there is a ‘correct’ result in that the panel organiser knows
in advance that there is a real difference present, e.g. as when one sample has
more of an ingredient than the other. In such tests, the outcome can be predicted
if the null hypothesis is false, and therefore, they are directional (one-tailed).
Correct results are expressed as the number of ‘successes’. Some important dif-
ferences arise in respect of the chance probabilities. This can give significant
(non-chance) results with smaller panel sizes, at the expense of a more com-
plex test. Thus, the well-known triangle test has a chance probability of 33%
(Table 8.11).

All these tests can be analysed by binomial probabilities (Table 8.12) where
for one-tailed tests the number of successes are used and for two-tailed tests the
number of agreements.

The chi-square test can also be used (Table 5.3; test of proportions) by entering
the frequency counts of the outcome of the test. Chi-square is more powerful and

Table 8.12 Binomial formulae for difference test analysis using Excel.

Test H1 Binomial Formula (Excel)

Paired difference Two-tailed = (1- (BINOM.DISTa (Number of successes-1, number of trials, 0.5, True)) ∗ 2

Paired difference
(directional)

One-tailed = 1- (BINOM.DIST (Number of successes-1, number of trials, 0.5, True)

Paired difference
(preference)

Two-tailed = (1- (BINOM.DIST (Number of agreements-1, number of trials, 0.5, True)) ∗ 2

Duo-Trio One-tailed = 1- BINOM.DIST (Number of successes-1, number of trials, 0.5, True)

Triangle One-tailed = 1- BINOM.DIST (Number of successes-1, number of trials, 1/3, True)

‘2 out of 5’ One-tailed = 1- BINOM.DIST (Number of successes-1, number of trials, 0.1, True)

aBINOMDIST() Excel 2003.
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gives slightly lower (more significant) p-values.2 To illustrate one of the above
formulae, the triangle test in its basic form is used below.

How to analyse a triangle test

Example 8.5-1 Analysis of a triangle test by the binomial method
A laboratory-based sensory experiment with trained assessors compared two
products (A and B) for evidence of a difference. Coded samples (A, B) were
presented in balanced order, for a triangle test (where A is the odd sample) to
15 assessors. Eight chose A as the odd sample and seven chose B. On the basis
of these data, do the products differ?

The objective was to establish whether or not two products, A and B, differ.
The null hypothesis is that the proportion of assessors choosing A equals the
proportion choosing B. The alternative is that proportion choosing A (the correct
one) is greater than the proportion choosing B (one-tailed α = 5%). These data
were entered into the Excel function (Table 8.12) and a p-value of 0.088 was
obtained (not significant): 1- BINOM.DIST (8-1, 15, 1/3, TRUE) = 0.088.

The conclusion is that H0 is retained: there is not enough evidence for a differ-
ence between the samples. (NB: This should not be interpreted as ‘proof’ that the
samples are the same.)

Results for the other difference tests are calculated in similar manner using the
binomial formulae. The A not A test and the same–different test are analysed using
chi-square (see below). CIs can be calculated for difference tests as described by
Smith (1981) on the basis of the normal approximation (see Section 8.4.2 for
paired preference). Macrae (1995) gives more advanced procedures.

The power of the above paired and triangle tests has been shown to be lower than
other equivalents due to various factors such as not specifying the nature of the
difference (Ennis 1990). Forms of the test that do specify this have the same choice
probabilities, but have higher power. They are referred to as m-alternative forced
choice procedures. An attribute is specified as the criterion for difference detection
(Bi 2006). Thus, the 2-AFC is a directional paired difference test, e.g. which of the
two samples is sweeter? Rather than ‘are the two samples the same or different?’
The 3-AFC is performed as for the triangle test, but specifies an attribute; e.g.
there are three samples, two are the same, one is different in saltiness–identify the
one which is more ‘salty’.

Similarity testing

In some circumstances, the sensory practitioner may wish to establish whether two
products are the same or not. This can occur when a formulation requires a slight

2 Expected frequencies are 50:50 for paired tests, 1/3:2/3; for the triangle test and 10:90 for ‘two out
of five’; the chi-square probability must be adjusted to one-tailed by halving the two-tailed value.
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change in an ingredient. The manufacturer does not want consumers to notice the
change and ideally a test that concludes ‘no difference’ is required.

At first sight, the logical route would be to use a difference test, but this is
not so. These tests can tell the sensory scientist that products exhibit a difference
as specified by the alternative hypothesis, which applies if the null hypothesis is
rejected. If the null is retained, this does not mean that products do not differ (i.e.
the null is not proved by non-significance – rather there is not enough evident to
reject it) (see Section 4.2.2).

If the scientist wishes to establish that this latter situation is present then a
variation called similarity testing can be used. The basis of this type of testing
requires examination of the alpha and beta risks; with the usual discrimination
tests, the alpha risk is protected by the level of significance – the chance of
declaring a false difference is alpha. In the case of similarity tests, the beta risk
is of more interest – the analysis must ensure that the chance of missing a true
difference must be kept low. This probability depends on a number of factors as
discussed in Section 4.2.2.

One factor is the size of the difference present. This can be visualised in more
than one way in the context of a sensory trial. In similarity testing, the difference
is viewed as the degree above chance probability. Thus, a 50% detection above the
chance probability would mean a large difference and 25% above would indicate
a smaller difference, etc. (these values are based roughly on the publications of
Schlich (1993) and Lawless and Heymann (1998)). The concept can be restated
as the number or proportion of assessors (trained or consumer) likely to detect
the difference if it is present. Ideally, the manufacturer would wish this to be 0%,
but it should be remembered that in difference testing when assessors cannot tell
a difference they are forced to make a chance choice. This means that a certain
percentage above zero will occur by chance even when products are the same.
Thus, a maximum acceptable proportion is chosen. The manufacturer wants this
to be as low as possible, but typically, 20% is used.

On this basis, the power can be determined for various degrees of difference
and samples size (Table 8.13). As seen, small differences assessed with high
power require many more assessors. Hence, detection of a small difference with
alpha at its usual setting of 5%, and with beta at the same value requires 150
assessors for the test. Preliminary testing can give an estimate of the difference to
enable selection of assessor numbers, but large numbers of assessors could cause
problems for in-house panels and consumer assessors are usually required.

The requirement can depend on other factors as discussed by Schlich (1993) and
Macrae (1995), who provide tables and charts for the required power and assessor
numbers. Worked examples are given in BS ISO 2004. In the similarity test, the
fewer the number of assessors who select correctly, the lower the probability that
such a difference would be detected by the consumer. Hence, published tables
indicate the maximum number of correct responses allowable for a similarity to be
concluded. Unfortunately, such low levels are required to be at or below chance
levels, which tends to undermine the confidence in the results of similarity tests
based on difference testing (Piggot et al. 1998).
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Table 8.13 Approximate power for triangle test at varying levels of sensory difference, alpha, beta, proportion of
discriminators and number of assessorsa.

Number of Proportion of discriminators
assessors in population (%) Sensory difference Alpha (%) Beta (%) Power (%)

20 20 Medium 5 20 80
20 20 Small 5 45 55
40 20 Medium 5 5 95

150 20 Small 5 5 95
120 20 Small 10 5 95
210 20 Small 5 1 99
120 20 Small 5 10 90
600 10 Small 5 5 95
70 30 Small 5 5 95
60 20 Small 5 10 90

aApproximations from Schlich (1993) and BSI (2004).

How to perform a similarity test using a triangle test
Only a limited example of the procedure is given here with approximate numbers
of assessors and these are based on the publications above. Essentially, decisions
need to be taken on the settings for alpha, beta and the maximum proportion
of discriminators and the size of the difference. Assuming that these are 5%,
5% (power is 95%) and 20%, respectively, then the assessor number figure in
Table 8.13 would provide a suitable sample size, i.e. 150 consumers. Changing
any of the settings will change this number. Usually, it should not be necessary
to use a similarly test for larger differences, thus the ‘small difference’ setting
can be retained. Alpha is of less important and it can be increased, e.g. setting
alpha to 10% reduces the number of assessors to 90. Power is high with beta
at 5% – the number of assessors is directly related to power. Thus, increasing
power to 99% means about 210 assessors are required, reducing it to 90% requires
about 120. The largest influence appears to be the proportion of discriminators
in the consumer population. Cutting this to 10% brings the assessor count up
to near 600! Using 30% discriminators approximately halves the number. Thus,
the number of assessors for a similarity triangle test is higher than that for a
difference triangle test. BS ISO (2004) recommends that not less than 30 should be
recruited (e.g. alpha at 20% and power at 80% would require 40 assessors for 20%
discriminators).

Using the guidelines above, a sample of consumers can be collected and pre-
sented with the samples as for a triangle test protocol. The difference is in the
analysis where the decision on a significant similarity depends on the maximum
numbers of correct responses. Figures are given in published tables for this, but
a useful check is given by the formula in the BS ISO document that calculates
the proportion of discriminators for experimental numbers of assessors, correct
responses and the settings above. The formula has been entered into Excel (Ta-
ble 8.14) for the settings in the last row of Table 8.13. The terms necessary
for the formula are named by abbreviations, which simplify its display. The
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Table 8.14 Similarity test calculator for triangle test (Excel).

EDCBA

Similarity test1

Proportion of
2 0.20discriminators

3 alpha 0.05

4 beta(b) 0.10 Formula

5 Z beta(z) 1.28 ABS(NORM.S.INVa(b))

6 Number of assessors (n) 60

7 Number of correct responses (cr) 28

8 Result

9 0.324Calculated proportion Main formula

Correct responses
10 33%below (%) INT(C9 ∗ 100 + 1.5)

11

12

13 Main formulab

14 ((1.5 ∗ (cr/n) – 0.5) + 1.5 ∗ z ∗ SQRT((n∗ cr − cr∧2)/n∧3)

Correct responses for other results15

16 −5 −4 −3 −2 −1

17 0.3330.2730.2470.2220.196

18 31%28%25%22%20%

aNORMSINV() Excel 2003.
bBSI (2004).

formula requires to be entered for the calculated proportion (cell C9) and for
the five cells below (A17–E17) which calculate other proportions for ‘correct’
results below the one found. Data required are beta, the number of assessors and
the number of correct responses. Alpha and the number of discriminators are
also in the table for information, but are not required for the calculation (alpha
affects the total number of assessors used). The calculated proportion is adjusted
slightly to take into account the approximation being used, and expressed as a
percentage.

A similarity test was run with 60 consumer assessors and a result of 28 correct
responses was obtained.

The calculated proportion is 33%, which is well above the specified 20%, i.e. if
the changed product goes out in the tested form, an estimated 33% of the consumer
population will detect a difference. To get the maximum number for a similarity
requires entry of figures below the test result. This has been done for up to 5
below the number attained in the original test. As the number of correct responses
falls, the number of discriminators also reduces, but it is not until 23 that 20%
(before adjustment) is achieved (22 reduces the count to 18%). Thus, if no more
than 23 out of 60 declare a difference then the samples can be deemed similar at
90% power. In the example, 28 declare a difference so H0 is retained and there is
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Table 8.15 A not A test (Minitab).

Identified Presented Frequency

A A 11
A Not A 28
Not A A 49
Not A Not A 32
Identified Presented Frequency
1 1 11
1 2 28
2 1 49
2 2 32
Rows: Identified Columns: Presented

1 2 All
1 11 28 39
2 49 32 81
All 60 60 120

Chi-square = 10.978 with df = 1
Cell contents – count
MTB � CDF 10.978
SUBC > Chi-square 1.
10.978 0.9991 0.001
MTB >

insufficient evidence for the samples being similar. Bi (2007) describes a method
for similarity testing with the paired comparison test.

A not A
‘A not A’ is a more involved difference test and is analysed by chi-square in a
‘2 × 2’ crosstabulation as illustrated in Table 6.1 using Minitab. In the example,
ten assessors received three samples of ‘A’ and three of ‘not A’. The frequency
values for the test were recorded in a crosstabulation as displayed at the top of
Table 8.15. Samples identified as ‘A’ or ‘not A’ are compared with samples that
were presented as ‘A’ or ‘not A’.

In Minitab, the ‘A’ or ‘not A’ terms need to be coded as 1 and 2, respectively.
The analysis proceeds as described for Table 6.1. The p-value is less than 0.05

and the null hypothesis is rejected: there is evidence of a difference. More details
of this test are given in BSI (1988).

‘Same–different’ test
The ‘Same–different’ test (also referred to as the ‘simple difference test’; Meil-
gaard et al. 1991) involves presenting samples with a known ‘non-difference’, i.e.
they are the same, along with the two samples that are different. Assessors can
receive one pair or two and the occurrence of the four combinations are distributed
evenly. Data from such test can be analysed by chi-square in the same way as ‘A
not A’. Frequencies are entered as explained above for 20 assessors who received
a single pair of samples (Table 8.16).

In this test, the result is not significant: there is no evidence of a difference.
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Table 8.16 ’Same-different’ test (Minitab).

Identified Presented Frequency

Same Same (AA or BB) 9
Same Different (AB or BA) 5
Different Same (AA or BB) 11
Different Different (AB or BA) 15
Rows: Identified Columns: Presented

1 2 All
1 9 5 14
2 11 15 26
All 20 20 40

Chi-square = 1.758 with df = 1
Cell contents – count
MTB > CDF 1.758;
SUBC > Chi-square 1.
1.758 0.8152 0.185
MTB >

Descriptive analysis data

How to analyse descriptive analysis panel data and panel performance
Descriptive tests
There are a number of different descriptive tests often called profiling methods,
typified by the quantitative descriptive analysis method of Stone and Sidel (1993).
They are characterised by using intensity scales to score a number of sensory
attributes in an objective manner, with replication and by avoiding reference to
liking or preference. Other forms of quantitative sensory profiling techniques such
as conventional profiling (Lyon 1992) have developed and possibly broadened
from the above. Analysis of profiling data is more complex because of the increased
number of variables generated. If several samples are assessed, it becomes difficult
to detect possible trends by visual examination of the data. Display methods
such as spider plots or radar charts (Fig. 3.9) go some way to improving visual
detection. Only individual attribute analysis is dealt with below (see Chapter 12
for a multivariate example).

As stated above, a trained panel can be envisaged as an objective instrument. Cal-
ibration is possible using prepared model samples or by manufacturing products
with varying sensory properties. Thus, accuracy and reliability can be improved,
but there may still be a requirement for procedures to even out the differences
between panellists. Certain types of design can do this such as the RCB, which
is common in profiling experiments (also referred to as treatment by subjects
(Stone and Sidel 1993) where each sample or product is assessed by each assessor.
Thus, it is a repeated measures type of design – more fully with replications
over time.

A number of (unwanted) effects arise when using panels as the measuring
instrument. The intention is to identify and quantify product differences, i.e. the
sample effect (also known as the product or treatment effect). However, although



210 Statistical Methods for Food Science

this effect is of primary interest, an assessor effect can arise due to different
panellists using different parts of the scale. For example, assessor 5 scores all
products high on the scale whereas assessor 8 uses a lower section of the scale.
Additionally, assessors may score products in a different rank order, e.g. assessor
1 scores product sample A higher than B, but other assessors score B as higher
than A, etc. This is known as the assessor by sample (or treatment) interaction
effect. If these effects are large, they can undermine the analysis in several ways
(Table 7.4). Hunter (1996) gives a more detailed account of these effects.

Sensory data sets can be large as trained panel size can number 10–12 individu-
als. Each sample has number of measures for each attribute plus any replications.
It is assumed that the data are from an interval scale, that they conform to normal
and that variances between groups (samples) are similar. Some of these assump-
tions are checked as part of the analysis. Usually panel results are in the form of
a summary of means followed by ANOVA of each attribute in an RCB design.
In the examples below, all factors (including assessors) are treated as fixed effects
unless otherwise indicated.

The sample effect (identifying product (treatment) differences)

In the simpler forms of analysis, profiling data can provide estimates of the product
sample mean values and these can be compared for significant differences.

Example 8.5-2 Analysis of descriptive analysis data for the sample effect
A trained panel is involved in development of fruit drink product and one
attribute of interest is ‘sourness’. The objective was to establish whether dif-
ferences in ‘sourness’ exist in four retail fruit juices (p1–p4) or not, hence ‘is
there a significant difference in sourness level between the beverages?’ The
experiment involved ten trained assessors, scoring on a graphic line scale for
intensity of sourness (0–100), with balanced presentation order.

The appropriate design for these data is an ‘RCB without replication’, with
assessors as blocks and analysis by ANOVA.

The null hypothesis was that there was no difference in sourness between the
samples and the alternative was that at least two samples differed. Based on the
assumptions above, a parametric test for four groups was required (ANOVA):
analysis was by two-way ANOVA using Excel’s Data Analysis Toolpak (the
‘Two-Factor Without Replication’ option). Data were entered as columns and
identified as a block in the ANOVA menu (see Table 8.5 details for guidance). A
summary of the product scores (Table 8.17) was produced (the summary of the
assessor scores has been removed).

It shows that there are differences in the mean values and ANOVA assesses these
differences for significance. The sample effect is given by the ‘columns’ section
and it shows a p-value of 0.11 which is not significant (p > 0.05). Therefore, H0

is retained: there is insufficient evidence for a real difference in sourness.
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Table 8.17 ANOVA of profile data (Excel).

Assessor
Block p1 p2 p3 p4

1 44 12 60 58
2 78 79 12 19
3 29 14 66 82
4 33 47 13 63
5 19 1 6 70
6 71 56 85 63
7 58 15 79 68
8 34 26 19 58
9 50 13 12 21

10 93 84 32 96

ANOVA: Two-factor without replication

Summary Count Sum Average Variance

p1 10 509 50.9 568.1
p2 10 347 34.7 890.2
p3 10 384 38.4 950.5
p4 10 598 59.8 574.6

ANOVA

Source of variation SS df MS F p-value F-critical

Rows 10715.90 9 1190.66 1.99 0.08 2.25
Columns 3998.90 3 1332.97 2.23 0.11 2.96
Error 16135.10 27 597.60
Total 30849.90 39

The assessor effect

An assessor effect is given by the ‘rows’ section in the analysis: it shows a p-value
of 0.08, which is also not significant, although in the ‘inconclusive’ region. Even
if the assessor effect were to show high significance, this would not undermine the
analysis because the RCB method has removed the assessor variation.

Assume that a replicate session was included with the session above (Table 8.17).
These data are combined with replicate session 1 and are analysed in a different
manner: the Two-way ANOVA with Replication option in Excel. For this, the
data require to be rearranged so that replicate two data occur as consecutive rows
for each product, i.e. samples are in rows to ensure that the samples are identified
as such in the output. In the table, the data are displayed in similar manner to
replicate one for reasons of space. The data are selected as before (include label
headings, and then enter ‘2’ for the number of replications; Table 8.18).

The output is large as a summary is given for each assessor. This has been
removed and an overall mean value for each product calculated. In the analysis,
both the sample and the assessor effect are significant (sample and columns,
respectively; if data are analysed as above, these effects will be switched round).
Again the RCB design has extracted the variation due to the large assessor effect
allowing a more precise view of the treatment (sample) differences.
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Table 8.18 ANOVA for assessor (fixed effect) by sample interaction effecta (Excel).

ANOVA: Two-factor with replication

Assessor p1 p2 p3 p4

a1 44 12 60 58
61 17 82 85 D

a2 78 79 12 19
73 65 43 77 A

a3 29 14 66 82
66 13 47 69 T

a4 33 47 13 63
39 52 64 66 A

a5 19 1 6 70
73 17 87 81

a6 71 56 85 63
62 71 61 77

a7 58 15 79 68
82 28 75 74

a8 34 26 19 58
35 65 54 83

a9 50 13 12 21
36 15 56 47

a10 93 84 32 96
98 77 94 99

Mean 56.70 38.35 52.35 67.80

ANOVA Sourness

Source of variation SS df MS F p-value F-critical

Sample 8904.30 3 2968.10 7.31 0.0005 2.84
Columns 15167.30 9 1685.26 4.15 0.0008 2.12
Interaction 16083.20 27 595.67 1.47 0.13 1.77
Within 16242.00 40 406.05

Res. sd
Total 56396.8 79 20.151

aAnalysis of the data with the assessor effect assigned as ‘random’ produces the same overall conclusion.

The assessor by sample interaction

The interaction term has also been analysed: it is not significant. This indicates
that although the panel are using the scale in different ways, panel members do not
appear to be scoring the sample set in a significantly ‘crossed’ manner in terms
of interaction. This is desirable as a significant assessor-by-sample interaction is
a more serious error in terms of panel performance.

Significant product differences have been found by ANOVA and multiple com-
parisons are now required to locate these. Ideally, a package that includes the
necessary procedures after this form of ANOVA should be used. MegaStat has
this facility and analysis by Tukey’s test locates products 1 and 2 and 2 and 4 as
significantly different; the more powerful t-test procedures (MegaStat) agree with
these findings but products 3 and 4 and 2 and 3 are also different. If the Bonferroni
adjustment (significance levels at 0.008) is applied to these latter results, then they
are rendered not significant.
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Overall, the products displayed a range of sourness levels, with product 4
having the highest, with a significantly different step down to the lowest value
(product 2).

Panel diagnostics, training and selection

Training of selected assessors entails monitoring and feedback to improve per-
formance. Such checks are also used as aids for selection of panellists and of
sensory attributes. In eventual testing of samples, the data are often scanned for
confirmation that panel and panellist ability is at the standard attained during
training.

Analysis can be done by a number of methods and in a number of styles:

� Summary methods of accuracy and precision
� Correlation methods
� Sensory cf. sensory
� Panel cf. panel
� Panellist cf. panel
� Sensory cf. instrumental

Precision, discrimination and accuracy of panel and panellist

The summary methods of Section 3.4.3 can be used to calculate precision, accuracy
and the discrimination ability of both the panel and panellists. This has been done
with the measures on ‘sourness’ above along with a second attribute (‘sweetness’).

The methods can also be used to aid selection of attributes. Thus, individual
attributes can be checked and those that show poor precision, etc., can be developed
with more training, or be deleted from the profile if there are alternatives.

Panel precision
For precision (consistency), the panel means for replicates 1 and 2 are compared. A
summary of the panel means sd and range for the means of the attribute ‘sourness’
is compared with sweetness (Table 8.19).

The precision of the panel is given by the overall %CV for each attribute. In
this case, the panel is more precise with measurement of ‘sweetness’ as it has a
lower %CV than that of ‘sourness’. The overall range of the means across prod-
ucts gives a guide to the level of discrimination of the attribute. With ‘sourness’,
the range is lower than that of ‘sweetness’ indicating that sweetness provide a
more effective discriminator between products than does ‘sourness’. That is, the
closer the panel means are for different products, the less that attribute can dis-
tinguish between them. Another measure of panel precision can be obtained by
ANOVA – here the magnitude of the error term (the ‘Within MS’ (mean square)
term in Table 8.18) is a measure of agreement between replications. Taking the
square root of this gives the residual standard deviation. A comparison of the
ANOVA tables for ‘sour’ and ‘sweet’ shows the latter’s ‘within’ error term is lower
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Table 8.19 Measures of panel precision and discrimination (Excel).

p1 p2 p3 p4 Range Overall mean

‘Sour’ Data
Replicate 1 50.9 34.7 38.4 59.8
Replicate 2 62.5 42 66.3 75.8
Mean 56.7 38.35 52.35 67.8 29.45 53.8
sd 8.20 5.16 19.73 11.31

Av. sd 11.10
%CV 20.64

‘Sweet’ data
Replicate 1 20.6 67.5 32.6 11.5
Replicate 2 27.3 61.5 40.1 14.7
Mean 23.95 64.5 36.35 13.1 51.4 34.5
sd 4.74 4.24 5.30 2.26

Av. sd 4.14
%CV 12.00

(Tables 8.18 and 8.20) confirming that this attribute is determined more consis-
tently than the other.

A third possibility, when there are many products, is to run a correlation analysis
of replicate 1 versus replicate 2. For high precision, there should be a high positive
and significant correlation.

Panel accuracy
If instrumental data are available for the product sample set then accuracy can be
assessed by performing a correlation analysis on the mean values for the sensory
versus instrumental values across the products. In terms of calibration, scores on
known concentrations of products made up with a range of flavour/texture/colour
ingredients, etc., should show good agreement with high (>0.7) correlation co-
efficients. In the case of sourness, assume that figures are available for the added
amount of citric acid in the beverages.

The correlation coefficient has been calculated using Excel’s CORREL() func-
tion and is displayed on the chart along with a fitted line (Fig. 8.4). The number of
points is limited in this example because only four products were examined, but a
linear trend is apparent. Two points are ‘off the line’, but the acid content values in
the data are within a short range. The correlation coefficient is 0.87, which is high

Table 8.20 ANOVA of ‘sweetness’ attribute (Excel).

