
Introduction

Sensory evaluation is a basic tool in the prac-
tice of food science and is widely used in
research and industry. The data generated
come in many forms and, unlike those of
chemical analysis measures, discussed in
“Statistics for food science (SFS) II”, are
produced by judgements of the human sub-
jects who form a taste panel. Although it is
becoming possible to mimic the sense of smell
instrumentally[1], it is unlikely that such
devices will completely replace human panel-
lists. Much importance can attach to the
conclusions drawn from sensory experiments.
For example, in product development the
decision to launch a product with a modified
formulation may be based on experimental
evidence which has determined that the
difference will not be noticed by consumers. If
this conclusion proves false and the product is
rejected, then high financial losses could
occur. Thus the reliability of the methods,
and the statistical analyses which decide these
issues, are important. Some sensory methods
may appear simple on the surface, but profes-
sional procedures are highly dependent on
good experimental design. This latter topic
will be dealt with in more detail in a later
article. It is not intended here to give a dis-
course on sensory methodology as such, but
rather to give an appreciation of how statisti-
cal analysis plays a part in the control and
decision making. Current advances in this
field reveal a complex picture, as many factors
have a bearing on how people perceive quality
and decide preference in foods.

To enable an adequate description of the
application of statistical methods in sensory
evaluation, it becomes necessary to cover
additional statistical concepts and procedures.
These could apply equally well to any experi-
mental situation in food science, but sensory
evaluation provides an ideal setting for these
explanations.

Significance testing

A common task of the sensory scientist is to
establish whether or not products or samples
differ to a sufficiently large extent so as to be
deemed significantly different. This can be in
terms of preference or of the intensity of some
attribute, such as sourness, spiciness, etc.
Another possibility is to assess individual
panellists for significant performance of a
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sensory ability. Significance testing involves a
standard procedure by which hypotheses are
formulated and tested under specified condi-
tions. The tests commence by assuming a “no
difference” condition – the null hypothesis –
and the proposition of an alternative hypothesis
which will be accepted if the null hypothesis is
rejected. An experiment is carried out to test
the evidence, as obtained from a sample,
against the null hypothesis, and a statistic is
calculated. This may be in the form of a prob-
ability value or a test statistic which is com-
pared with a critical value from tables which
give the chance probabilities based on a true
null hypothesis.

Two outcomes are possible: if the probabil-
ity of the result is sufficiently low or the test
statistic exceeds the critical value, then the
null hypothesis is rejected, the alternative
hypothesis accepted and a significant result is
concluded. Otherwise the null hypothesis is
retained: it cannot be proved true as such;
rather it is concluded that the data did not
provide sufficient evidence to warrant declar-
ing it false. The term “significance level”
refers to the probability level at which the test
is operated. Similar in concept to the confi-
dence level (SFS II), the conventional, most
conservative significance level is 5 per cent.
Obtaining such a significance would mean
that there is confidence that similar samples
drawn from the population will show such
differences 95 per cent of the time. Thus there
is a possibility, admittedly small, that the
experimental results were purely due to
chance alone. As can be seen, there are risks
associated with significance testing – one is
the risk of wrongly concluding a significant
result which is in fact absent (known as a
“type I error”); the other is the risk of not
concluding a significant result which is actual-
ly present (a “type II error”). Although inter-
dependent, these risks depend also on the
magnitude of the difference between the
samples – larger differences will be easier to
detect and therefore will reduce the risks.
Both risks can be reduced by increasing 
sample size but, as with confidence intervals,
achieving zero for both so as to be 100 per
cent certain could be impractical, as we are
again making population inferences from a
sample. The probability levels for these risks
are referred to as alpha (α) and beta (β),
respectively. An important associated term is
the power of the statistical test, a measure of
the test’s ability to find a true significance,

where power equals 1- β. The lower the β risk,
the more powerful the test. The choice of
significance levels is arbitrary: traditionally 5,
1 and 0.1 percentages are commonly used,
but there are circumstances when a less strin-
gent α such as 10 per cent may be justifiable –
for example, in experiments with low sample
and panellist numbers, used to assess rough
trends.

