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The ROC & the Z-ROC
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Fig. 2. The effects of aggregation on zROC curves. The straight line labeled
“True” corresponds to a signal detection model with d

0 = 2 and � = 1. The
curve labeled “Case I” results from aggregating over items with different d

0

values. The curve labeled “Case II” results from aggregating over items with
different criteria.

has been replicated many times. Glanzer, Kim, Hilford, and
Adams (1999), for example, reported greater variance for
studied items in 40 out of 41 experiments they reviewed.
This result is concordant with theories that predict � > 1
(e.g., MINERVA2, Hintzman, 1986) and is discordant with
those that predict � = 1 (e.g., TODAM, Murdock, 1982).

3. The slopes and intercepts of empirical zROC curves are
often negatively correlated (Glanzer et al., 1999; Heathcote,
2003; cf. Ratcliff et al., 1994). Specific relations among the
slope and intercept serve as evidence for and against various
formal models (Heathcote, 2003; Ratcliff et al., 1992).

In the next section, we show how these benchmark findings
using zROCs could simply be the result of aggregation. If the
benchmark findings are artifactual, then theories have been
built, supported, and rejected on the basis of aggregation
artifacts.

3. The effects of aggregation

In this section, we document how aggregation distorts zROC
plots and the resulting estimates of signal detection parameters.
Before doing so, we draw a sharp distinction between variation
in psychological process from variation at other levels, such as
that from sampling items or participants. The distinction is best
illustrated by a thought experiment. Imagine it were possible
to produce independent and identically distributed replicates
of item-by-participant combinations in a recognition memory
paradigm. Clearly this thought experiment is impossible in
reality; replicates would be contaminated by learning and
priming effects, which would violate the independent-and-
identically-distributed assumption. Nonetheless, if it were
possible, we would observe variability across the replicates.
This variability would not reflect variability in sampling items
and participants, but would only reflect variability in the
mnemonic processes.

Many researchers assume, at least implicitly, that the results
of recognition memory experiments reflect the underlying
variability solely in mnemonic processes. Though these
researchers do not explicitly deny item variability, there is the
tacit belief that this unmodeled variability does not affect ROC
and zROC curves if enough data are collected and items are
counterbalanced. In this view, aggregation is not problematic
because in the limit, a true assessment of the mnemonic
processes may be obtained. Indeed, when researchers use the
benchmark findings of � > 1 to revise mnemonic theories
(e.g. Murdock, 1993), they are implicitly assuming this finding
reflects mnemonic variation and not item variation. Likewise,
if curvature of zROCs curves is interpreted as evidence for
the presence of two processes, then, again, the interpretation
is conditioned on the implicit assumption that zROCs provide
an uncontaminated view of the mnemonic process. We call
this implicit assumption the optimist view of aggregated
recognition-memory data and show how it is flawed.

3.1. Threats to the optimist view

If sources of variability other than mnemonic process exist
in recognition memory experiments, then the optimist view
is incorrect. Malmberg and Xu (2006) describe the effects of
participant variability on the shape of ROC curves. Aggregating
data across variable participants affects estimates of the slopes
of zROC curves, thus affecting inferences made about the
mnemonic process by the optimist researcher. Malmberg and
Xu’s critique is also applicable to aggregation across items. We
highlight the case of item variability because researchers most
often aggregate over items in order to draw conclusions about
psychological process. We consider two ways in which items
can vary: In Case I items differ in their memorability; in Case

II items induce different biases. We take these cases in turn.
Case I: Items vary in memorability. Consider a study list in
which, unknown to the researcher, half of the items are easy
and half are hard. To make the situation concrete, let d

0 for the
easy and hard items be 3 and 1, respectively, and let � = 1
for all items. Assume the researcher aggregates the results
across all items. If aggregation has no ill effects, then estimates
from aggregated data should yield the mean memorability of
d

0 = 2 and a standard deviation of � = 1 in the large-sample
limit. Moreover, the zROC curves of aggregated data should be
straight lines with a slope of 1 and an intercept of 2.

