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Preface

It was my intention that the book might serve as a text or companion for an upper level
course in sensory evaluation, perhaps as a second semester offering following the introduc-
tory course in sensory evaluation. As such, it is aimed at beginning graduate students,
advanced undergraduates, and practitioners with a solid background in theory. That being
said, it is nearly impossible to write a book that is truly state of the art because the field is
so rapidly developing and new models and theories abound each year. This is especially
true in sensometrics. Rather than dwell on the latest popular theory or development, I have
focused on fundamentals, mathematical principles, and models that I suspect will stand the
test of time.

This book makes some assumptions about the experience and background of the reader.
It is assumed that the reader has some familiarity with applied sensory evaluation methods
as they are used in the foods and consumer products industries. Therefore, the book spends
a minimal amount of space defining the methods, and it avoids elaborate descriptions of all
the variations, pros and cons, pitfalls, and controversies of sensory testing procedures. For
further information about the practical aspects of sensory testing, many books are available,
notably Sensory Evaluation of Foods, Principles and Practices by Lawless and Heymann
(2010), Sensory Evaluation Practices by Stone et al., (2006), and Sensory Evaluation
Techniques by Meilgaard et al. (2006). These three are lengthy textbooks. Shorter guides for
the novice reader are include the ASTM document Sensory Testing Methods by Chambers
and Wolf (1996) and the practical guide Sensory Evaluation, A Practical Handbook by
Kemp et al. (2009). A brief overview of sensory techniques is provided in Appendix A.

I have also assumed that the reader has some passing familiarity with the foods or con-
sumer products industries, and possibly the flavor and fragrance industry. This is not meant
to be a text on psychophysics per se, so the areas of visual and auditory sensation and per-
ception are rarely mentioned. A fundamental background in basic chemistry and biology is
also assumed. Mathematically, I have tried to avoid calculus and matrix algebra as much as
possible, so that a reader with basic algebra skills can understand the models and equations,
their variations and transformations. It is difficult to know the level of detail that different
readers will see as mathematically appropriate or challenging. So the information and mod-
els herein are those I deem necessary to understand for the well-trained sensory scientist
operating in the food, beverage, or consumer products industries or in an academic setting.
To that extent, the book is intended to form a basis or starting point for further study of
individual issues and models. Worked examples are provided in most sections to illustrate
the application of the equations that have been presented.

The obvious technical area of sensory evaluation that is neglected in this book is the realm
of descriptive analysis. I chose not to deal with issues in panel leadership and terminology
development and take only a quick look at panelist monitoring. The first topic is primarily
qualitative and deals with techniques and problems in human interaction. It is best taught by
going to a workshop, participating in panels with a good leader, and then leading a panel
yourself. The old rule for learning an operation or procedure among surgical residents was
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“watch one, do one, teach one.” Perhaps that rule applies in being a descriptive panel leader
as well. Terminology development is primarily conceptual, qualitative, and language driven,
and as such is not truly a quantitative technique. Panelist monitoring is primarily a statistical
issue. However, descriptive techniques are touched upon in the sections on scaling and pan-
elist calibration.

Another controversial topic was multivariate analyses and perceptual mapping. There has
been an explosion in techniques used for multivariate analysis of sensory data, and most of
these result in the production of a biplot, a two-dimensional representation of sensory space,
with products and assessors as points and with attributes as vectors. Probably more than half
the methodological papers in journals like Food Quality and Preference pertain to these
techniques. Certainly, it is a central theme of sensometrics. There is nothing wrong with this
data reduction and mapping approach, and it can be most valuable in looking at competitive
monitoring (where are my products relative to the competition?) in situations like product
category appraisals. Yet, I remain somewhat skeptical as to how much these techniques can
help a sensory practitioner on a day-to-day basis. Most of the normal and often tedious
sensory testing that goes on in a large food company concerns issues like cost reduction,
ingredient substitution, improvements in the nutritional profile of a product, producing suc-
cessful variations on a current product, quality control, and shelf-life testing. Very few of
these endeavors require any multivariate techniques. So, they are dealt with in the topic of
product optimization, and one later chapter gives a general overview of perceptual mapping,
which necessarily entails some multivariate techniques.

It should also be clear to the reader that I did not intend to write a sensory statistics guide.
Good resources are available, such as the appendices to Lawless and Heyman (2010), the
excellent short treatise on analysis of variance by Lea et al. (1998), the sensory statistics text
by Naes et al. (2010), and the book on discrimination testing by Jian Bi (2006). An older
resource is the sensory statistics book by O’Mahony (1986), which contains much pithy
advice. Some less well known techniques are presented, however, where I felt the penetration
of these tests into the mainstream was insufficient. An example is the use of the Stuart—
Maxwell test for analysis of categorical or nominal data in a simple two-product test and a
complete block design (analogous to the paired or dependent #-test for scaled data).