Source of variation SS df MS F p-value F-critical

Sample 29453.65 3 9817.88 40.08 0.00 2.84
Columns 3423.70 9 380.41 1.55 0.16 2.12
Interaction 7361.60 27 272.65 1.11 0.37 1.77
Within 9799.00 40 244.98

Res. sd
Total 50037.95 79 15.65
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Sensory sourness versus citric acid
content

r = 0.87
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Fig. 8.4 Scatter plot of sensory sourness and acid content (Excel).

in that >50% of the variation in the sensory data is explained by the chemical data.
The significance of the coefficient was calculated using the equation given in Table
6.2. It is not significant and this is the same even if the data are analysed using
the rank coefficient (Spearman’s). Although the panel has performed ‘reasonably
well’, usually at least perfect rank correlation should be achievable with more
training. Other tests such as Kendall’s rank concordance (Megastat) and the Page
test can be used to check that the order of ranking corresponds to the accurate
(instrumental) rank.

Panellist precision and accuracy
Similar analysis can be done for individual panellists. Each section of the data can
be treated as above. The various measures for each panellist can be graphed for
comparison and review.

Other panel checks
Correlation of panellist with panel

Ideally, trained panellists should demonstrate concurrence with the panel in that
each member’s scores for an attribute should correlate well with the panel. This
was done for the mean scores for panellists 2 and 5 plotted against the panel means
(Fig. 8.5).

Panellist 5 has a positive high correlation (r = 0.99) and agrees with the panel.
Panellist 2 has strong divergence from the panel with a low negative coefficient
(–0.32) and would benefit from additional training.

Additional correlation checks can be done using all attributes to see which ones
correlate with others. This can reveal useful information on the patterns that are
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Fig. 8.5 Scatter plot of panel and panellist means for sensory sourness (Excel).

building up in the data in a multivariate sense (see Chapter 12), but which can also
be used to eliminate some attributes at early stages of vocabulary selection.

8.6 Analysis of relationships

Ultimately, a major application of sensory data is in the identification of which
sensory attributes are important in deciding whether a product is liked and pur-
chased, or not. Thus, the study of relationships between sensory profiles and
consumer measures is of great interest to food companies. Some examples of
these relationships are given in Chapters 10 and 12.
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Chapter 9

Instrumental data

9.1 Introduction

The applications dealt with in this chapter apply mainly to chemical data gen-
erated in analytical chemistry experiments and investigations. This subject area
has received much attention in recent years regarding data quality. The relative
importance of the strict control requirements for levels of toxins, additives, con-
taminants and nutrients in food reflect this. With chemical data, there are legal
compositional requirements and limits of constituents for legal and safety reasons.
Various initiatives have developed from procedures set up by the Department of
Trade and Industry’s Valid Analytical Measurement scheme and by national stan-
dards such as NAMAS (National Measurement Accreditation Service). Currently,
much new work is ongoing with Food Standards Agency projects, some of which
are referred to below. There is also great importance in microbiology from the
safety, quality and storage stability point of view and data from this discipline
must also be subject to scrutiny (not covered in this chapter).

Other instrumental techniques used for food analysis may not have legal or other
statutory limits imposed on the measurand, but they are important for different
reasons. These comprise such factors as that of ensuring efficient and reliable
data on which to base ongoing activities in food processing and research. Such
measures include not only a host of physical, biochemical and biological measures
of food, but also processing parameters.

9.2 Quality and nature of instrumental data

Data from instruments will usually conform to ratio level of measurement, orig-
inating from a normal population. Discrete and continuous forms are possible
depending on individual instruments. The values are gathered by an instrumental
measuring system during analytical experiments in many science fields. Food is

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.
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Table 9.1 Some examples of instrumental measures for foods.

Method/measure

Chemical content
Nutrient: Fat, protein, carbohydrate, mineral, vitamin, fibre

Quality/legal: Moisture, ash, meat content, additives, peroxides

Contaminants: Heavy metals, pesticides

Food properties and analysis: Near-infrared, X-ray diffraction, gas chromatography,
high-performance liquid chromatography, atomic absorption spectroscopy, plasma analysis

Physical properties
Mechanical properties: Firmness, cohesiveness, yield point

Fundamental: Viscometry, rheometry

Colour: CIELAB, colour matching

General: Humidity, aw, specific gravity, weight, volume, yield, overrun

Biological
Microbial counts: Non-pathogenic, pathogenic

Nutritional measures: Biological value, net protein utilisation

Processing parameters
Air speed, screw speed, temperature, time, pressure

treated like any other material in respect of analysis and many such methods can
be applied. A selection of these is indicated (Table 9.1).

All such methods will have an end determination where the analyte, property
or count is measured. There may be a subsequent calculation involved, but at that
point, the data are ratio in nature and are ready for summarising and possible
further analysis.

9.2.1 Quality of instrumental data

Error

Error levels are lower for instrumental data than those from consumer and sen-
sory sources. Calibration methods are available for most instruments such that
systematic error is removed or minimised. Many modern instruments have also
reduced the operator error by confining human intervention to sampling and taking
of the final reading. This contrasts with many ‘wet’ methods of chemical anal-
ysis, which may involve several individual stages of intermediate measurement
(Nielsen 2003). Thus, in addition to sampling and sample measurement, there can
be intermediate measures of volume, weight, distance, temperature, etc., and mea-
surement decision depends on the observations of the analyst. All such stages can
contribute to overall error. For instance, compare the stages in the wet traditional
Kjeldahl method with that of a nitrogen analyser based on the Dumas method.
The former has stages of sample preparation, sample weighing, digestion, dilu-
tion, distillation, titration aliquot measure, burette reading and the calculation. A
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modern nitrogen analyser will include sample preparation and weighing, placing
in the machine, followed by the final reading.

These latter descriptions apply to chemical analysis, but similar considerations
can be highlighted for other instruments, which measure properties in food, such
as colour and texture by non-chemical means. Mechanical testing machines can
measure empirical and fundamental properties of food texture. They can be cali-
brated using strain gauges or materials of known mechanical properties. A major
source of variability can arise with sample preparation for such devices. Food
samples cannot be comminuted for some texture tests and standard-shaped pieces
must be cut. Even if this is controlled, inherent variation can result in wide piece-
to-piece variation. Individual pieces may deform and fracture in different ways.
Reflectance instruments that measure colour are very rapid and involve minimum
operator error, but surface variation on food will cause variability. Colour match-
ing systems are more dependent on operator acuity and fatigue level to decide on
match points, etc.

With processing trials, several parameters require to be set and measured during
the runs over considerable periods. Thus, temperature, humidity, pressure, etc.,
require to be monitored with instruments that are calibrated.

As seen, a number of error sources will result in a lessening of confidence in
the measure. Together, the combined error sources result in uncertainty of the
measurement and in the case of analytical chemistry at least, it is referred to as
a property of the data. This uncertainty can be decomposed into sample, method,
operator error, etc. Data from any instrument can be assessed for accuracy and
precision of the results, if certain requirements are met (such as an estimate of
true value and replication, respectively). These can be determined by the methods
given in Section 3.4.3. Some typical values are given in Table 9.2.

Similar measures occur in current research journals, some of which have been
referred to in other chapters. Nielsen (2003) quotes a figure of 5% as an attain-
able %CV in chemical analysis of foods. There are examples of better levels of
precision, but it is not always possible to ascertain whether they are based on
a ‘within-unit’ or ‘between-unit’ calculation or not. Gao et al. (2006) appear to
have extremely low %CVs (<1%) in their experiments on microbial survival (see
below). This contrasts with the apparently high values (%CVs >25%) reported by

Table 9.2 Typical accuracy and precision levels of instrumental data.

Method
Precision within unit
(duplicate) %CVa

Precision between unit
(duplicate) %CV

Accuracy
%REMb

Soxhlet fat 4 11 ±11
Dumas nitrogen 4 12 ±3
Brittleness 7 18 —
Luminance 1 5 —
Moisture 2 5 ±10
Mineral 3 7 ±1

aPercent coefficient of variation.
bPercent relative error of the mean.
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Martı́n-Diana et al. (2007) on a study by other workers of firmness measurement
on cantaloupes. The exact method of calculation in these studies was not apparent,
although in the latter case a quoted ‘n = 14’ implies a ‘between-unit’ measure.

‘Within-unit’ calculations assess measurement variation, as they are usually
carried out on subsamples from a homogenised sample unit. ‘Between precision’
is based on unit-to-unit variation and is affected by variability within the food
material, etc.

In addition, if the above measures are calculated with duplicate end determina-
tion and duplicate sample units – more replication would result in lower figures.
Precision measures may also be quoted using the terms repeatability and repro-
ducibility (see below).

Accuracy measures are less commonly published. In some cases, there may
not be a reference standard for comparison and accuracy is reliant on use of cal-
ibration, as with some instances of colour and texture instrumentation. Chemical
methods have a number of possible standards to calculate accuracy. With a certified
reference material and modern instrumentation such as with mineral content de-
termination, using atomic absorption spectroscopy, very high accuracy is possible
of ±1% or less.

Beyond these summaries, measures that are more specific are used, primarily
with chemical analysis data in the food field. Decisions on the levels of accuracy
and precision that are ‘acceptable’ depend on specific requirements. Greenfield
and Southgate (2003) point out that for chemical composition tables, attempts to
achieve improvement of accuracy beyond ±10% can be offset by the additional
work involved. In cases where legality is an issue, the highest possible levels of
accuracy and precision may be required.

9.3 Sampling and replication

Chapter 2 described the detail of sample size and amount and how these affect the
sample representativeness with respect to the population (Section 2.3.2). Often in
analytical methods, the amount of material in the sample is decided by the method
of analysis, but there may be a range of possible sizes, e.g. a traditional method
such as Soxhlet for fat, maximum sample size could be limited to 10 g, whereas
other methods use sample sizes of 50–100 g. Ideally, the larger sample should
be taken, but this would depend on the amount of material available, etc. It also
depends in turn on other points as indicated above such as the variability of the
material. For more variable material, larger samples are more representative.

9.3.1 Sample sizes in instrumental determinations

In analytical methods (e.g. AOAC 1999), the number of determinations is often
referred to as the level of replication. In this case, the term refers to how often the
basic measurement was performed. In analytical terms, it means repeated measures
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by the same analysis system on subsamples of a unique sample unit. Typically,
this is often as duplicates – ‘duplicate end determination’. Sometimes one deter-
mination plus a reference sample may be the norm. These ‘end determinations’ or
observations are carried out on subsamples.

The number of subsamples does not refer to the sample size, which is based
on the number of distinct sample units (Section 2.3.2). The sample size in this
respect depends on the scope of the experiment. For instance, in a quality control
laboratory there may be 20 cans of corned beef selected for nitrite content analysis –
the contents of each can be blended to even out any in-can variation, then duplicate
end determinations are performed. Thus, the sample size is 20 and the number of
end determinations is 2 per unit, giving 40 in total. Such levels could be typical
of a day’s laboratory work. Thus, sample sizes are relatively small in chemical
analysis, as are the number of determinations per unit. This also tends to be the
situation with other instrumental methods.

Are duplicate end determinations adequate?
Decisions on an acceptable level of replication need to take into account several
factors:

� Statistical measures
� Cost of the analysis time and personnel
� The instrumental method itself

If the method involves a long timely procedure using expensive reagents and
several personnel, etc., then this may limit increased levels of end determination.
If the method is simple, rapid and low cost then more determinations can be
incorporated. The method itself may be subject to high levels of variability (low
precision would prompt increased numbers). Conversely, with a precise method
and well-trained analysts a single determination may suffice, and duplicates are
quite acceptable.

The effect of these variations in level of replication on the accuracy of the esti-
mate is also important. Performing a single determination has one big disadvan-
tage: there is no reference point for detection of measurement error. Duplicates
provide this and will provide a more accurate estimation of the analyte for the
sampling unit, but confidence intervals based on duplicates can be very wide.
Increasing the number of replicates will increase the accuracy, but at a decreasing
rate, i.e. the gain is greater by increasing from two to four replicates than from
four to eight.

This point is illustrated in Section 3.4.3. Thus, duplicates are a compromise
for routine analyses with established techniques where a reliable estimate of a
standard deviation is available. Other factors can influence the decision within a
laboratory, such as costs in terms of time and finance, plus the experience of the
analyst and criticality of decisions based on results. The advantage of increased
replication is that there is increased confidence – the estimate is more accurate
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and ‘on target’ (assuming no systematic error) and confidence intervals (CI) will
be narrower:

Low accuracy and precision:
CI:|--------------- ∗ ---------------|

T
cf.

High accuracy and precision:
CI:|------ ∗ ------|

T
(T = ‘true value’)

Note that increasing subsample numbers can only increase the confidence in
the estimate for a single sampling unit. The only way to increase confidence in the
treatment effect is to replicate the full sampling unit.

With other forms of instrumental analysis, the same points apply, but in some
forms cost of additional replicates on both sampling units and subsamples may be
minimal as in the case of physical texture and colour, but even here the time cost
for subsample preparation prior to testing may outweigh any gain.

9.4 Experimental design issues

Just as with sensory properties, instrumental properties can be ascertained for
products, samples and prototypes, etc. Ongoing quality control, production devel-
opment and research programs continually establish and monitor various forms
of instrumental properties in foods. Interest lies with chemical levels of nutrients
and non-nutrients, as well as instrumental measures of texture, colour and more
fundamental aspects of food’s structure and chemical make-up. Such properties
can be determined simply and monitored, or experiments can study changes that
occur during formulation, processing and storage, etc.

All forms of experimental design are used in the above work. Simple one-
variable designs are routine, e.g. establishing the nutrient content in new and
existing commodities, or routine analysis of additive levels, is common in chem-
ical analysis studies. At the other extreme are multifactor experiments, studying
the effect of a process factor on yield of a product, e.g. the effect of air speed, tem-
perature, pressure and time on %yield of dried milk. Often with large experiments,
both sensory and instrumental measures are employed.

Such investigations are organised by a number of designs, but in most cases,
analysis is by parametric ANOVA, which predominates in published accounts,
where differences in products and processes are determined. Designs of the com-
pletely randomised design (CRD) and randomised complete block form are very
common, with factorial structure and optimisation techniques (Section 7.4). The
former designs can all be dealt with using Excel’s Toolpak ANOVA with up to
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two factors with replication being possible. Basic Minitab can accommodate up to
three factors. All statistical software can deal with single factor experiments with
many levels in the CRD format and a worked example of this type of analysis is
illustrated below.

In the literature, food investigations that include instrumental measures range
across many applications. Often several analyses are performed on treatments in
formulation and process experiments. Abdullah (2007) included moisture, fat,
protein, thiobarbituric acid, peroxide value, pH and percent acidity in canned
meat formulations with different levels of meat. Many analyses were required to
confirm that the formulations complied with national criteria. On the processing
side, there is great interest in the study of process machinery and the various
settings for effects on critical factors. Dehydration studies such as that by Severini
et al. (2005) on potato quality looked at effects of drying rate using three drying
methods combined with five blanching treatments. Fifteen process runs were
required and best quality was found with microwave blanching and belt drying.
A relatively simple experiment by Villavicencio et al. (2007) compared quality in
cereal bars that had been subjected to varying level of irradiation to control insect
contamination. Eating quality was maintained with dose levels up to 2.0 kGy and
3.0 kGy, depending on the product flavour stability.

Therdthai et al. (2002) carried out a 35 partial factorial when examining tem-
perature zone effects on bread crust colour along with other dependent variables.
Colour was measured instrumentally, and they quoted a ‘consumer acceptable
range’ for a CIELAB colour parameter (L∗ lightness) which provided a target
response level. They used the data to model the process and identified optimum
temperature zoning conditions to give best quality with the crust colour within the
acceptable range.

There are also many examples of larger industrial level processes and instru-
mental investigations that follow the experimental design procedures in proscribed
sequences (as in Section 7.2). Yann et al. (2005) provide a good example of this in
their use of design in attempts to reduce browning in hard cheeses. They discussed
the problems of industrial scale experiments, particularly with a product such as
cheese, which required long storage times before development of the browning
defect. It was, therefore, essential to use design procedures to reduce experimen-
tation. Five critical factors were identified and then subjected to a half fraction of a
two-level factorial design (52 treatments = 32, half fraction = 16). Also included
were centre points giving 19 treatment runs. Colour was measured by instrumen-
tal means, and after 6 and 12 months, stored sample colour measurements were
taken. They identified ‘added acid’ and ‘temperature of starter culture’ as critical
in effect. These factors along with ‘rennet concentration’, which was included as it
was ‘technologically essential’, were then incorporated in an optimisation design.
This was a full three-level factorial with partial replication and additional points
to aid the predictive power of the model (a 23 structure = 8 + 6 + 2 replicates =
a further 16 runs). The researchers were able to reduce browning by lowering the
three factor effects within constraints of the cheese making essentials. A simple
example of the use of a fractional design is given in Chapter 10.
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Obviously, reduction of experimentation is important and May and Chappell
(2002) describe use of a Taguchi design (a type of incomplete factorial) for find-
ing critical variables in food canning of pasta. They examined the effect of 11
variables using only 12 experiments, including fill weights, ingredient concentra-
tion and headspace. The dependent variable was the F0 value and they identified
the concentration of tomato puree as the most critical variable.

A very important area of study in processing is microbial effects. The survival
count is the dependent variable in such experiments. Gao et al. (2006) describe
inactivation of Bacillus subtilis by high pressure and heat treatments. They also
used fractionation to identify critical factors, followed by an optimisation structure.
Three factors were studied: pressure, temperature and holding time. These were
optimised to give maximum microbial destruction. These workers also had a
target level of survival identified as a maximum number of spoilage organisms for
‘healthy people’.

Measurement of a dependent variable as retention or percent retention is often
used in instrumental studies of vitamin and mineral losses on processing. Moreira
et al. (2006) explored the effects of heat shocks in fresh lettuce. Ascorbic acid
retention fell slightly (70–80%), but effects on microbial growth and sensory
acceptability were mixed. This study provides an example of the reasoning process
in cause-and-effect explanations.

9.5 Statistical analysis of instrumental data

9.5.1 Summary methods

Instrumental data can be summarised by a variety of table and graph types. Typi-
cally, for routine work, a table of the average values is listed (e.g. Table 3.6). For
larger experiments, or where changes with time are involved, graphical displays
can give a better interpretation of data (Section 3.2.3). Equally important as the
results themselves are the levels of confidence in the values. These aspects, in
form of standard deviations or standard errors, are commonly presented in tables
or graphs with average values of instrumental data.

Example 9.5-1 Analysis of instrumental data in a processing experiment
An experiment was conducted into the effects of drying methods with seven
types of drier to establish the extent of effects on reconstitution of dried fruit
when dried to constant weight. High reconstitution was taken as a desirable
characteristic of the dried food, as it gave a product that compared well with
the fresh control material. A CRD was used with one factor, at seven levels
(qualitative), plus a raw fresh control. Each treatment was replicated three times:

Factor (1): drying method
Levels (7): tray, fluid-bed, freeze-dry, microwave vacuum, microwave pulsed

and fluid pulsed
Control: raw material lot
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Table 9.3 Run numbers for CRD experiment.

Tray Fluid Microwave Vacuum Freeze
Pulsed
microwave

Pulsed
fluid

Replicate 1 2 10 20 5 17 11 9
Replicate 2 14 19 3 12 8 1 16
Replicate 3 21 7 13 4 18 15 6

A large batch of the fruit was randomly sampled for 24 lots (1000 g each)
of prepared, thinly sliced material. Each drying method was carried out three
times in a CRD. Treatments (21) were allocated randomly to a run number and
drying performed. At the termination of the drying process, the product was
vacuumed packed and samples were taken for reconstitution testing. This was
taken as the water absorbed in 90 s, and the measure was expressed as g H2O per
100 g dried material. All analyses were performed on duplicate subsamples taken
from the dried material from each treatment. Duplicates were averaged, rounded
to the nearest gram and reported for each replicate treatment. Is there evidence
that the different drying methods produce products with different reconstitution
properties?

Run number allocation is shown in Table 9.3. Thus, the first run was the ‘pulsed
microwave’ (replicate 2) and the last was the ‘tray drier’ (replicate 3), etc.

The reconstitution value data are listed in Table 9.4 followed by single factor
ANOVA using Excel (see Example 5.5-2 for procedure).

The reconstitution values are also plotted using an error bar graph (Fig. 9.1).
The standard deviations are similar (approximately 5–6 g) except for the ‘mi-
crowave’ triplicate. A variance check (F test, Section 4.4) for the microwave data
and the treatment with the smallest variance (fluid-bed) showed no significance
and equality of variance was assumed. The sd values are equivalent to %CV of ap-
proximately 15% (35% for ‘microwave’), which is reflective of variation between
separate units (true replicates).

The ANOVA p-value is less than 0.05; therefore, at least two treatments differ.
Perusal of the summary mean values reveals that the ‘pulsed fluid-bed’ drying
method has the highest reconstitution value. Multiple comparisons could be per-
formed for all possible pairs (21 comparisons), but as the p-value of the result is
not markedly low (0.02), it is probable that not all pairs will show a significant
difference.

MegaStat t-test comparisons locate six significant differences with α at 0.05,
but with Bonferroni adjustment (significance level at 0.00238), only Microwave
cf. Pulsed fluid are significantly difference. The more conservative Tukey’s
comparison agrees with this latter difference but also includes Microwave cf.
Freeze.

Overall, the most marked difference was for the ‘pulsed fluid-bed’ dryer (the
highest reconstitution level of the dried food), which was significantly higher than
the ‘microwave’ method.
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Table 9.4 Analysis of CRD data (Excel).

Reconstitution data: g H2O/100 g

Data Tray Fluid Microwave Vacuum Freeze
Pulsed
fluid

Pulsed
microwave

Replicate 1 37 45 37 43 37 56 36
Replicate 2 48 35 19 39 50 45 43
Replicate 3 39 41 23 31 47 51 31

ANOVA: Single factor

Summary

Groups Count Sum Average Variance

Tray 3 124 41.33 34.33
Fluid 3 121 40.33 25.33
Microwave 3 79 26.33 89.33
Vacuum 3 113 37.67 37.33
Freeze 3 134 44.67 46.33
Pulsed fluid 3 152 50.67 30.33
Pulsed microwave 3 110 36.67 36.33

ANOVA

Source of variation SS df MS F p-value F-critical

Between groups 1020.00 6 170.00 3.98 0.02 2.85
Within groups 598.67 14 42.76
Total 1618.67 20
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Fig. 9.1 Means (±sd) of reconstitution by drier type (Excel).

9.6 Chemical analysis applications

The foregoing accounts apply to any instrumental measurement system and the
data produced. Analytical chemistry has received much more specialised treat-
ment in these respects. As explained, this is due to the critical importance of the
consequences of invalid analyses being performed. Thus, the chemical analyst is
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interested not only in the end result but also in the uncertainty of the estimation;
some researchers state that unless a measure of uncertainty is included the results
themselves are useless (Mullins 2003). This view could well apply to all scientific
measures, but there are still occurrences of it not being adopted for chemical data.

Many investigations have taken place to examine error components and to
quantify their contribution to uncertainty. Also, cost considerations are included
in these studies as reducing uncertainty usually means additional analyses and
hence cost in terms of time, resources and personnel. The interest here is in the
balance between gain in certainty, against the increased cost to the laboratory
(Lyn et al. 2002; FSA 2004a). Another unique aspect of studies in this topic is
that the uncertainty is examined not only for location measure estimates such as
the mean but also for that of the level of variability – thus, the uncertainty of the
standard deviation is also of interest. Method proficiency testing is one aspect
of this protocol that has been developed for some common standard methods
with measures all focused on uncertainty in analytical chemistry. In addition to
analysis coming under this latter umbrella, where analytes such as pesticides
are determined at very low level, there are many proximate analyses and ‘crude
content’ methods used for food. These may exhibit higher levels of uncertainty,
but their results and in fact, those from any instrumental measure can be subjected
to some of the calculations detailed below. Food analysis methods have received
special attention via The Food Analysis Performance Assessment Scheme. Patey
(1994) described the initial stages and progress of this initiative – there was some
improvement, but not for all analytes and all laboratories. A relatively simple
check on performance for proficiency testing schemes is based on calculation of
a form of z-score (Section 2.4.1):

z = (Test result − reference value)/sigma

Sigma is a designated ‘target value’ for the standard deviation of the method
data, based on realistic estimates. The larger the discrepancy (error) between the
test and the reference, the larger the z-value. The calculation produces z in a
standardised form – values equal or less than 2 are required for the laboratories’
result to be declared ‘satisfactory’.

9.6.1 Accuracy and bias in chemical analysis

As stated above, accuracy of a chemical method is a measure of how close it is to
the ‘true’ value. Variation from the true can occur due to error in the form of bias
(Kane 1997). This circumstance can apply to a number of stages in the analysis
(Table 9.5).