A source of much confusion in significance
testing is the use of one- and two-tailed tests.
This refers to whether or not the test consid-
ers a directional difference in the samples
examined. The “tails” can be visualized as the
areas under the distribution frequency curve
(described in SFS II) which lie on either side
of the central region, although the region of
difference could lie within one tail only and
perhaps one- and two-sided is a better
description. If the experimenter can predict
the direction of difference, assuming the null
hypothesis is false, then a one-tailed test
would be appropriate. For example, in a
triangle test the panel organizer knows that
out of three samples – A, B, B – A is the odd
one out. If the null hypothesis (which states
“There is no detectable difference”) is false,
then it can be predicted that the panellists will
select A. In a paired preference test where two
formulations, X and Y, are compared, it is
unlikely that the outcome could be predicted
if there is a detectable difference in preference
and a two-tailed test is used. It is “easier” to
get a significant result with a one-tailed test
because of lower chance probabilities, but it
must be fully justified if selected. If there is
doubt, or if the sensory analyst wishes to be
conservative, then a two-tailed test is the
option. In fact, statisticians themselves differ
on this point, some advocating only two-tailed
tests on the basis that the experimenter can
never be sure regarding the outcome. This is
particularly relevant to sensory evaluation
where the decision-making process through
which individual panellists go is usually
unknown to the panel organizer.

The degrees of freedom of a significance test
refer to the number of terms which are inde-
pendent in the calculation of the test statistic.
Thus, if there are n terms in the raw data,
calculation of a mean uses up one degree of
freedom. Subsequent statistics calculated
using the mean will have n-1 degrees of free-
dom. In addition to this use in calculation of
statistics, the number of degrees of freedom is
required for locating the critical values from
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tables. Degrees of freedom obviously are
directly related to sample size and also have a
bearing on the way in which inference from
sample to population is made (SFS I). In
certain types of experiment, full assessment of
statistical measures may not be possible
unless there are sufficient degrees of freedom.

Some of the main factors which influence
sensory data can now be considered. The
food scientist presented with sensory evalua-
tion results or engaged in operation of sensory
panels should consider the following points.

What kind of factors can affect the
reliability of sensory data?

Sensory evaluation is subject to error sources
just as is any measurement system, although
the error terms of SFS II are not used to the
same degree in the sensory context. Many
influences can operate to affect precision and
accuracy and hence possibly reduce reliability.

A number of factors, mostly psychological in
nature, arise because of the use of human
subjects as measurement tools. The panel
organizer will issue instructions to panellists;
yet, even with training, confusion can arise
regarding the semantics of these instructions,
as well as the use of the chosen sensory scale.
Thus, individual panellists may differ in their
interpretation of sensory attributes, the inten-
sity level and the general decision-making
process involved, etc. In fact, the decision
criteria may even change within the test[2],
further complicating the issue. Tasting acuity
can vary and a “warm-up” effect can occur
where initial discrimination is poorer[3]. One
or more panel members may lack concentra-
tion, be easily distracted, or suffer from fatigue
or some health condition which affects tasting
ability. Even resting and palate rinsing, etc.,
intended to introduce control over fatigue,
can lead to loss of memory regarding the
sensory impressions[4]. Panellists can pre-
decide sensory impressions because of expec-
tations induced by verbal and written instruc-
tions and by visual and odour cues. Cross-
sensory confusion can occur if the panellist
must judge one aspect of sensory properties
when receiving multiple impressions or taints
from unintended sources. Other factors
include appetite level, preferential use of some
numbers on certain scales, and the fact that
perception of intensity can depend on the
intensity range within the sample set.

Several experimental design considerations
can have significant effects on reliability of

data. The presentation of samples is crucial
and must be standardized with regard to
form, temperature, conditions of lighting,
non-associative coding, etc.[5]. Presentation
order is well known for its bias-causing effects,
and random or balanced order is necessary.
Taste sensations from initial samples can
linger on and modify subsequent perception.
This “carry-over” effect can be reduced at a
physical level by palate rinsing; but the mental
impression is imprinted by the first or preced-
ing sample, thus enforcing the requirement
for balanced presentation order[6]. Judging
strength or intensity of a sensory attribute
may be haphazard unless calibrated by control
or reference samples.

