
Latency and Accuracy of Discriminations of Odor Quality between Binary
Mixtures and their Components

Paul M. Wise and William S. Cain

Chemosensory Perception Laboratory, Department of Surgery (Otolaryngology), University of
California, San Diego, La Jolla, CA 92093-0957, USA

Correspondence to be sent to: Paul M. Wise, Chemosensory Perception Laboratory, Department of Surgery (Otolaryngology), Mail Code
0957, University of California, San Diego, La Jolla, CA 92093-0957, USA. e-mail: pwise@ucsd.edu

Abstract
Subjects made timed, same–different discriminations of odor quality, with the following principal findings: (i) latency reflected
accuracy, with difficult discriminations, i.e. those between 50–50 mixtures and their components, requiring more time than
less difficult discriminations, i.e. those between unmixed chemicals. This finding demonstrated the face validity of latency as a
measure of qualitative similarity. (ii) Latency provided better resolution among pairs of odors than did errors of discrimination.
This finding demonstrated the utility of collecting response times. (iii) Latency-based similarities among odors tested previously
predicted similarities among pairs not yet tested. This finding demonstrated internal/predictive validity. (iv) A signal detection
model assuming a differencing strategy best described the pattern of errors. Subjects appeared to make relative judgements
regarding quality. (v) Finally, latency-based similarities between mixtures and their components demonstrated additivity. This
finding suggested that binary mixtures fall on straight lines connecting their components in ‘odor-space’.

Introduction
Discrimination of odor quality, instantiated in a variety of
paradigms, measures subjects’ ability to resolve differences
in kind among odors. This paper examines the same–dif-
ferent paradigm, where subjects receive some pairs of odors
that differ in quality and some that do not. Since frequency
of discriminative errors will increase as stimuli become more
similar, discriminability constitutes a performance-based
(objective) operational definition of qualitative similarity.

Unfortunately, once odors differ beyond a certain ex-
tent, performance may approach an asymptote. This has
abridged the use of discrimination to studies of fairly
similar-smelling molecules (Laska and Freyer, 1997; Laska
and Teubner, 1999; Laska et al., 1999). A new dependent
variable may allow discrimination to map qualitative differ-
ences over a wider range of molecular parameters. A large
literature suggests that the time needed to compare two
stimuli varies inversely with the distance between them on
the judged dimension, even after stimuli become perfectly
discriminable (Woodworth and Schlosberg, 1954; Welford,
1960; Vickers, 1980; Luce, 1986). Could latency extend the
range of differences discrimination can resolve?

Basic questions regarding latency to discriminate

Latency to discriminate reflects similarity in other sensory
modalities, but it also reflects emphasis on speed versus
accuracy and response-bias, i.e. a bias toward responding

‘different’ (Pike, 1971; Ratcliff and Hacker, 1981; Proctor
and Weeks, 1989; Ratcliff and Rouder, 1998). From the
standpoint of  measurement, these problems can be solved
with a sustained effort. Prior to this effort, several basic
issues require attention.

The work should establish that: (i) difficult judgements, or
discriminations between similar odors, take longer than less
difficult judgements, or discriminations between less similar
odors. One can manipulate quality by, for example, dilut-
ing chemicals with one another. Binary mixtures should
smell more similar to their unmixed components than the
unmixed components smell to each other. Discriminations
between mixtures and components should accordingly
result in more errors and require more time than discrim-
inations between unmixed components. The first of two
studies will examine this issue. (ii) Latency to discriminate
provides better resolution among odor-pairs than errors of
discrimination. The first study will examine this issue. (iii)
Discriminabilities among odors tested previously should
predict discriminabilities among pairs not yet tested. The
second study will examine this issue.

Signal detection models of same–different discriminations

The theory of signal detection (TSD) provides an index of
discriminability (d′) that is not sensitive to bias and allows
metric comparisons between differences in sensation (Swets
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et al., 1961). Signal detection models of the same–different
task assume that a normal, unidimensional distribution can
represent the sensations a stimulus produces over many
trials, and that distributions of sensation associated with the
two stimuli presented during a trial have equal variance.
Both assumptions have proven reasonable (Laming, 1986).
However, signal detection models of the same–different task
also require knowledge of the decision-strategy that subjects
apply (Macmillan and Creelman, 1991).

Subjects might make absolute judgements, e.g. that the
first odorant presented during a trial is more likely ‘apple’
and the second is more likely ‘orange’. Some investigators
have labeled this the independent-observation (Macmillan
and Creelman, 1991) strategy. Alternatively, subjects might
make only relative judgements, e.g. that two stimuli smell
different enough to warrant a response of ‘different’.
Investigators have labeled this the differencing strategy
(Macmillan and Creelman, 1991; Irwin and Francis, 1995).
Which strategy will subjects apply in same–different
discriminations of odor quality? No data exist. Yet, since
the two strategies lead to different levels of performance as
measured by percent correct, computation of d′, which relies
on percent correct, requires information regarding strategy.

ROC (receiver operating characteristic) curves reflect
strategy. They show the proportion of ‘hits’, or nominally
different pairs that subjects call ‘different’, versus the
proportion of ‘false alarms’, or nominally same pairs that
subjects call ‘different’, at each of a number of criteria
(Macmillan and Creelman, 1991). Differencing leads to an
ROC curve asymmetric with respect to the negative diag-
onal of the unit square in which ROC curves are plotted
(Macmillan et al., 1977; Irwin et al., 1993), whereas in-
dependent observations lead to an ROC curve symmetric
with respect to the negative diagonal (Francis and Irwin,
1995, 1997; Irwin and Hautus, 1997). The second study will
determine which model provides the best fit for same–
different ROC curves based on rated confidence.

The perceived quality of binary mixtures

Although this report deals primarily with measurement, it
provides information regarding the qualitative relationship
between 50–50 mixtures and their components. Results
from a variety of methods suggest the perceived qualities of
binary mixtures fall between the qualities of their com-
ponents  on  at least one dimension (Laing and Willcox,
1983; Laing et al., 1984; Lawless, 1989; MacRae et al., 1990,
1992; Olsson, 1994), but they may differ on at least one
other dimension (Olsson, 1994). Do binary mixtures lie
along a straight line connecting their components in
‘odor-space’, or do they lie off that line? The first study will
explore this issue by examining the discriminabilities
between 50–50 mixtures and their components.

Study 1

Methods

Subjects

Six normosmic, non-smoking females (aged 19–31 years)
participated in intensive testing. Two were laboratory assist-
ants and four were paid volunteers.

Apparatus

The main components of the apparatus included: (i) two
Lucite bottle-compressors, each of which held two 270 ml
plastic bottles, to deliver stimuli; (ii) the program PsyScope,
run on a microcomputer, to guide experimenters through the
details of trials and to register subjects’ responses (Cohen et
al., 1993); and (iii) a ‘button box’ (Research Methods,
Pittsburgh, PA) to register responses. Each bottle in a
compressor led to one nostril. The second of the two
compressors, in the order of use in a trial, included a
microswitch that activated a timer in the button box when
the experimenter   pressed a lever   to expel vapor. A
button-press stopped the timer, which measured latency of
response to within 1 ms.