It is crucial that this source of error is quantified and removed, or at least
accounted for in any analytical determination, although this is not always done
(O’Donnell and Hibbert 2005). Bias can be calculated as the error of the mean
(Section 3.4.3), and by the location of the range specified by a confidence interval.
The ‘true value’ is represented by reference samples or the nearest equivalent.
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Table 9.5 Bias sourcesa.

Source

Operator
Lab
Preparation
Run
Method

aThese also affect precision.

Reference materials

Reference materials (RMs) are prepared samples of matter of the same or similar
nature to the food material being analysed. They come in a variety of forms and
can be made up by the analysts themselves. They cannot provide the exact true
value as this is possessed by the test material itself. The assumption is, that if on
analysis, the analyst obtains a result that is within the confidence interval for a
reference, or within a ‘close’ region, then the result for the unknown sample can
be considered accurate to a similar degree.

The quality of the result in this respect, therefore, depends on the quality of the
reference material. Low-cost, ‘laboratory-made’ versions can be formulated from
materials of known composition, or by use of a product or previous sample with
identified levels. In the simplest form, this could be via a nutritionally labelled food
product of similar nature to the test samples. Nutrition composition labels will give
an approximate guide, but the analyst should expect at least ±10% variation. A
similar way would be to look up or calculate the expected value based on chemical
composition tables or databases. Again, a similar disparity can be anticipated
(±10%), but in some cases, it can be much higher. Heinonen et al. (1997) found
that analysed values for carotene and retinol compounds were 50–60% less than
database figures. Materials analysed in this way can be frozen and used over time
for stable analytes.

For higher levels of confidence, the analyst must contract analyses out to ob-
tain valid figures from another laboratory or turn to certified reference materials
(CRM). These are supplied by organisations such as the Laboratory of the Govern-
ment Chemist and Office of Reference Materials (LGC, London). They come with
a certificate, which details the content of the analyte, plus for most, an interval of
uncertainty. The way in which this is expressed depends on various factors such as
how many chemical analysis methods were involved in the determination. Thus, it
may not be a confidence interval as such. The interval will vary in magnitude for
different analytes and are typically of the order of ±1–5%. Others analytes may
be quoted without an interval and these are included as ‘indicative’ levels.

For foods, the most available CRMs are for trace elements in the form of flour,
vegetable tissue and animal liver and milk powder. Other certified analytes in-
clude moisture, pesticides and aflatoxins. Some CRMs are made up by ‘spiking’
a material, i.e. adding a known pure amount of the analyte (a technique that
could also be employed by the analyst). Traceability of RMs relies on the facility
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of following standard RMs, through CRMs and ultimately to primary RMs
(XiuRong 1995) that possess the highest attainable accuracy (and cost). More
specific food RMs are increasing in scope with new ‘wet matrices’, which are
more like the original food and with certified values for additives becoming avail-
able (Anonymous 1999).

One difficulty with RMs is the shelf life of such materials in that the analyte
level may change with time. Stable forms of dried material are, therefore, common.
Some analytes can be more unstable and sulphur dioxide is one of them. Levermore
and McLean (2002) describe development of a stable sulphited food reference
material based on a frozen sausage meat mix, which showed stable values for up
to 8 months storage.

Forms of bias

Bias has been defined and explained in a general sense, but it can manifest itself
in two specific ways. One is fixed bias where it remains constant over all analyte
levels; secondly, it can change with the level as when relative bias exits, and
both can be present (BSI 2000). Once identified, the significance of bias can
be determined by use of a 1-sample t-test, provided that a reference figure is
available. Calculations of the necessary measures have been shown in Table 3.6
and Section 5.5. Some are used here to illustrate fixed bias (Table 9.6).

Table 9.6 Bias calculations (Fe mg/100 g) (Excel).

Data

Analyte 3.4
Fe content mg/100 g 2.9

3.4
3.2
3.6

Count (n) 5
Mean 3.30
Standard deviation 0.26
Standard error (se) 0.12
Accuracy:
‘True value’ 3.9
Error of mean (em) –0.6
%REM –18.18
CI95.0%z 0.26
t0.05, df = n – 1 2.776
CI95%t 0.33
CI lower 2.97
CI upper 3.63

Significance test:
1 s t-test:
t (t) 5.07 = ABS(em)/se
df 4
p-value (two-tailed) 0.007 = T.DIST.2Ta(t,df)

aTDIST(t,df,2) Excel 2003.
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Fixed bias

Five end determinations were performed on the content of iron in barley. Is there
evidence of bias (assume fixed bias)? The data were entered into the table with the
formula of Tables 3.6 and 5.12.

It can be seen that bias is present as the test mean is below the true value and
the confidence interval does not contain the true value. The 1-sample t-test reveals
that this bias is significant. That is, there is evidence of significant negative bias.

The presence of fixed bias was assumed above, but to confirm this would
require construction of a graph plotting a range of standard concentrations against
the experimental values. Fixed bias, if present alone, will show (if large enough
cf. random error) a constant deviation from the line and a non-zero intercept (see
the example below).

Relative bias

This form of bias can be located by plotting standard concentrations against
measured values as above, along with a 45◦ line (Calcutt and Boddy 1983).
Relative bias will show a varying deviation from the line, and the slope of the
points will not be equal to unity. If both are present, there will be a varying
deviation from a non-unity slope coefficient plus a non-zero intercept.

Example 9.6-1 Bias calculation and display for chemical analysis data
Prior to a programme of mineral content analysis on foods, a check was made
on possible bias in the atomic absorption spectroscopy methods. One mineral
analyte was measured with a set of standards for absorbance, over a range of
10–100 μg/100 g concentration. Is there evidence of any form of bias?

Excel can illustrate this by constructing a scatter graph and performing regres-
sion on the standard concentrations against the test determinations. This was done
for the data on the mineral content (Table 9.7).

The scatter graph (Fig. 9.2), a plot of observed versus fitted (predicted) con-
centrations, has two lines – one (dashed) is the predicted concentration values of
the standards if no bias was present – this line has a intercept value at the origin
and slope is equal to 1 (45◦). The second line (solid) deviates from the first – the
intercept is non-zero and the slope is greater than 1, indicating both forms of bias.

Note that the table has been truncated and values rounded off to improve read-
ability, but all figures should be retained if they are required for later calculations
using the regression equation. Fixed bias is given by the intercept – in this case, it
is +2.18, which can be used as a fixed bias correction factor. Relative bias can be
expressed by quoting the slope coefficient or expressing it as a percentage above
1, e.g. 1.13 or 13%. Correction factors for this form must be applied to individual
test values, based on the appropriate bias for each level of concentration.

Assessing bias does depend on several factors including sample size and the
variability of the instrumental method. Accepting that bias is not present, there are
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Table 9.7 Regression analysis (fixed and relative bias (Excel).

Data

Standards conc.
(μg/100 g)

Observed conc.
(μg/100 g)

10 15
20 24
40 47
60 69
80 90

100 117
Summary output

Regression statistics

Multiple R 0.999
R2 0.998
Adjusted R2 0.998
Standard error 1.841
Observations 6

ANOVA

Source of
variation df SS MS F Significance F

Regression 1 7705.78 7705.78 2274.65 0.00
Residual 4 13.55 3.39
Total 5 7719.33

Coefficients
Intercept 2.18
X variable 1 1.13

still possible sources of error that can arise and these can be detected by a fuller
analysis of the data from calibration standards. Error can affect the standards and
consequently any calculation that depends on them.

9.6.2 Calibration studies

Certain methods of chemical analysis include determination of a series of
reference or standard samples along with unknown sample. This allows
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Fig. 9.2 Relative and fixed bias (Excel).
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calibration of the analysis. As this involves more analysis time, it is particularly
suited to auto-analyser systems rather than wet traditional methods. The procedure
is performed routinely on each analysis occasion. In this way, slight variation in
reagents, techniques, etc., will affect both unknowns and standards, thus reducing
error. Calculation of unknown concentrations is achieved via statistical methods
of correlation and regression (Chapter 6). Values are predicted by interpolation
from the relationship between concentration and the particular measure used (e.g.
absorbance).

The assumption is that there is a linear relationship. A calibration graph
is drawn, then unknowns can be ‘read-off’ the graph, or calculated using the
regression equation. This procedure, like any other end measurement, is subject
to error.

How to check the accuracy of a calibration graph
A number of factors affect the calibration procedure in terms of accuracy:

� Linear relationship
� Background signal from reagents (blank)
� Range of standards is wide enough to include all likely unknowns
� Error may occur in both standard preparation and measurement, i.e. X and Y
� Y measure error can depend on concentration

Assuming adequate control over the standards (i.e. minimisation of error),
inclusion of a blank, adequate range, etc., then the procedure for assessing the
quality of the calibration is as given in Sections 6.3 and 6.4 using Excel, namely
prepare a scatter graph, determine the coefficient r for the data, fit a regression
line and perform a regression analysis. These procedures have been applied to the
data of Table 9.8.

The scatter graph (Fig. 9.3) shows that some points are not precisely on the
line, but there are no suggestions of non-linearity, which would lead to errors in r.
The correlation coefficient is not provided, but is quickly obtained by taking the
square root of R2. Ideally, r should be unity (perfect correlation), but in practice it
is likely to be less, but unless technique is very poor, r will be >0.9, as is the case
in this example.

Regression analysis uses the Data Analysis Toolpak option in Excel (Sec-
tion 6.4). For this set of data, the regression fit is high and the ANOVA is significant
(Table 9.8).

The regression equation of Y (absorbance) on X (concentration) made up by
the coefficients (the slope for X and the intercept) in the regression analysis is
displayed on the graph, and it can be expressed as:

Absorbance = 0.0791 × concentration + 0.017
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Table 9.8 Regression analysis of calibration data (Excel).

Summary output STD (mg/100 g) ABS

Regression statistics

D 0 0.02
A 1 0.08

Multiple R 0.998 T 2 0.18
R2 0.996 A 4 0.35
Adjusted R2 0.995 6 0.47
Standard error 0.021 8 0.68
Observations 7 10 0.79

ANOVA

df SS MS F Significance F

Regression 1 0.523 0.523 1153.04 0.000
Residual 5 0.002 0.00046
Total 6 0.526

Coefficients Standard error t-Stat p-value Lower 95% Upper 95%

Intercept 0.017 0.013 1.300 0.250 –0.017 0.051
X variable 1 0.079 0.002 33.956 0.000 0.073 0.085

Residual output Probability output

Observation Predicted Y Residuals Percentile Y

1 0.017014 0.002986 7.142857 0.02
2 0.096075 −0.01608 21.42857 0.08
3 0.175137 0.004863 35.71429 0.18
4 0.333259 0.016741 50 0.35
5 0.491382 −0.02138 64.28571 0.47
6 0.649505 0.030495 78.57143 0.68
7 0.807628 −0.01763 92.85714 0.79

The equation can be used to predict Y (absorbance) values given fixed
concentration values, but here calculated values of the unknown concentrations
for a given absorbance are required. This can be obtained by rearranging the
regression equation:

Concentration = (absorbance − 0.017)/0.0791

Y = 0.0791X + 0.017

R 2 = 0.9957
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Fig. 9.3 Calibration data with regression line.
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Fig. 9.4 Confidence bands for predicted Y (absorbance) (Excel).

Note that the blank (zero standard) value is incorporated into the slope value.
Miller and Miller (1993) state that it is incorrect to subtract the blank from each
reading (before plotting the graph) as the blank itself is subject to errors.

Errors can be calculated for the slope and intercept. This is done by considering
the deviation from the ‘true’ values of the standards taken as being ‘on the line’
compared with the actual reading. These are the residuals (Section 6.4) and a
measure of their variance can be obtained. This is then used to calculate the errors
as confidence intervals. The Excel regression tool has performed this automatically
(Table 9.8).

Excel gives predicted Y (absorbance) (fitted values) and the corresponding
residuals (the difference between the predicted and actual absorbance) – so these
can be used to calculate the CI for the line. This is not directly available in Excel,
but they can be calculated using the CI values for each coefficient (Table 9.8).
These should be substituted into the equation above to calculate the lower and
upper values, e.g. the standard with 4 mg/100 g concentration has a predicted
absorbance of 0.33, with lower CI = 4 ∗ 0.073 – 0.017 = 0.28 and upper CI = 4 ∗
0.085 + 0.051 = 0.39. The confidence limits can be displayed as bands on either
side of the line (Fig. 9.4).

Minitab can do this directly from the data. In the example, CI limits are clearly
visible. They vary according to the position on the line (see below) and this means
that any predicted absorbance will have uncertainty. While such CI ranges and
bands are effective in illustrating the error in the standard line, these confidence
bands give a CI for a particular predicted value of Y (in the above example,
absorbance). This is not the main objective in use of a calibration line for chemical
analysis, where prediction of unknown X values (concentration) is required.

Unknown sample concentrations

Concentration of the analyte in unknown samples is obtained by using the rear-
ranged calculation. Unless the CIs for the standards are zero, there will be some
error in the estimate of the unknown. Calculation of a confidence limit for each
unknown is more complex. Miller and Miller (1993) and Calcutt and Boddy (1983)
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Table 9.9 Confidence bands for unknown concentration (Excel).

EDCBA

1 STD (X A) BS (Y )

0.02D02

0.08A13

0.18T24

0.35A45

0.4766

0.6887

0.79108

0.37Centroid9 AVERAGE(D2:D8)

Sum of squared deviation X 17.3801

From regression Table 9.80.021Standard error(se)11

From regression Table 9.80.017Intercept12

From regression Table 9.80.079Slope13

Unknown abs. (u14 abs As entered0.7)

15 n As entered7

Centroid16 abs 0.367 Average all standard abs

Sum deviations x 17.3871 Var(x values) ∗

VAR.Sa(B2:B8) ∗ (n −1)

(n – 1)

t18 95% 2.57 T.INV.2Tb(0.05, n – 2) 

8.65Concentration19 (u − intercept)/slope

20 CI t95% 0.80 Formula belowc

21 = (( t ∗ se)/slope) ∗ SQRT(1 + 1/n + (((uabs − centroidabs)/slope)∧2)/sum dev x)

a VAR() Excel 2003.
b TINV() Excel 2003.
c Calcutt and Boddy (1983).

give formulae which approximate, but few software packages perform these calcu-
lations. Excel can be programmed with the equation of Calcutt and Boddy (1983)
to give the CI for X (concentrations) (Table 9.9). Most of the required values are
available in the regression output of Table 9.8.

The formula has been applied to a single unknown. Values can then be calculated
for a range of unknown absorbance, which allows the upper and lower points of
the confidence bands to be calculated and plotted for the unknowns (Fig. 9.5).

In the plot, the limits vary, depending on the position on the line. This may
seem unusual compared with the format of a single CI as described previously
(Section 3.4.3), but it is a consequence of the values obtained from the regression
line. Unknowns closest to the centroid of the line will have the narrowest interval
contrasting with those further away. The regression line calculation is based on the
centroid, defined as the overall mean of concentration and the signal (absorbance)
for the standards (Miller and Miller 1993).

The CI limits can appear large when only single standards and sample are
used (i.e. there are no true replicates). This is especially so considering the high
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Fig. 9.5 Confidence bands (95%) for unknown concentration (Excel).

correlation coefficient obtained. Increasing replication will narrow the bands, as
will increasing the range of the standards, or using an established measure of
residual error based on a larger number of standards. Checking of assumptions in
regression can be performed as described in Section 6.4.

9.6.3 Precision studies

Precision for repeated determination is measured by calculation of the sd, variance,
%CV, etc. In addition, the width of a confidence interval for the estimated analyte
content provides another view – the wider the interval, the lower the precision.
CIs can make differences more obvious, especially when presented graphically as
shown above. Like bias, precision can be relative and can depend on concentration.
This can be revealed by comparing standard deviations of measures for different
concentrations via tables or graphs (in a similar style to that used in Fig. 9.1).

Levels of precision depend on a number of factors such as the method of chem-
ical analysis itself, as well as the effect of the technician, and the circumstances
of the laboratory, etc. Values of 1–5 for %CV are attainable (Table 9.2). The sig-
nificance of precision can be checked in a number of ways, but one method is to
compare each set of replicates with the other(s) using a significance test, as for
separate sample units. When relatively high precision is present, the test should
not locate any significance, i.e. the data can be viewed as originating from the
same population.

The definition of precision in its simplest form is as a single measure of vari-
ation, typically, the standard deviation. This can be applied to a wider range of
circumstances, e.g. on the laboratory bench for two determinations or variation
of repeated determinations over several days. On this basis, precision terms have
been defined for specific conditions in analytical chemistry laboratories. These are
the terms repeatability and reproducibility.

Repeatability

This term refers to the variation within a single laboratory under prescribed con-
ditions. This includes the BSI definition (BSI 2002) and the term is expressed
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Table 9.10 Repeatability calculation data (Excel).

Moisture
Data Content (g/100 g)

Duplicate 1 71.5
Duplicate 2 70.9
mean 71.2
sd (pop.) 0.35
sd (unknown) 0.42
t95%, 1df 12.71
Repeatabilityz 0.97
Repeatabilityt 7.62

as an interval in which repeated determinations should be located with a level
of confidence, i.e. a confidence interval of two determinations carried out under
repeatability (within-laboratory) conditions.

Example 9.6-2 Precision calculations for chemical analysis data
Data gathered during routine chemical analysis of moisture content in foods
were examined for the level of precision. Mean values were in the range 70–
72 g/100 g, and based on the databank, the population standard deviation was
taken as 0.35 g/100 g. A duplicate measure was carried out under repeatability
conditions. What is the precision of the data?

Table 9.10 shows the result of the duplicate moisture content determination.
Assuming repeatability conditions as defined above, precision (repeatability) can
be calculated in two ways.

As the population standard deviation (sigma (σ )) is known, then:

Repeatability 95% = z95% × square root (2) × σ

= 1.96 × square root (2) × σ

This is essentially the confidence interval for a duplicate determination, i.e.
n = 2. The z-value is the confidence level factor based on a normal distribution
as explained in Section 3.4.3. In the example, repeatability has a value of 0.97%.
Thus, duplicate determinations of moisture by the particular method in the same
laboratory, same technician, reagents, etc., should differ by not more than 0.97%.
The population sigma can be obtained from previous data as in the example, or by
carrying out an initial larger set of determinations to give an improved estimate.

If sigma is estimated as the sample sd, then:

Repeatability 95% = t95%, 1 df × square root (2) × sd

The confidence level factor is based on the t-distribution. This results in a much
higher value (>7%), but it is also possible to use a t-value based on a larger earlier
set to give more representative measure of repeatability, and a narrower interval. In
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practice, duplicate moistures by oven drying give %CVs of <1%, thus the former
estimate of repeatability is not usual.

Some texts define repeatability as ‘within laboratory’ in a broader way in that
it includes different operators, which is more realistic as it cannot be guaranteed
that the same technician will analyse all incoming samples at one session, etc.
Repeatability can also be obtained via the ‘within variance’ estimate in a two-way
ANOVA (see below).

Reproducibility

Repeatability is a critically important measure for a laboratory, but there are many
analytical laboratories and there is concern that results can vary depending on
which laboratory is used. There are many examples of such discrepancies in the
literature (e.g. Thompson 1994), with z-scores (as above) attaining values well
above the ±2 limit for some laboratories (±10 in some instances). This has given
rise to a further definition of precision. The term is expanded to cover variation
between different laboratories – reproducibility. This is the variability where all
aspects other than the material being analysed are different, i.e. analysis in different
laboratories, hence different technicians, reagents, times etc. The definition is
calculated in a similar manner to that for repeatability, with the inclusion of the
‘different laboratory effect’: reproducibility is the magnitude of the interval for two
determinations by any two laboratories. The calculation reflects the wider source
of variation by incorporating the variance of both within- and between-laboratory
sources:

Reproducibility95%(population variance known):
= z95% × square root (2) × square root (variancewithin + variancebetween)

And

Reproducibility95%(variance estimated):
= t95%,1 × square root (2) × square root (estimated variancewithin

+ estimated variancebetween)

The estimates in the second formula are conveniently obtained by ANOVA,
which provides a ‘pooled within variance’ as well as the ‘between variance’.
This is shown for two laboratories – laboratory A compared with laboratory B
(Table 9.11).

The variance of each laboratory is given and the average of this is the ‘pooled
within variance’ – also shown as the ‘within group mean square’ (MS). The
‘between variance’ is the ‘between groups MS’. These were used to calculate
the reproducibility of these two laboratories. As seen, the reproducibility figures
are higher than those of repeatability, especially when the variance estimates are
based on two determinations (again, this can be improved using a known or an
established more confident variance estimate).
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Table 9.11 Estimation of within- and between-laboratory variance using ANOVA (Excel).

Moisture content (g/100 g)

Data Laboratory A Laboratory B

71.1 72.8
71.7 72.9

Mean 71.4 72.85 Estimate Known
sd (pop.) 0.18 0.09 Within variance 0.093 0.065
sd (unk.) 0.42 0.07 Between variance 2.10 1.5
t95%, 1df 12.71 12.71
Repeatabilityz 0.50 0.25 t95%, 1df 12.71
Repeatabilityt 7.62 1.27 Reproducibilityz 3.47

Reproducibilityt 26.62

ANOVA: single factor
Summary

Groups Count Sum Average Variance

Laboratory A 2 142.8 71.4 0.18
Laboratory B 2 145.7 72.85 0.005

ANOVA

Source of variation SS df MS F p-value F-critical

Between groups 2.103 1 2.10 22.73 0.041 18.51
Within groups 0.185 2 0.093
Total 2.288 3

The above analysis is limited in that it cannot provide any indication of interac-
tion of laboratories with different concentrations or levels of a particular analyte,
e.g. a food with a higher or lower level of moisture. Inclusion of a second set of
replicates from another food type allows interaction to be assessed (Table 9.12).

Here, reproducibility is determined via estimates of within, between and inter-
action, which are adjusted to take into account the number of determinations, etc.
Reproducibility is still high when more than one concentration of the moisture
content is considered, but the differing concentration does not appear to cause a sig-
nificant effect. Such work is done in inter-laboratory proficiency-testing schemes,
and large precision studies can involve ten or more laboratories examining a
particular method at several levels of concentration.

9.6.4 Uncertainty

The ultimate way to gauge the quality of a result for a chemical analysis is by
a composite measure and this is provided by uncertainty. It can be expressed in
more than one way, but broadly, it is intended to provide a composite view of both
accuracy and precision effects. It is defined in the Association of Public Analysts
protocol publication (1986) in this manner:

U = 100 − bias ± 2 × CV (%CV of two determinations)
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Table 9.12 Reproducibility with interaction (Excel).

Moisture content (g/100 g)

Data Laboratory A Laboratory B

s1 73.4 75.1
72.7 74.2

s2 66.5 67.9
68.0 67.2

Variance estimates:
Within laboratory 0.51 = Within
Between laboratory 0.24 = columns – interaction/number of determinations per lab
Interaction 0.17 = interact – within/number in each cell
t95%, 4df 2.78 df = within
Reproducibility 3.76
ANOVA: two-factor with replication

ANOVA

Source of variation SS df MS F p-value F-critical

Sample 83.21 1 83.21 164.76 0.0002 7.71
Columns 1.81 1 1.81 3.57 0.13 7.71
Interaction 0.84 1 0.84 1.67 0.26 7.71
Within 2.02 4 0.51
Total 87.88 7

Other definitions use variances (as sd) values for sources of variation, which
cause uncertainty of the final measure (Miller and Miller 1999), where:

Expanded uncertainty (U ) = standard uncertainty (u) × coverage factor

Standard uncertainty is essentially an sd value and the coverage factor is 2 for
95% confidence, thus:

U95% = 2 × sd

Recent work with designed experiments has used a factorial structure to estimate
uncertainty, combined with robust forms of analysis. Hill and von Holst (2001)
have evaluated sources of variation as ‘sampling’, ‘preparation’ and ‘analytical’
and these are summed to give the overall uncertainty measure. FSA (2004b) carried
out a study of uncertainty in the food sampling process using quality control charts
to monitor sampling precision.

A simple uncertainty experiment could involve drawing two samples from a
batch in a random manner and in the same style as would be done for routine anal-
ysis, then performing an end determination on two subsamples of each sample
unit. This can provide variance measures of ‘between sample’ (sampling uncer-
tainty) and ‘between replicates’ (analytical uncertainty) using two-way ANOVA.
The data and analysis for such an experiment are presented in Table 9.13. Al-
though replication is present, Excel’s ‘ANOVA two-factor without replication’ is
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Table 9.13 Uncertainty calculation (Excel).