‘…Expert panels are used in laboratory
situations…’

The importance of the above factors varies
according to the type of panel, the level of
training and the purpose of the sensory exper-
iment. Expert panels are used in laboratory
situations. They are usually required to be
able to detect small differences in sensory
attributes and be able to gauge intensities with
accuracy and consistency – such panels can be
viewed as instruments, and any factor which
affects these abilities becomes important and
may require control to minimize its influence.
The operation of panels with less training,
consumer or otherwise, is viewed differently.
The purpose is to gain information on charac-
teristics which are detected by consumers or
to assess attitudes and preferences. If used
under laboratory conditions, then influencing
factors must be controlled; but the degree of
control may be less or unnecessary for the
particular method. Balanced against this is
the view that such laboratory control leads to
an unrealistic representation of consumer
perception[7]. Home-use testing would seem
to answer this problem, but it is the most
variable and uncontrolled method. If control
of factors is exercised, then it is required to
cover variability across assessors, within
sessions and across different sessions.

Although panel training and experimental
control can reduce the errors, they have the
potential to “fog the issue”, leading to a weak-
ening of power or to the creation of apparent
significant effects which are in fact false.
Certain statistical techniques can “even-out”
some error sources, such as the different use
of scale by panellists[8].
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How can the error level be measured for
sensory data?

The precision (variability) within replicates for
sensory data can be measured by the same
techniques as are used for chemical and
instrumental data – mean deviation, standard
deviation, etc.; others are possible, such as the
scoring ranges used by Seaman et al.[9] in
which the use of correlation coefficients was
also employed to compare large numbers of
duplicates. Confidence intervals are less used
in sensory work, although the importance of
this statistical measure has been empha-
sized[10,11]. The magnitude of precision
obtainable by sensory panels can be quite
acceptable, especially for expert panels, but is
unlikely to compare with those of some 
modern analytical instruments. Panel and
panellist precision can be monitored and
maintained by training. Depending on the
manner in which replicates are presented,
coefficients of variation of 5-10 per cent or
better should be attainable.

Accuracy features less, in general, but ade-
quate control and calibration are essential for
some applications. Accuracy is perhaps more
applicable with trained expert panels, where
the panel is employed as an instrument which
is able to perform analytically. Control sam-
ples or reference chemicals are used to provide
panellists with base-line measures against
which to gauge test samples. These calibration
samples can be for odours, tastes, colours and
textures. Single or multiple standards can be
used to provide reference for one or more
points on the intended scale[12]. Some of
these standards have international status, as in
the case of certain colour standards. In differ-
ence tests where there is a correct result, a
measure of accuracy is given by the level of
correct responses for a panel or for individual
panellists. Selection of panel members can be
based on their accuracy with difference tests
and ranking of graduated concentrations of
tastes, etc. Meilgaard et al.[13] suggest 40-60
per cent accuracy for a triangle test, depending
on the difficulty of the test.

What level of replication is required in
sensory evaluation?

Replication in sensory evaluation differs from
the circumstances of chemical or instrumental
analysis because there is more than one mea-
suring “unit”, in the form of the individual
panellists. Thus, even with only one tasting

per judge, a replicate measure is obtained.
True replication requires each panellist to
perform a judgement two or more times on
samples of the same product. The type of
sensory method, the panel type and the pur-
pose of the particular experiment will decide
whether or not replication is included. With
trained panels, many replicates may be used
to gauge panellist precision, namely, four to
six for descriptive profiling and ten or more
for difference testing. Replication is lower in
or absent from consumer panels, but panel
size is larger. The numbers of product sam-
ples examined are limited because of taster
fatigue; thus from four to eight tastings are
typical, although with visual judgements more
can be accommodated. In cases where the
number of samples with or without replicates
becomes too large for the panel, it is possible
to use experimental design-blocking tech-
niques to reduce the work. Recommended
panel size depends on the sensory method
and its purpose; trained panels having lower
numbers. As before (see SFS II), replication,
although desirable in principle from the statis-
tical standpoint, is limited by cost in terms of
time and personnel.

Bearing in mind the error sources above,
replication in sensory testing may be “self-
destructive” to some degree. In an attempt to
gain a more confident result, a panel organizer
may decide to include replicates, but because
of limitations of panel availability these are
included in the same session. This increases
the number of judgements to be made, and
sensitivity may decrease through fatigue or a
panellist may recognize or remember a previ-
ous replicate and be biased. Ideally, replicates
should not be influenced by previous mem-
bers of a set – hence the desirability of block-
ing at separate replicate sessions.