The structure of the book proceeds as follows. The first four chapters are foundational,
dealing with psychophysics. The next four deal with basic topics from a sensory evaluation
perspective, namely discrimination, sensory equivalence, scaling, and hedonic testing.
I have tried to incorporate current theoretical and practical developments, so their titles
include the word “progress.” Chapter 9 is an overview of some principles in experimental
design that I refer to as “intelligent.” The next three chapters cover some applied topics,
including check-all-that-apply and other frequency count data, time—intensity modeling,
and shelf-life testing. More advanced topics come next, including product optimization
methods, perceptual mapping, and consumer segmentation. Note that some of these use
multivariate techniques; however, I chose not to include a specific chapter on multivariates
(there are several useful books) but rather to focus on how they are applied. At the end,
I have provided a forward-looking chapter on the topic of Bayesian analysis, because I felt
a graduate student in sensory evaluation should at least understand the principles involved.
Appendices are provided, first as a primer in sensory evaluation, second to show some com-
mon experimental designs not mentioned elsewhere, and third to provide a glossary.

Many mentors and collaborators have helped, directly or indirectly with the construction
of this work. The inspiration for my career in quantitative sensory work starts with a course
in sensory psychology that was team-taught in the 1970s by the scientists at the John B.
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Pierce Foundation, notably (in alphabetical order) Ellie Adair, Linda Bartoshuk, Bill Cain,
Larry Marks, and Joe Stevens. I owe a special debt to Linda Bartoshuk for teaching me that
psychophysics could provide a window into sensory physiology and to Bill Cain for provid-
ing so many good examples of the parametric quantification of sensory function.

Other mentors in psychophysics have been major influences during my career, notably
Trygg Engen, Don McBurney, David Stevens, Michael O’Mahony, Armand Cardello,
Howard Schutz, Herb Meiselman, and Howard Moskowitz. This book is aimed at workers
in food science, and so a debt must be acknowledged to the late Rose Marie Pangborn, to
David Peryam, and to Hildegarde Heymann. The writings of Daniel Ennis and colleagues,
and also of Jian Bi, were highly influential in many sections of this book, as seen in the cita-
tions and reference lists. I thank them for bringing the field to a higher level. The Institute
for Perception is thanked for providing the valuable compendium “Short Stories in Sensory
and Consumer Science.”

Specific assistance was received from many sources. George Gescheider was a helpful
correspondent during the writing phase, and his book on psychophysics was a major
resource. I would like to give a special note of appreciation to Dr. Guillermo Hough for
producing his excellent little book on sensory shelf life, and conducting workshops. I was
fortunate to take his workshop on shelf-life methods in Florence in 2009. Much of Chapter
12 is derived from his book and workshop course notes. My former student Michael Nestrud
was instrumental in providing the outline for the section on graph theory. Nort Holschuh of
General Mills suggested the scoring scheme for the same—different test with a sureness rat-
ing scale. Kevin Blot and Rui Xiong from Unilever assisted in analysis of simulation data.
Benoit Rousseau provided valuable discussions concerning Thurstonian analysis. Thierry
Worch and Pieter Punter provided useful literature for the section on ideal profiling.

Humans are natural comparators. We are fundamentally change-detectors. The status quo
is rarely of interest. The smell of the other apes in the cave is not important. The sudden
smell of the saber-toothed cat at the mouth of the cave is. Sensory test methods that take into
account this human ability and use it appropriately are destined to be useful tools.

Harry T. Lawless
Ithaca, New York, 2013
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PORTIA:  That light we see is burning in my hall

How far that little candle throws its beams.

So shines a good deed in a naughty world.
NERISSA:  When the moon shone we did not see the candle.
PORTIA:  So doth the greater glory dim the less.

A substitute shines brightly as a king

Unto the king be by and then his state

Empties itself as doth an inland brook

Into the main of waters.

The Merchant of Venice, Act'V, Scene 1.

1.1 Introduction and Terminology

—_ —
~N W oo K~ =

20
22

Psychophysics is the study of the relationship between energy in the environment and the
response of the senses to that energy. This idea is exactly parallel to the concerns of sensory
evaluation — how we can measure peoples’ responses to foods or other consumer products.
So in many ways, sensory evaluation methods draw heavily from their historical precedents

Quantitative Sensory Analysis: Psychophysics, Models and Intelligent Design, First Edition. Harry T. Lawless.
© 2013 John Wiley & Sons, Ltd. Published 2013 by John Wiley & Sons, Ltd.



2 Quantitative Sensory Analysis

in psychophysics. In this chapter we will begin to look at various psychophysical methods
and theories. The methods have close resemblance to many of the procedures now used in
sensory testing of products.

Psychophysics was a term coined by the scientist and philosopher Gustav Theodor Fechner.
The critical event in the birth of this branch of psychology was the publication by Fechner in
1860 of a little book, Elemente der Psychophysik, that described all the psychophysical methods
that had been used in studying the physiology and limits of sensory function (Stevens, 1971).
Psychophysical methods can be roughly classified into four categories having to do with:

absolute thresholds,

difference thresholds,

scaling sensation above threshold, and
tradeoff relationships.