Glucose content
(g/100 mL)

Data s1 s2

Replicate 1 6.9 8.2
Replicate 2 6.5 8.7

ANOVA: two-factor without replication
Summary

Count Sum Average Variance sd
Exp. U

95%

Replicate 1 2 15.1 7.55 0.84 0.919 1.838
Replicate 2 2 15.2 7.6 2.42 1.556 3.111

Average U 2.47
s1 2 13.4 6.7 0.08 0.283 0.566
s2 2 16.9 8.45 0.13 0.354 0.707

Average U 0.64
ANOVA

Source of variation SS df MS F p-value F-critical

Rows 0.003 1 0.003 0.012 0.93 161.45
Columns 3.06 1 3.06 15.12 0.16 161.45
Error 0.20 1 0.20
Total 3.27 3

used because both sample and replication itself are treated as possible contributing
sources of variation. Absence of error (and uncertainty) would result in the two
samples (s1 and s2) being the same in terms of analyte content, as would repeat
determinations (replicate 1 and 2) on the same material. This, of course, is not
the case. Examination of the summary table shows that the sample means differ
giving relatively large variances (MS) for them (columns). Analytical variance is
very low as seen by the closeness of the replicates for each sample. Uncertainty
calculations have been added to the output. If we assume that the U calculation is to
be based on two determinations then we have two measures each for both replicate
and sample. Standard deviations were calculated from the variance values then the
‘Expanded U’ formula above was applied, then averaged. The U95% value is much
larger for the samples. Therefore, in this example, there is more uncertainty for
the sampling stage than that caused by replication during analysis by the particular
method employed.

As could be envisaged, the more factors that are included for uncertainty esti-
mates, the more chemical analyses are required, and this involves more cost. As
a result, there is considerable interest in examining the balance of cost against
risks and benefits of uncertainty testing, ultimately in the form of optimisation
experiments as described previously. Another possibility is the use of fractional
factorials to reduce the number of sampling treatments (Jülicher et al. 1999).
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9.7 Analysis of relationships

In many investigations, other measures are included along with instrumental meth-
ods and sensory assessments are a common example. Williams et al. (1988) give
an account of this aspect in the context of food acceptance with examination
of relationships between and chemical, physical and sensory data. Examples of
relationship analysis have been presented in previous chapters (Sections 6.3 and
8.5.5). Additional examples of relating instrumental data to sensory and consumer
data are covered in Chapters 10 and 12.
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Chapter 10

Food product formulation

10.1 Introduction

Product development is essential for food companies to remain viable, but the
process of development is costly and failure rates are high. Many reasons have
been postulated for this, but ‘trail–and-error’ methods and a general lack of an
organised approach contribute.

The development process encompasses several stages (Brody and Lord 2000).
For the laboratory worker, one of the tasks in making up a new product is that of
formulation. At the simplest level, this involves combining ingredients together,
processing, if necessary, and then examining the resulting product. The experience
and knowledge of the food development technologist can be applied in trial-and-
error experiments, but a much more efficient way is to apply experimental design.
Evaluation of test formulations can be done by a variety of methods, but one or
more of these measures will be used for the ultimate objective of optimising the
ingredient balance in the product.

The purpose of this chapter is to consider this phase in the development process –
that of the make-up of a formulation or prototype product for testing by the food
development team. Mainly product aspects are covered, but similar techniques can
be applied in process development studies.

10.2 Design application in food product development

The essentials of formulation studies are that ingredients are identified as factors
and are combined at various levels to produce a set of prototypes. These can
be assessed and the ‘best one’ identified to allow continuing work. From such

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.
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Table 10.1 Design features in food formulation.

General design term Formulation experiment term

Treatments Formulations
Factors Individual ingredients selected for study
Levels The quantities, proportions, ratios or identities of selected ingredients
Responses Instrumental, sensory, consumer measures on the formulations
Controls Existing standard product or a competitors product

experiments, much information can be gained. At the commencement, there can
be several unanswered key questions:

� Which ingredients have critical effects on quality, cost, storage stability, etc.?
� What are the optimum levels of ingredients for sensory acceptability, nutritional

suitability combined with minimum costs?

All such features can be incorporated, with factorial designs providing a com-
mon route. While ingredients are the focus, other factors can influence the formu-
lation, such as consumer wants and desires in any proposed product. An example
could be that during initial market research, consumers expressed a desire for a
wide range of flavours, but a low-sugar content in a new ice cream.

With small experiments, the data can be analysed by simple methods, but larger
studies can employ predictive models and these can provide powerful decision
aids in the development process. The principles of design deal with the various
formulation details as shown in Table 10.1.

The ingredients of the proposed product are the factors with either quantities or
types as the levels, i.e. quantitative and qualitative ingredients. Responses can be
one or more. Usually, for sensory optimisation, a single key measure of quality is
required, but a full sensory profile is possible. More objective responses, including
chemical and physical measures, are possible. Table 10.2 indicates some designs
used in formulation. Arteaga et al. (1994) provide a full review of designs for food
formula optimisation. Selection of which ingredients and factors to manipulate
come from a variety of sources including marketing data and category concept
studies (Moskowitz 1994).

The simplest designs are based on factorial experiments, with one-way, two-
way, etc. Section 7.4.1 has identified the disadvantages of doing one factor in

Table 10.2 Design types for formulation.

Design

One variable (factor)
Factorial
Fractional factorial
Composite
Response surface
Mixture
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isolation to others, so ideally all factors (ingredients) should be examined together
as they are to be in the final formulation. The exception might be where one key
ingredient has as major effect and has little or no interaction with other ingredients.
As the number of factors and levels increase, the size of such experiments can
get very large and compromises have to be made. Reduction of experimentation
can be achieved by certain designs such as fractional factorials. These can be
used as a type of screening process to identify critical ingredients. Another route
is to base selection on pre-knowledge of effects. Factorial experiments can give
more information, but ultimately, the more advanced designs are required for
optimisation.

The aim of all such studies is to reach a high standard of quality in the results as
expounded upon by Joglekar and May (1987) in their article on product excellence
by experimental design. More detail of some of the above designs is presented
below, but as an initial example, a single ingredient and its quantitative variation
are illustrated.

10.3 Single ingredient effects

With one ingredient, a relatively simple experiment can determine the formula
content. This can be performed by making up a series of formulations of the prod-
uct with increasing concentration of the ingredient, i.e. a one-variable experiment.
These ‘prototypes’ can then be tested by sensory and instrumental methods. Re-
sults can be analysed and summarised in the form of a scatter diagram (Section
6.3). In formulation studies, the independent variable is the fixed level of the
ingredient, on the X-axis, and on the Y-axis is the dependent response.

An example of a single ingredient manipulation is given below.

Example 10.3-1 Display of single ingredient effect in formulation
A product development exercise on new desserts included formulation of a
custard-type product. Trial mixes (five) were made up with varying levels of
a thickening agent (0.1–0.7 g/100 g). Subsamples were assessed for ‘sensory
consistency’ (0–100 graphic line scale) by a panel of trained assessors and
the panel means were calculated for each sample. Subsamples of the same
formulation mixes were also presented to a small consumer panel who rated them
for degree of liking (DOL) using a 9-point hedonic scale (1 = ‘dislike extremely’
to 9 = ‘like extremely’). What do the data reveal about the relationships between
thickening agent concentration and the sensory and hedonic measure?

For this analysis, the thickening agent concentration is assigned as the indepen-
dent variable (X) and the sensory and hedonic as the dependent variables (Y). The
data were plotted in scatter graphs (Figs 10.1 and 10.2).

The first graph forms an approximate straight line, and there appears to be direct
relationship between the agent concentration and the sensory consistency.
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Fig. 10.1 Scatter graph of ingredient variation and sensory response (Excel).

For this type of response, the graph shows that increasing the stimulus will,
over a limited range of quantities at least, show a straight-line relationship. In Fig.
10.1, this is a positive one – as the stimulus is increased, the sensory response
increases. The graph cannot show the ‘correct’ or required level directly. This
would require a decision on the level of ‘sensory consistency’ necessary for that
product, based on a ‘target value’ from other data, e.g. a ‘thick’ product was
considered desirable in a consumer concept study. If the formulator wants a higher
consistency then obviously increasing the agent content will achieve this up to a
limit, when the response may level off. Wider concentration ranges can be used to
give a more comprehensive picture, but in these cases, the logarithms of the X and
Y values could be required to produce a linear relationship, as the psychophysical
relationship is non-linear over wider ranges. This applies to all effects of this
nature when a sensory response is plotted against a stimulus.

Hough et al. (1997) gave some explanation of the use of Stevens law in such
relationships, and then applied the principles in experiments to identify levels
of sugar, cocoa and gum in sensory optimisation of a powdered milk chocolate
formula.

If the response is non-sensory, i.e. instrumental, then a linear relationship is also
likely, e.g. achieving a certain level of viscosity in a sauce product. In either case,
the scientist has a rudimentary model of the effect, which can be used to determine
a ‘target’ level of perceived sensory consistency (or instrumental viscosity) based
on some criteria, such as consumer wants or technical, production requirements.

For the second graph (Fig. 10.2), the hedonic response appears to increases
with the agent concentration up to a point and then to decrease. This is a
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Fig. 10.2 Scatter graph of ingredient level and hedonic response (Excel).
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Fig. 10.3 Scatter plot of sensory stimulus and hedonic response (Excel).

non-linear response case, typically found with affective measures, and a char-
acteristic ‘inverted U-curve’ can be seen if the stimulus covers a wide enough
range.

The peak of the graph identifies the highest liking and a vertical line to the
X-axis will provide the amount of ingredient to achieve this level of liking. Other
graphs of this form are given by Moskowitz (1989) and in several other texts by
the same author. A problem arises here. Most methodologies for formulation work
are based on linear relationships and effects. Data as above show that hedonic
responses may not be linear over wide ranges of acceptance or liking. This has
ramifications for the design stage.

Accepting these limitations for now, the above results have the advantage of
all simple experiments in that they are easy to interpret. Their scope can be
extended to include stimuli in the form of ‘sensory settings’ as measured by a
trained sensory panel and others based on instrumental readings such as chemical
content, refractive index, viscosity, etc. Correlation features strongly in the analysis
part and scatter graphs can illustrate many examples.

Hence, assuming that another ingredient, lemon juice, is studied in the dessert
example, then a graph of sensory ‘sourness’ (as the independent) can be plotted
against ‘consumer hedonic’ (Fig. 10.3).

This reveals that sensory sourness has a negative relationship with consumer
hedonic rating over the range examined.

Data from instrumental measures can be combined, provided scales of measure-
ment are similar or rescaled to be so (Fig. 10.4).
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Fig. 10.4 Scatter plot of sensory and consumer responses against instrumental settings (Excel).
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This graph displays both hedonic and sensory responses to increasing sugar
content in a formulation. The hedonic relationship is not linear, but it provides
the formulator with useful information on which level of sensory ‘sweetness’ is
likely to be preferred by consumer, i.e. approximately a score of 55 on the intensity
scale. If the consumer data are now linked to compositional data then a formulation
figure can be ascertained – approximately 7% sugar. Relationships of this nature
can be examined and compared for separate segments of the consumer population
as an aid to marketing (Moskowitz 1994).

Ultimately, regression studies follow correlation and prediction via the regres-
sion equation can allow a simple evaluation of the ingredient level required for
the desired level of the response. Non-linear responses can be accommodated by
fitting an alternative equation. Using the above data in simple regression analysis
and fitting a linear trend line (Section 6.4) produces:

Sensory consistency score = 105 × thickening agent concentration
+1(R2 = 0.9905)

This prediction has high fit in that the R2 value is very high; therefore, sensory
consistency can be predicted with confidence within the limits of the experimental
data.

Similar treatment (Section 6.4) to the hedonic response gives a very poor linear
regression model in terms of predictive power. This is improved dramatically by
use of a quadratic polynomial fit:

Linear fit:
Hedonic = 2.7692 × thickening agent concentration + 3.5923

(R2 = 0.3599)
Quadratic fit:
Hedonic = –21.429 × (thickening agent concentration)2

+ 19.912 × thickening agent + 1.278(R2 = 0.8473)

Using the latter equation, and substituting various values for X (the concentration
of the thickening agent) soon gives a maximum value of Y (hedonic) in the region
of 5.8–5.9 for a concentration of approximately 5% of the agent.

Of course, as pointed out in Chapter 7, ‘OVAT’ (one variable at a time) designs
suffer from their inability to identify several effects at once and the interactions.
In the examples above, the effect of one ingredient was measured. A second
ingredient would then have to be measured, but the effect of both together is not
possible without the use of the more powerful factorial experiment. Hence, the
level of the first ingredient to achieve maximum or optimum effect may differ in
the presence of the second. It could possibly be lower and thus be less costly for
the product.
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Experiments involving single factors are regularly reported in the literature,
even though the formulations include several ingredients, but the variation is
limited to one and others are kept constant. Other possibilities include variation of
more than one ingredient, but the factor is simply assigned as the ‘formulation’.
This method was used by Ordóñez et al. (2001), who studied various properties of
conventional and low-fat frankfurters. Fifteen ingredients were in the formulations,
but nine of these were fixed. The other six were not varied systematically, but a
limited number of variations were incorporated in four formulations after some
preliminary experimentation. Conclusions from this type of study can only refer to
the formulation effect as a whole rather than to specific ingredient effects. Another
complication is that more than one response is likely to be taken into account.
Overall liking is one, but there may be other constraints on the formulation such
as fat content, cost, etc. (see below).

10.4 Two or more ingredients

The study of more than one ingredient in an efficient design requires a factorial
experiment. This will allow assessment of all factors on all responses. A two-factor
formulation experiment illustrates this.

Example 10.4-1 Two-ingredient effect in formulation
In development of bread products, two types of flour (white/low-fibre and high-
fibre) and an improving agent were examined for their effects on quality. A
simple experiment with the two flours and two different amounts of the improver
was planned. Laboratory scale batches were made up and all other ingredients
and process factors were kept constant. There were four treatments, carried out
in random order. At the end of the bake process and cooling of the loaves, the
response was assessed by loaf height as an index to volume (and quality). What
observations and conclusions can be made about the experiment and the effect
of flour and improver on loaf quality?

The factors are represented by the ingredients – the flour and the improver, and
the levels by the flour type and the amount of improver, respectively (Table 10.3).

The improver is assigned as factor 1 and it is a quantitative factor and involves
using two amounts of improver in the mix. Factor 2 is the flour type – it is a

Table 10.3 Factors and levels in a two-ingredient-formulation experiment.

Factor Identity Level

1 Improver Low
High

2 Flour Low fibre (control)
High fibre
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qualitative factor as it specifies a variety of flour type (although quantities could
be the same). The number of factors and levels decide the size of the experiment
in terms of the number of treatments, i.e. the formulations (in this experiment,
2 × 2 = 4 treatments). As this is a small (preliminary) experiment, two levels
were selected for each factor. At that point, there was an important choice – which
levels? The levels in a factorial experiment are selected to ‘trap’ the optimum,
if possible. They can be decided by experience or by guidelines from the sup-
plier of the ingredient, etc. In this case, two quantitative levels were allocated
for the improver within a suitable range (via the improver manufacturer’s guide-
lines) and these are designated as ‘high’ and ‘low’. For the flour type, a standard
white flour (low-fibre) was used as a control, with a high fibre version as the
second level.

The intention was to identify if any ingredient had a significant effect on response
measure(s). This was assessed by loaf height. Again, there can be several other
response measures for baked products, such as specific volume, crust colour,
firmness, sensory, hedonic, etc.

10.4.1 Significance of effects (ingredients)

The significance of effects can be determined by ANOVA. The data from the
experiment (Table 10.4) were entered into Excel and analysed using ANOVA:
Two-Factor Without Replication in the Toolpak. The null hypothesis was that
each ingredient has no effect on the loaf height when used at the levels in the
experiment. The alternative was that they do.

Table 10.4 ANOVA table for factorial experiment on formulation (Excel).

Data F2(1) control F2(2) high fibre

F1(1) improver (low) 15.8 12.4
F1(2) improver (high) 17.6 13.7
ANOVA: two-factor without replication

Summary Count Sum Average Variance

F1(1) low improver 2 28.20 14.10 5.78
F1(2) high improver 2 31.30 15.65 7.61
F2(1) low fibre 2 33.40 16.70 1.62
F2(2) high fibre 2 26.10 13.05 0.84

ANOVA

Source of variation SS df MS F p-value F-critical

Rows 2.40 1 2.40 38.44 0.10 161.45
Columns 13.32 1 13.32 213.16 0.04 161.45
Error 0.06 1 0.06
Total 15.79 3
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Relative effects of different ingredients are readily identified (Table 10.4). Im-
mediately, effect magnitude is indicated by the F-statistic level and significance
by the p-value. The summary table takes the average of each factor level across
the levels of the other factor. This can be confusing to interpret unless the identity
of the factor levels is entered into the output as has been done. Thus, it can be
seen that the factor level ‘low improver’ when used with low-fibre and high-fibre
flour gives an average height of 14.1 cm. The lowest average height is found for
the high-fibre flour used with low and high improver, and the highest with the
low-fibre flour. The analysis of any significance of each factor is given by the
F-ratio value and its p-value. The row and column effects represent factors 1 and
2, respectively (as per the layout of the data at the top of Table 10.4). The variation
due to factor 1 (row) is not significant (p > 0.05), but factor 2 (column) is signifi-
cant with p < 0.05. Thus, flour type has had a much more marked effect on loaf
height, significantly so, compared with the improver. The low-fibre flour (control)
produces loaves with a significantly larger height when used with a high level of
improver.

Based on these preliminary results, incorporation of high-fibre flour types may
cause problems, in that a well-risen loaf could be difficult to accomplish. Further
examination of levels and other alternatives would need to be pursued. One piece
of information was that a combination effect may be present – a higher loaf
height was produced when the improver was at a higher level in the formulation.
This point, and others within the experiment above, raises some important issues
regarding formulation studies.

Size of experiment

With food formulations, a major drawback is that the number of ingredients, and
hence treatments, can be large. The experiment above studied two ingredients,
but there can be many more. Additionally, if process factors are also included
then the size can be unwieldy. With foods, this leads to logistical difficulties
in formulation trials and assessment procedures, especially if sensory work is
included. For example, four ingredients (factors) at two levels each, generates 24

formulations (2 × 2 × 2 × 2 = 16); including replication of all gives 32. This
number of treatments would be difficult for a sensory panel to assess in one session
if there are many attributes as with a descriptive profile. Blocking techniques could
be used. Restricting the factors to two levels does reduce numbers of treatments,
but has the disadvantage of relying on linear responses. With some affective
measures, linearity may be absent.

The experiment did not employ replication, thus it was unable to assess in-
teraction, and it did not assess batch-to-batch variation, a measure of which is
important in eventual larger experiments and pilot-scale work. Only main effects
were assessed – any interaction between flour type and improver remains un-
known. Inclusion of one full replication for each treatment doubles the size of the
experiment.
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Choice of levels and their format

The formulator has to decide on the magnitude (quantitative) or identity (qualita-
tive) of levels for the factors. With the latter type of factor, there may be several
alternatives, all potentially suitable. For quantitative factors, the problem is to en-
sure that the amounts used are realistic and viable for the product, i.e. they should
not result in formulation ‘failure’ (such as a subsample that cannot be tasted or
measured). If possible, the range of the levels should be outwith any possible
non-linear regions for responses. This can be difficult in some cases, especially
when several other ingredients are present and not all interactions can be detected
until the formulations are made. Experience of staff can guide this, as well as use
of simpler preliminary experiments with level manipulation.

Another aspect of quantitative level settings is the format that they take. In the
example, they were specific amounts of improver in the recipe formulation, i.e. a
concentration level. For such formulations, water is often varied to ‘take up the
slack’ so that all treatments have the same weight. There are other formats that
can be used, such as ratios and mixture balances – which is most suitable and can
all such formats be used with factorial experiments? Lack of care when selecting
amounts can lead to apparently different treatments being the same in terms of the
ratios (relative proportion) of the ingredients. This can occur when the absolute
weight in high and low levels is the same for two factors, e.g. levels of 25 g/25 g
for low + low, and 50 g/50 g for high + high have the same ratio.

Inadequacy of factorials for formulation

Factorial experiments have many advantages, one being the relatively simple and
clear interpretation of results. In the formulation case, they may be inadequate
as indicated above in respect of quantitative level format. Factors levels are de-
cided by the developer and it can be difficult to judge that the optimum will be
contained between them. Level settings can be inefficient if too close together
(Nakai 1981).

These issues indicate that more comprehensive design features require to be
included.

How can the size of the experiment be reduced in food formulation?
Many of the above arguments have been expounded upon in Chapter 7 (Section
7.4.4). There are a number of possible solutions for formulation and optimisation
experiments:

1. Pre-screen by preliminary experiments
2. Pre-screen by use of fractional or incomplete block designs

Using screening experiments can help reduce the number of treatments by
identifying the factors (ingredients) that have a major effect on response(s). Pre-
liminary experiments can identify combinations that are not suitable and possibly
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Table 10.5 Effect parameters of a full three-factor factorial.

Factor

Treatment A B C Effect parameter

1 High Low Low Main effect of factor A
2 Low High Low Main effect of factor B
3 Low Low High Main effect of factor C
4 High High Low Interaction effect of AB
5 High Low High Interaction effect of AC
6 Low High High Interaction effect of BC
7 High High High Interaction effect of ABC
8 Low Low Low I (‘identity element’)

point to certain ingredients that have minimum effects, especially when knowledge
of the product type is detailed. Screening designs can incorporate all ingredients,
but instead of a full factorial with at least two levels for each ingredient, a frac-
tional structure is used. There are a number of ways of achieving this, but the
two-level fractional factorial is common. The fraction is constructed by removing
treatment combinations with effects of lesser importance and of lower effect. In
most circumstances, higher order interactions (above two factors) tend to have
less effect. By removing treatments that assess these, the experiment becomes
smaller.

Consider a three-factor experiment, A, B and C, at two levels. A full factorial
without replication creates eight treatments (Table 10.5).

Such a design can be fractionated to give four treatments (a ‘1/2 fraction’) by
confounding some of the effect parameters.

Confounding of two or more effects means that they cannot be separated or
partitioned in the analysis. Using the logic above, one obvious candidate would be
the three-way interaction (ABC). However, in this example, there is less selection
available to get a half replicate – thus all the two-way interactions and the three-way
one can be confounded together along with the grand mean (Gacula 1993). Thus,
the fraction will assess main effects only – A, B and C, along with confounded
effects (Table 10.6).

This gives four treatments (the identity element I is not assessed as an effect).
With more factors, it is possible to take larger fractions and obtain a design that fits
the need of the experimenter. Ideally, main effects and all second-order interactions

Table 10.6 Half fraction of three-factor factorial.

Factor and levels

Effect Confounded with A B C

A BC 1 0 0
B AC 0 1 0
C AB 0 0 1
I ABC 1 1 1



Food product formulation 257

should be assessed. Confounding should be such that main effects are confounded
with three-way or higher interactions that are less likely to be significant. Designs
are available for more factors and a one sixteenth fraction of an eight-factor
experiment can be performed with 16 treatments, with no aliases for the main
effects. Ellekjær et al. (1996) applied a fractional design to the study of seven
factors influencing cheese processing and formulation. A full two-level seven-
factor experiment would have required 128 runs of the process, but fractionation
reduced this to a base size of 32 experiments.

Fractionation has other useful applications. Replication causes a major increase
in treatment number. With a fractional factorial, it is possible to use the higher order
interaction treatments as a substitute by extending the logic of non-significance
for higher orders. Thus, they give a measure of error on the basis that they are not
significant and any variation is simply ‘background’; replication of the design is
avoided.

The technique of blocking in experimental design is used in one form as a device
to take account of experimental runs that cannot be performed easily within one
session, as with an experiment performed over several days (blocks). Blocking
serves its purpose, but the block effect, which accrues, will usually not be of direct
interest. In some larger experiments, the block effect can be confounded with the
effects of interest. This can be alleviated by running a series of fractions over
the times with the block effect confounded with higher order interactions. This
latter application and the computations for construction and analysis of fractional
factorial are explained by Gacula and Singh (1984). It is possible to avoid the
tedium of construction of such designs by consulting published tables of designs
or by use of specialist software. Unfortunately, analysis of fractional factorials
cannot be done with the basic versions of Excel or Minitab, but a demonstration
of the possibilities in screening for formulation studies is presented below.

10.5 Screening of many ingredients

An example to illustrate some of the characteristics and advantages of fractional
designs is one involving screening of ingredients in a formulation study on a new
‘autumn fruit’ soft drink.

Example 10.5-1 Screening experiment in formulation
In an attempt to diversify their product base a food company initiated develop-
ment of new fruit drink, in particular one using ‘autumn fruits’. A consumer
concept study identified certain requirements such as absence of additives, use
of local fruits, a cloudy appearance and sugar acid balance as important. This
information was used to decide on the general nature of the product and the
ingredients. Four ingredients were selected – fructose, lemon juice, food dye
(red) and mixed autumn fruit pulp. Two levels were used for each ingredient and
these were based on common fruit drink features, e.g. 10% sugar, 5–40% fruit,
etc. A fractional design was required and a series of prototype formulations were
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prepared. Initial analysis was done by sensory methods. The formulations were
made up in random order with coding and blinding to minimise bias. Coded
subsamples from each batch were presented to a trained panel that assessed a
number of sensory attribute responses using graphic lines scales (0–100) along
with anchors and references. The samples were also assessed for DOL (‘degree
of liking’ with ‘dislike extremely’ (0) to ‘like extremely’ (100)) by a consumer
panel. What comments can be made about the design and what conclusions can
be made from analysis of the fractional design data?