Teflon tubing of 1/16″ inner diameter channeled odor-
puffs from the bottles to the subjects. For each compressor,
one tube connected the left bottle to the left nostril and
another tube connected the right bottle to the right nostril.
The tubes fitted snugly into flip-up spouts of the bottle-
closures. The corresponding tubes from the two compressors
met at Y-connectors, so the left and right channels from
the two compressors shared 6.5 cm of common tubing that
ended in flared plastic nose-pieces. Each channel, including
the shared portion, measured 55.0 cm long, for a total dead
volume of ~1.25 cm3 per channel. To reduce contamination,
all tubing was replaced daily, with the Y-connectors and
nose-pieces replaced weekly.

One compressor delivered 50 ± 0.58 and 48.7 ± 0.58 cm3

(mean ± SD) to the right and left nostrils, respectively. The
other compressor delivered 48.4 ± 0.58 and 49.9 ± 0.84 cm3

to the right and left nostrils, respectively. Average lever-
presses lasted 183 ms, with the slowest and quickest of four
experimenters differing by only 30 ms. The flow rate at
each nose-piece per puff  peaked at 2.35 (0.06) l/min. This
occurred at the moment the experimenter fully depressed
the lever of the compressor. After this, flow decreased at a
decelerating rate, and fell to zero at 1050 (120) ms.

Stimuli

The stimuli included both single chemicals (Sigma, St Louis,
MO; reagent grade, 97–99.5%) and binary mixtures. Single
chemicals, in light mineral oil, included: (i) 1.25% v/v n-amyl
acetate (banana), (ii) 1% v/v trans-anethole (licorice), (iii)
1% v/v benzaldehyde (cherry/bitter almond), (iv) 1% v/v
citral (lemon peel), (v) 1% v/v eugenol (oil of clove) and (vi)
1% v/v methyl salicylate (oil of wintergreen). We shall refer
to these stimuli as AA, An, B, Cit, Eug and MS, respectively.
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A previous study (de Wijk and Cain, 1994) found that these
concentrations produced odors of moderate (environmen-
tally realistic) and approximately equal (differences in
intensity could serve as discriminative cues, and could
therefore become confounded with differences in quality)
perceived intensity. Binary mixtures included all unique
pairwise combinations of the six odorants. Thus, the stimu-
lus set included six single chemicals and 15 mixtures.

For half the subjects in study 1, Interflo pellets (Chromex
Corp., New York, NY) provided the reservoirs of odorant
for low-density polypropylene squeeze-bottles. For the other
subjects in the first study and all subjects in the second study,
3/4″ diameter felt balls provided the reservoirs for
high-density polyethylene squeeze-bottles. Availability of
materials prompted the switch. A bottle used to present
a single chemical contained four Interflo pellets, each of
which held 0.2 ml of the same solution, or two felt balls,
each of which held 0.4 ml of the same solution. A bottle
used to present a mixture contained two pellets of one solu-
tion and two of the other, or one felt ball of one solution
and one of the other. Stimulus sets included multiple
representatives of identical composition to avoid depleting
vapor concentration during a session.

Procedure

Measurement of absolute threshold. To assure that the
stimuli lay well and more or less uniformly above threshold,
the study included measurements of absolute threshold for
the six single odorants. Each subject completed three thresh-
old measurements for each odorant using a two-alternative
forced-choice (2-AFC) procedure. Subjects completed all
18 measurements in random order, with an average of three
measurements plus two 15 min breaks per 2 h session. One
to four days elapsed between sessions.

During a trial, subjects received two bottles, one con-
taining a felt ball with mineral oil and the other containing
a felt ball with a dilution of odorant. Subjects indicated
which bottle smelled stronger. Subjects sampled bottles
by removing the cap, squeezing once and sniffing with the
opening directly under both nostrils. At least 45 s separated
successive trials. A staircase method was used, moving up
one twofold concentration step after an incorrect response
and down one step after two consecutive correct responses.
Staircases began at the middle of  the concentration range
(1.0 × 10–2–7.6 × 10–8% v/v for Eug, 1.0 × 10–2–2.4 × 10–6%
v/v for other odorants) for the first measurement and at the
previously measured threshold thereafter. Each measure-
ment included six reversals. Threshold was the average of
the last five.

Ratings of perceived intensity. In order to ensure that
the stimuli, both single chemicals and mixtures, matched
one another in intensity for the current subjects, the study
included ratings of perceived intensity. Each subject
completed three ratings of each of the 21 single and mixed
stimuli at three concentrations spanning a 25-fold range

(0.25, 1.25 and 6.25% v/v for AA, and 0.20, 1 and 5% v/v for
all other odorants). Presentation was dirhinic, using the
same apparatus used for discrimination.

Each block of trials included one presentation of each
odorant at the three concentrations, for a total of 63 trials.
At the start of a block, the experimenter delivered a single
puff of a standard (1.25% v/v amyl acetate). Subjects
received the standard on demand, or after every fifth trial. A
random number generator determined the order of presen-
tation of the 63 trials, with a 1 min interval between trials.
Subjects rated the intensity of single puffs of each odor,
relative to the standard, by marking a visual analogue scale.
The scale consisted of a 156 mm horizontal line-segment,
with the term ‘no odor’ on the left. A hash mark at 52 mm
indicated the perceived intensity of the standard. A response-
packet included only a single scale per page. A full set of
ratings required ~105 min, with the three sets completed over
a period of 2–3 days.

Discrimination. At the start of a trial the experimenter
instructed the subject to place her nostrils over the nose-
pieces, and to place her dominant hand on the button-box.
The subject  placed the nose-pieces far enough into her
nostrils to ensure that none of the odor-puff escaped. The
subject placed her middle finger between two buttons, with
her index and fourth fingers covering the buttons. Three
subjects responded ‘different’ with their index fingers, while
the other three responded ‘different’ with their fourth
fingers.

The experimenter gave a ‘ready’ signal after the subject
moved into position, then simultaneously depressed the
lever of one compressor and the mouse-button of the com-
puter.  The  subject sniffed  and  sought  to remember the
quality of the odor-puff. The mouse-click began a 6 s inter-
stimulus interval (ISI). Pilot work showed that 6 s provided
reasonable protection against interference, both physical
and through adaptation, between the two odor-puffs. After
the ISI, the experimenter pressed the lever of the second
compressor. No warning preceded the second odor-puff.
Since subjects had completed between 100 and 200 prac-
tice trials before collection of data began, they knew the
time-course of trials. The second lever-press activated the
button-box timer (see Apparatus). The timer stopped when
the subject indicated, by pressing one of two buttons,
whether or not the two odor-puffs differed in quality.

Instructions regarding speed–accuracy trade-off followed:
‘We will time your responses, but please do not sacrifice
accuracy for speed. We do urge you to respond as quickly as
you can after you reach a conclusion, but let me stress again
that we want your best answer, however long it takes.’
Instructions emphasized accuracy since research suggests
that latency varies less with differences in accuracy when
instructions emphasize speed (Ratcliff and Rouder, 1998).
Instructions encouraged subjects to respond quickly after
reaching a decision in the hope of reducing variance due to
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factors such as lapses in attention. Instructions also
encouraged subjects to use caution before responding
‘same’. The results section will explain the reason for this.

At least 1 min separated successive trials. During this
interval, the experimenter provided verbal feedback
(‘correct’ or ‘incorrect’), evacuated the tubes and placed the
bottles for the next trial. Bottles were shaken thoroughly
before placement to facilitate saturation of the head-space.
The computer determined the order of trials by selecting
randomly, without replacement, from a list of all trials in the
block.