A variety of methods have been used to assess absolute thresholds. An absolute threshold
is the minimum energy that is detectable by the observer. These methods are a major
focus of this chapter. Difference thresholds are the minimum amount of change in energy
that are necessary for an observer to detect that something has changed. Scaling methods
encompass a variety of techniques used to directly quantify the input—output functions
(of energy into sensations/responses), usually for the dynamic properties of a sensory
system above the absolute threshold. Methods of adjustment give control of the stimulus
to the observer, rather than to the experimenter. They are most often used to measure
tradeoff functions. An example would be the tradeoff between the duration of a brief
flash of light and its photometric intensity (its light energy). The observer adjusts one or
the other of the two variables to produce a constant sensation intensity. Thus, the tradeoff
function tells us about the ability of the eyes to integrate the energy of very brief stimuli
over time. Similar tradeoff functions can be studied for the ability of the auditory system
to integrate the duration and sound pressure of a very brief tone in order to product a
sensation of constant loudness.

Parallels to sensory evaluation are obvious. Flavor chemists measure absolute thresholds
to determine the biological potency of a particular sweetener or the potential impact of an
aromatic flavor compound. Note that the threshold in this application becomes an inverse
measure of the biological activity of the stimulus — the lower the threshold, the more potent
the substance. In everyday sensory evaluation, difference testing is extremely common. Small
changes may be made to a product, for example due to an ingredient reduction, cost savings,
nutritional improvement, a packaging change, and so forth. The producer usually wants to
know whether such a change is detectable or not. Scaling is the application of numbers to
reflect the perceived intensity of a sensation, and is then related to the stimulus or product
causing that sensation. Scaling is an integral part of descriptive analysis methods. Descriptive
analysis scales are based on a psychophysical model and the assumption that panelists can
track changes in the product and respond in a quantitative fashion accordingly.

The differences between psychophysics and sensory evaluation are primarily in the focus.
Psychophysics focuses on the response of the observer to carefully controlled and systematically
varied stimuli. Sensory evaluation also generates responses, but the goal is to learn something
about the product under study. Psychophysical stimuli tend to be simple (lights or tones or salt
solutions) and usually the stimulus is varied in only one physical attribute at a time (such as
molar concentration of salt in a taste perception study). Often, the resulting change is also
unidimensional (such as salty taste). Products, of course, are multidimensional, and changing
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(a) Psychophysical
process

1
Stimulus ————————— Sensation (=response)

(b) Stimulus ————— Sensation ———» Response

Psychophysical Judgment or
process reponse output
process

Figure 1.1 Stimulus response models in psychophysics. A classical model has it that the stimulus causes
a sensation which is directly translated into an accurate response. A more modern model recognizes that
there can be decision processes and human judgment involved in translating the sensation in a response
(a data point) and, thus, there are at least two stages and two processes to study.

one ingredient or aspect is bound to have multiple sensory consequences, some of which are
hard to predict. Thus, the responses of a descriptive analysis panel, for example, often include
multiple attributes. However, the stimulus—response event is necessarily an interaction of a
human’s sensory systems with the physical environment (i.e., the product or stimulus), and so
psychophysics and sensory evaluation are essentially studying the same phenomena.

The reader should be careful not to confuse the stimulus with the sensation or response.
This dichotomy is critical to understanding sensory function: an odor does not cause a smell
sensation, but an odorant does. Thus, an odor is an experience and an odorant is a stimulus.
Human observers or panelists do not measure sugar concentrations. They report their sweet-
ness experiences. We often get into trouble when we confuse the response with the stimulus
or vice versa. For example, people often speak of a sweetener being “200 times as sweet as
sucrose” when this was never actually measured. It is probably impossible for anything to
be 200 times as intense as something else in the sense of taste — the perceptual range is just
not that large. What was actually measured was that, at an iso-sweet level (such as the
threshold), it took a concentration 200 times higher to get the same impact from sucrose
(or 1/200th for the intensive sweetener in question). But this is awkward to convey, so the
industry as adopted the “X times sweeter than ¥’ convention.

The reader should also be careful to distinguish between the subjective experience, or
sensation itself, and the response of the observer or panelist. One does not directly translate
into the other. Often, the response is modified by the observer even though the same sensation
may be generated. An example is how a stimulus is judged in different contexts. So there
really are at least two processes at work here: the psychophysical event that translates energy
into sensation (the subjective and private experience) and then the judgment or decision pro-
cess, which translates that experience into a response. This second process was ignored by
some psychophysical researchers, who assumed that the response was always an accurate
translation of the experience. Figure 1.1 shows the two schema.

The rest of this chapter will look at various classical psychophysical methods, and how
they are used to study absolute and difference thresholds. Some early psychophysical theory,
and its modern variations, will also be discussed. A complete review of classical psychophysics
can be found in Psychophysics, The Fundamentals (Gescheider, 1997).
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1.2 Absolute Sensitivity

1.2.1 The Threshold Concept

In the early 1800s, at about the time when scientists were becoming better able to control
the energy in a stimulus (light, sound, heat), a popular notion took hold that there was an
energy level below which a human sensory system would not be able to detect anything,
and above which a sensation would be noticed. This idea is often attributed to the philoso-
pher Herbart, who wrote in 1824 that mental events had to be stronger than some critical
amount in order to be consciously experienced (Gescheider, 1997). Thus, at any given
moment, for a single observer, a stimulus with energy below the threshold is not detected,
and a stimulus above the threshold is. This is an all-or-nothing concept of threshold, as
shown in Figure 1.2.