This experiment employed fractionation but some additional features were in-
cluded. Two blocks were assigned that allowed inclusion of a centre point in each,
and two existing retail products were incorporated. The final design comprised
a 1/2 fractional factorial, using partial replication by means of the two centre
points. Centre points are achieved with levels set at mid-point. Eight formulations
were generated, along with the two centre points and two commercial references,
bringing the total number of samples assessed to 12 (Table 10.7).

The software package used to generate the design and perform the analyses
was Design-Expert (R) (Stat-ease Inc., Minneapolis, USA). For each response,
a half-normal plot (Section 3.5) was prepared and ANOVA was used to assess
selected effects.

The design used has a number of features that affect its efficiency:

� Reduced number of treatments
� Centre points (replication and curvature check)
� Reference products

Centre points are particularly useful as they provide a measure of pure error (i.e.
the centre point is replicated) and they add an element of ‘three-level’ structure to
the design that can allow detection of non-linear effects (curvature).

Table 10.7 Fractional factorial formulation experiment (Design-Expert (R)).

Factor A: Factor B: Factor C: Factor D:
Formulation Fructose% Food dye% Autumn fruit pulp% Lemon juice%

1 15.00 (hi) 0.01(lo) 10.00(lo) 2.00(hi)
2 15.00(hi) 0.10(hi) 10.00(lo) 0.00(lo)
3 3.50 (lo) 0.10(hi) 40.00(hi) 0.00(lo)
4 3.50(lo) 0.01(lo) 40.00(hi) 2.00(hi)
5 9.25 (cp) 0.055(cp) 25.00(cp) 1.00(cp)
6 3.50(lo) 0.01(lo) 10.00(lo) 0.00(lo)
7 15.00(hi) 0.10(hi) 40.00(hi) 2.00(hi)
8 15.00(hi) 0.01(lo) 40.00(hi) 0.00(lo)
9 3.50(lo) 0.10(hi) 10.00(lo) 2.00(hi)

10 9.25(cp) 0.055(cp) 25.00(cp) 1.00(cp)
11 Competitor 1
12 Competitor 2

hi, high level; lo, low level; cp, centre point level.
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Table 10.8 Treatment means by attribute (Design-Expert(R)).

Formulation treatment

Response 1 2 3 4 5 6 7 8 9 10 11 12

Red colour 22.3 50.0 86.6 69.9 72.5 27.9 89.8 80.1 51.5 64.1 91.0 75.6
Cloudiness 6.5 67.2 87.9 55.0 64.3 25.1 90.0 65.1 79.8 71.6 14.6 12.5
DOL 48.9 55.1 23.3 17.9 47.2 8.6 53.2 47.0 15.1 56.1 3.9 53.4

The panel mean values for the sensory attributes and DOL were entered into
the software and a selection of these is presented in Table 10.8.

High ranges are seen for the sensory attributes, but DOL has less in this respect.
DOL scores did not attain high levels with this sample set, especially for one of
the current products. There were a limited number of products with the necessary
characteristics on the market at the time of the experiment. Based on the sensory
results, these samples cannot be taken as having ‘ideal’ or ‘brand leader’ status.

10.5.1 Graphical analysis

Initial analysis comprised preparation of half-normal plots (similar to the normal
plots in Section 3.5). These can reveal the relative magnitude of an effect by its
distance from the line. If all factors have minimal effect then the sample set appears
as if they all come from the same population and all points will be close to the
line. The first response ‘red colour’ illustrates this convincingly (Fig. 10.5).

The ingredients that have relatively large effect on ‘red colour’ are the red dye
(B) and autumn fruit pulp (C); this is logical as they are the only source of colour
in the formula.
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Fig. 10.5 Half normal plot of ‘red colour’ response (Design-Expert(R)).
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Table 10.9 ANOVA for selected factorial model – ‘red colour’ (based on Design-Expert(R)
analysis).

Sum of Mean Probability
Source squares df square F-value > F

Model 4575.98 2 2287.99 66.69 0.0002
Curvature 116.28 1 116.28 3.39 0.1250
Residual 171.55 5 34.31

R-squared 0.9639

Standard t for H0

Coefficient Coefficient Probability
Factor estimate df Error = 0 >|t|
B-food dye 21.85 1 2.07 10.55 0.0001
C-pulp 9.72 1 2.07 4.70 0.0054
Center point 8.52 1 4.63 1.84 0.1250

Final equation in terms of actual factors:
Red colour = +11.47+ 1.46 ∗ Pulp + 216.11 ∗ Food dye.

These two factors have been selected for further analysis (Table 10.9 ). The
picture for ‘cloudiness’ is not quite so convincing (Fig. 10.6).

There is one possible (interactive) effect, but the coefficients for it are small so
they were not included in the model. Hence, the fruit pulp has most effect with
a contribution from the red food dye, although this needs exploration. The pulp
contains compounds that clearly affect ‘cloudiness’. In the case of the food dye
effect, it may be a perception issue by the sensory panel, or simply stronger colour
(i.e. more dye) appears darker and more cloudy. The final graph in the sequence
is for the consumer measure (Fig. 10.7).
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Fig. 10.6 Half normal plot of ‘cloudiness’ response (Design-Expert(R)).
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Fig. 10.7 Half normal plot of ‘DOL’ response (Design-Expert(R)).

Only the sugar ingredient appears to have any noticeable effect on DOL. There
are other suggestions of effects as shown by other points offline, but their effects
are minimal compared with that of fructose, for this particular experiment.

10.5.2 ANOVA

Analysis of variance was performed on the selected factors and responses.
Table 10.9 shows that the ANOVA model for ‘red colour’ is highly significant

(p-value = 0.0002), but that curvature of this response is not. R2 (Section 6.4)
is very high showing that the selected ingredients explain more than 96% of the
variation in colour. Individual effects are tested below and both are significant.

The ANOVA model is presented at the foot of the table and this can be used to
predict the effect of manipulation of ingredients on the colour. Both ingredients
have a positive effect on colour intensity (positive coefficient estimates).

A similar result was obtained for ‘cloudiness’ in that each factor was significant
and positive in effect and there was absence of curvature. The analysis for ‘DOL’
was different in that significance was revealed for curvature (Table 10.10 ).

For this analysis, the ingredient factor (fructose) was highly significant, but
because of the curvaure effect the model fitted (linear) would be inadequate. R2

is high, but there are only three points available for assessment. At present, it
indicates that ‘DOL’ will rise directly with fructose content. This may indeed be
the case, but the curvature effect will cause a levelling off and eventually a decrease
at higher concentrations of the sugar. Thus, a curved response model (quadratic)
would be required for ‘DOL’, similar to that given in Section 10.3 (Fig. 10.2).

Much more analysis is possible with the above data before an adequate picture
of the overall effects on sensory and liking are ascertained. Ultimately, one or more
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Table 10.10 ANOVA for selected factorial model – ‘DOL’ (based on Design-Expert(R) analysis).

Sum of Mean Probability
Source squares df square F-value > F

Model 2425.56 1 2425.56 81.51 0.0001
Curvature 519.12 1 519.12 17.44 0.0058
Residual 178.55 6 29.76

R2 0.9314

Standard t for H0

Coefficient Coefficient Probability
Factor estimate df Error = 0 >|t|
A-fructose 17.41 1 1.93 9.03 0.0001
Center point 18.01 1 4.31 4.18 0.0058

Final equation in terms of actual factors:
DOL = +5.63 + 3.03 ∗ Fructose.

of the ingredients could be selected for a more detailed study as in a three-level
factorial.

10.5.3 Three-level factorials

Increasing the number of levels for one or more factors will also increase the
number of treatment formulations. Such designs would, therefore, be used when
the number of factors has been narrowed down by screening, as above, and have
been identified as critical ingredients in terms of the response effect. Three levels
have some extra advantages in that they give more information on the linearity
or not of the response. Of particular interest are affective responses, which are
unlikely to be detected in two-level designs.

Visualisation of results

Up to this point, ingredient effects have been examined individually for the most
part. Graphical displays appeal, but another difficulty arises – how can several
ingredient effects be plotted together? This leads to plotting in more than two
dimensions as in response surface methods. Peaks and troughs are shown for
effects in the form of contour maps.

Response surface methods in food formulation

Response surface methodology (RSM) comprises optimisation procedures for the
settings of factorial variables such that the response attains a desired maximum
or minimum value. It is suitable for quantitative factors only. The response is in
effect modelled by factorial techniques and ANOVA, but these are extended for
more detailed modelling of the effects (Gacula 1993). RSM usually follows and
it is based on the factorial study results (screening, then three-level factorial), and
is a type of augmentation where extra treatments are added to focus the effects
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and improve the predictive power of the model. The additional treatments are
located within the factorial space (centre point) and outwith it (star points) – such
a structure is known as a central composite design (Dziezak 1990). On analysis
by regression, the enhanced model is produced and the equation can be used
to plot the response surface. Contour plots reveal not only optimum levels for
factors but also regions where a response shows the same magnitude. This can be
used to visualise alternative products that use less of an expensive ingredient, etc.
Figure 10.8 displays an idealised representation of a response surface from another
experiment on the fruit drink formulation. Two ingredients (fructose and autumn
fruit juice) had significant effects on DOL. The contours show points where DOL
ratings are the same. They rise to a peak (‘50’ on the 0–100 scale) at approximately
10% sugar and 20% juice, i.e. the optimum level of the ingredients.

Mixture designs are a type of response surface design where the combination
of all the quantitative factors must add up to 100%. All foods are mixtures and this
would seem an ideal model for formulation. A difficulty arises in that in a mixture
design each quantity can be present in amounts from 0% to 100%, which cannot
apply to all food ingredients in some formulae, thus more complex analysis is
required. The best application is with blending of liquids in beverages where the
full span of percent content can be examined (e.g. Huor et al. 1980). The mixture
model is used to plot a response surface.

The latter designs based on RSM are very efficient, but can some times run into
the same difficulties as designs above, in terms of the number of treatments and
the complexity of the outputs, which get more difficult to interpret with more than
three factors.

10.6 Formulation by constraints

The formulation examples above have considered sensory responses to ingredient
content balance, but there are other characteristics of importance:

� Cost
� Nutritional value, e.g. vitamin content
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� Anti-nutritional value, e.g. heavy metal content or sodium content
� Legal chemical composition, e.g. minimum fat content
� Perceived quality, e.g. colour/flavour strength
� Functional quality, e.g. stabilising power
� Other properties critical to quality, e.g. pH, water activity

Factorial experiments can assess functional properties and sensory responses,
etc., but some of the other factors cannot be left to chance, namely legal require-
ments of composition. Thus, in formulation of meat and dairy products, cognisance
must be taken of the relevant legal minimum/maximums and arithmetical calcu-
lations are required to ensure that the raw materials can supply the necessary
constituents. An initial formulation can be made up, examined for suitability and
then modified to account for other possible factors. Cost is obviously important
to the manufacturer and general eating quality, nutritional image, etc., are all now
key facets of food products that can decide success on the open market. It is
possible, using mathematical techniques, to rapidly manipulate and ‘juggle’ all
these factors and other not so obvious ones, so that all desirable characteristics
are maximised, or at least optimised, and all undesirable characteristics are min-
imised. The technique of linear programming has been used in food and other
industries for many years for such purposes (Bender and Kramer 1983). Harper
and Wanninger (1970) illustrate linear programming in its role as an optimisation
tool. Arteaga et al. (1994) describe the application of the method in food formula
calculations.

One of the main assumptions of this application is that a linear relationship
exists. This may appear to be obvious, e.g. if 50 g of ingredient A provides 10 g
protein to the product then 500 g will provide 100 g of protein – a graph of weight
of ingredient A versus weight of protein provided would produce a straight line.
Other factors may be linear or non-linear, namely cost – if it costs £20 for 1 kg
of ingredient A then it could cost £200 for 10 kg, but the supplier could give
discounts for large orders and charge £180 resulting in a non-linear relationship
between ingredient purchase weight and cost. Similar examples may be found with
large-scale production. In some cases, it may be possible to use a linear function of
a non-linear relationship, e.g. possibly the logarithm of cost would be linear with
purchase weight, etc. Most software, such as Excel, allows linear or non-linear
assumptions to be imposed in problem solving.

With these techniques, it is possible to ‘tailor make’ a food product to suit
a wide range of requirements covering cost, nutritional value, shelf life and le-
gal composition, etc. An example of the possibilities is given in the paper by
Strino (1984), which describes a procedure for ‘nutritional synthesis’ of a food
product. Soden and Fletcher (1992) describe similar use in modifying diets to
satisfy nutritional requirements and Ferguson et al. (2004) used the method for
development and testing of dietary guidelines. Use in other formulation problems
includes Nicklin (1979) on general use in formulation and Beausire et al. (1988),
who developed an acceptability constraint for inclusion in linear programming
analysis.
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Problems of this type can be tackled with Excel’s Solver tool (available in
Add-ins). Several items of information are required for solution of the formulation
problem:

� The type, cost, composition, functional properties, etc., of all ingredients to be
included

� The limits or constraints to be imposed on the formulation
� The specific target to be achieved within the above constraints (typically, to

minimise the cost)

Example 10.6-1 Linear programming in formulation

A product development team were assigned the task of formulating a new ‘low-
meat-vegetable’ pie. The product was subject to constraints of levels of protein,
fat and meat content. Cost was also important and had to be minimised. Initial
guidelines required that the product be kept within the ‘meat regulations’ and that
an equal weight of pastry was to be combined with the filling. Various ingredients
were selected: meat, a fat plus seasoning mix, a vegetable mix, cereal and water.
The problem was to solve the formula for the filling under the constraints of:

� Meat content at absolute legal minimum (10.5% × 2 = 21%)
� Not less than 10% protein
� An upper limit of 25% fat
� A batch weight of 100 kg
� A minimum cost
� Maximise vegetable content

The meat content was a general meat content level for pies with vegetable.
The filling content was twice that of the eventual quantity, once the pastry was
added. The team had access to compositional data for the ingredients. Provided
with this brief how can the team implement linear programming for an initial trial
formulation and what conclusions can be made on the procedure and result?

The procedure starts with set-up of an Excel spreadsheet. The initial values and
their unit cost are entered for each ingredient (Table 10.11). The weight figures
at this stage can be any, but conveniently addition to 100 makes rescaling easier.
Compositional data are required for the ingredients and this is entered in a table
at the foot of the sheet. These data are used to obtain the multiplication factors for
the content of protein, fat, etc., in the product.

Next, the constraints are required. They consist mostly of compositional min-
imum and maximums and they relate to the characteristics required for a good
quality product as judged at the time of initial formulation, based on the knowl-
edge and judgment of the formulator. In Table 10.11, values have been entered for
protein, meat content, fat and water.

At this point, formulae must be entered to calculate the content of each con-
stituent based on the initial ingredient content. Thus, the actual protein content is
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calculated by adding together the protein contents of the ingredients, i.e. compo-
sitional data must be available. The meat content calculation is more complex and
requires an intermediate calculation of nitrogen from the meat source.

The total nitrogen is made up by that of meat itself and other sources such as,
in this case, vegetable and cereal protein. When working from chemical analysis
data on an unknown meat product, total nitrogen is determined by the Kjeldahl
or other method and further analyses or estimates are required for the amount of
carbohydrate, etc., to enable the non-meat nitrogen to be calculated and subtracted
from the total (analytical) nitrogen.

Calculations of this nature should be based on current legislation. Formulae can
be obtained from the appropriate regulations or from texts such as Pearson’s Com-
position and Chemical Analysis of Foods (Kirk and Sawyer 1991). For example,
the following is one form of the calculation:

%Total meat = %total nitrogen − %non − meat nitrogen

Nitrogen factor(= 3.55 for beef)
× 100 + %fat

Here, the meat content value includes the fat content, which may not be the
case with more recent regulations. However, when composition data are available,
it allows direct calculation of the meat nitrogen alone and the contribution by
non-meat sources is excluded from the calculation, i.e. meat content (%) = %
nitrogen from meat source/3.55 × 100 + % fat.

These formulae are presented in the table in the form of named ingredients (using
the identities in B6:B10), and the factors are derived from the compositional data
at the foot of the table. One additional formula is entered in cell C13 that sums all
ingredients.

Access to the solver is gained by Data/Solver (Excel 2010) or Tools/Solver
(Excel 2003). On the solver menu, set cell C14 as the target to be minimised –
edit if required; set the By Changing Variable Cells box (By Changing Cells
in Excel 2003) to include the range of cells that contain the ingredient amounts
(C6:C10).

Set the constraint cells – note that a minimum and a maximum require two
constraints; enter the constraints box, select Add then enter the cell references in
column G along with the minimums and maximums as defined in columns H and
I; select Change if you require to edit. Initial constraints are:

C13 = 100 (total weight)
C6 > = 0 (meat)
C7 > = 10 (vegetable mix)
C8 > = 10 (cereal)
C9 > = 5 (fat and seasoning mix)

Some of the ingredient cells are set to be zero or over to ensure that there are no
negative values and that certain minimum levels are used. Water (C10) could also
be included, but it has minimum and maximum values in the constituents’ section.
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These latter settings (‘Actual’) are also included in the constraints box:

G6 > = 10 G6 < = 100 (protein)
G7 = 21 (meat content)
G8 > = 0 G8 < =25 (fat)
G9 > = 50 G9 < = 70 (water)

For Excel 2010, choose Simplex LP (linear) in the Select a Solving Method
box. Leave all other settings at default values. The menu can be left at this point
(Close) and the file, which now includes the previously entered constraints, etc.,
can be saved. Select Solver again and this time run the program by selecting Solve.
In Excel 2003, the solving method is chosen by clicking the Options button and
selecting Assume Linear Model – this will speed up the solution.

If all goes well, and a solution is found, the file and the final values can be
saved. If not, there may not be a solution, so check the constraints and the raw data
entered earlier for errors and run again. The result should be obtained as shown in
Table 10.12.

Table 10.12 shows the initial solution. The formula is possible within the speci-
fied constraints. A decision can be made on the cost and the actual figures produced.
Often the initial values may not be acceptable but reformulation using the spread-
sheet is simple. Manipulation of constraints can be explored. Many other ‘what
if ’ tests can be performed on the above example, e.g. changing the fat content
maximum to see if a new ‘low-fat’ product is feasible.

Table 10.12 Solution of formulation (Excel’s Solver).

JIHGFEDCBA

1

Initial/final values2

3

Product composition/content constraints (%)Added ingredients:4

Weight (kg)IdentityNo.5 £ :liateDgk/ Max.Min.ActualIdentityNo.

Not less than 10%1001010.00Protein14.0012.92Meat16

212121.00Meat co.22.0010.00Veg mix27 = 21%

Upper limit of 25%250012.58Fat31.0058.12Cereal38

705050.00Moisture41.5011.70Fat seas49

50.007.26Water510

6611

0.37Meat
Nitrogen:12

Total weight =13 100.00

Cost (£) =14 146.35

Product name/code: Veg. pie filling (uncooked)



Food product formulation 269

Once an initial solution ‘on paper’ is found for a formulation, it does not mean
that it will be successful – it must be manufactured and assessed and usually
adjustment of constraints is required before further testing. The mathematical
techniques provide a speedy route to the formula on paper, but the food scien-
tist/technologist must still employ other skills and knowledge to produce the article
that is to compete in the modern food market.
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Chapter 11

Statistical quality control

11.1 Introduction

Consumers rely on food products being reasonably constant in terms of quality.
They also expect the standard of quality to be high. Quality covers all aspects of
a food product’s nature, including sensory, nutritional, microbiological, chemical
and physical as well as safety and legal. Thus, consumers expect safe, nutritious and
tasty foods, which are storage stable and which adhere to legislative requirements
in respect of chemical content and weight or volume, etc. To achieve these goals,
food manufacturers can employ statistical quality assurance programmes, but they,
in turn, expect high quality levels and relatively constant quality specifications in
the raw materials that they receive.

Quality control procedures include periodic sampling of all food materials from
the time they arrive at the factory to the time they exit as the finished product.
Statistical techniques provide a means to monitor levels of quality at one or more
critical points in procedures, hence the term statistical quality control (SQC). This
can be extended to statistical process control (SPC) because, in addition to the
food itself, the efficiency of plant machinery is also monitored as it affects several
aspects of the products make-up and weight, etc. In fact, any pertinent process can
be monitored in this respect, such as data generated by an analytical laboratory
(Mullins 2003).

An appreciation of statistical variability and population distribution is invaluable
in these applications. Once again, acknowledgement of the fact that ‘all measures
vary’ (Chapters 2 and 3) lays a solid foundation in the understanding of statistical
QC. This variation must be taken into account, but the food manufacturer cannot
allow below-standard food products to pass through the QC ‘net’. That is, it is
not sufficient that the average, central measure meets the standard. The spread of
the population distribution, which applies to the measurand, must be above the
standard by an amount that ensures that below-standard occurrences are negligible
or within specified limits.

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.
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Table 11.1 Some applications of statistics in food quality and process control.

Application Function

Control chart (variable)
Monitor over time, during production of products or data from any ongoing procedure
Average chart Change in mean value of small samples
sd Chart Change in standard deviation of small samples
Range chart Change in range of small samples

Attribute charts
Monitors change in defectives of small samples or units
p Chart Change in percentage of any defectives in sample
np Chart Change in number of specific defective in sample
c Chart Change in number of defectives in single unit
Acceptance sampling
Monitor raw material on delivery
Variable measures
Attribute measures

11.2 Types of statistical quality control

Statistical applications for quality control come under two main types. Firstly,
there are procedures that monitor trends in various quality measures over time
(Table 11.1).

These comprise a variety of control charts. They display a quality measure
against time, either as a variable or as an attribute category. This measure is
obtained from a sample drawn from the production line, QC laboratory, chemical
analysis or sensory laboratory, or any process at periods according to a sampling
plan.

A second common application is that of acceptance sampling procedures. They
are used for a different purpose – that of monitoring the quality of incoming raw
materials and for examining the number of defective articles in consignments of
goods. Acceptance sampling procedures are of major consequence because they
decide actions in distinctly positive or negative manner, as ‘accept’ or ‘do not ac-
cept’. They can be applied to the ‘presence or absence’ type of defect or to variable
measures, e.g. ‘any soluble solids content below 60% is classified as a defect’.

11.2.1 Types of end determination measure in SQC

All levels of measurement are possible in QC data from nominal occurrences
up to continuous ratio scales. Rapid measures of assessment are used for control
within production, where adjustment can be made as the process is ‘live’. In other
applications, such as analytical methods where analyses take longer, data may be
collected on a daily basis, etc. Monitoring of microbial growth could come into
this circumstance, although rapid biochemical methods such as that in the study
by Hayes et al. (1997) have been applied in SQC analysis.

Data originating in QC can be plotted to provide a graphical display of ongoing
variability or as records of compliance/non-compliance. In SQC, the term variable



Statistical quality control 273

is used for data that are usually ratio level of measurement and continuous, and
attribute is applied to nominal data measures such as ‘accept’, ‘not accept’.

Thus, variable control charts monitor measures such as net weight, volume,
solubility, hook overlap percentage and colony counts. Attribute control charts
deal with counts of defective items. Similarly, acceptance sampling can deal with
occurrence of defects or faults in material supplies based on simple tallies or on
variable measures as explained above.

11.3 Sampling procedures

Sampling for quality control requires a full appreciation of the nature and function
of the sample selection process (Section 2.3). The type of sample taken depends on
the variability of the population and whether or not identifiable subgroups, which
have uneven variability, exist. All forms of sampling are possible in QC work, but
they are usually of a random nature (simple random, stratified, etc.). The common
problems arise when deciding on sample size, but also on the frequency and
location of sampling points in a multi-stage production process. Other contributing
factors include which form the end determination measure takes, as this has
implications for time and resources.

11.3.1 Sample size and frequency

A feature of sampling in QC is the intermittent gathering of samples during
production. The population in these circumstances is viewed as infinite, if the same
materials and equipment are in operation. Samples can be drawn randomly from
this population, or randomly from identified strata such as different production
lines, fillers, ovens, etc. Samples are therefore not of the single ‘one-off’ type, but
are ‘small and frequent’ in the control chart situation. In the acceptance sampling
procedure, there are more instances of an identifiable finite population (e.g. a
consignment of freshly harvested peas). This would be sampled once according to
a plan and a decision made, and possibly followed by a second sample selection.