Blocks consisted of 57 trials, i.e. 57 odor-pairs, as follows:
(i) 15 trials, all pairwise combinations between the different
single odorants, e.g. AA versus An; (ii) 30 trials, all com-
binations of single odorants with binary mixtures of the
odorant in question, e.g. AA versus AA mixed with An; and
(iii) 12 trials, two trials of each odorant paired with itself,

e.g. AA versus AA. Blocks included two trials of each odor
paired with itself for a reasonable ratio of nominally same to
nominally different pairs. In other words, the methodology
largely matched a roving-stimulus, same–different design as
described by Macmillan and Creelman (1991), except that
subjects received no nominally same pairs of mixtures
(Macmillan and Creelman, 1991). The order in which
subjects received the members of each odor-pair varied
randomly across blocks. Each block required ~70 min to
complete. If  subjects completed more than one block in a
single day, 45 min breaks separated the blocks. Each subject
completed a total of 20 blocks, or 20 judgements for each of
the unmixed and mixed different pairs, and 40 judgements
for each of the same pairs.

General notes on data treatment

This paper will focus on differences in latency rather than

Figure 1 Log ratings of perceived intensity (± 1 SEM) for the 21 odorants, six single and 15 mixtures, at three concentrations (1 = highest, 2 = 5-fold
dilution of 1, 3 = 5-fold dilution of 2). Two odorants separated by a dash denote a binary mixture, e.g. AA-An represents the binary mixture of amyl acetate
and anethole. The middle point of each triad represents the rating for the concentration used for discrimination, and the vertical lines represent the rating
for the standard.
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absolute latency. To demonstrate reliability of differences,
95% confidence intervals appear in most tables. Since
95% confidence intervals assume a normal distribution, and
since distributions of  latency tend to be skewed positively
(Woodworth and Schlosberg, 1954), the geometric mean
serves as the measure of central tendency. This considera-
tion also prompted a log-transformation of distributions of
latency before further analysis (see Figure 3).

By the standards of work in other sensory modalities,
where collection of data proceeds more quickly, subjects
contributed relatively few trials per odor-pair. Under these
conditions, data from individual subjects for individual pairs
achieved limited stability, but subjects could evaluate a
relatively large number of pairs. Since this study sought
primarily to examine some basic issues concerning measure-
ment rather than provide data of archival quality on any
single pair, a large stimulus-sample seemed appropriate.
Given the above considerations, analyses are based on data
averaged across subjects and/or odor-pairs.

Results

Measurement of absolute threshold

Log dilution to threshold from stock solutions used to study
discrimination (mean of subject means ± SEM) follow: 4.16
± 0.15, 4.15 ± 0.21, 3.78 ± 0.22, 3.68 ± 0.16, 5.43 ± 0.17 and
3.97 ± 0.24 for An, B, Cit, Eug and MS, respectively. Thus,
the stimuli lay well and, with the exception of eugenol, more
or less uniformly above threshold.

Ratings of perceived intensity

Each triad of points connected by line-segments in Figure 1
represents average ratings of perceived intensity  for an
odorant at three concentrations. The middle point repres-
ents the rating for the concentration used in discrimination
and the vertical lines represent the rating for the standard.
The concentrations used for discrimination proved well
matched in perceived intensity for the current subjects.

Discrimination

Does latency reflect accuracy? In order for latency to
discriminate to serve as a measure of similarity, different
stimuli must elicit different latencies. Do difficult judge-
ments require more time than less difficult judgements?
Figure 2 shows that latency decreased as accuracy increased.
Proportion correct for the 51 conditions  (45 nominally
different pairs and six nominally same pairs) appear in bins
of  0.1, with average latency plotted in the middle of bins.
Latency decreased monotonically between the intervals
of 50–60% correct and 90–100%. Latencies for correct re-
sponses and for all responses combined decreased by similar
amounts (450 and 420 ms, respectively) over the range of
accuracy.

A measure of the sensitivity of latency to differences in
quality. Latency of responses could potentially give rise to

an interval scale (Stevens, 1950), but differences in latency
could give rise to a ratio scale. One can, for instance, com-
pare nominally different pairs with nominally same pairs.
For this subtraction to yield a scale, same and different pairs
should give rise to different distributions of latency. This
consideration motivated the introduction of a response-
bias in favor of answering ‘different’, since bias can separate
same and different distributions (Ratcliff and Hacker,
1981). The TSD bias statistic Csd [see equation 6.5 from
(Macmillan and Creelman, 1991)] is positive if subjects
display a bias toward responding ‘same’ and negative if sub-
jects display a bias toward ‘different’. On average, subjects
emitted 81% correct responses to different pairs, but only
60% correct responses to same pairs. This yields a Csd of
–1.48, indicating that subjects displayed on average a bias
toward responding ‘different’.

Figure 3 shows that all subjects responded more slowly to
pairs of the same odors than to pairs of unmixed, different
odors. Latency d′s expressed the separation between the
means of the same and different distributions in units of
their standard deviations. In other words, d′ represented the
difference between a ‘comparison’ distribution, where the
odor-pairs matched in quality, and another distribution,
where the odor-pairs differed in quality. For example, the
distribution of responses to AA versus AA and An versus
An served as the comparison for the distribution of re-
sponses to AA versus An.

Latency-based d′s were computed from ROC curves.
These plots show the proportion of latencies to evaluate

Figure 2 Latency as a function of proportion correct with (filled symbols)
and without (open symbols) incorrect responses included. The latencies of
responses were normalized (scaled by constants) so as to match mean
latency for each subject to mean latency across subjects (normalization
served to correct for individual differences in absolute latency that might
otherwise obscure general trends). The data for each subject were then
sorted  by proportion correct, i.e. the 51 odor-pairs were arranged in
ascending order according to accuracy. Average latency within bins of 0.1
was computed for each subject (subject 6 emitted slightly fewer than 50%
correct responses on some same-pairs; in order to obviate the need for an
additional bin, these data were entered into her 0.5–0.6 bin). The resulting
latencies were averaged across subjects and plotted in the middle of each
bin.
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different pairs (y-axis) versus the proportion of latencies to
evaluate same pairs (x-axis) that fall below a number of
equally spaced criterion-latencies. Treating the data from
Figure 3 in this way produced Figure 4. If the same and
different distributions had coincided, the plots would have
fallen along the main diagonals. The degree of curvature
toward the upper-left corner represents the degree of
separation between distributions. The area under an ROC
curve, p(A), equals the proportion correct in a 2-AFC task
by an unbiased observer (Green, 1966; Geschieder, 1997).
We used this finding to ‘convert’ p(A)s to d′s using standard
tables (Macmillan and Creelman, 1991).

Latency for correct responses and errors for same and

different pairs. In general, judgements of ‘same’ required
more time than judgements of ‘different’ for both nominally
same and different pairs (Table 1). Nevertheless, Figure 5
shows that including the incorrect responses had little effect
on the distributions for pairs of the same odor and for pairs
of unmixed, different odors. This also held true for unmixed
chemicals paired with mixtures. Since including errors
apparently had no major effects, and since excluding in-
correct responses to some nominally different pairs would
have left fewer judgements with which to compute ROC
curves, analyses included incorrect responses.

