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Figure 12. Power simulations for all measures, assuming Gaussian distributions, true
sensitivityd 1,k 1,ZROCslope 1.0, and 30 simulated subjects. Within each panel, the
dashed line indicates power .80, and the solid lines reflect values of dg;;r: Symbols denote
dairr 0.1 (plus sign), 0.3 (open circle), 0.5 (asterisk), 0.7 (x), and 0.9 (square).
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Figure 13. Power simulations for all measures, assuming rectangular distributions,
d 0.37,k .85, and 30 simulated subjects. Within each panel, the dashed line indicates
power .80, and the solid lines reflect values of dg;;;: Symbols denote dgiiy 0.1 (plus sign),
0.2 (open circle), and 0.3 (asterisk).
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conditions. When sensitivity and the number of trials are
high, log-linear d” exaggerates the differences between
conditions and provides greater power than do the other
measures; y has the lowest power under those conditions.

Discussion

Unlike our Type I error rate simulations, these power
simulations indicate that all the dependent measures per-
form fairly similarly. Power increases with subjects, trials,
and the magnitude of the sensitivity difference between
conditions; all of these effects are predictable. Power is
also highest when sensitivity is low in the weaker condi-
tions, perhaps because performance in the stronger condi-
tion is less constrained by a ceiling effect. Although the
power simulations suggest that 4” is the best choice of
dependent measure, regardless of the form of the underly-
ing strength distributions, Figures 6 and 9 clearly indicate
that this power does not come without a cost: the Type 1
error rates for A" are unacceptably high.

CONCLUSIONSAND RECOMMENDATIONS:
UNDERSTAND YOUR DATA

It is essential to choose a sensitivity measure that has
properties that match the structure of the data to be ana-
lyzed. Some measures, such as percent correct and the
new yc, assume that the underlying strength distribu-
tions are rectangular in form. In contrast, d” assumes that
the underlying strength distributions are equal-variance
Gaussian. Our power simulations indicate that all of these
measures perform well, given sufficient numbers of sub-
jects and trials. However, the Type I error rate simulations
demonstrate that application of an inappropriate depen-
dent measure dramatically inflates the likelihood that
an erroneous conclusion will be drawn about sensitivity
differences between empirical conditions. To minimize
Type I errors, if the data are truly drawn from rectangular
distributions, percent correct or yc should be used. If the
data are drawn from equal-variance Gaussian distribu-
tions, d” should be used, and the overall sensitivity levels
should be kept at a moderate level to avoid Type I errors
that stem from the correction for Os and 1s. If the data are
drawn from unequal-variance Gaussian distributions, no
single-point measure consistently yields reasonable Type |
error rates. The best one may do in that case is to estimate
sensitivity using d, (Simpson & Fitter, 1973) or A, (Swets
& Pickett, 1982), if the relative magnitudes of the target
(1/s) and lure standard deviations (1) are known or can
be estimated from previous research. These values can be
calculated as follows:

1/2
daZ( 22) (ZH—SZF) (6)
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and

A—Cb[d"j %
z \/E ’

where @ is the cumulative normal distribution function.
A has particularly small standard errors and minimal de-

viation from true values (Macmillan, Rotello, & Miller,
2004; Verde et al., 2006) and is an estimate of the area
under the ROC.

When Distributions Are Known

In some empirical situations, such as some perceptual
categorization tasks, the stimuli are drawn from artificially
created distributions (e.g., Ashby & Gott, 1988; Ratcliff,
Thapar, & McKoon, 2001). In that case, the form of the
underlying strength distributions is obviously known (and
can be manipulated); selection of an appropriate sensitiv-
ity measure is straightforward and follows the rules out-
lined previously.

In other research domains, the form of the underlying
strength distributions may be inferred from previous re-
search in which ROC data were collected. Swets (1986a)
summarized the form of the ROCs observed in a variety
of basic and applied research domains. These ROCs were
all consistent with Gaussian evidence distributions, al-
though they sometimes indicated that the distributions
were of equal variance (pure-tone detection), less often
of unequal variance with a less variable target distribution
(e.g., information retrieval systems, weather forecasting),
and more often of unequal variance with a more variable
target distribution (e.g., recognition judgments, decisions
on radiological images).

As we have noted, no single-point sensitivity measure
performs adequately when the underlying Gaussian distri-
butions have different variances; in that case, some infor-
mation about the ratio of target and lure standard devia-
tions is necessary to accurately evaluate sensitivity. Worse,
apparently small changes in the stimulus characteristics
or task structure can result in changes to the form of the
ROC. For example, shifting the task from detection of pure
tones in noise to detection of signals that are white noise
samples changes the ROC from equal-variance Gaussian
to unequal-variance Gaussian (Green & Swets, 1966). In
the domain of recognition memory, changing the nature of
the lures can shift the form of the ROC from being consis-
tent with Gaussian distributions (when lures are randomly
related to targets) to being consistent with rectangular dis-
tributions (when lures and targets differ in a single detail,
such as their plurality [Rotello, Macmillan, & Van Tassel,
2000] or the side of the screen on which they are presented
[Yonelinas, 1999]). Given that small experimental changes
can affect the form of the ROC and that the form of the
ROC determines which sensitivity measure is most appro-
priate in a particular experimental task, ROCs are nearly
always necessary for accurate interpretation of data.

When Distributions Are Unknown

What if the form of the underlying strength distribu-
tions is completely unknown? In that case, a dependent
measure that makes little to no assumption about the form
of the distributions would be desirable. Two such purport-
edly nonparametric measures have been proposed: y and
A’. However, both measures have been shown to be para-
metric (A”, Macmillan & Creelman, 1996; v, Masson &
Rotello, 2007). Our simulations contribute to the strong
recommendation that these measures be avoided: Regard-
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less of whether the underlying distributions were rectangu-
lar or Gaussian in form, both 4” and y yielded unacceptably
high Type I error rates across a wide variety of parameter
values. Increasing the number of subjects or trials in the
simulated experiment only exaggerates the problem, since
the data converge on the wrong underlying model.

Conclusion

Unless the form of the underlying strength distributions
are known and stable, either because they are constructed
(e.g., Ashby & Gott, 1988) or because of consistent ROC
results in prior research, an appropriate single-point de-
pendent measure cannot be selected in a given experiment.
In the absence of information about the distributions, the
best option is to generate ROC curves. The shapes of
ROC curves provide information about the form of the
underlying distributions; thus, they allow more accurate
calculation of sensitivity independently of bias. Given a
design that supplies a reasonable number of data points
per condition, the cost associated with producing ROCs is
typically modest: They can usually be generated by asking
subjects to make confidence ratings on each test probe,
rather than binary decisions. Making that simple change
will reduce Type I errors in the literature.
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