11.3.2 Sampling point location

Location of where to take samples in a production process situation can be as-
certained by various methods. It depends on such factors as the previous history
of quality variation. It can be guided by the knowledge of experienced staff, but
ultimately, it may have to be located by a systematic identification of critical points
by implementation of a hazard analysis and critical control point system (HACCP;
FAO/WHO Codex Alimentarius Commission 1997).

Many factors influence the location in respect of the effect on quality. Decisions
can be based on:

� The criticality of any fault in quality which could develop at that point
� Variability of quality at the point (crucial information)
� The cost of sampling at that point (finance, time delay, etc.)
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This applies across the whole spectrum of food product manufacture from raw
material delivery to final goods production. HACCP schemes are crucial for all
aspects of quality and provide an ideal layout of the stages where sample gathering
can be prioritised.

Some of these points can be illustrated by acceptance sampling of a raw material
delivery. The manufacturer requires that the consignment be of an acceptable
quality before it can be permitted entry. Based on a sample, an ‘accept/reject’
decision is made. The sample size and location depend on the previous history of
the supply and the form in which it is delivered – on pallets, or in a tanker, open
lorry, or silo, etc.

Sampling can be based on every pallet, or a random selection from a larger
bulk – it depends on the likely variability and the criticality of making an error
(e.g. in accepting a poor load). A history of top quality and many successive
‘accept’ decisions may allow relaxed sampling (every second load – or at random
intervals) to be used.

Similar decisions could apply to a variable measure on a metric scale, e.g. the
viscosity of a particular component in a product. If this property had to be within
tight specifications (i.e. it was critical to the quality of the final product) and it
was known that the viscosity had high variability then sampling would be more
frequent and more comprehensive to ensure less chance of a below-specification
batch being accepted.

Valuable aids to sampling in QC are provided by use of existing tables of plans
drawn up in QC texts and by means of analysis of sampling plans by an operating
characteristic (OC) curve. This method allows identification of a region within a
sampling scheme where the sample result is acceptable and another region where
it is unacceptable. OC curves can be prepared for both acceptance sampling and
control chart use.

An important principle in sampling and analysis is that of the central limit
theorem (CLT) (Section 2.4.1). In QC, it may be that many small samples are
taken over time. The distribution of the average values on such a series will be
approximately normal even if the parent population is not. This allows distribu-
tional knowledge to be applied to the variation occurring during data generation
with time in QC. Further details on sampling are dealt with below.

11.4 Control charts

This technique is used by the food manufacturer to ensure that a standard of
quality is maintained. The control chart requires that an ongoing output of data
is occurring and samples are drawn at intervals. A common application for the
variable control chart is net weight control, but other quality aspects can also be
monitored, such as volume, physical dimensions, colour, chemical contents, etc.
In these situations, the measure is the mean value, but in other charts, it can be the
range or standard deviation, and attribute charts display incidence of defectives.
The account below deals mostly with the variable control chart where the summary
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------------------------ Upper control limit (UCL)

------------------------- Nominal value

-------------------------- Lower control limit (LCL)

Fig. 11.1 Basic structure of a control chart.

measure is the mean. The statistical abbreviation for the sample mean (an estimate
of the population mean) is x̄ and the chart is known as the x-bar chart.

11.4.1 The x-bar control chart

A control chart shows a live display of how a process is varying based on a
summary measure. At the centre of the chart, a line marks the expected summary
value, referred to as the nominal value (not to be confused with nominal level),
which in the case of the x-bar chart is the mean. Some variation is expected due
to random causes. This is demarcated by a normal distribution spread. To display
the spread, limit lines are marked on the chart (Fig. 11.1).

The limit line positions are based on the population distribution. The normal
distribution or other distribution provides a model of the expected variability. As
explained above, the normal distribution will apply to the population of sample
averages even if the parent population is not (according to the CLT). Deviation from
the projected population shape can indicate sources of unusual variation. Thus,
excessive drift from the central region can be detected. There will be some variation
from the centre and this is deemed as random, uncontrolled or unassignable error.
This variation cannot be countered and it originates from machine sources such
as play in bearings, slight fluctuation in electrical supply or slight variation in
food materials, etc. This contrasts with large variation, which will show up more
obviously as assignable error. These assignable sources of variation occur due to
gross error by machines or operators, e.g. incorrect readings or biased reading of
analogue devices, a sudden failure of a machine component or large variation in
raw material nature.

Chart construction

Chart construction begins by obtaining a summary measure from a sample, which
is then plotted on the control chart. This can be based on a value obtained from
previous data or by doing an initial run with 30–50 samples. Sample size for the
online situation is typically five individual units every 30 min from the product
line. The expected variability (via the distribution) allows demarcation of the limit
lines on the chart. These are positioned above and below the central region. Limit
lines can be of a number of types (inner and outer) that are drawn horizontally
along with the centre line (Fig. 11.1).
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Fig. 11.2 Control chart showing within-limit condition (Excel).

In this way, it can be envisaged that the distribution is turned through 90◦ with
the tails forming the upper and lower limits. Several limits lines can be positioned,
but the basic chart can show a process that is ‘in control’, i.e. within the expected
limits of variability (Fig. 11.2).

Example 11.4-1 ‘x-bar’ control chart construction and monitoring
A manufacturer sets up a canning line for a new liquid product. While net
content was important, initial concern centred on achieving a headspace of
3.5 cm. Product consistency and filling machines were set to achieve this latter
level, but a preliminary data set shows variation that was possibly excessive.
Samples (ten in total) of five cans were drawn off every 25 min, opened and the
headspace (cm) measured (values as expressed as nearest integer to simplify
the data). How can the manufacturer construct a control chart from this data
and what are the conclusions from the display?

An x-bar chart was constructed from the data as displayed above (Fig. 11.2).
To construct the chart using Excel, the small set of data comprising ten sam-

ples was entered into the spreadsheet. The means and standard deviations were
calculated for each (Table 11.2).

Table 11.2 Data for construction of x-bar control chart (Excel).

Sample Unit 1 Unit 2 Unit 3 Unit 4 Unit 5 Mean Nominal sd LCL UCL

1 2 6 4 1 5 3.6 3.5 2.07 0.79 6.21
2 1 7 2 4 1 3.0 3.5 2.55 0.79 6.21
3 2 4 1 5 2 2.8 3.5 1.64 0.79 6.21
4 5 6 4 2 3 4.0 3.5 1.58 0.79 6.21
5 1 2 2 7 5 3.4 3.5 2.51 0.79 6.21
6 4 1 7 4 7 4.6 3.5 2.51 0.79 6.21
7 2 5 5 6 1 3.8 3.5 2.17 0.79 6.21
8 3 6 6 5 5 5.0 3.5 1.22 0.79 6.21
9 5 7 8 3 3 5.2 3.5 2.28 0.79 6.21

10 6 4 2 2 4 3.6 3.5 1.67 0.79 6.21
Overall sd = 2.02
x-bar sd = 0.90
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Mean and sd are calculated using the AVERAGE( ) and STDEV.S( ) func-
tions (STDEV( ) Excel 2003). Two further measures were calculated. Firstly, the
overall sd, which is obtained by taking the average of the column of individ-
ual sds above. Secondly, the x-bar sd, which is the standard deviation of the
average values, and which uses the formula for the standard error calculation
(see Table 3.6):

x-bar sd = overall sd/
√

5
= 2.02/2.24 = 0.90

The final calculations were the ones for the limits lines. They can be obtained
in two ways:

� ± Sigma method
� ± Probability method

Where are the limits set?

Action and warning limits

The positioning and number of limit lines depends on the variability of the process
and other factors such as the type of chart. Referring to the normal distribution
(Fig. 2.11), it can be seen that for the mean value, approximately 95% of the
measures lie within ±2 population standard deviations (σ ) and 99.7% lie within
±3σ . Thus, the natural variation of the process will result in some values reaching
and exceeding ±2σ and some isolated occurrences of some reaching ±3σ . There
is very low probability (approximately 0.3%) of some values exceeding the ±3σ

region, and they form an indicator not only of very rare natural occurrences but
also of possible non-natural out-of-limit (‘ool’) or out-of-control values. Control
charts based on the mean value have limit lines set at the ±3σ level as outer limits
(the action limits) and some have inner limit lines (warning limits) set at ±2σ .
Thus, a convenient and simple way of calculating the position of the limits lines
is based on using ±2 and 3σ , which, for the sampling distribution, is the x-bar sd
(σx̄ ) value.

The above ‘sigma method’ is approximate with respect to the probabilities
and limits can set by using exact probabilities. These are calculated for a given
probability using the z-value (portion of the normal distribution; Section 2.4.1)
and the standard error (x-bar sigma) in a similar manner to that given for a
confidence interval (Section 3.4.3). The procedure requires specification of a risk
probability, e.g. manufacturers may specify that they wish to control out-of-limit
event detection to exactly 1%. This value is divided by 2 to give the risk for the
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Table 11.3 Probability of out-of-limit work at various levels of risk.

Probability Out-of-limit risk z Location x-bar ± Approximate sigma

(0.05) 5% 1 in 20 1.96 1.96 × se ±2
(0.01) 1% 1 in 100 2.58 2.58 × se ±2.6
(0.002) 0.2% 2 in 1 000 3.09 3.09 × se ±3
(0.001) 0.1% 1 in 1 000 3.29 3.29 × se ±3.3

se, standard error.

lower and upper limit. Assuming that the x-bar sigma value above is pertinent,
then:

Risk of ‘ool’ = 1%, (0.01), σx̄ = 0.9
Lower risk = 0.5%, (0.005)
Upper risk = 100 – lower = 99.5%, (0.995)
z(lower risk) = z0.5% = NORM.S.INVa (0.005) = −2.58
z(upper risk) = z99.5% = NORM.S.INV (0.995) = +2.58

aNORMSINV( ) Excel 2003.

Thus, limit lines would be set at ±2.58 × σx̄ . Similar values can be calculated
for various levels of risk (Table 11.3). To achieve a similar setting to ±3σ would
require a risk of 0.2%. Apart from the data shown in Table 11.3, z-values can be
obtained for any probability using Excel’s NORM.S.INV( ) function.

In a similar manner, probabilities can be calculated for a given z, using the
NORM.S.DIST( ) function, and this can be used to calculate the exact probabilities
of the ±2 and 3σ method. Thus, for z = 2 and 3 what is the probability of ‘ool’
work?

z = 2, Probability = 1 – NORM.S.DISTa(z,1) = 0.02275 (2.3%), two-tailed = 4.6%
z = 3, Probability = 1 – NORM.S.DIST(z,1) = 0.00135 (0.14%), two-tailed = 0.28%

aNORMSDIST(z) for Excel 2003.

As seen, these are very close to the 5% and 0.3% values given above, so the
systems are very similar. The method used depends on the region. Practitioners in
the United Kingdom and Europe tend to use the probability limits – in the United
States, limits are based on sigma (Montgomery 2001). The probability methods
represent the risk of committing the Type I and II errors in use of the control charts.
Thus, a probability limit of ±0.001 where 0.2% of work is ‘ool’ in the population
constitutes a risk of committing a Type 1 error of 0.002 (0.2%), i.e. approximately
2 out of 1000 will cause a false alarm. Calculation of the Type II error is more
complicated, but it is reduced by narrowing the limits.
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For the example data in Table 11.2, the ‘sigma method’ was used and upper and
lower limit lines were calculated as:

Upper control limit (UCL) = nominal value + 3 × σx̄ = 3.5 + 3 × 0.90 = 6.21
Lower control limit (LCL) = nominal value – 3 × σx̄ = 3.5 – 3 × 0.90 = 0.79

A nominal value of 3.5 was allocated in this case, but it could have been
estimated by the overall mean of all the values. These data were selected in the
spreadsheet and the three lines were plotted in a line graph (select non-contiguous
columns using Crtl-click). Figure 11.2 shows that the process is ‘in control’ in
that all plotted points are within the action lines, although five consecutive points
are above the centre line and this would require vigilance if the trend were to
continue (see below). However, the magnitude of the headspace variation is large,
with values ranging from 1 to 8 cm for individual cans. This is not satisfactory
for several reasons, including net weight and expansion effects, etc. It could be
that there are assignable causes for this and a tighter specification for headspace
is required.

Thus, the usefulness of the chart depends on the estimate of sigma values. The
process must be in control (i.e. random variation only) when these are measured as
above, otherwise the variation could be overestimated. Such a situation would allow
out-of-control material to pass through unnoticed. Alternatively, the variability
must reflect the likely variation of the process as used under all possible intended
conditions. If not, the variability could be underestimated and ‘false alarms’ would
be likely.

Limits set at ±2 and 3σ will have sample averages exceeding the line at ap-
proximately 5% and 0.3% of the time, respectively. Any exceeding ±3σ are very
unlikely to be due to chance. They are viewed as possible ‘out-of-limit’ points and
action may be taken to identify the cause. Figure 11.3 shows the above process
with an out-of-control situation developing.

Control chart operation allows a number of ways of deciding on possible out-of-
control occurrences. These are based on certain patterns displayed by the points,
such as ‘any point outside an action limit’ and ‘seven points above or below the
centre line’ in sequence’. Fuller details are given in texts such as Hubbard (1996)
and Montgomery (2001). In Fig. 11.3, there are five consecutive points above the
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Fig. 11.4 x-bar chart with out-of-control markers (Minitab).

centre line, and two over the limit line, so this is a warning that the process is
‘out-of-control’ (see below).

Minitab and MegaStat provide a selection of control charting facilities, which
can produce charts with the original data (i.e. without the calculation required for
the Excel example). Minitab also has the ability to carry out up to eight checks on
the points. Figures 11.4 and 11.5 show the analysis of the data above in Minitab’s
x-bar and range chart facility.
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The x-bar chart has detected two types of ‘out-of-control’ points – one point
beyond the upper limit line and ‘two out of three’ in the upper region or beyond.

The second plot includes a range chart, which indicates that although the mean
values are out-of-control, the variability is remaining within the limits (again, as
stated above, this situation is based on the initial data, which may have assignable
causes contributing to variation).

The control limits for x-bar charts can also be constructed by use of tables
of factors (available in texts on quality control), which give an improved esti-
mate of the population standard deviation. A common version uses the range
(easier to measure in pre-electronic calculator days) as the starting point for
estimation.

Control charts based on the mean are used extensively to monitor ‘non-
production’ processes in food science, such as chemical analysis data and moni-
toring of sensory panel training. In the latter case, a median-based chart is recom-
mended by Gacula (2003) as training data are subject to distortion by skew and
outlying points. Median values for each panellist can be plotted with the panel
median as the centre line. Other possibilities are plotting of individual replicate
scores along with the average to illustrate consistency of panel and panellists, and
comparing several attributes on one chart.

Specification limits

In addition to the limits above, at least one other limit level can be used: speci-
fications. These limits specify a standard quality level, which is set by the food
manufacturer for the particular measure, and takes the form ‘within ± specified
values’, e.g. pH 6 ± 0.3. The specification limits usually require to be inside
the ±3σ action limits above, otherwise the process will not be able to perform
‘in spec’. If they were set near ±2σ then 2.5% of ‘below-standard’ work would
get through the process, as would 2.5% ‘above standard’. In these circumstances,
the manufacturer risks producing below-standard products, which in some cases
would be infringing legal requirements. Specification limits nearer to ±3σ are
more achievable. In the theoretical normal distribution, where the population is
infinite, the tails extend to infinity, but beyond ±3σ only a very small propor-
tion (0.3%) of the population would occur – 3 in every 1000. The acceptance of
this low occurrence by the manufacturer depends on several factors such as the
implications in terms of legal issues, consumer complaints and cost. For higher
level of control, sigma requires to be reduced so that specification limits can
be brought inside a wider setting. If action limits were set at ±6σ and specifi-
cations were just inside then the occurrence of out-of-specification work would
reduce to 2 in a billion (Joglekar 2003). Another point is that if a measure such
as mean net weight is being controlled then the main specification is the lower
limit. Net weights above this are all legal, but if excessive, result in extra costs
(see below).
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Fig. 11.6 Original distribution (a) and sampling distribution (b) of the same population (Excel).

11.4.2 Sampling for control charts

The detection of out-of-limit work depends on the sampling procedure. In the
control chart circumstance, samples are continuously drawn and both sample size
and sampling frequency are important. Individual unit sampling is convenient and
rapid, but the distribution will be broader, i.e. the original distribution will apply
(Fig. 11.6a). Taking a single unit every half hour will monitor the process, but there
is a higher probability of missing points outwith 2 and 3σ , even when sampling
units on a more regular basis. Such procedures are uneconomical of sampling
resources and knowledge of the CLT provides a solution.

Plotting values based on a summary measure of several units gives a narrower
peak and tighter limits (Fig. 11.6b). These limits allow a much more economical
detection of out-of-limit work. Shifts in the plotted summary values are much more
sensitive to wider deviation and the chances of detecting out-of-limit work have
improved. Both Figs 11.6a and 11.6b are from the same population, but Fig. 11.6b
has a narrower peak. Thus, for variable control chart use, typical sampling param-
eters are a small number of units over a short period (five units every half hour).

The procedure of taking small samples on a regular basis means that the plot
is of the variation of the sampling distribution, which has less variation than the
original distribution. This does not mean that the distribution has changed, but
detection has increased. If a process has a 1% of work below the required standard
then this will apply to both the original and the sampling distribution. The only
way to reduce this figure is to reduce sigma as discussed above, i.e. the limit lines
are set by sigma – the smaller sigma is, the tighter the lines.

The ‘x-bar’ control chart in use

A more specific examination of the x-bar chart in use is given by the circumstance
of control of minimum net weight in packaged food products. The problem facing
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Fig. 11.7 Sampling distributions at different nominal target settings and sigma values (Excel). (a)
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the packer is that a minimum is specified legally, but not a maximum. The consumer
expects the minimum and legal enforcement backs this view. Food packing and
filling machines cannot deliver an exact weight repeatedly. The weight is subject
to random error giving variation around any set weight. Systematic error can be
eliminated by calibration of the machine and by adjusting the setting. The weight
delivered will follow a normal distribution. If such a machine is set to a nominal
target of 450 g (the pack declared minimum weight) then approximately 50% of
the packs will be above the minimum and approximately 50% will be below and
will infringe the legal requirements (Fig. 11.7a).

Resetting the machine to a higher nominal value will rectify this, but what
should the setting be? Most of the values in a normal distribution will lie within
±3σ , so assuming σx̄ of the sampling population is 30 g, the nominal weight can be
set at 450 + 90 g = 540 g (Fig. 11.7b). Now only 0.13% of packs are under weight,
but 99.87% of packs are over! In essence, the manufacturer is ‘giving away’ this
product material to the consumer. This, of course, is not economically viable and
there may be other implications in that the containers used for the pack may be
unable to hold some of the higher weights, etc. The amount of giveaway depends
on the number of packs and the magnitude of σx̄ . The extreme example just given
would result in a very large giveaway of approximately 90 kg per 1000 packs,
a small number being as much as 180 g overweight. To overcome this problem,
the packer must lower the nominal weight and reduce variability (σ ) to a much
tighter spread. This can be done by examining the fill or packing machine control
to optimise it and to ensure that ingredients are controlled in respect of variation
in any property that would affect product weight and final pack weight. This
depends on the product and could be particle size, viscosity of coating of sauces
or new batch-to-batch variation in raw material flow, etc. Machine suitability can
be examined and replacement may be required, but this is much more expensive.
Control charts can help here by examining variability of ingredient properties on
the final pack weight.
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Assume that nominal weight is adjusted to 456 g and by extreme efficiency, σx̄

is reduced to 2 g, then giveaway is reduced to a fraction of the original weight
per 1000 packs, and the upper limit is only 12 g overweight (Fig. 11.7c). Once
the setting is considered acceptable, the process can now be monitored by control
charts of the average x-bar and range or sd type.

11.4.3 Compliance issues

How do food manufacturers ensure net weight compliance?
Food manufacturers are subject to monitoring of their goods by trading standards,
etc. These enforcement agencies employ sampling schemes for testing of products
in respect of net weight, meat content, additive level, etc. The detailed nature of the
sampling and testing scheme depends again on the governmental agencies involved
in different parts of the world, but certain features are common. Essentially, a
sample is taken and tested. A certain amount of leeway is given in some systems
for a level of failure, e.g. for net weights in the United Kingdom, a 450 g weight
class can be up to a maximum of 3% under. In the United States, stringency
of control can vary and one scheme permits 0% fail on a screening check, but
another allows around 4%. Exact figures also depend on the weight class, possible
moisture loss and sampling error may be taken into account (Hubbard 1996).

Overall results are expressed as sample average compared with the label claim.
Usually, the sample average must be equal to or greater than the claim, but the
exact ‘rule’ depends on the specific weight class and any corrections. Thus, some
systems may allow the sample average to be greater than or equal to label claim
minus two standard deviations. According to a survey conducted by Grigg et al.
(1998), some food manufacturers do not follow codes of practice for net weight
control or indeed implement SPC due to its cost and complexity. They ensure
compliance by check weighing and by over-filling on the basis that the costs will
balance out. This view could be considered blinkered, as there are other advantages
in implementation of the system, especially with less complex forms (Grigg and
Walls 1999).

What can manufacturers do to ensure control?
Attempting to control a quality parameter such as net weight by sampling at the
end of production can be wasteful and expensive – such ‘after the fact control’ may
mean discarding material or re-packing. The manufacturer needs control charts
for immediate reaction to drifts. It is also possible to calculate the risks and costs
involved in any prescribed system.

There are two aspects to this, in that the manufacturer can ensure a high level
of compliance, thereby minimising the risk, but at the same time may have higher
‘giveaway’, i.e. a higher ‘over-fill’ cost. The converse is to cut this cost, but
increase the non-compliance risk. The calculations for these parameters use the
sigma value and knowledge of the maximum variation that any enforcement system
allows. Enforcement rules are complex and some simplification is used with the
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example calculation below. Grigg et al. (1998) and Hubbard (1996) give more
comprehensive details for the UK and US systems, respectively.

Cost of over-fill and risk

To calculate this cost, the first requirement is the enforcement agencies’ maximum
allowable variation from the label claim. Assume that this tolerable negative error
(TNE) is 3%. This can be subtracted from the declared weight to give the minimum
allowable weight (MAW) for a 450 g pack:

3% of 450 g maximum = approximately 12 g
Minimum weight allowable = 450 g – 12 g = 438 g

Secondly, the σx̄ value is required; assume that this is equal to 9 g.
If the nominal weight (centre line) is set to the declared label weight then the

proportion of under-fill/over-fill can be expressed as the area of the normal curve
below the ‘MAW’ value. This involves calculation of the area above the ‘MAW’
figure, then subtracting this from unity (the total area):

Area below MAW = 1 – area above MAW

These data and formulae were entered into Excel (Table 11.4).
To calculate the cost of over-fill requires calculating an average amount per

pack, and then multiplying this by the number of packs over a selected period.
An accurate assessment of this would require integration of the values above the
nominal, but it can be approximated by summing the number of sigma increments
above this weight. It is known that the area on either side the centre of the
distribution occupies 50% of the total. In turn, the total is divided up into regions
by the sigma values (Fig. 2.11) as 68% up to ±1σ , 28% ± between 1 and 2σ and
4% ± between 2 and 3σ (approximate percentages). These values correspond to
the same percentage figures for the upper portion of the area, i.e. 68% of the upper
region is up to +1σ , i.e. the values range from 0 g above nominal weight to 1σ

above (on average, 0.5σ ). Thus, most of the overweight packs are approximately
0.5σ above and the least are overweight by approximately 2.5σ . The number of
packs is given by the %area:

+0.5s +1.5s +2.5s
Above nominal weight = 68 28 4

The overweights are calculated and summed to give the total ‘giveaway’ weight
(Table 11.4). A cost estimate can be calculated using an arbitrary cost of 1 monetary
unit per kilogram of product. The results show that 50% of the packs are going
out over-filled. This corresponds to an approximation of 4 kg, costing 4 monetary
units per day, assuming that 1000 packs are a daily output.
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Table 11.4 Calculation of over- and under-fill cost and risk (Excel).

CBA

450Declared weight (NOM)1
2 sigma x-bar (sxb) 9
3

3TNE (%)4
Minimum allow weight5
(MAW)

436.5 NOM – 0.03 ∗ NOM

6
7
8 Sigmas NOM to MAW 1.5 (NOM – MAW)/sxb

0.933Area above MAW9 NORM.S.DIST(B8,1)a

0.067Area below MAW10 1 – B9
0.500Total area over-fill11 half of total area (1)
0.067Total area under-fill12 area below MAW

13
1000Total units14 per day or other

15
500Units above NOM16 B14 ∗ 0.5

B14 ∗ B12

3870Giveaway17 (0.68 ∗ B16 ∗ 0.5 ∗ sxb) + (0.28 ∗ B16 ∗ 1.5 ∗ sxb)
+ (0.04 ∗ B16 ∗ 2.5 ∗ sxb)

1.00Cost per kilogram18 any monetary unit per kg
3.87Cost of  giveaway19 giveaway ∗ unit cost

20
67Units below MAW21

Risk of detection:22
0.067Random single pack23 1 – BINOM.DISTb(0,1,B12,TRUE)
0.499Random ten packs24 1 – BINOM.DIST(0,10,B12,TRUE)

aNORMSDIST(B8) for Excel 2003.
bBINOMDIST ( ) for Excel 2003.