A measure of  sensitivity based on errors of  discrimination.
MacMillan and Creelman provide tables of d′ given hit and

Figure 3 Latency to make same–different judgements (log ms) for all pairs of the same odorants (filled histograms) and for all pairs of different single
odorants (open histograms). The curves represent the corresponding cumulative frequency distributions. Each panel represents responses of a single subject.
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false alarms rate in a same–different paradigm (MacMillan
and Creelman, 1991). For now, analysis will assume that
subjects used a differencing strategy. Data from the second
study will support this choice. An example of how hits
and false alarms were defined follows: the proportion of
‘different’ responses to AA versus An served as the hit rate,
or p(Hit), for that pair, whereas the proportion of ‘different’
responses to AA versus AA and to An versus An served as
the false alarm rate, or p(FA). To calculate d′, Probabilities
of 1.0 were entered as 0.99.

d′s between single odorants versus d′s between single odorants
and mixtures. Single odorant A should differ more in
quality from single odorant B than either differs from the

binary mixture A–B. Subjects should demonstrate higher d′s
(shorter latencies) for discriminations of A versus B than for
discriminations of A versus A–B or B versus A–B. In each
pair of points connected by a line-segment (Figure 6), the
upper point represents a d′ for a discrimination between
two single odorants, and the lower point represents a d′ for a
discrimination between a single odorant and a mixture. For
all but one of the pairs of d′s based on latency, unmixed
versus unmixed yielded a higher d′ than unmixed versus
mixture. The same general pattern held for the d′s based on
errors of discrimination, Pearson’s r (43) = 0.88, P < 0.001.
Both latency and error-based d′s therefore reflect differences
between single odorants and mixtures.

Figure 4 ROC curves based on latencies in Figure 3. The x-axis represents the percent of the distribution for pairs of the same odorants quicker than various
criterion latencies, or p(‘Different’/Same) in the terminology of signal detection theory. The y-axis represents the percent of the distribution for pairs of
different odorants quicker than various criterion latencies, or p(‘Different’/Different). If the distribution of latencies to evaluate same pairs did not differ from
the distribution of latencies to evaluate different pairs, then the curves would have fallen on the main diagonals. The more the two distributions differed, the
more the curves bowed out toward the upper-left corner. Each panel represents responses of a single subject.
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Resolution among unmixed different pairs. Discriminative
performance approaches an asymptote once odors differ
beyond a certain extent, and error-based measures lose the
ability to resolve differences among odor-pairs. Can latency
provide better resolution? The average difference among the
15 d′s between unmixed odor-pairs was computed in two
ways. First, resolution was computed in terms of between-
subjects variance, i.e. d′ for AA versus An minus d′ for AA
versus B divided by the average between-subjects standard
error for the two pairs. Latency-based d′s differed by an
average  of 1.77 ± (SEM) 0.15 standard errors, whereas
error-based d′s differed by an average of  only 1.15 ± 0.09
standard errors. Second, resolution was computed in terms
of  percent differences. Latency-based d′s differed by 29.63
± 2.60% on average. The highest exceeded the lowest by a
factor of 3.32. Error-based d′s differed by 16.43 ± 1.04%

on average. The highest exceeded the lowest by a factor of
1.66. With the same number of responses from the same
number of subjects, the index of similarity based on latency
provided better resolution between pairs of unmixed odors.

Do mixtures fall on a straight line connecting their
components? If the qualities of binary mixtures fall be-
tween those of their components in ‘odor-space’, then the
data should display additivity: adding the discriminability of
A versus the mixture A–B to that of B versus A–B should
return a value equal to A versus B. A value greater than A
versus B means more than one dimension will be required to
locate mixtures with respect to their components.

The bars in Figure 7a represent the average (across
odorants) percent deviation from additivity for latency-
based d′s, computed as follows:

percent deviation =
100[d′components – (d′mix1 + d′ mix2)]/d′components

where d′components represents the d′ for the unmixed com-
ponents versus one another, and d′mix1 and d′mix2 represent
the d′s for a binary mixture versus its first and second
components, respectively. Perfect additivity produces a 0%
deviation. Since the 95% confidence intervals (error bars)
for all subjects bracket zero, additivity held (additivity held
across subjects as well). To the extent that latency to dis-
criminate reflects similarity of quality, this finding suggests
binary mixtures fall on straight lines connecting their com-
ponents.

The bars in Figure 7b represent percent deviation from
additivity for error-based d′s. All subjects demonstrated
negative deviations, and the 95% confidence-intervals for
five out of six subjects failed to bracket zero. The sum of the
discriminabilities of the mixtures versus their components
exceeded the discriminability of the components versus one
another. To the extent that d′s based on errors reflect
similarity of quality, this finding suggests binary mix-
tures may fall between their components on one dimension,
but differ from their components on at least one other
dimension.

Individual differences. The 15 pairwise correlations be-
tween the six subjects, across all 45 latency-based d′s, were
positive, though three failed to reach statistical significance
(P < 0.05, Table 2a). All correlations were positive for d′s
based on errors of discrimination as well (Table 2b), though
four failed to reach significance. Both dependent variables
showed that one subject’s discriminative ‘odor-space’
resembled those of others to some extent. However, since the
responses of one subject predicted just 16% of the variance
in the responses of another on average, substantial indi-
vidual differences in ‘odor-spaces’ may also exist. Table 1
shows that substantial individual differences also exist in
absolute latency and accuracy.

Table 1 Latency (95% confidence interval of the geometric mean in s)
and accuracy of responses

Subject Condition

Samesa Mixed versus
unmixed

Unmixed
versus
unmixed

S1
All 1.18–1.27 1.06–1.12 0.93–1.00
Correct 1.21–1.33 1.02–1.07 0.90–0.97
Incorrect 1.10–1.24 1.23–1.36 1.28–1.56
% correct 62.5 79.7 92.3

S2
All 1.15–1.19 1.11–1.14 1.05–1.09
Correct 1.15–1.20 1.11–1.14 1.04–1.08
Incorrect 1.11–1.19 1.19–1.28 1.00–1.30
% correct 75.4 81.0 96.3

S3
All 1.45–1.63 1.25–1.35 0.92–1.10
Correct 1.52–1.73 1.13–1.23 0.89–0.97
Incorrect 1.27–1.56 1.58–1.79 1.51–2.46
% correct 62.5 73.0 94.3

S4
All 2.07–2.29 1.73–1.85 1.45–1.60
Correct 2.00–2.08 1.61–1.73 1.36–1.50
Incorrect 2.07–2.42 2.14–2.40 2.08–2.65
% correct 57.1 75.0 87.7

S5
All 3.46–3.67 3.30–3.44 3.05–3.24
Correct 3.30–3.55 3.29–3.45 2.98–3.18
Incorrect 3.60–3.95 3.37–3.61 3.35–3.72
% correct 57.5 71.8 84.7

S6
All 2.81–3.00 2.62–2.74 2.38–2.55
Correct 2.82–3.10 2.48–2.63 2.28–2.46
Incorrect 2.74–3.00 2.91–3.11 2.77–3.13
% correct 45.0 70.5 81.3

aTotal number of responses per subject as follows: sames, 240; mixed
versus unmixed, 600; unmixed versus unmixed, 300.
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Study 2
Can measured discriminabilities predict discriminabilities
not yet measured? Multidimensional scaling (MDS) of
latency-based d′s among the six unmixed chemicals from
study 1 led to an ‘odor-space’. Binary mixtures were ‘placed’
in the space through linear interpolation between unmixed
chemicals. The distances between mixtures in the odor-
space served as predicted relative discriminabilities among
binary mixtures.

Since this study included a smaller number of pairs,
subjects emitted more trials per condition. This allowed
the calculation of latency-based d′s both with and without

errors included. Latency d′s might be somewhat higher after
exclusion of the errors, but will the relative values change?
If so, then experimenters should collect enough trials for
analysis without the incorrect responses. If not, then it may
not matter as much how experimenters treat errors, as long
as they treat errors consistently.