As appealing as this concept seemed, it was almost impossible to demonstrate. Attempts
to measure the threshold soon encountered a major problem: the sensitivity of the observer
seemed to change from moment to moment. Although one might still like the idea that at any
moment there was a fixed threshold, and that crossing it caused a sensation, attempts to
bring the concept into the laboratory rendered the idea questionable, and of limited utility.
Let us assume you are doing a study with changing sound pressure levels and that you ask
your observer to respond “yes” when they hear something and “no” when they do not.
We present all the stimulus tones of different levels many times in random order. When we
plot the percentage of “yes” responses against the sound pressure levels, we do not see the
all-or-nothing function of Figure 1.2, but rather a curve resembling an ogive or sigmoid
shape, as shown in Figure 1.3a.

This was the first psychometric function, a term used to describe the probability of
response as a function of the stimulus, such as its energy or sound pressure level. From this
time forward, most people conceived of a threshold in practical terms, as a statistical entity
rather than a fixed point. As a practical matter then, it became useful to call this empirical or
experimental threshold the level at which detection occurs 50% of the time. This fits well
with what we now know about the human nervous system: first, that it has a spontaneous

Threshold

Probability of detection

| | | LV | | |
Energy level (arbitrary units)

Figure 1.2 The all-or-none concept of threshold. Detection never occurs below threshold. Above
threshold, it always reaches consciousness.
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background level of activity (your nerves are not quiet, even in a completely dark soundless
room) and that this activity level appears to vary randomly.

As the normal distribution is well understood, has known properties, and describes a
host of natural phenomena, it is perhaps not surprising that this curve is often used to
describe the common psychometric function. As you might recall from statistics, the
function has a location parameter (the mean t) and a spread parameter (the standard
deviation o or variance 0?). The exact form that generates our familiar bell shaped curve
is given by

2

f(x)= Lt (1.1)

1 2
o(x)= s (1.2)

This is the equation, then, that gives us the relationship for Z-scores, or the conversion of any
observation x into its distance from the mean in standard deviation units as Z = (x— {)/0.
If we integrate this function over a given interval, we can find the cumulative proportion of
the area under the curve from negative infinity to the upper bound of the interval. This gives
us a useful relationship of proportions to Z-scores, as shown in Appendix 1.A. Taking our
data from the hypothetical psychometric function, we can convert the proportions to
Z-scores, as shown in Table 1.1. Plotting Z-scores instead of proportions will give us a linear
relationship, amenable to least-squares fitting or other simple curve-fitting methods. Using
our Z-score conversion, we see the linearization of the data from our curve in Figure 1.3b.
The reader should feel comfortable with the conversion of proportions to Z-scores and vice
versa, as this relationship will form the basis for several psychophysical calculations later in
the book. Appendix 1.A illustrates these relationships.

Because the data are actually describing a probabilistic set of events that are bounded by
zero and one, another attractive option is to use the logit function, which is similar to the

—
L

(b)

—_

-(100%)

Probability of detection
(or percent of “yes” responses)
Z-score

| | | | | | | | | | I | | |
Energy level (arbitrary units) Energy level (arbitrary units)

Figure 1.3 A psychometric function. The probability of response is plotted against the stimulus energy
level, and often forms an S-shaped curve similar to the cumulative normal distribution.
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Table 1.1 Conversion of threshold curve proportions to Zscores

Energy level Proportion detecting Z-score
1 0.01 -2.33

2 0.05 -1.64

3 0.20 -0.84

4 0.50 0.0

5 0.70 +0.84

6 0.95 +1.64

7 0.99 +2.33

cumulative standard normal curve. It is often used to model probabilistic events in medicine
and actuarial science, such as the rate of population growth and life expectancy. It takes the
following form:

e’ 1

e+l l+e

f(x) (1.3)
where x can take on any value from negative to positive infinity and f(x) varies from zero to
one. If we convert our probability of detection f{x) to an odds ratio (p/1—p) and take the
logarithm, the model becomes roughly linear and amenable to least-squares or other simple
fitting methods:

ln( P )=b0+b1x (1.4)
I-p

where b, and b, are slope and intercept parameters. Additional terms (e.g., quadratic) may
be added for greater accuracy. Examples of fitting logistic functions to threshold data can
be found in Appendix 1.B, as well as in Walker et al. (2003) and Lawless (2010). The func-
tion is generally useful for modeling binomial events where there are two outcomes, such
as correct versus incorrect responses in a choice task, or response versus nonresponse in a
detection experiment.

Whichever bell-shaped curve we choose to use, and its cumulative S-form one chooses to
adopt, it is clear that the mean and variance (location and spread parameters) of the distribu-
tions will affect the position of the threshold and the steepness of the S-curve. Figure 1.4
shows how the distributions of variability will affect the resulting psychometric function.
Observers A and B have the same variability, but A has greater sensitivity and thus a lower
threshold. Observers B and C have the same sensitivity, but observer C has less neural noise
or other factors contributing to variance, and the smaller variability leads to a steeper psy-
chometric function.