Non-compliance risk

Balanced against the cost are the consequences of non-compliance and the associ-
ated risk. This can be obtained by assessing the probability of a below compliance
pack turning up in a random sample by enforcement officers. Based on a specified
number of failed packs in a drawn sample, if a sample of one is taken randomly
from the whole population of the above packing process then the risk is the same as
the area below MAW (0.067% or 6.7% in the table). This figure can be confirmed
by use of the binomial formula (Section 8.4.3):

1 – BINOM.DISTa (Number of successes – 1, number of trials, 0.067, TRUE)

aBINOMDIST ( ) for Excel 2003. (Binomial use assumes large population).

This gives the probability of drawing one or more packs that fail (where the
number of ‘fails’ is taken to be ‘successes’). The risk will increase with sample
size, and for the above process there is an approximate 50% chance that at least
one fail pack will be picked up when a sample of ten is drawn (a high risk).

Some enforcement systems specify an average test weight with some leeway
below. In this case, the sampling distribution is used to calculate the standard
deviation of the sample for a particular sample size. As explained above, this will
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be smaller depending on the number of units. The z-score (Section 2.4.1) for the
level below the label weight can be calculated, then the using approximation of
values, the probability can be ascertained:

Mean = 450 g, sigma = 9 g, sample size = 10, leeway = 1.5 × se
se (standard error) = 9/square root (10) ≈ 3
z = ((450 – 1.5 x se) – 450)/3 ≈ (445 – 450)/3 = −5/3 = − 1.67
Probability = NORM.S.DISTa(−1.6.7,1) = 0.048 = 4.8% (approximately 5 in 100)

aNORMSDIST(−1.67) Excel 2003.

If, on the other hand, the enforcement gives no leeway then the sample average
must be equal or greater than the label weight:

z = (450 − 450)/3 = 0/3 = 0

The probability of a z-score of zero is 0.5 (50%), which again is high.

Are these risks acceptable?
The above risks are high is some cases and even the lower ones would probably
be considered too high. To reduce them requires a reduction in variation (sigma).
The whole process, including the process line, packing machines and ingredients
would have to be examined to study the effect on sds at each stage, which could
be expensive. The reader can experiment with different values for sigma and cost,
etc., in Table 11.4, which allows visualisation of the possibilities. One change is to
calculate the risk probability of other requirements. For instance, the UK system
specifies that there must be a very low occurrence (1 in 10 000) of pack weight
below 2 × TNE (6% in the example above). The probability of this can be obtained
by changing %TNE to 6% – the probability is 0.0013 which is equivalent to ‘13
in 10 000’, so the system does not comply.

11.4.4 Other variable control charts

Other types of variables control charts include the sd chart and the range chart;
these are constructed in a similar manner to the average chart. The range chart
is usually plotted along with the x-bar as it can detect changes in the level of
variation, which can be cancelled out by the x-bar system of sample averaging (see
Fig. 11.5).

11.4.5 Attribute charts

This type of chart monitors data of a nominal nature, although results on the chart
are plotted as counts or percentages. The structure of the chart is essentially the
same as that for the variable type, but the measure of interest is one of three types
(Table 11.1). p Charts plot percentage defects for lots of fixed size and sample.
The limits are based on the parameters of the binomial distribution (Section 5.1.2).
These percentage defective or fraction defective charts are designed for measures
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of one or more defects in the sample where any of the defined defect being present
will signify a ‘defective’ proportion in the sample. This can be expressed as:

% Defective = number of defective units/Number of units in sample

This is similar to the binomial average value. The acceptable %defective levels
or starting point for control can be obtained from existing records, management
directives or by an initial run of 20–30 samples to obtain an estimate. Control
limits are set at the ±standard deviation for the sample as:

Control limits for p chart = % defective ± 3 × square root ((p(1 – p)/n))
(assuming a 3σ limit)

The p chart classes a unit as nonconforming when any defect from a specified
set is detected. If individual defects are of interest then a ‘number of defects’
chart or np chart can be used. The nature of the defect is defined, e.g. ‘excessive
chocolate coating’. Here, the standard value is given by the average number of
defectives established previously or from an initial trial. This value is taken as
being equal to the binomial average of np, from which p can be calculated. The
limits are then calculated as before using the values of np, p and n:

Number of defective (np) = d, p = d/n

A third type of attribute chart is the c chart. This chart plots the number of defects
in a sample of one. This is applicable for units produced in large amounts, such
as large commercial cans of foods. This is modelled by the Poisson distribution,
which is similar to the binomial except events occur less frequently.

11.5 Acceptance sampling

In acceptance sampling, materials that arrive at the food factory are sampled and
checked for compliance to one or more criteria. This procedure is critically depen-
dent on the nature of the sample selection and sample size. Measures performed
on the sample material are usually in the form of ‘number of defective items’, e.g.
checking for defectives in a newly arrived batch of raw material vegetables. The
manufacturer will accept the batch provided that on sampling a random selection
of items (e.g. ten from each crate), no more than maximum number (e.g. two) are
defective in terms of damage and bruising.

An analysis of the ability of any sampling plan can be done by construction of
an operating characteristic (OC) curve. Construction of the OC curve requires
specification of the number of defectives acceptable as a proportion. The proba-
bility of acceptance for all possible proportions of defectives is given by use of the
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binomial distribution (Cohen 1988). The exact probability of accepting the batch
is calculated for a range of percent defectives.

Example 11.5-2 Construction of an operating characteristic curve for
acceptance sampling
A quality control food technologist is asked to prepare an OC curve for a
sampling plan used to monitor incoming raw materials that are causing concern.
These arrive daily in large batch loads of 10–20 kg. The directive is that the
maximum acceptable percentage of defective units is to be 20%. A member
of the QC staff will require to be allocated to do the examination and as staff
resources are under pressure sampling must be kept to a minimum. How can
the technologist construct the OC curve and what conclusions come from it?

Table 11.5 OC data (Possible results with c = 2, n = 10, p = 0 to 1).

Actual proportion
of defects

Actual number
of defectives in 10

Accept
probability

Reject
probability (%)

0.0 0 1.00 0
0.1 1 0.93 7
0.2 2 0.68 32
0.3 3 0.38 62
0.4 4 0.17 83
0.5 5 0.05 95
0.6 6 0.01 99
0.7 7 0.00 100
0.8 8 0.00 100
0.9 9 0.00 100
1.0 10 0.00 100

c, maximum number of defectives acceptable; p, actual portion of defectives; n, sample size.

The starting point is to decide on an initial sample size based on previous
experience, knowledge of sampling procedure, likely variability and time consid-
erations. Based on existing data, assume that a sample of ten is chosen. When
there is indeed 0.2 (20%) defective in the whole batch, the probability of finding
at most two is:

Probability = BINOM.DISTa(number defective, sample size, proportion defective, 1) =
BINOM.DIST(2, 10, 0.2, 1) = 0.68 = (68%)

aBINOMDIST ( ) for Excel 2003.

The chance of locating up to 2 is 68% – ‘no more than 2’ can be stipulated as
the maximum figure for acceptance, signified by c. As the real percent defective
increases, the chance of getting up to 2 in a random sample of 10 (n) decreases
(Table 11.5). The table calculates values for the setting of c = 2 and n = 10 for a
range of actual proportions (p) of defects from 0 to 1.

These values are used to construct the OC curve using Excel (Fig. 11.8).
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Fig. 11.8 Operating characteristic (OC) curve (c = 2, n = 10) (Excel).

The technologist can study the OC curve to make assessments of the sampling
plan’s potential. The plan is defined by n and the maximum acceptable proportion
of defectives c, so each OC curve is unique. Changing n or c produces a different
curve.

The curve can be used to determine the chances of acceptance for a given
fraction of defectives. Thus, as above, if there are 0.2 (20%) defectives then
based on the OC curve the chance of acceptance is 0.68 (68%). This means
that there is a 32% chance that a ‘true’ batch (i.e. it in fact does not have more
than 0.2 defectives) can be rejected. The supplier would no doubt be unhappy
about such a sampling plan, when he or she has, in good faith, supplied goods
to a specified standard, based on supply control measures. The other side of the
coin is that if the level of defectives is higher, e.g. 40%, then there is a 17%
chance that the manufacturer will accept the batch. Consequently, a load with
40% defective goods would ‘slip through’ the sampling examination. These two
viewpoints represent the risks taken by the supplier (the seller or vendee) and the
receiver (the buyer or vendor), respectively, in using such a plan. The technologist
may feel that the risks are too high and will therefore have to examine ways to
reduce them.

How can the risks be reduced?
The ideal sampling plan would be one with a sharper cut-off between the accep-
tance and rejection regions. This can be achieved by increasing the sample size.
Figure 11.9 shows this for n = 50. Now the batches with 20% defective will be
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Fig. 11.9 Operating characteristic (OC) curve for sample size of 50 (c = 2) (Excel).

accepted at a slightly lower level (58%), but the plan is much more effective at
40% defective where acceptance is less than 1%. The disadvantage is that the
receiver has to carry out more inspection and this may exceed staff availability. In
other cases, large sample size can use up more products if testing is by destructive
methods.

With further increases in sample size, the OC curve eventually has a vertical
drop off – any ‘good’ batch will be accepted and any ‘bad’ one will fail. This is only
achievable with 100% sampling with consequent expense in terms of resources.

Based on the above OC curves and analysis, the technologist may decide that a
compromise between the limitations of the small sample size and the extra time
required for the larger sample is the solution, and would go on construct curves
for sample sizes 20–40, etc.

These examples have been for a single sampling plan. There are refinements
with double and sequential plans where actions are taken (i.e. more sampling),
when certain conditions occur.

The receiver (vendor) can also specify limits of quality as an acceptable quality
level (AQL) and a rejectable quality level (RQL). Thus, a vendor could specify
an AQL of 5% and a RQL of 30%. The OC curve can be marked with these
regions corresponding to ‘acceptable’ and ‘unacceptable’ areas – in between,
there is an area of indecision where good batches can be failed and bad batches
can get through. The OC curve and sampling plan should attempt to minimise the
indecision area (Fig. 11.10).

AQL has no risk with the plan, but the RQL does entail a 10% risk. The in-
decision area is large, and batches with 10% and 20% defective still have over
50% chance of being accepted. This can be reduced by further inspection or
more samples as in the case of double and sequential sampling or by tighter
specifications for the quality levels. OC curves can be used for other sampling cir-
cumstances, such as control charts, where the effect of changing sample size can be
displayed.
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Fig. 11.10 Operating characteristic (OC) curve with acceptable quality level (AQL) and rejectable
quality level (RQL) settings (n = 50, c = 2) (Excel).
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Chapter 12

Multivariate applications

12.1 Introduction

The foregoing chapters have given many examples of the form that data can take
in science and the study of food. The focus in these instances has been with
univariate and bivariate data. Beyond this, food data are becoming increasing
multivariate in nature and response measures can comprise several univariate
types. A typical large study can involve 10–20 responses including sensory and
instrumental determinations. Ultimately, the purpose of such data gathering and
experiments is to ascertain which, if any, of these variates have significant effects
on, or relationships with, other responses such as consumer acceptability, purchase
intention, or storage stability of products.

In this chapter, the methods illustrated require more sophisticated software that
is less generally available, although most examples are analysed using SPSS (SPSS
Software (IBM R©/SPSS R©)), which is available as a student version (e.g. with the
text by Malhotra and Peterson (2006)). More of a descriptive style is taken with
the analysis without the calculation detail given in the previous chapters. The
essentials are covered with the intention of giving a brief guide to understanding
and interpreting some of the main methods. More advanced accounts and details
of methodology abound, and the reader is directed to several texts.

12.2 Multivariate methods and their characteristics

How do multivariate methods differ from univariate?
When studying many variables, it is important to get a clear picture of the function
of the analysis and the role played by variables and objects under study. In the
univariate case, independent and dependent variables have been identified. Here,
there is one dependent variable. For the multivariate situation, the number of both
independent and dependent variables can increase. Each method can be classified
into groups according to the number and nature of the dependent (Hair et al.

Statistical Methods for Food Science: Introductory Procedures for the Food Practitioner,
Second Edition. John A. Bower.
C© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.
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Table 12.1 Some multivariate methods.

Multivariate method Independents Dependents Function

Dependence methods
Multivariate ANOVA One or more Two or more Significance of effects

Multiple regression Two or more One Significance of prediction

Discriminant analysis Two or more One Significance of discrimination

Conjoint analysis Two or more One Significance of effects

Partial least squares Two or more One Prediction from latent variables

Interdependence methods
Factor analysis, principal
component analysis

– – Data reduction

Correspondence analysis – – Nominal data optimal scaling

Cluster analysis – – Grouping by distance

Preference mapping – – Preference dimensions by PCA

Procrustes analysis – – Consensus of different configurations

1998), but essentially, two main groups arise – those that involve independent and
dependent variables, and those that look for interdependence (Table 12.1).

It must be stressed that these are just some of the multivariate techniques. Many
others are in use, others are emerging continuously and existing methods are being
refined and extended. Some explanation of a selection of methods follows with
some graphical outputs of analysis. NB: SPSS outputs have a lot of information,
some of which can be ignored. The essential parts are given in the examples.

12.3 Multivariate modes

Some methods are extensions of the univariate circumstance. Previous chapters
have dealt with ANOVA, correlation and regression, and these have multivariate
counterparts. They are ideal stepping stones to start the explanations where readers
have some familiarity with terms and stages and a brief account of these is given
to introduce the subject.

Perhaps the most daunting aspect of multivariate analysis is the use of perceptual
mapping graphs that display results in more than two dimensions. Several methods
are characterised by comparing objects and variables based on dimensionality in
hyperspace. These comparisons are often done on distance measures of which
there are a number of possibilities. A simple distance measure between two objects
or for a variable can be obtained by subtraction. Representation of the distance
among objects based on 20 measures requires display on several dimensions. Of
all such methods, principal component analysis is arguably the most prevalent
in the literature. It provides an ideal route for introduction to the topic and more
detail is given.

Assumptions and checks are complex, but often multivariate normal distribu-
tions are assumed and that groups being compared have homogeneity of variability.
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Checking of assumptions can involve detailed analysis and this is referred to in
some examples.

12.3.1 Multiple regression

The multiple regression (MR) method is similar to simple regression (Section 6.4)
in that there is one metric dependent variable, but two or more independent metric
variables involved (strictly speaking, MR is not a multivariate method as it has a
single dependent variable). The relationship between these and the dependent is
established. On analysis, prediction of the dependent is possibly based on several
measures, and thus, the model can be more effective (Pike 1986). Linearity is
assumed in the basic MR model. Each independent is analysed for its contribution
to variation in the dependent. Any that contribute little can be removed, and the
model reassessed for the ‘fit’ to improve predictive ability. MR independents can
be assessed for significance by ANOVA.

A processing experiment was conducted to study the effect of temperature and
two beater settings on the viscosity of a product. The results were analysed by MR
(Table 12.2).

Table 12.2 Multiple regression (SPSS).

Model summary

Model R R square
Adjusted R
square

Standard
error of the
estimate

1 0.886a 0.786 0.754 106.78345

aPredictors: (Constant), beat time, beat speed, temp.

ANOVAa

Model
Sum of
squares df Mean square F Significance

1 Regression 836895.2 3 278965.071 24.465 0.000b

Residual 228054.1 20 11402.706
Total 1064949 23

aDependent Variable: viscosity.
bPredictors: (Constant), beat time, beat speed, temp.

Coefficientsa

Unstandardised coefficients Standardised coefficients

Model B Standard error Beta t Significance

1 (Constant) −209.774 184.035 −1.140 0.268
temp 14.437 2.794 0.685 5.167 0.000
beat_speed −2.384 1.029 −0.279 −2.316 0.031
beat_time 2.068 5.145 0.048 0.402 0.692

aDependent variable: viscosity.
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The regression model is significant in effect (p-value < 0.05) and the goodness of
fit of the model is given by adjusted R square which is high. Thus, the independents
explain 75.4% of the variation in viscosity. Two of the independent variables,
temperature and beating speed have had significant effects (p-value of t is <0.05),
one in a positive manner and one negative. Beating time appears to have much less
of an effect and has smaller coefficients. The analysis can be redone with ‘beating
time’ removed, which gives a slight improvement of ‘adjusted R square’ (76.4%).
Both Minitab and Megastat can carry out the above analysis and produce the
same result. Excel itself can perform MR, although the Data Analysis Toolpak
does not indicate this. The procedure described for simple regression (Section
6.4.2) is followed with the data in columns. The independent variables must be
in contiguous columns and entered as a block in Input X Range (in this case of
three columns). Excel output is similar to that above.

Swan and Howie (1984) used MR to model whiskey volatiles to identify com-
pounds related to ‘peaty’ odour. Whiskies with high- and low-peaty character
(sensory) were analysed by gas chromatography, and five phenols and seven un-
known compounds were selected by the regression procedure.

MR can also be used with survey data where consumer demographics and
status in respect of attitudes and behaviour can be analysed for relationship with
another variable scored or rated on a scale. In these regression analyses, nominal
responses are coded as dummy variables with values of 0 and 1. This corresponds
to the ‘absence’ and ‘presence’ of a characteristic, respectively, and is applied to
demographics such as gender, ‘old’/‘young’ measures, or the nature of food-type
purchase such as a ‘low fat’/‘conventional fat’ preference, etc.

12.3.2 Multivariate analysis of variance

Multivariate analysis of variance (MANOVA) can assess two or more independent
variables for any significance of effects on two or more metric dependents. It allows
a joint analysis of each dependent rather than performing several univariate tests,
thus avoiding multiple testing risks (Section 5.5.2). More information is gained
by this procedure than would be the case with a series of univariate analysis.
MANOVA can be applied to assess product sample differences when there are
several responses to be compared. For instance, in sensory profiling where a
number of attributes in the region of 10–20 are scored on intensities scales. Rather
than carry out 20 individual univariate ANOVAs, a single MANOVA can achieve
the same purpose.

12.3.3 Principal component analysis

Principal component analysis (PCA) is a form of factor analysis. This method
has received extensive application in food science because of its ability to reduce
large data matrices to more readable formats. It also provides a useful platform
on which to base understanding of the multivariate concept (Piggot and Sharman
1986; Risvik 1996).
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Table 12.3 Structure of data matrix for multivariate analysis.

Object Response 1 Response 2 Response 3

1 . . . . . . . . .
2 . . . . . . . . .
3 . . . . . . . . .
4 . . . . . . . . .
. . . . . . . . . . . .

Data for PCA typically originate from experiments that include several food
objects and several measures (Table 12.3).

A summary table of mean values can be calculated in a univariate manner.
This may show which objects have differing levels of the response, e.g. product
2 has high-sensory ‘meatiness’ and low-salt content compared with product 4.
This becomes more difficult as the number of objects and variables increases.
Additionally, the ‘whole picture’ of why one object dominates others or why
a prototype has the desired balance of characteristics is difficult to see. PCA
essentially reduces the number of variables to a smaller number of ‘key’ composite
variables, which account for the majority of the variation present.

The procedure is based on the fact that when there are many measures on a
particular object then some of these are likely to be correlated. Variables that are
inter-correlated can ‘represent’ one another. For instance, if variables 1, 2, 3 and 4
are highly correlated with variable 5, then they will all change as variable 5 changes.
A composite variable derived from these could reduce these five variables to one.
In PCA analysis, this could constitute the first component. A second component
(uncorrelated with the first) can then be derived to examine more variation. The
analysis is often based on derivation of measures from a correlation matrix, which
displays the inter-correlation of all the variables. In this way, PCA reduces the data
and it is referred to as a data reduction method. It makes it possible to obtain
a simpler composite view of a large number of measures made on the series of
individual objects.

The objects can be a group of people (subjects), a selection of food products or a
list of new food concept ideas, etc. The measures or variables can be made directly
on the objects or obtained indirectly by questionnaire survey or by observation,
etc. They can be analytical instrumental measures such as a meat content or
mechanical firmness, sensory intensity measures such as crispness, consumer
preference, perceptual data like ‘appropriateness for use’ of food types, or they can
be attitudinal in nature – ‘agreement’ or ‘disagreement’ with new food policies,
etc. Usually, the measures are on a scale that is at least ordinal in nature, but
it is also possible to analyse ‘yes/no’, ‘agree/disagree’ dichotomous responses
in survey data, provided the response is formatted as the count of one of the
categories.

PCA looks for a smaller number of underlying factors that explain most of the
variation exhibited by the larger number of measures made on the objects. This
is based on the degree of correlation between the variables and there must be
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some correlation for the method to work. The number of measures taken ranges
from 5 to 50 or more and PCA can reduce these to three factors, which may
explain approximately 70% of the variation in the data. The factors are assumed
to represent latent information, which is not observable directly via the original
measures taken (Risvik 1996). This should allow increased understanding of the
nature and relationships of the objects and variables.

The success of the method depends a lot on the experimenter’s knowledge of
the discipline where it is applied, e.g. food science, consumer studies or food
studies and on the choice of objects and measures. The choice should be based
on researched information or generated by focus group style discussion, etc.
PCA does not make many assumptions about the data, although there are several
tests for the appropriateness of its application. Ideally, a ratio of at least 5:1 of
subjects to variables for ‘general perceptual’-type studies and 2:1 of objects to
variables when looking at specific products, etc. This guideline is often infringed
in sensory science when PCA is applied to averaged data on a small number of
food products, examined on many variables in the form of sensory attributes. No
significance testing is involved in the basic form of PCA and it is an exploratory
tool, which can also be used on pilot data to identify important features for future
experiments.

Example 12.3-1 Principal component analysis on descriptive analysis data
A part-trained sensory panel assessed 24 samples of a type of baked fruit
biscuit product on nine sensory variables. These included aspects of appearance
(‘yellowness’, ‘filling visibility’), texture (‘chewiness’, ‘hardness’, ‘cohesion’)
and flavour (‘toasted’, ‘sweet’, ‘fruity’ and ‘sour’). Product samples were coded
as uppercase characters for display. Some samples were replicates, although
the panellists were unaware of this and four sessions were held under full
experimental design protocol, with no replicates in the same session. A PCA
analysis was performed. What observations and conclusions can be made from
the stages in the analysis?

The panel means were used for the analysis with the replicates retained as
separate samples. The correlation matrix was prepared first (Table 12.4). It shows
a variety of levels of correlation are present ranging from approximately –0.7 to
+0.8 with coefficients above magnitude 0.42 being significant.

The matrix was analysed by PCA. The components are the factors extracted
by analysis and three components explain most of the variation in the data (Table
12.5). Component 1 explains almost 40% and by three components, almost 80%
is explained.

The component matrix in the table gives the loading of each variable on
the components. A high magnitude (near to +1 or −1) for loading means that
the variable is highly correlated with that factor, but >0.3 can be enough for
importance. Thus, ‘fruity’ and ‘sour’ flavours load strongly on component 1, and
‘cohesion’ loads strongly and negatively on component 2, etc. The loadings across
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Table 12.5 Loadings of components and sensory variables, and variance explained (SPSS).

Component matrixa

Component

1 2 3

a_yellow −0.331 0.700 0.446
a_fill 0.530 −0.228 −0.687
t_hardness −0.762 −0.229 −0.429
t_chewy 0.678 0.341 0.255
t_cohesion 0.156 −0.787 0.278
f_toast −0.761 0.336 −0.015
f_sweet 0.318 −0.540 0.636
f_fruity 0.878 0.160 −0.151
f_sour 0.803 0.444 −0.141

aThree components extracted.

Extraction method: principal component analysis.

Total variance explained

Initial eigenvalues

Component Total % of variance Cumulative %

1 3.553 39.475 39.475
2 1.956 21.734 61.209
3 1.445 16.051 77.260

Extraction method: principal component analysis.

the components provide the coordinates for the component plot (or loadings plot).
Figure 12.1 shows components 1 and 2.

The plot shows a spread of the loadings with ‘toasted’, well separated from
‘fruity’, ‘sour’ and ‘chewy’ attributes on dimension 1 (component 1). Component
2 shows a separation linked to high sweetness and a more cohesive structure
from stronger yellow (more baked) appearance. In terms of latent information, it
appears that fruity and sour flavours are associated with a chewy texture, possibly
linked to a more obvious visible presence of fruit. There is a definite textural
dimension for component 1, with a marked separation of hard from chewy
textures. Cohesion is related to sweetness, which may reflect formulation contents
in terms of sugars, syrup, etc.