What is the nature of the data generated
by different sensory methods?

The sensory methods are well established and
have been detailed by Seaman et al.[14]. The
types of data which they generate are shown in
Table I. It is pertinent to bear in mind what
these methods are used to assess – that is,
acceptance testing or detection of differences,
etc. and the type of panel used, whether
expert, trained or consumer.

Table I also shows whether or not the
population from which the data come is
assumed to be normal. These points are
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important because statistical tests are based
on certain assumptions which, if not true, can
invalidate the tests. The level of measurement,
the nature of the population distribution from
which the data come and the equality of
variance for treatments (product samples)
examined are major points. Parametric tests
assume that the data (or in some cases statisti-
cally-derived values) are normally distributed,
at the least interval and continuous in form
and have equal variances for treatments. Non-
parametric tests, which are less powerful, are
“distribution-free” in this respect and make
less rigorous assumptions regarding popula-
tion parameters.

‘…The issues of most indecision lie with
scaling and scoring methods…’

In some cases, there may be doubt concerning
these conditions, and the sensory analyst
faces the task of deciding the issue. The issues
of most indecision lie with scaling and scoring
methods. These can be integer point scales
(e.g. 9- or 7-point hedonic scales) or graphic
line scales with end anchors plus possible
intermediate anchors. It has been shown[15]
that some panellists are reluctant to use the
extremes of such scales, resulting in unequal
intervals (“end-effects”). The imposed limits
to the scale may cause “squeezing” of the
distributions of test samples which have mean
scores near the extremes – there is insufficient
room for both tails of the distribution to
spread out symmetrically. This causes devia-
tion from normality and inequality of vari-
ance.

How can the data be assessed for
normality and equality of variance?

Testing data for normality can be done by
simple graphical techniques. Figure 1 shows
blob charts or dotplots of results from experi-
ments with relatively small data sets which
illustrate some common features. The perfect
bell shape or Gaussian curve of the normal

distribution is not apparent in the examples
and even with larger samples may still be
absent. Look for symmetry on either side of
the plot and bunching or indication of a peak
in the central region. Products A and C of the
sensory example exhibit peaks, but they are
not centrally located. Product B is more
symmetrical, but there is a suggestion of two
peaks. These results were obtained using
untrained consumers. The instrumental data
(obtained by atomic absorption spectroscopy
analysis during a study on potassium levels in
potatoes[16]) show a peak more centrally
located and there is more overall symmetry.

Relatively simple analysis will yield other
measures (Table II). These include skewness, a
measure of symmetry, and kurtosis, a measure
of the “peakedness” or “flatness” and also of
unimodality or bimodality in a distribution.
These measures, which are based on devia-
tions from the mean raised to the powers three
and four, respectively, are laborious to calcu-
late manually and are attainable using a soft-
ware package[17] for the data of Table II.
Another measure of skewness, detailed by
Rees[18], is included for its simplicity of
calculation:
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Table I Properties of data generated by sensory methods

Sensory method or scale Type of data generated Assumptions regarding data

Difference test Nominal Non-normal
Ranking Ordinal Non-normal
Scaling, scoring Ordinal, interval Possibly normal
Magnitude estimation Ratio Normal

Product A Product B Product C

1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7
Hedonic scale

Example 1: sensory data

Example 2: instrumental data

350 375 400 425 450

Potassium content (mg/100g wet weight)

F
R
E
Q
U
E
N
C
Y

Figure 1 Dotplots of distribution of sensory and instrumental data

Skewness = 3 × (sample mean – sample median)
sample standard deviation



Formulae for the more complicated coeffi-
cients of skewness and kurtosis are given in
[19,20].

Skewness is zero when symmetry is perfect;
negative and positive values occur when a tail
of the distribution is extended to the left or
right respectively. Kurtosis is zero for a 
normal distribution; negative and positive
values indicating bimodality and unimodality,
respectively. Additionally, for perfect symme-
try, the mean, median and mode must be
equal.

Product C (sensory) and the instrumental
data show apparent symmetry by these latter
characteristics, but this is not supported by
the high magnitude of the skew for C. Prod-
ucts C and A show high positive and negative
skew, respectively – a case of squeezing of the
distribution caused by the nature of the scale
and the location on it. The instrumental data
also show the lowest kurtosis, but product B
exhibits strong evidence of bimodality
although it has more symmetry. Bimodality
can signify disparity among panellists in
choice of categories on the scale, unimodality
being more desirable.