1.2.2 Threshold Theories

There were several theories that arose to explain this behavioral phenomenon of the
apparent probabilistic nature of the threshold. One hypothesized that the actual momen-
tary threshold of the observer was a fixed quantity, but that this varied according to a
normal distribution. If so, over many trials, the data would look like the cumulative
version of the normal distribution. Classical psychophysics calls this the phi-gamma
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Momentary threshold in energy units
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Probability of detection

Threshold —» A
Energy level of the stimulus

Figure 1.4 Momentary and obtained thresholds from three hypothetical observers. Observer
A has higher sensitivity than B or C because this person responds at a lower energy level. Observer
C has lower inherent variability than Observer B, giving a steeper psychometric function.

hypothesis (Gescheider, 1997). Some workers held that if Fechner’s log function held
true (as discussed below) then the psychometric function obtained would take the form
of the normal ogive when plotted against the log of stimulus intensity (thus the phi—log-
gamma hypothesis). An example is shown in Figure 1.3 and one from actual data for odor
thresholds in Figure 1.8. A second theory held that the observer’s threshold was actually
fixed, but the stimulus itself had some random variation that was normally distributed.
If so, you could obtain the familiar psychometric function as a result of stimulus varia-
tion even from a fixed, static observer. In reality, probably both sources of variability are
in play in most studies. Even the output of carefully controlled and well-engineered
olfactometers can produce a variable stimulus to the nose, as Cain (1977) found when he
actually measured the output of his olfactometer with a gas chromatograph.

1.2.3 Other Types of Thresholds

The absolute or detection threshold was only one type of threshold considered in psycho-
physics. The recognition threshold describes the level of energy needed for the observer
to correctly name or identify the stimulus. For example, in the sense of taste, the detection
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threshold is often lower than the recognition threshold. A common response is “I know
I can taste something, but I can’t name it.” At a slightly higher concentration, say of sodium
chloride, the observer correctly discerns a salty taste. The difference threshold, discussed
at length below, is the level of energy change needed for the observer to perceive that the
stimulus has become stronger or weaker. Because some sensory systems are known to
reach a maximum or to saturate, the terminal threshold is used to describe the energy
level at which subsequent increases in physical intensity fail to create any concomitant
increase in sensation strength. This is rarely studied because it is difficult to present high-
intensity stimuli without invoking a pain response or other changes in the stimulus quality.
Recently, Prescott et al. (2005) have come up with a useful notion of the rejection threshold.
This is the level at which a taste or odor would be found objectionable in a food or beverage
product. They recognized that taints or off-flavors are not always objectionable at low
levels. The rejection threshold is measured by conducting preference tests at increasing
concentrations, comparing a spiked sample containing the off-flavor with a control without
the offending substance.

1.3 Methods for Measuring Absolute Thresholds

1.3.1 The Method of Limits

The most widely used method for measuring thresholds in classical psychophysics was
probably the method of limits. In this method, the stimulus energy is raised or lowered until
the response of the observer changes. In an ascending series, the stimulus energy is increased
until the observer responds that they detect the stimulus (i.e., get a perceived sensation).
Descending trials are alternately conducted and these trials continue until the stimulus is no
longer sensed. Because the individual’s sensitivity is variable from moment to moment,
several ascending and descending series would be presented, as shown in Figure 1.5. After
the response appears to stabilize, the empirical threshold is obtained from an average of the
change points in the last few runs.

Many experimenters realized that the method of limits, although appealing in its systematic
presentations, was not very efficient. A lot of trials could be wasted when the observer sensed
the higher levels of the stimulus and perception was fairly obvious. Why not use the previous
reversal point as a starting level for the next series? This notion led to various adaptive methods
for measuring threshold. They are adaptive in the sense that the next series is adapted to take
into account the information we get from the current series of stimuli. An example of this is
the staircase procedure, so named because when the stimulus sequence is connected by hori-
zontal lines the record resembles a rising and falling series of steps (Cornsweet, 1962; see also
Linschoten et al. (1996) for a modern variant). In its simplest form, the stimulus is raised on
the next trial if no sensation is detected (i.e., the observer responds negatively) and the stimulus
is lowered on the next trial if the observer responds affirmatively, as shown in Figure 1.6.
Many variations on this procedure were developed, such as a random double staircase in which
trials would randomly be drawn from two intertwined staircases, one starting from a high level
of stimulus intensity and the other from a low level. Another popular option was to descend
only after two positive responses, but to ascend after one negative, the so-called up—down
transformed-response rule (UDTR). This method titrated around a 71% detection level. These
methods are discussed at greater length in Lawless and Heymann (2010: chapter 6), and the
reader is referred there for further methodological details.
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Figure 1.5 The method of limits. Stimuli were presented in alternating ascending (A1, A2, etc.)

and descending (D1, D2, efc.) series and the observer responds either “no” if they do not sense
anything (N) or “yes” on each trial. After responses appear to stabilize, the last few points of change
(circled) are averaged to obtain the threshold. In this case, we average the change points 1, 1, 0.5, 1,
and 0.5, giving a mean of 0.8 as the individual's threshold estimate.

Sample staircase record
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Trial

Figure 1.6 An example (hypothetical) of a record from a staircase procedure.