The component plot does not show the products and information on these
is obtained via calculation of the object (product) scores. An object score is a
composite measure calculated from the factor weights and the original variables.
Scores describe the properties of the products or samples examined (or the views
of the individual subjects in survey data PCA analysis). The score plot is similar
to the component graph and shows a scatter diagram of the product scores against
the factors (Fig. 12.2). It is now possible to locate the individual products and to
examine their position in the graph along with component plot.

Objects positioned in a similar location to variable loadings are associated with
higher measures for that variable. Objects with no associated loadings will have
lower values for the measures. In the plot, there are several products in a large group
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just off-centre. In addition, some individual products are scattered ‘away from the
pack’, although not excessively so.1 There is limited representation of hard-
textured, toasted flavour products (J), and those with marked baked appearance
(T). Three products have strong fruity, sour and chewy characteristics (X, Y and V).
A larger but more separated group of products is associated with high sweetness
and cohesion. A small tighter group of products (Q, N and S) is similar to these
latter ones, but is located neared to harder texture. Note that the relative position
of replicate samples for products P, M, U and Q provide a measure of the panel’s
consistency in measurement. This is ‘good’ in the case of product Q, but less so
for others, especially M. The reasons for lack of a close grouping of replicates can
also depend on the confusability of the sensory attributes as well as poor panel
consistency.

The analysis has provided some new information concerning the characteristics
of the biscuit products. Some appear to be very similar, but the positioning should
be examined in other identified components (in the example, components 2 and
3 can be plotted together) before dismissing an object as having ‘no characteris-
tics’. Another possibility is that during vocabulary generation a key variable of
importance was missed.

Much more information can be gleaned from the plots and analysis above,
especially with additional data. Assuming that they are already on the market
(competitor products) then information on ingredient content and sales figures,
consumer liking, etc., can be linked to the PCA results. This can be used to indicate
gaps in the market for future product development. Depending on further analysis,
it seems that many of these products are similar and do not stand out. There is
limited number of products with high-fruit content – if these have higher market
shares then there may be room for more of this type. There are few products with
hard textures and baked colour and flavour. Depending on sales and consumer
liking, more possibilities may lie with this type of product. Some examples of
linking the PCA results to preference data are illustrated below (Section 12.4).

12.3.4 Cluster analysis

Cluster analysis is a classification method, which forms subgroups of similar
objects based on assessment of the distance between measured variables (Jacobson
and Gunderson 1986). It is also an exploration method that searches with no
prior definition. Examples of groups that could be formed are food products with
similar characteristics, which could be measured not only on virtually any response
variable including sensory, instrumental, storage stabilities but also on measures
of prices, flavour variety, etc. Consumer demographics and attitudes with respect
to food preference and purchase frequency, etc., can also be used to form clusters
of people with similar likes and dislikes and levels of purchase frequency.

1 Objects positioned at large distances from all others may be classed as outliers and they can distort
the plots making interpretation difficult. Removal is one solution, but essentially objects should be part
of a set of similar products and there should be representation of more than one of each type.
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Virtually, any form of object can be classified on any measure. Many food and
beverage groups have been examined by cluster analysis as a classification aid,
including alcoholic beverages and cheeses, but it has also been applied to food-
related materials as in the case of microbial strains, etc. In cluster analysis, where
several disparate measures are possible on the objects, standardisation is required,
otherwise measures on large scales with higher values than others would tend to
dominate.

Using the profile data above, cluster analysis produced a dendrogram diagram
(Fig. 12.3) that shows clustering of the objects (biscuit products) based on the
sensory characteristics. In a sense, this is a test of the data because if the identity
of the objects were known then it would be expected that clusters of similar prod-
ucts would form (assuming that the sensory measures have some discrimination
ability).

H I E R A R C H I C A L  C L U S T E R  A N A L Y S I S

Dendrogram using average linkage (between groups)
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Encouragingly, for the panel, replicates are grouped within the same clusters.
There are two larger clusters, two smaller ones and product J stands on its own –
quite clearly, it cannot be classified along with any other product on the basis of
the sensory measures. Generally, the grouping of the products is similar to that of
the PCA score plot, although there are exceptions. An instance is with products
X and W that are clustered together, but which are well separated on dimension
2 of the score plot above. These two products are similar in ingredient make-up,
but the PCA appears to have picked up a feature (based on the sensory data) that
separates them.

The usefulness of the cluster analysis will of course be more so when classifi-
cation groups are unknown. One such application of this form was used for free
choice profile data in sensory work to examine possible grouping of food objects
based on the free choice terms (Baxter et al. 2001).

12.3.5 Correspondence analysis

Analysis of nominal data is limited by conventional methods due to the lower
level of measurement (Section 2.2.3). Association of two nominal variable can
be done using crosstabulation tables, etc., but interpretation can be cumbersome
when several categories are involved in each variable, and when the number of
variables increases. There are a number of multivariate methods that can be used
for such circumstances. Correspondence analysis (CA) is one of a number of
optimal scaling methods that can be applied in this way (SPSS 1990). Objects and
measures can be explored together where differences are based on association of
category (nominal data) terms.

The data must be nominal in nature or be converted to nominal. The methods
produce metric quantifications from qualitative data, from which identification of
order in categories can be obtained. These scales are ‘optimised’ by the method
to explain variation. Two or more variables with many categories can be analysed
together and perceptual mapping displays aid interpretation.

CA can be used for the simplest case with two variables. In the graphical output,
a CA biplot is displayed where objects and variables can be viewed together
(SPSS 1990). This can be envisaged as a type of ‘graphic crosstabulation’ that
can be studied to locate possible association of objects and measure categories.
An example biplot (Fig. 12.4) shows the association of sample apple juices with
hedonic category as an exploration of preference data. The hedonic ratings were
gathered using the nine-point scale (degree of liking; DOL), so the data were
declared as nominal with the anchors allocated as categories. This may appear to
lose information as the hedonic scale would be likely ordinal and possibly interval
in nature, but this study was exploring the data to address this point, and the lack
of differentiation of the products by conventional ANOVA.

The plot shows the visual proximity of products with scale anchors, which can
reveal more about the preference structure and the balance of ‘DOL’ categories.
The first dimension separated the products in a similar manner to ANOVA in that
product 2 is ‘disliked’ and others are ‘liked’. This latter group (p1 and p3–p6)
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Fig. 12.4 Correspondence analysis biplot of products and hedonic categories (based on SPSS
analysis).

was not distinguished by ANOVA. Dimension 2 reveals some new information in
that the liked products are spread out and two (p1, p5) have some association with
the neutral category (‘neither like nor dislike’). This may indicate segmentation in
consumer preferences, which could be useful for marketing.

The biplot can be further analysed by marking orthogonal projections (‘right-
angled lines’) onto various parts of the graph. One set of interest for this study was
a series of lines from the hedonic categories onto dimension 1. This reveals the
order of use of the categories. In this case, they appear to be roughly in order as
per the original hedonic scale, but not exactly so. The ‘dislike’ categories progress
almost as intended, but the ‘like’ categories are more confused. This could indicate
that consumers were less discriminating with that region of the scale and instead
of using four points of liking, only two were used.

The type of analysis above lends itself to other situations where there may be
concerns about the manner in which a scale was used or when there are doubts about
the assumed linear relationships in correlation studies, or for relationship studies
with mixed levels of measurement. There are forms of the analysis for multiple
categorical variables (homogeneity analysis) and non-linear principal component
analysis where there are more than two variables and mixed levels of measurement.
McEwan and Schlich (1991/1992) describe the use of CA for sensory analysis,
but it has also appeared as a technique for comparing relationships of predominant
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‘taste’ and texture descriptors with hedonic categories between obese and lean
subjects (Cox et al. 1999).

12.3.6 Conjoint analysis

During retail food purchase, consumers are presented with a choice from a variety
of product ‘conditions’ in the form of variations in price, composition, packaging,
flavour, quality, etc. Such situations are studied in food marketing research as part
of product development. The product (or commodity) conditions are attributes
that are assumed to be ‘weighed up’ for their value before a choice is made. Such
a procedure can be set up in a factorial design as part of a conjoint analysis study
(Hair et al. 1998).

The consumer can be presented with all the possible combination of the at-
tributes in real situation, e.g. in a food store, and observations can be made of
the choices. This has a major advantage in terms of being very valid in many
respects, but there are several difficulties with this approach. One is that to test
all the attributes adequately several levels for each would be required. If there are
several attributes then the number of unique combinations becomes large, namely
with five types of packaging, five flavours and five price levels, a full factorial
would generate 125 treatments – an excessive amount to display in a store for one
product group and for a consumer to evaluate. Thus, the store display approach is
better left to a reduced number of treatments after screening of all the factors.

There are still logistical problems in displaying many treatments of real food
products even in a food mall or hall test display. A convenient solution is to
use photographs of all the various combinations, or simply cards or sections
in questionnaires to display a printout of each set. Newer approaches employ
computer consoles with full colour, sound and video to produce atmosphere to
make the choice as realistic as possible. One difficulty still remains in that a large
number of choices may still be unrealistic, especially if the consumer is an unpaid
volunteer. Such design difficulties can be circumvented by use of some of the
techniques discussed in Section 7.4.4. One solution is to use incomplete block
designs for the treatment delivery and present a smaller number of combinations
to consumers, such as 12 treatments per consumer. Another method is to use a
fractional factorial structure to reduce the number of treatments.

The output of Table 12.6 shows analysis of a conjoint study of this latter type,
with the response of purchase intent to varying price and label information. Both
these attributes were significant (p < 0.001) in effect on ‘purchase intention’, and
that the price outweighed the label in decision-making. The above type of approach
is common in food conjoint analysis applications. Moskowitz and Silcher (2006)
reviewed the method and its extensive application in food research and Moskowitz
et al. (2006) highlighted its importance in the development of consumer research.

12.3.7 Discriminant analysis

Discriminant analysis (DA) examines a single non-metric dependent variable and
several metric independents for significance of discrimination (Powers and Ware
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Table 12.6 Conjoint analysis of price and label
style effect (SPSS).

Averaged
Importance Utility Factor

+---------+ Price
|68.92 | 0.7042 |---- 1
+---------+ −0.2667 --| 2

| 0.2875 |-- 3
| −0.5708 ---| 4
| −0.2333 -| 5
|

+----+ Label
31.08| | 0.1000 |- 1

+----+ −0.3083 --| 2
| 0.1625 |- 3
| −0.0083 | 4
| 0.2667 |-- 5

3.0167 Constant

Pearson’s R = 0.707 Significance = 0.0000

1986). A set of groups or classes is pre-defined for the dependent and the analysis
looks for independent measures that discriminate. This is unlike cluster analysis,
which has no pre-defined groups.

Again, the applications are unlimited using multiple sensory and instrumental
measures on food products to ascertain variables that can be used to ‘tell the
difference’ between types. Such information is useful in identification procedures
and for characterising why certain products are successful, whereas others are not.
Another application is in sensory profiling methods where vocabulary generation
methods can result in extensive lists. DA can be used to select attributes that are
more efficient at differentiating product samples (Powers and Ware 1986).

This latter application is shown below with the above sensory data. DA was used
to select the variables that distinguished most amongst the products (Table 12.7).

At the start of the analysis, all the sensory variables were entered. Discrimination
can be based on a number of criteria, and in this case, it was the ability to
demonstrate a significant difference between samples. As the analysis progressed,
the attribute with the most discriminatory ability was entered first and then others
followed up to a limit beyond which any remaining were not sufficiently able to
discriminate. At the end, four (at the foot of the table) of the original nine were
identified as the most effective at discriminating the product set. If an excessively
large set of discriminators were available then such analysis provides one way of
pruning the attribute list.

12.3.8 Partial least squares regression

Partial least squares (PLS) regression has elements of both inter-relationships
and prediction. It searches for relationships between two or more sets of data.
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Table 12.7 Discriminant analysis of sensory attributes (SPSS).

Tests of equality of group means

Wilks’
Lambda F df1 df2 Significance

a_yellow 0.005 40.306 19 4 0.001
a_fill 0.010 21.605 19 4 0.004
t_hardness 0.018 11.532 19 4 0.014
t_chewy 0.018 11.740 19 4 0.014
t_cohesion 0.070 2.805 19 4 0.164
f_toast 0.026 7.874 19 4 0.029
f_sweet 0.060 3.308 19 4 0.127
f_fruity 0.002 111.667 19 4 0.000
f_sour 0.026 7.993 19 4 0.028

Variables in the analysis

Wilks’
Step Tolerance F to Remove Lambda

1 f_fruity 1.000 111.667
2 f_fruity 0.933 86.985 0.005

a_yellow 0.933 31.401 0.002
3 f_fruity 0.244 134.684 0.000

a_yellow 0.896 20.555 0.000
t_hardness 0.257 13.627 0.000

4 f_fruity 0.031 495.915 0.000
a_yellow 0.042 176.261 0.000
t_hardness 0.029 55.654 0.000
t_cohesion 0.039 14.857 0.000

The method differs from MR where the independent variables are analysed in
their original form for the variation in the dependents. In PLS, the independents
are analysed for a smaller number of latent variables. This analysis also includes
variation in the dependent. The reduced set is used to search for relationships
in both dependents and independents. One major advantage is the large number
of independents that can be used, as eventually they are reduced to a few. MR
cannot do this unless sample size is increased. Additionally, PLS gives less error
with small sample sizes and gives prediction for the dependent, unlike another
multivariate technique, canonical correlation, which is purely correlative (Martens
and Martens 1986). Piggot et al. (1993) used PLS to predict flavour intensity in
blackcurrant concentrates. Predictors were based on gas chromatographic peak
area data, and these gave high positive correlations and high predictive power with
sensory intensity.

12.3.9 Preference mapping

Internal preference mapping is basically a PCA treatment of consumer hedonic
data and product samples (Greenhoff and MacFie 1994; McEwan 1996). The
difference is that instead of a number of variable measures on each sample, each
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individual consumer is viewed as a measure. For instance, an investigation with
6 product samples and 100 consumer assessors would be viewed as a ‘6 objects
plus 100 variables’ study for an internal preference analysis. External preference
mapping includes both sensory and consumer data in a more involved analysis
based on regression of sensory profile measures as predictors of the consumer
response. An example of internal preference mapping is illustrated below for a
consumer panel test.

Example 12.3-2 Internal preference mapping on hedonic data
A consumer panel of 75 participants rated eight prototypes of a new high-
fibre, low-fat product (p1–p8) using a nine-point hedonic scale. The data were
subjected to internal preference analysis. What observations and conclusions
can be made from the map?

p7

−1.0
−1.0

−0.5

0.0

P
re

fe
re

nc
e 

di
m

en
si

on
 2

 (
17

.9
%

)

0.5

1.0

−0.5 0.0

Preference dimension 1 (25.2 %)

0.5 1.0

p1 p5
p4

p8
p2

p6

A p3 B

Fig. 12.5 Internal preference map of consumer hedonic rating of high-fibre, low-fat prototype
products (based on SPSS analysis).

Internal preference analysis produced a map (Fig. 12.5). The prototypes (solid
squares) are well separated, but most consumers (solid circles) are grouped around
four of the products with much less for the others. Groups can be identified and
demarcated for individual product preference by use of orthogonal lines drawn
from the group through the origin. The line drawn from the largest group of
consumers (A) shows that the group appeared to like prototype p6 the most,
followed closely by p2 and p7, and they liked prototype 4 the least. Another
smaller group (B) shows preference for the more isolated products p3 and p8.

Based on the analysis, prototypes p2 and p6 have most potential. These would
have to be examined for their individual characteristics via other data, e.g. sensory
and instrumental (see Section 12.4).

12.3.10 Procrustes analysis

Generalised Procrustes analysis (GPA) is a method that has been used in food
studies largely for sensory profiling data, particularly free choice profiling. This
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latter technique attempts to avoid lengthy training by allowing assessors to generate
their own individual attribute list for a product set. The difficulty comes when
analysing the resulting data, in that each assessor’s data are different in terms of
attributes, even though the scale and products are the same. GPA can analyse such
data by using a technique that stretches and rotates each individual matrix so that
a consensus configuration is achieved (Dijksterhuis and Gower 1991/1992).

The method can also be applied to standard profiling data given that error
sources such as assessor effect and assessor–product interaction can be present.
This is particularly so when training time is limited and assessor understanding of
attributes definitions and use of scales may be lacking (Dijksterhuis 1996).

12.4 Relationship of consumer preference with sensory measures

As an example of how some of the above multivariate data and methods can be
combined, another example of a preference map is given below. This displays
results from a consumer study using a selection of the biscuit products analysed
above by PCA. A subset of nine of the products was used, selected because they
exhibited a range of sensory quality and they showed a degree of separation in
the PCA score plot. A group of 50 consumers assessed these using a nine-point
hedonic scale. The ratings were analysed to give the internal preference map
(Fig. 12.6).
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Fig. 12.6 Internal preference maps of hedonic data (consumer panel) with significantly correlated
attributes (sensory panel) (based on SPSS analysis).
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The preference dimensions derived from the analysis were examined for any
correlation with the sensory attribute measures for these nine products. Any at-
tributes that were significantly correlated (correlation coefficient r = ±0.7) with
preference dimensions were used to plot the sensory data onto the preference map.
In this way, attributes most important in liking can be identified.

There are some distinct groups of consumers, but most form around the fruity,
surface-coated, chewy-textured biscuits with an obvious layer of fruit material –
products H, Y and M. Several products are grouped in the lower half of the plot,
although near to the origin. This usually means that the samples are not showing
marked characteristics, but the position is also near the ‘sweet’ sensory attribute,
which could point to a ‘sweet tooth’ group.

Consumer demographics and other characteristics can be incorporated into the
preference map displays. In Fig. 12.6, the solid circles indicate consumers who
were ‘regular to frequent’ purchasers of such products and the clear circles were
‘infrequent to rare’. The small group of consumers, who possibly prefer sweet
tastes, appear to have more incidence of ‘frequent purchaser’, and the main group
shows this effect to a lesser degree.

References

Baxter, I. A., Dijksterhuis, G. B. and Bower, J. A. (2001) Converting free-choice data to
consensus to explore the influence of demographic variables on consumer perceptions.
Oral presentation abstract at The 4th Pangborn Sensory Science Symposium, 22–26 July
2001, Dijon, France.

Cox, D. N., Perry, L., Moore, P. B., Vallis, L. and Mela, D. J. (1999) Sensory and hedo-
nic associations with macronutrient and energy intakes of lean and obese consumers.
International Journal of Obesity, 23, 403–410.

Dijksterhuis, G. (1996) Procrustes analysis is sensory research. In Multivariate Analysis
of Data in Sensory Science by T. Næs and E. Risvik (eds). Elsevier Science BV,
Amsterdam, pp. 185–220.

Dijksterhuis, G. B. and Gower, J. C. (1991/1992) The interpretation of GPA analyses and
allied methods. Food Quality and Preference, 3, 67–87.

Greenhoff, K. and Macfie, H. J. H. (1994) Preference mapping in practice. In Measurement
of Food Preference by H. J. H. MacFie and D. M. H. Thompson (eds). Blackie Academic
and Professional, London, pp. 137–166.

Hair, J. F., Jr., Anderson, R. E., Tatham, R. L. and Black, W. C. (1998) Multivariate Data
Analysis, 4th edn. Prentice Hall International, Upper Saddle River, NJ.

Jacobson, T. and Gunderson, R. W. (1986) Applied cluster analysis. In Statistical Procedures
in Food Research by J. R. Piggot (ed.). Elsevier Applied Science, London, pp. 361–
408.

Malhotra, N. K. and Peterson, M. (2006) Basic Marketing Research, 2nd edn. International
Edition, Pearson Education, Upper Saddle River, NJ.

Martens, M. and Martens, H. (1986) Partial least squares regression. In Statistical Proce-
dures in Food Research by J. R. Piggot (ed.). Elsevier Applied Science, London, pp.
293–360.



312 Statistical Methods for Food Science

McEwan, J. (1996) Preference mapping for product optimization. In Multivariate Analysis
of Data in Sensory Science by T. Næs and E. Risvik (eds). Elsevier Science BV,
Amsterdam, pp. 71–102.

McEwan, J. and Schlich, P. (1991/1992) Correspondence analysis in sensory evaluation.
Food Quality and Preference, 3, 23–26.

Moskowitz, H. R., Gofman, A., Beckley, J. and Ashman, H. (2006) Founding a new science:
mind genomics. Journal of Sensory Studies, 21, 266–307.

Moskowitz, H. R. and Silcher, M. (2006) The applications of conjoint analysis and their
possible uses in Sensometrics. Food Quality and Preference, 17, 145–165.

Piggot, J. R., Paterson, A. and Clyne, J. (1993) Prediction of flavour intensity of blackcurrant
(Ribes Nigrum L.) drinks from compositional data on fruit concentrates by partial least
squares regression. International Journal of Food Science and Technology, 28, 629–637.

Piggot, J. R. and Sharman, K. (1986) Methods to aid interpretation of multidimensional
data. In Statistical Procedures in Food Research by J. R. Piggot (ed.). Elsevier Applied
Science, London, pp. 181–232.

Pike, D. (1986) A practical approach to regression. In Statistical Procedures in Food
Research by J. R. Piggot (ed.). Elsevier Applied Science, London, pp. 61–100.

Powers, J. J. and Ware, G. O. (1986) Discrimination analysis. In Statistical Procedures in
Food Research by J. R. Piggot (ed.). Elsevier Applied Science, London, pp. 125–180.

Risvik, E. (1996) Understanding latent phenomena. In Multivariate Analysis of Data in
Sensory Science by T. Næs and E. Risvik (eds). Elsevier Science BV, Amsterdam, pp.
5–36.

SPSS (1990) SPSS Categories, SPSS, Chicago, IL.
Swan, J. S. and Howie, D. (1984) Correlation of sensory and analytical data in flavour studies

into Scotch Whiskey. In Proceedings of the Alko Symposium on Flavour Research of
Alcoholic Beverages, Helsinki, 1984, L. Hykanen and P. Leytonen (eds). Foundation
for Biotechnical and Industrial Fermentation Research, 3, 291–300.



Index

acceptable quality level, 291
acceptance sampling, 288
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approach to experimentation, 8
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200
bibliography, 11
binomial test, 41, 119

of acceptance sampling, 289
of difference tests, 203
of non-compliance risk, 286
of paired preference, 185
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bivariate data, 55
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same–different test, 208
sample effect, 210
sample representation, 30
sample selection methods, 33
sample size, 28

calculation of, 83
for consumer sensory and survey,

184
factors affecting, 29
for instrumental determinations,

222
for trained panel assessment, 200
typical, 36

sample unit, 27
in experimental design, 156

sampling, 26
methods, 33
sampling frame, 33
in statistical quality control, 273,

288
sampling distribution, 40

and standard error, 62
and control charts, 282

sampling error, 30
effect on uncertainty, 70

scatter diagram/graph, 59
in correlation analysis, 145

score plot, 300
screening experiment, 257
selection of significance tests, 108
semantic differential scale (ordinal),

23
sensory data, 10

quality and nature, 181
significance (hypothesis) testing,

92
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significance level, 98
significance test types, 114

for interval and ratio data, 129
for nominal data, 115
for ordinal data, 122
selection of, 108

sign test, 122
assumptions of, 102
errors in, 97
method and procedure of, 93
stages in, 103

similarity testing, 205
single ingredient effect, 248
size of experiment, 254
skew, 55, 64, 65

in adherence to normality, 86,
88

in chemical analysis data, 106
software, 10

sources and links, 13
specification limits, 281
split plot, 171
stacked histogram, 192
standard deviation, 61
standard error, 62
standard normal variate, 39
statistical applications

in food science, 6
statistical appreciation, 160
statistical quality control, 271

acceptance sampling, 288
compliance issues, 284
control charts, 274
sampling procedures, 273
types of, 272

statistics importance, 6
subgroup analysis, 195
subsample, 27
summary statistics, 65

of chemical analysis data, 106

tabular displays, 46
terminology, 11

three level factorial, 171
in food formulation, 262
with instrumental data, 225

treatments, 156
triangle test, 203
t test, 130

for independent samples, 108
two ingredient effect, 252
two level factorial, 171
type I error, 97
type II error, 98

uncertainty, 69
calculation of, 242
in chemical analysis data, 228, 241
and confidence interval, 79
determination of, 78
in instrumental data, 221
typical values, 85

validity, 73
of consumer survey data, 76
determination of, 78, 84
of instrumental and sensory data, 73

variable, 16
in experimental design, 156

variable control chart, 273
range and sd chart, 287

variance, 61
variance homogeneity, 88
variance of a proportion, 63

warning limits, 277
Wilcoxon test, 122
Williams Latin square, 168

x-bar chart, 275
XY chart, 57

z score, 39
z test, 132
z value, 39

in confidence interval, 80