Even samples taken from a truly normal
population are likely to exhibit non-normal
values for the measures above. So how does
one decide what degree of deviation from
normality is acceptable? A check on skew and
kurtosis based on the characteristics of the
normal population is described by Smith[19]:

If the absolute magnitude of either of these
measures exceeds 1.96, then it can be con-
cluded that the data come from a population
which is not normal. Using these criteria, it
can be seen (Table II) that only the data of
product C fail in this respect, although overall
the sensory data exhibit greater deviation
from perfect normality. The simpler skew
measure[18] must exceed absolute unity in
order to be considered marked; in this case
none of the experimental data show this level
of skew. Small sample sizes (ten or less) would
yield less useful information on application of

these measures. Trained panels are more
likely to use a sensory scale with equal inter-
vals, and usually hedonic scales do produce
rough normality unless the product is liked
well or disliked well resulting in the skewed
nature above[20].

There are other tests for normality, such as
the normal probability plot, which again is more
conveniently done using a statistical software
package. Here the experimental values
(grouped or single) are plotted against the
expected values from a normal distribution
source. A linear relationship is obtained if the
observed data are from a normal population.
Normal plots, prepared using software[17],
are shown (Figures 2 and 3) for the potassium
data and for product C of the sensory data;
the more linear nature of the instrumental
data is clear.

Another assumption for some statistical
tests is that different treatments compared by
the method have equal variances. Equality of
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Table II Distribution measures of sensory and instrumental data

Data
Sensory

Measure A B C Instrumental

Mean 4.68 4.20 2.23 405.21
Median 5 4 2 409
Mode 6 6 2 409
Standard

deviation 1.68 2.14 1.14 23.04
Variance 2.81 4.58 1.29 –
Skewnessa –0.60 –0.14 +1.02 –0.25
Skewnessb –0.42 +0.28 +0.62 –0.49
Kurtosisa –0.76 –1.47 +0.67 –0.06
Extent of sk. –1.33 –0.32 +2.29 –0.67
Extent of ku. –0.85 –1.64 +0.075 +0.08
Notes: a See [17] b See [18]

Extent of skewness

 =  skewness ×  
No. of samples

6

Extent of kurtosis

 =  kurtosis ×  
No. of samples

24

3

2

1
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Observed value (potassium content mg/100g)
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Figure 2 Normal plot of instrumental data (potassium content)



variance can be checked by a simple visual
examination of the calculated values (Table
II) or by a variance ratio test, where:

Similar variances will have smaller F ratios.
This test statistic is compared with tabulated
values for the F distribution which enables the
decision to be based on a significance test.
The variance values for the sensory products
differ (Table II), but an F test shows that only
in the case of C compared with the other
variances is the difference sufficiently large to
be significant. If such inequality was obtained
for treatments within one experiment, then
one of the assumptions for parametric analysis
would be false.

Equality of variance check for sensory data
(F test):

(A cf. B) F = 1.63 (not significant)
(A cf. C) F = 2.18 (significant at 5% level)
(B cf. C) F = 3.5 (significant at 1% level)

What can be done if the data are not
normally distributed?

It should be borne in mind that the assump-
tions for normality need only be approxi-
mate[18]and that for larger samples such
deviations become less important. Addi-
tionally some parametric tests are quoted as
being robust or resistant to deviations from
normality, and can be used anyway[21].
Another possibility is that if non-normality is
detected it may be possible to transform the
data to produce normality, but this makes the
task of interpreting the results more com-
plex[20].

The sensory scientist may have to make the
final decision after examining the data as

above. The conservative approach may result
in loss of information by not using the more
powerful parametric methods, but an incor-
rect assumption of normality could lead to
invalid conclusions. Some practition-
ers[15,22] recommend doing both types of
analysis. If both methods agree, then the
conclusion is clear; if not, then a decision
guided by experience will have to be made, or
more experimentation carried out. Lyon et
al.[23] recommend use of non-parametric
methods for all consumer data and parametric
methods for data produced by trained panels
with established training records.

(Selection and description of appropriate
statistical tests for sensory methods follow in
Part B.)
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