1.3.2 Forced-Choice Method of Limits

Several problems remained with the classical method of limits. One was that the observer
could become adapted or fatigued to the high levels of the stimulus in the descending series.
For example, with a bitter substance, the taste is difficult to remove, and thus lower level
trials became increasingly difficult to discern due to a buildup of residual bitter taste in the
mouth. So, in the chemical senses, the method of limits is often performed with only ascend-
ing trials. The second problem is that the actual response is both a function of the sensitivity
of the observer (what you are really trying to measure) and their criterion for how much of
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a sensation is needed for a positive response. Some observers could be quite conservative
and only respond when they are absolutely sure they heard or saw or tasted something, while
another person might respond if they had even the slightest inkling that something was
sensed. Thus, the individual’s proclivity to respond or not respond with various levels of
evidence is a confounding influence in the threshold we obtain. This issue of separating
response bias or one’s individual criterion from the actual sensitivity is addressed by signal
detection theory, as explained in detail in Chapter 3.

A simple solution to this problem is to force the observer to prove to us that they can detect
the stimulus by correctly choosing it from amongst a group of other stimuli that have only the
background noise. Let us call the stimulus with the higher energy present the target, and the
stimulus at the background level the blank. An example of a blank in the sense of taste would
be a solution of distilled water that contained none of the tastant whose threshold you are trying
to measure. Typically, this is done with two, three, or four total stimuli at each level, although a
variety of numerical combinations of targets and blanks has been used in different sensory stud-
ies (e.g., Lawless et al., 1995). A good example of such a procedure is the ascending forced-
choice method of limits described by ASTM procedure E-679 (ASTM, 2008). In this case,
each observer in a group of from 10 to 25 individuals is given an ascending series with one
target and two blank stimuli at each level, as is asked to choose the target item. The individual
threshold estimate becomes the first correct response in the series, given that all subsequent
responses are also correct (a correct choice followed by an incorrect choice is discounted as
probably a lucky guess). Then the final reversal points are tabulated across the group of indi-
viduals to obtain a group estimate threshold for a particular taste or odor substance (see Stocking
et al. (2001) for an example). Because the stimulus series is often in a geometric progression,
such as concentration steps in factors of two or three, the geometric rather than the arithmetic
mean is often taken. The geometric mean is the Nth root of the product of N items. A convenient
calculation for the geometric mean is to convert the data via logarithmic transformation, take
the mean of the log data, and then the antilog of that mean, as shown in eqns 1.5-1.7.

Mean (1.5)

geometric
where x, x,, and so on are the individual best-estimate thresholds from a panel of n
individuals.

We can also take the arithmetic mean of the logs (let us call it “ML”) and then exponentiate
to get the antilog:

2; log x;

ML = (1.6)
n
Assuming our logarithms were to the base 10:
Mean =10"" 1.7

geometric

As a measure of central tendency, the geometric mean has the property (like the median) that
it is less influenced by high outliers in the data than the arithmetic mean is. Also, because
the data are in a geometric progression due to the doubling or tripling of concentration steps,
they are in equal steps when converted to logarithms. This makes the data handling easy if
you have to calculate geometric means by hand.
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The N-alternative ascending forced choice method is a useful procedure. However, the data
handling outlined above (i.e., by getting individual threshold estimates and then averaging them)
still does not deal with the fact that the participants can guess correctly (and do so one-third of
the time for the ASTM E-679 procedure). A solution to this problem is to use the common
correction for guessing, sometimes called Abbott’s formula, as shown in eqns 1.8 and 1.9:

P P

P = 0bs —_ " chance 18
Po1-r (19

chance

where P, is the true proportion detecting, P is the proportion choosing the target sample cor-

rectly, and P, is the chance level or 1/3 for the ASTM method. This can also be recast as

P

obs

=P

chance

+P,(1-P

e ) = Fo + Pnee (1= Fy) (1.9)
One can think of the P in these equations as the level you need to get to in order to obtain
your threshold after the correction; in other words, the adjusted percentage correct. Note
that this assumes there are only two classes of individuals at any given level, a group that
detects the stimulus and those that do not, some of whom guess correctly. This two-state
model is sometimes attributed to Morrison (1978).

Now all we need to do to obtain the group threshold is to count the proportion correct
at each concentration level and then interpolate, graphically or from a fitted equation.
The interpolation point for any forced-choice method is that which satisfies Abbott’s for-
mula at 50% actual discriminators (see Antinone et al. (1994) for an example). We do not
need to worry about estimating individual thresholds or whether a person made a lucky
guess or not at each trial. Every person’s data contributes equally. To obtain the historical
criterion of 50% detection for threshold, we need to interpolate at 2/3 or 66.6% correct in
the ASTM choose-one-out-of-three type of procedure. This interpolation is shown in
Figure 1.7. A second advantage of this method of data analysis is that we can also estimate
other levels of detection after correction for guessing. For example, we might want to know
the level at which 25% of the population can detect a substance or even 10% (requiring 50%
observed correct and 40% for the ASTM method, respectively). For a food scientist, trying
to track down the source of an off-flavor, finding that your food has an offending chemical
present at the consumer threshold at 50% is not too useful. One might want to limit the
amount to insure that far fewer people can detect it, thus leading to fewer complaints and
less loss of the business franchise due to consumers’ dissatisfaction.