To our knowledge, no one has empirically determined
the proper TSD model for same–different discriminations of
odor-quality. This study will fill this gap by plotting full
ROC curves based on errors of discrimination. One can do
this without experimentally manipulating subjects’ criteria
but by collecting ratings of confidence (Macmillan and

Figure 5 Cumulative frequency distributions for all pairs of different and all pairs of the same odorants. Filled symbols (squares for different and circles for
same) represent distributions that include incorrect responses. Open symbols (diamonds for different and triangles for same) represent distributions that
exclude incorrect responses. Each panel represents responses of a single subject.
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Creelman, 1991). Different levels of confidence can
represent different ‘criteria’. A strategy based on inde-
pendent observations leads to ROC curves symmetric with
respect to the negative diagonal, whereas a strategy based on
differencing leads to ROC curves asymmetric with respect
to the negative diagonal (Macmillan and Creelman, 1991;
Irwin and Francis, 1995; Francis and Irwin, 1997).

Methods

Subjects

Four young, non-smoking females (ages 19–31 years)
participated in ~11 h of testing each. Two were laboratory

assistants, two were paid volunteers. All had served in study
1 (subjects 1–4, with the same designations used in both
studies).

Stimuli

The stimuli included three binary mixtures, prepared as in
study 1: amyl acetate mixed with benzaldehyde (AA–B),
anethole mixed with citral (An–Cit), and eugenol mixed
with methyl salicylate (Eug–MS).

Calculation of predicted relative discriminabilities

The 15 pairwise discriminabilities among the six unmixed
odors from study 1, averaged across the four subjects who

Figure 6 Mean values (across subjects, ±1 SEM) of d′s based on latency (filled symbols) and d′s based on errors of discrimination (open symbols). A slash
mark means ‘versus’. Thus, AA/An represents a d′ for amyl acetate versus anethole. A hyphen denotes a binary mixture. Thus, AA-An/AA represents a d′ for
the binary mixture of amyl acetate and anethole versus amyl acetate.
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served in study 2 (because d′s from study 1 were based on
relatively few trials per odor-pair, they did not allow reliable
predictions for individual subjects), were submitted to two-
dimensional Guttman MDS analysis. Solutions accounted
for 99 and 89% of the variance for the latency-based and
error-based d′s, respectively. The three mixtures were
‘placed’ in the spaces by linear interpolation, i.e. mixtures

were located halfway along line-segments connecting their
components.  If the ‘odor-space’ is  valid for the current
sample of subjects, and if binary mixtures of equally intense
odors fall about halfway between their components, the
distances between the mixtures should predict their relative
discriminabilities.

Procedure

The procedure followed that of study 1, except for the
following: (i) subjects received no feedback in study 2. Since
the stimulus set for study 2 included fewer odors (three
instead of 21), feedback might have been more likely to help
subjects focus on non-qualitative cues such as small differ-
ences in intensity. (ii) After responding ‘same’ or ‘different’,
subjects rated confidence in responses by pressing number-
keys on a standard keyboard. Subjects rated confidence on a
scale from one to five: ‘1’ reflected very low confidence, ‘3’
reflected moderate confidence, and ‘5’ reflected very high
confidence.

Blocks consisted of 54 trials: (i) 36 all pairwise combina-
tions of the mixtures, 12 repetitions each, and (ii) 18 mix-
tures paired with themselves, six repetitions each. The order
in which subjects received the members of an odor-pair was
counterbalanced within blocks. A subject completed nine
blocks (one for practice, eight for analysis), for a total of
96 and 48 judgements for each different and same pair,
respectively.

Figure 7 Average (across pairs, ±2 SEM) indices of additivity by subject and averaged across subjects for (A) latency-based d′s and (B) error-based d′s.

Table 2 Correlations (Pearson’s r) between subjects for d′s

S1 S2 S3 S4 S5 S6

Based on latency
S1 1 0.52 0.58 0.43 0.45 0.38
S2 1 0.51 0.34 0.24 0.31
S3 1 0.55 0.58 0.31
S4 1 0.61 0.18
S5 1 0.14
S6 1

Based on errors
S1 1 0.42 0.50 0.37 0.36 0.34
S2 1 0.32 0.11 0.37 0.03
S3 1 0.62 0.49 0.48
S4 1 0.55 0.27
S5 1 0.12
S6 1

Values in bold fail to reach significance (i.e. P > 0.05).
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Results

Observed versus predicted discriminabilities

Figure  8a illustrates  predicted relative discriminabilities
versus observed discriminabilities based on latency. Ob-
served values agreed quite well with relative predicted
values. The d′s computed with the errors excluded showed
the same pattern, but nominally exceeded the d′s computed
with the errors included. However, the difference was not
statistically reliable. Figure 8b illustrates predicted relative
discriminabilities versus observed  error-based  discrimin-
abilities. Observed values did not agree well with predicted
values.

Fits of independent-observations and differencing models to
ROC curves

The five-point ratings of confidence for sames and differents
combined to give a 10-point scale, with 1 = very high
confidence ‘same’ and 10 = very high ‘different’. A program
plotted the cumulative proportion of nominally same pairs
versus cumulative proportion of nominally different pairs
at each confidence-level. Twelve ROC curves, one for each
odor-pair for each subject, were plotted. A curve repres-
ented 96 trials of given different pair and 48 trials of each
associated same pair, or a total of 188 trials.

In normal deviate coordinates, same–different ROC

curves plot as roughly straight lines (Figure 9). An asym-
metric ROC curve has a slope of <1, whereas a symmetric
ROC curve has a slope of ~1 (Macmillan and Creelman,
1991). Table 3 provides a summary of linear fits for all pairs
and all subjects. The average slope equaled 0.63, with a 95%
confidence interval from 0.50 to 0.75, clearly less than 1.

Linear fits described the ROC curves well, but they
minimize deviations along the y-axis only. Since both hit-
and false-alarm rates qualify as dependent variables, the
curves were also fit through maximum likelihood estimation
(MLE). Software developed by John Irwin and co-authors
was used to fit both differencing and independent-observa-
tions models. Since the software does not accommodate
10 intervals of confidence, the data was binned into five
intervals such that ratings of 1 and 2 comprised the first
interval, ratings of 3 and 4 comprised the second interval,
and so on.

Results of fits appear in Table 4. The chi-squared values
indicate the quality of the fits: the lower the value, the
better the fit. In all but one case, the differencing model
gave a lower chi-squared than the independent-observations
model. No curve showed a statistically significant deviation
from the differencing model, and the summed chi-square

Figure 8 (A) Predicted relative discriminabilities (black bars) and observed
latency-based d′s (gray bars with incorrect responses included, white bars
with incorrect responses excluded) among three binary mixtures (mean
across subjects, ±1 SEM). Predicted values were scaled such that their mean
equaled the mean of the observed d′s with the errors included. (B) Predicted
relative discriminabilities (black bars) and observed error-based d′s (gray
bars) among three binary mixtures (mean across subjects, ±1 SEM).
Predicted values were both scaled such that their mean equaled the mean of
the observed error-based d′s.

Figure 9 ROC curves for the single odor-pair AA–B versus Eug–MS (shown
for illustration), based on ratings of confidence, in normal deviate
coordinates. The x-axis depicts z(FA) and the y-axis depicts z(Hit) at each
level of confidence (see text for more details). Hit/false-alarm pairs that
include probabilities of 0.0 or 1.0 do not appear in the graphs, since normal
deviate values of 0 and 1 are undefined. The graphs contain <10 points for
this reason. Note that the curves are approximately linear in these
coordinates with slopes of <1. Each panel represents data for a single
subject.
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did not approach significance. Significant deviations from
the independent-observations model occurred for seven out
of 12 ROC curves, and the summed chi-square reached
significance at P < 0.001. This result, like the slopes of the
curves in normal deviate coordinates, shows that the ROC
curves are not symmetric. A differencing model fit best.

The MLE software also calculated estimates of standard
errors of d′s for individual subjects and odor-pairs (Table 4).
Standard errors of d′ were on average (across subjects and

odor-pairs) only 7.60% of the values of d′. Thus, 188 trials
afforded considerable precision in the estimates of similarity
between odorants.

Discussion
Do discriminations between similar odor-pairs require more
time than discriminations between less similar odor-pairs?

Study 1 showed that latency decreased monotonically
with accuracy (Figure 2). The relationship between accuracy
and latency became manifest again in the strong correlation
between d′s based on accuracy and those based on latency.
Most importantly, a manipulation of quality led to clear
changes both in accuracy and latency: subjects required
more time and made more errors (demonstrated lower
latency- and error-based d′s) in discriminations between
binary mixtures and their unmixed components than in
discriminations between unmixed components (Figure 6).
The results suggest  that discriminability  plays a  role in
determining response times in olfactory discriminations, as
it does in the auditory and visual modalities (Woodworth
and Schlosberg, 1954; Welford, 1960; Vickers, 1980; Luce,
1986; Sinnott, 1989; Sinnott et al., 1997). In short, since
latency conveys information regarding discriminability, it
meets an essential requirement for a potential measure of
differences in odor quality.

The relative values of error- and latency-based d′s showed
reasonable agreement, but the absolute values of error-
based d′s were higher. Error-based d′s estimate differences
between theoretical distributions of sensation, whereas
latency-based d′s represent differences between empirical

Table 3 Slope of linear fits of ROC curves in normal deviate coordinates

Subject Pair Slope r2

1 1a 0.65 0.97
2 0.57 1.00
3 0.70 1.00

2 1 0.22 0.78
2 0.31 0.77
3 0.53 0.99

3 1 0.52 0.92
2 0.66 0.93
3 0.85 0.84

4 1 0.97 0.98
2 0.84 0.98
3 0.72 0.99

Average 0.63 0.93

a1 = An–Cit/Eug–MS, 2 = AA–B/Eug–MS, 3 = An–Cit/Eug–MS.

Table 4 Summary MLE fits to confidence ROCs

Subject Pair p(A) Differencing strategy Independent-observations strategy

d′ SE chi-sq. df P d′ SE chi-sq. df P

1 1a 0.72 1.95 0.14 6.62 3.00 0.09 1.52 0.17 13.43 3.00 0.00
2 0.90 3.28 0.13 3.13 3.00 0.37 2.54 0.16 13.07 3.00 0.00
3 0.81 2.54 0.13 1.29 3.00 0.73 2.00 0.15 6.96 3.00 0.07

2 1 0.99 5.10 0.14 6.22 3.00 0.10 3.89 0.19 10.13 3.00 0.02
2 0.97 4.31 0.14 4.37 3.00 0.22 3.31 0.17 7.60 3.00 0.06
3 0.86 2.85 0.13 5.27 3.00 0.15 2.27 0.16 9.17 3.00 0.03

3 1 0.83 2.63 0.13 3.00 3.00 0.39 2.05 0.15 13.50 3.00 0.00
2 0.95 4.02 0.19 2.69 3.00 0.44 2.98 0.16 11.18 3.00 0.02
3 0.90 3.25 0.14 5.06 3.00 0.17 2.53 0.16 9.74 3.00 0.02

4 1 0.53 0.58 0.23 1.25 3.00 0.74 0.53 0.30 1.02 3.00 0.80
2 0.80 2.47 0.14 1.30 3.00 0.73 1.91 0.15 7.08 3.00 0.07
3 0.84 2.69 0.14 1.12 3.00 0.77 2.09 0.15 6.08 3.00 0.11

Sum 41.32 36 >0.25 108.96 36 <<0.01

a1 = An–Cit/Eug–MS, 2 = AA–B/Eug–MS, 3 = An–Cit/Eug–MS.
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distributions of latency. Thus, absolute values would not
agree, except by chance.

A measure of similarity based on latency

Various investigators have constructed operator character-
istic curves based on latency (Bindura et al., 1965; Carterette
et al., 1965; Norman and Wickelgren, 1969; Emmerich et
al., 1972; Luce, 1986). For example, Katz assigned the
fastest ‘same’ and ‘different’ responses scores on opposite
ends of a scale, and plotted operating characteristics ac-
cording to a method analogous to that used in the current
study to plot confidence ROCs (Katz, 1970). Such measures
cannot resolve differences beyond the point of asymptotic
performance.

The current study employed a measure based on the
difference between the distributions of latency to evaluate
nominally same and nominally different pairs, i.e. classified
responses according to the physical stimulus alone. This
measure can potentially reflect differences in quality beyond
the level of asymptotic discriminability and can potentially
provide ratio-level measurement. However, the approach
will work only if nominally same and different pairs give rise
to different distributions of latency.

The role of bias

The majority of past studies of same–different discrimina-
tions, mostly between strings of letters or digits, have found
that same pairs typically take less time to evaluate than
different pairs (Luce, 1986). Some have proposed that a
separate mechanism, a fast ‘identity matcher’, processes
same pairs (Bamber, 1969; Taylor, 1976), or that subjects
encode same pairs differently (Proctor, 1981). However,
Ratcliff and Hacker have shown that subjects told to
respond ‘same’ only when very certain emitted ‘same’
responses more slowly than most ‘different’ responses,
whereas subjects told to respond ‘different’ only when
certain emitted ‘different’ responses more slowly (Ratcliff
and Hacker, 1981).

Various authors have proposed that response time in a
detection or discrimination task decreases with increasing
distance between sensation and criterion along the decision
axis (Bindura et al., 1965; Norman and Wickelgren, 1969;
Emmerich et al., 1972; Espinoza-Varas and Watson, 1994),
although subjects probably do not compute this distance
consciously. In the current study, a bias in favor of
responding ‘different’ was introduced through instruction
and a higher a priori probability of the occurrence of
nominally different pairs. Under these conditions, subjects’
same–different criteria should lie closer to the distribution
of differences in sensation due to nominally same pairs. In
the context of the hypothesis described above, it makes sense
that subjects took longer to evaluate same pairs.

The preceding discussion suggests that investigators
can use bias to separate distributions of latency in
same–different discriminations of  odor quality. Systematic

manipulations of bias (Ratcliff and Hacker, 1981) could
prove this conclusively. If so, one could always calculate
latency-based d′s as defined here, but the exact values
would depend on the degree of bias. From the standpoint of
measurement, bias poses no problems (and, as the preceding
discussion suggests, could prove useful) as long as the degree
of bias is known and remains constant. One could adjust
subjects’ criteria to a desired (constant) value via instruction
and feedback. Specifically, one could coach subjects to a
desired ratio of false ‘sames’ to false ‘differents’.