Figure 1.8 shows the method applied to the data of Stocking et al. (2001) on odor thresholds
for methyl tertiary butyl ether (MTBE, a water contaminant). Using a simple linear fit of the
equation shown, we get a threshold value of about 14 ppb (parts per billion). Fitting a logistic
equation (plotting In(p/1 —p) versus log concentration), the interpolated value is about 12 ppb.
These values agree reasonably well with the level estimated by the ASTM procedure of taking
individual best estimates and then finding the geometric mean, yielding a value of 14.3ppb in
the Stocking et al. data. A method for fitting a logistic equation such as eqn 1.4 to the data is
shown in Appendix 1.B. Another alternative for forced-choice data is given in the paper by
Harwood et al. (2012) using a four-parameter logistic equation as follows:

(1.10)

Max — Min
1+ 10k(log(T)—X)

Pobserved =Min + {
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Figure 1.7 Using the 3-AFC method of ASTM E-679, we can interpolate on a plot of proportion correct
versus concentration (or log concentration) to find the chance<orrected threshold level (66.6% correct for
50% detection) and also other levels; for example, for 25% detection (in this case 50% correct) and 10%
detection (40% correct).
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Figure 1.8 An example of interpolation on the percentage correct from a three-alternative forced-choice
test to obtain the chance-corrected 50% discrimination level, in this case using the data of Stocking et al.
(2001). Using the equation shown, we get a threshold of about 14 ppb; and using a logistic regression,
we get about 12 ppb.
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where Min and Max are the minimum and maximum levels of response, k is a slope
parameter, log(7) is the chance corrected threshold level to be found, and X is the log
concentration of the stimulus. The values for Max and Min are generally known from the
data, reducing the solution to a search for values of log(7) and k. Another fitting method
for these kinds of data, using maximum likelihood methods, is found in Peng et al. (2012:
appendix A).

Yet one problem still remains. We have changed the definition of threshold when we get
to a group-averaged or population measure, when we speak of 50% of the group detecting.
Remember that when we began our discussion of classical thresholds we talked about
a single observer detecting 50% of the time. While reanalyzing the data of Stocking et al.
(2001), a statistician from the US Environmental Protection Agency, Andrew E. Schulman,
recognized this embedded issue that was being overlooked in the world of practical
threshold estimation (USEPA, 2001). He stated (USEPA, 2001: 49):

Odor detection thresholds should be defined as the concentrations at which a certain percent
of people can detect the contaminant a certain percent of the time. Both the time and subject
fractions must be specified in order for a threshold to be interpretable.

After extensive statistical modeling of the Stocking et al. (2001) data, he concluded that
the ASTM method of analysis appeared to find the point at which 50% of the group
would detect 50% of the time. Unfortunately, if Schulman’s analysis is correct, the
overall probability of any detection event would thus be 0.25 rather than our classical
definition of 0.50. Subsequent researchers will probably need to sort out this issue in
future methodological studies.

Many modifications of the ascending forced-choice methods can be found in the literature.
One important decision is whether to invoke a stopping rule. A stopping rule allows the
researcher to terminate the ascending series after a sequence of correct answers, typically
three in a row. This prevents the panelist or subject from experiencing very high levels of
the stimulus that could be unpleasant, painful, or cause fatigue or adaptation as the experi-
mental series progresses. The exact choice for the stopping rule, as well as the definition of
threshold, will influence the values obtained (Peng et al., 2012).

1.4 Differential Sensitivity

1.4.1 The Difference Threshold

The second most important psychophysical phenomenon in classical psychophysics was the
different threshold. The difference threshold is the minimum amount of stimulus change (in
energy or physical units) that is necessary for the observer to note that the stimulus has
become stronger or weaker. Other terms for this concept include the difference limen (DL)
and the just-noticeable difference (JND). In some ways the DL was of greater practical
utility than the absolute threshold, because it dealt with sensations across the full stimulus
range that the observer could respond to. The entire dynamic range of stimulus and response
could now be measured and quantified, and not just the very weak sensations around thresh-
old. In comparing stimuli to measure a difference threshold, we shall call the baseline or
starting stimulus the “standard” stimulus and the second stimulus, whose level will be
varied, the “comparison” stimulus.
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Table 1.2 Examples of Weber fractions for different
sensory modalities*

Sensory system or modality Weber fraction
Electric shock 0.013
Saturation, red 0.019
Heaviness 0.020
Finger span 0.022
Length 0.029
Vibration, 60 Hz 0.036
Loudness 0.048
Brightness 0.079
Taste, NaCl 0.083

*From Teghtsoonian (1971).

In the 1830s, the German physiologist E.H. Weber studied the size of the difference thresh-
old, mostly working with lifted weights. He found that, as the stimulus became heavier, it took
a larger increase in weight to be just-noticeably heavier. In other words, heavier weights
became harder to discriminate or to tell apart (Stevens, 1971; Gescheider, 1997). But the truly
valuable insight came when he looked at the size of the difference threshold relative to the
weight of the standard stimulus. The ratio of the stimulus change to the level of the standard
stimulus was virtually constant. If we let AE be the size of the change necessary to produce
a JND and E be the energy (or weight or concentration) of the standard, then the following
relationship held:

AE
?zc and thus AFE = cE (1.11)

In other words, the weights had to change by a constant proportion or percentage ¢ in order
to cross the perceivable boundary. The DL or JND was found to be a constant fraction or
proportion of the starting level. This was the first quantified psychophysical relationship and
has become known as Weber’s law (Stevens, 1971; Gescheider, 1997). The Weber fraction
¢ could be used as a measure of the resolving power of any sensory system or modality.
Researchers could apply the techniques of psychophysics to compare the functioning of
different sensory modalities. It became apparent, for example, that the visual and auditory
senses were able to discriminate much smaller percentage changes in a stimulus energy
level, than touch, taste, or olfaction senses could. Some examples are shown in Table 1.2.
Measuring the DL and determining the Weber fraction for different senses and different
conditions would keep graduate students busy for many decades to come. Fechner was once
touted as having made no less than 24,576 judgments in testing Weber’s law for lifted
weights (James, 1892).