Speed–accuracy trade-off

Latency does not change as much with accuracy when
instructions emphasize speed (Ratcliff and Rouder, 1998).
Since the slope of the latency versus accuracy function can
change with emphasis on speed versus accuracy, latency-
based d′s could also change. Some data from the current
study may illustrate this point. Subjects 1, 2 and 3 took
longer to evaluate same pairs in the second study, but
achieved greater accuracy (compare Tables 1 and 5). Since
they also demonstrated high accuracy in evaluating different
pairs, particularly subjects 2 and 3, they probably did not
achieve greater accuracy with the sames at the expense of
the differents, but achieved greater accuracy by taking more
time.

In both studies, subjects were asked not to sacrifice
accuracy for speed. Nevertheless, some subjects may have
rushed a bit in study 1. Subjects were told to respond quickly
after they had reached a decision in order to avoid outlying
responses due to lapses in attention. However, it seems that
mention of response times may have influenced subjects. In
the future, perhaps instructions should encourage subjects
to give their best answer (given their current degree of bias
toward responding ‘different’) without mention of response
time.

From the standpoint of measurement, olfactory scientists
can deal with bias and speed–accuracy trade-off. In prin-
ciple, investigators can emphasize only accuracy and set bias
to a fairly constant value through instructions and feedback.
The process will probably take some effort, but a rich
literature on response times in other modalities can serve as
a guide (Luce, 1986; Smith and Vickers, 1988; Ratcliff and
Rouder, 1998).

Resolution among pairs of unmixed odorants by latency-
and error-based d′s

The first study showed that, with the same number of sub-
jects and judgements, d′s based on latency provided better
resolution among pairs of unmixed odors than d′s based on
accuracy. Latency-based d′s provided superior resolution
both in terms of between-subject variability and percent
difference.

Although latency-based d′s provided better resolution of
differences between odor-pairs, error-based d′s sometimes
provided better resolution of differences between individual
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odors. In study 1, some latency-based d′s between a mixture
and an unmixed odorant did not differ from zero, whereas
the corresponding error-based d′s did differ from zero.
Latency-based d′s might serve best in the resolution  of
larger differences in quality, i.e. might extend the range of
qualitative differences discrimination can resolve.

Do the qualities of binary mixtures fall between those of
their components?

To a first approximation, additivity of discriminability held
for latency-based d′s. One dimension could describe the
relationship between   mixtures and their   components.
Additivity did  not hold  for d′s based on errors of dis-
crimination, as the sum of d′s between mixtures and their
components exceeded d′s between unmixed components.
One dimension failed to describe the relationship between
mixtures and their components. Why do the two dependent
variables provide different pictures?

Perhaps performance approached an asymptotic level in
discriminations between unmixed chemicals, and the corres-
ponding error-based d′s underestimated the differences
among the odors of the unmixed stimuli. In other words,
error-based d′s may have accurately represented the relative
differences between mixtures and their components, but
underestimated differences between unmixed components.
If this explanation is correct, d′s based on latency may have
displayed additivity due to superior resolution.

The unmixed odors in this study differed a great deal, but
may not have produced asymptotic performance. More
research would be needed to determine whether the above
explanation is correct. Discriminations between unmixed
odors and proportional mixtures, constructed by gradually
diluting one odorant with another while keeping total
perceived intensity constant (e.g. A versus a 90–10 mixture
of A and B, A versus a 80–20 mixture of A and B, and so on)
could shed light on this issue. Discriminability increases
monotonically as one dilutes a chemical with another, at
least over some range (Olsson and Cain, 2000). If perform-
ance approaches an asymptote earlier in the series than
A versus unmixed B, then the difference between A and
B probably falls beyond the asymptotic level. One could
determine the limits of the resolution of latency and errors
by comparing latency- and error-based d′s for a number of
proportional series. If limited resolution does produce a
failure of additivity, the index of additivity should equal 0
for all confusable pairs, and become increasingly negative
for pairs beyond asymptotic discriminability.

Research on proportional mixtures might eventually lead
to a quantitative model of the qualitative relationship
between binary mixtures and their components (Olsson,
1994). The current study examined only 50–50 mixtures. A
complete model would require measurements of a range of
proportions (Olsson and Cain, 2000). Once olfactory science
develops a model of binary mixtures, discrimination might

Table 5 Latency (95% confidence interval of the geometric mean in s) and accuracy of responses in study 2

Subject Condition

Samesa AA–B/Eug–MS AA–B/An–Cit An–Cit/Eug–MS

S1
All 1.82–1.96 1.44–1.60 1.73–1.91 1.77–1.94
Correct 1.83–1.98 1.38–1.53 1.62–1.80 1.64–1.88
Incorrect 1.69–2.00 1.83–2.26 2.00–2.33 1.96–2.08
% correct 75.0 87.5 72.9 62.5

S2
All 1.32–1.38 1.17–1.25 1.27–1.35 1.17–1.23
Correct 1.31–1.37 1.17–1.25 1.24–1.33 1.17–1.23
Incorrect 1.34–1.55 1.21–1.41 1.31–1.46 1.24b

% correct 86.7 95.8 96.3 99.0
S3

All 1.75–1.96 1.03–1.17 1.17–1.36 1.33–1.59
Correct 1.78–2.00 1.01–1.12 1.10–1.26 1.20–1.44
Incorrect 1.56–2.22 1.61–3.25 1.97–2.88 2.05–2.30
% correct 73.4 95.8 90.6 80.2

S4
All 1.48–1.68 1.06–1.26 1.05–1.22 1.44–1.70
Correct 1.39–1.68 1.02–1.18 0.99–1.15 1.41–1.79
Incorrect 1.49–1.76 1.14–2.25 1.33–2.10 1.42–1.65
% correct 47.9 90.6 87.5 58.5

aTotal number of responses per subject as follows: sames, 144; differents, 96.
bSingle response.
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help to model more complex mixtures, like those we ex-
perience in everyday life.

Observed versus predicted relative discriminabilities: a
demonstration of internal consistency

Latency-based d′s among unmixed chemicals predicted the
relative values of latency-based d′s among mixtures very
well. Error-based d′s among unmixed chemicals did not
predict the relative values of error-based d′s among mix-
tures. To some extent, the d′s based on errors may simply
have had more noise. Further, as discussed previously,
performance may have approached an asymptotic level for
some pairs. d′s may have underestimated the differences
between some chemicals, which could have led to a some-
what distorted ‘odor-space’ that produced poor predictions.

Predictive failure of error-based d′s does not detract from
the success of the latency-based d′s. Their predictive ability
is impressive for several reasons. First, predicted values were
based on relatively few judgements (20 per subject for each
nominally different pair). With more precision, prediction
would surely improve. Second, the assumption that mixtures
fall exactly halfway between their components was perhaps
somewhat strong. Third, as a previous discussion suggests,
subjects could have effected changes from study 1 to study
2 in criterion or emphasis on accuracy versus speed. Given
these considerations, the ability of latency-based d′s to
predict the relative discriminabilities of previously untested
odor-pairs constitutes a strong demonstration of predictive
validity.

As long as relative discriminabilities prove trustworthy,
changes in absolute values pose few problems. If one
wished to combine two data-sets, one could include some
‘calibration-pairs’ that both data-sets shared. The ratio of
corresponding d′s from the two sets could serve to scale
the  values  in one  set. Differences in absolute values of
latency-based d′s that might arise from slight differences
in technique, criterion, speed–accuracy trade-off or other
factors need not prevent accumulation of archival data if we
can trust the relative values. So far, nothing suggests that we
cannot.

Latency-based d′s with and without errors of
discrimination included

Since the second study included fewer odor-pairs, subjects
could emit more responses per pair. This allowed the con-
struction  of ROC  curves both with and without errors
included. Figure 8a shows that excluding errors resulted in
nominally higher d′s. This makes sense, as subjects emitted
incorrect ‘different’ responses more quickly than correct
‘same’ responses, and emitted incorrect ‘same’ responses
more slowly than correct ‘different’ responses (Table 1).
Excluding errors should separate the distributions and
reduce their variance. However, the difference between the
methods of analysis did not prove statistically reliable. Fur-
ther, the two methods of analysis produced comparable

relative values, i.e. the ratios of the d′s for the three odor-
pairs stayed about the same whether or not one included
errors. In short, it may not matter very much how an
experimenter treats errors, as long as the method of analysis
is consistent.

Models of same–different discriminations

Study  2  demonstrated that a  differencing model  fit the
data better than an independent-observations model. In this
study, subjects seemed to make relative rather than absolute
judgements. In other words, subjects seemed to base their
decisions regarding odor quality on ‘simple’ differences, as
they do in discriminations of perceived orientation (Vogels
and Orban, 1986), taste intensity (Irwin et al., 1993) and
loudness (Hautus et al., 1994). This information matters a
great deal for proper measurement, as incorrect application
of an independent-observations model would have under-
estimated differences among pairs (Table 4).

Can subjects make absolute judgements regarding odor
quality in other situations? Studies of odor identification
suggest they can, since they can often name the exact sub-
stance that emitted an odor (Cain, 1979, 1982; Cain et al.,
1998). Further, that subjects can often find many olfactory
‘notes’ within an odor (Dravnieks, 1985) suggests that odor
quality could in principle qualify as a multi-attribute sensa-
tion (although people may not naturally function in such an
analytic mode). Complex, multidimensional stimuli can
allow  subjects  to  make absolute judgements (Irwin and
Francis, 1995; Francis and Irwin, 1997).

One reason for subjects’ failure to apply an independent-
observations strategy may have lain in the roving-stimulus
design of the current studies, i.e. a design where a number of
odor-pairs are interleaved within a session (Macmillan and
Creelman, 1991; Irwin and Francis, 1995). In this situation,
the information needed to make absolute judgements may
not be available (Macmillan and  Creelman, 1991).  The
current studies did not employ a true roving design as
described by Macmillan and Creelman since the pairs
interleaved within a session did not differ by a constant
amount along a given continuum. Nevertheless, future
studies could determine if subjects can make absolute judge-
ments in discriminations of odor quality in a fixed-stimulus
design, i.e. a design where subjects evaluate a single pair of
odors within a session.

Future studies could also determine if models assuming
other decision-strategies could achieve even better fits.
Recently, Dai and colleagues have shown that the independ-
ent-observations and differencing strategies assumed in
the models used here may represent end-points along a
continuum of strategies (Dai et al., 1996). If so, then an
examination of other, possibly intermediate, strategies could
prove fruitful.

Individual differences in relative values

The correlations between subjects in Table 2 suggest that the
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discriminative odor-spaces of individuals resemble one
another somewhat, but the weakness of the correlations
suggests large individual differences may also occur. Given
the small number of responses per pair, noise almost
certainly contributed to the weakness of the correlations.
However, data from study 2, which display more precision,
also demonstrate individual differences (Table 4). Past
studies of discrimination of odor quality have also found
such differences (Jones and Elliot, 1975; Hummel et al.,
1992; Laska and Teubner, 1999).

Individual differences provide both a challenge and an
opportunity. One must study a number of subjects to obtain
a general picture of the similarity of two odors. However,
since some variance could reflect basic differences in
olfactory function (Comfort et al., 1973; Wysocki and
Beauchamp, 1984), careful studies of individual differences
in discriminative ‘odor-spaces’ might help scientists under-
stand the coding of quality.

Individual differences in absolute values

Substantial individual differences in overall accuracy and
latency also occurred. Differences in speed–accuracy
trade-off could play a role here. However, since the slowest
subjects did not attain the best performance, nor did the
fastest subjects attain the worst (Table 1), it seems individual
differences in discriminative capacity may also have played
a role. Both factors could influence absolute values of
error-based d′s. Both factors might also influence absolute
values of latency-based d′s, though the influence of speed–
accuracy trade-off would be less direct. Since latency-based
d′s represent the difference between two distributions, their
values need not differ with overall latency. However, as
discussed earlier, speed–accuracy trade-off can influence the
slope of the latency versus accuracy function. Differences in
bias could also play a role. Bias does not effect error-based
d′s, but, as discussed earlier, individual differences in degree
of bias could cause differences in latency-based d′s.

As mentioned earlier, instruction and feedback might
reduce differences due to speed–accuracy trade-off or bias.
Differences in capacity would remain. Such differences can
reflect basic differences in olfactory function (Eskenazi et
al., 1986; Martinez et al., 1993), and might deserve further
study for this reason. From the standpoint of measurement,
however, one must use caution in deriving d′s from pooled
data when subjects differ in sensitivity or degree of bias
(Macmillan and Creelman, 1991). If such differences occur,
one can estimate sensitivity for individuals and average the
estimates, as was done in the current study, rather than
estimate sensitivity from pooled data.

Intended uses

Although discriminative techniques could prove useful in
various settings, they might serve best in quantitative
structure–activity work. Here, the goal is to quantify dif-
ferences in quality associated with various differences in

molecular properties as objectively as possible. We argue
elsewhere that discrimination should serve better in this
role than any other technique now used (Wise et al., 2000).
However, since discrimination specifies the magnitude but
not the nature of differences, it could also prove useful
to characterize odors via subjective techniques like odor-
profiling (Dravnieks, 1985), especially in applied settings.
In fact, for some applied work, profiling might provide the
information investigators need with less effort.

Conclusions
These studies sought answers to three basic questions
regarding response times in olfactory same–different
discriminations: (i) does latency reflect accuracy? The data
show that latency does reflect accuracy. This demonstrates
that latency conveys information regarding qualitative sim-
ilarity of odors (establishes face validity). (ii) Do measures
of similarity based on latency provide better resolution than
measures based on errors of discrimination? The data show
that d′s based on latency do provide better resolution among
pairs of odors than d′s based on errors. (iii) Do measures of
similarity among pairs tested previously predict similarities
among pairs not yet tested? The data show that d′s based on
latency among pairs tested previously do predict d′s among
pairs not yet tested. Future studies could examine the effects
of criterion and speed–accuracy trade- off. For now, though,
the results demonstrate that latency to discriminate shows
promise as an objective measure of qualitative similarity.

These studies also sought to determine which model best
describes the pattern of  errors in olfactory same–different
discriminations. A model assuming a differencing strategy
fit best. In other words, subjects seemed to make relative
rather than absolute judgements regarding quality. Future
research could determine if subjects use other strategies in
different situations. For now, though, the results demon-
strate the importance of collecting full ROC curves in order
to achieve the best estimate of differences in quality.

Finally, the study sought to examine the qualitative
relationship between binary mixtures and their compon-
ents with an objective measure. The data suggest that the
qualities of 50–50 mixtures lie on a straight line connecting
the qualities of their components in ‘odor-space’. Future
studies could continue to use discriminative measures to
examine the qualitative relationships between series of
proportional mixtures and their components, e.g. to see if
additivity holds for mixture ratios other than 50–50. Such
studies could provide insights into the coding of mixtures.
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