But how general was Weber’s “law”? A common observation was that at very low
stimulus levels, those approaching the absolute threshold, that the Weber fraction increased
(Stevens, 1971). That is, it took a larger percentage change at very low levels to be detect-
ably different than the change that was needed over the middle of the functional stimulus
range. Sometimes this departure (increase) was also noted at high levels of the stimulus as
well. So when AE/E was plotted as a function of E, it did not always form a flat horizontal



Psychophysics I: Introduction and Thresholds 15

./

A E/E

1 1 1 1 1 1 1 1 1 1
Stimulus energy, E

Figure 1.9 The theoretical relationship of Weber's law and the common finding of departures at low
and high levels of energy.

line, but might curve up at the ends as in Figure 1.9. In order to reconcile this discrepancy,
sometimes an additive constant was included in Weber’s law:

=c and thus AE=c(E+k) (1.12)
E+k

This constant k adjusted for the curvature of the Weber fraction plot at the lower end of the
range. The exact meaning of this convenient constant is not clear, but it could represent
some background noise in the sensory system that becomes more important at low levels
around threshold measurement, and less of a factor as the stimulus level becomes stronger
(Gescheider, 1997). Note that the additive constant does not help with the breakdown of
Weber’s law at very high levels. However, working at high stimulus levels is not easy, and
other factors come into play. For example, a very strong stimulus may become painful, and
thus the stimulus is now multidimensional in terms of the sensations it is causing.

Note that the absolute threshold can also be conceived of as a special case of the difference
threshold. When we experimentally determine an absolute threshold, we are usually making a
comparison with some blank, background, or “pure noise” stimulus, such as distilled water in
the case of taste studies. Thus, the detection or absolute threshold is empirically the difference
threshold against this neutral background.

1.4.2 Methods for Measuring Difference Thresholds

The common method for measuring difference thresholds was to present a long sequence of
paired comparisons in which one member of the pair was held constant (the standard stimu-
lus) and the second (the comparison stimulus) was varied, usually both above and below the
standard. This was the “bread and butter” of classical psychophysics when studying Weber
fractions, and was known as the method of constant stimuli. The term is perhaps a bit
unfortunate, because only one item is really constant. The task for the observer is to say
whether the comparison stimulus is heavier (in the case of lifted weights) or lighter than the
standard. Note that you can also conduct this experiment as a blind comparison, and just ask
the observer to choose which item is heavier. A choice is forced, although some variations
of the method allow for an “equal” judgment as well. A random order of comparison stimuli
in the pairings is presented; that is, there is no fixed order, increasing or decreasing, of the
comparison items.
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Figure 1.10 The method of constant stimuli. The standard stimulus is a fixed value and the
comparison stimulus is varied around it. In an experiment on lifted weights, the observer may

be forced to respond either “heavier” or “lighter” when comparing the comparison item with the
standard. A plot of the proportion “heavier” will give an upper and a lower difference threshold,
found by interpolating at the 75% and 25% points, respectively. A sigmoid or ogive curve is a
common observation.

Figure 1.10 shows the critical plot of the data. We consider only one of the responses, in
this case “heavier.” When the comparison is lower in weight than the standard, the percent-
age of “heavier” responses will usually be below 50% and drop off as the comparison weight
decreases. Conversely, the percentage rises above 50% as the comparison is physically
greater in weight. Upper and lower difference thresholds (DLs) can be determined by the
physical change necessary to produce a 75% and 25% response, and taking their difference
from the 50% point. Note that the DL is stated in physical units.

Often, the 50% point does not exactly correspond to the standard stimulus. This was
known as the point of subjective equality (PSE), and the difference from the physical value
of the standard was know as the constant error (CE).

The method of limits could also be adapted to the measurement of difference threshold.
The sequence of pairs would now be increasing or decreasing, rather than random. In mod-
ern times this would be considered less than optimal, because it would very likely induce
some expectations on the part of the observer that things are going to change in a certain
direction. It was also common to allow the observer to respond “equal.” This introduces
a further problem, in that the observer has to decide what level of change is necessary to
leave the comfortable “equal” option. A conservative observer might want to be sure that the
comparison was different, while a more lax observer might be inclined to respond with very
little perceived difference. So there is a criterion problem here again, which will be dealt
with in Chapter 3.

Figure 1.11 shows how the data might look from a hypothetical experiment on lifted
weights. The comparison stimulus is changed to move it toward the standard in ascending
and descending runs. Note that the run continues past the level of the standard. At some