Unfortunately, aggregated data yield neither average
parameter values nor the appropriate zROC curve, even in the
large-sample limit. Consider, for example, the probabilities of
hits and false alarms for a criterion of c = 1. The probability
of a hit is .5 for difficult items and .977 for easy ones. The
probability of a hit from aggregated data is therefore (.5 +

.977)/2 = .739. The probability of a false alarm is .16 for
both types of items, hence the probability of false alarm from
aggregated data is .16. The z-transforms of these probabilities
from aggregated data are .639 and �1.0 for hit and false alarms,
respectively. The point defined by these values is denoted by
the symbol “4” in Fig. 2. Unfortunately, this point does not
fall on the line labeled “True”. The line labeled “Case I” in

A problem A solution
Hierarchical ROC modeling 

µGrand

µ1 = µGrand + α1 µ2 = µGrand + α2 …

(Morey et al., 2008)

Fit ROC with Bayesian sampling 
procedure from vague priors. 

Produces a posterior distribution 
for model parameters.
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The Uniform Weighting (UW) Model 

(Bahrami et al., 2010; Sorkin & Dai, 1994)



How efficiently do people collaborate 
in a naturalistic search task?
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500 trials

250 trials (150-, 100+) 
Single Observer 
Worked alone 

Same order of trials 
to extract correlations

250 trials (150-, 100+) 
Team 

Worked together



Comparisons
• Single-person search 
• Team search 
• UW, ρ = 0 
- Predicted from formula based on 

individual searchers d’e scores 
• Mock UW 
- (RatingS1 + RatingS2) / 2 
- Incorporates correlations between 

judgments
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How well does a person collaborate 
with a computerized aid?

8 Month XXXX - Human Factors

randomized across trials. Participants were 
allowed to rest between blocks. An experimental 
session lasted approximately 45 min.

Analysis
For analysis, orange-dominant stimuli were 

treated as signal events and blue-dominant 
stimuli as noise events. For clarity of exposi-
tion, we refer to orange and blue judgments as 
yes and no judgments, respectively. Hit rates 
and false-alarm rates were calculated from the 
participants’ responses, and data were converted 
to signal detection measures of sensitivity and 
bias, d’ and c (Green & Swets, 1966; Macmil-
lan & Creelman, 2005; Stanislaw & Todorov, 
1999). A prior of 0.5 was added to the raw 
response frequency value in each cell of the 2 
× 2 SDT matrix for each participant to correct 
for perfect hit and false-alarm rates (Hautus, 
1995). Data from practice trials were excluded 
from analysis.

Data analysis employed Bayesian parameter 
estimation using a Markov chain Monte Carlo 
(MCMC) sampling procedure (Kruschke, 2013, 
2015; Lee & Wagenmakers, 2014). This approach 
begins by assuming a prior distribution on a 
parameter value of interest, then updates the prior 

through probabilistic sampling to approximate the 
posterior distribution on parameter values in light 
of the observed data. Descriptive statistics can be 
then calculated to summarize the  posterior as is 
most useful.

Analyses were conducted using sampling func-
tions from the package JAGS (Plummer, 2015) in 
the R programming language (http://www.r-project 
.org). All parameters were assumed to follow nor-
mal distributions, with vague priors on their means 
and standard deviations (means ~ N[0, 1 × 106]; 
standard deviations ~ 1/Γ[.001, .001]). The use of 
vague priors ensures that the analysis does not 
commit a priori to strong conclusions and allows 
the observed data to dominate the posterior distri-
bution. Each estimate was based on four MCMC 
chains, run for 10,000 burn-in steps followed by 
100,000 sample steps each. Chains were thinned 
to every fourth step in order to reduce sample 
autocorrelation, leaving a total of 100,000 samples 
for analysis. All estimated parameters showed val-
ues of the Gelman-Rubin statistic (Gelman & 
Rubin, 1992) of 1.01 or less, indicating satisfac-
tory convergence of the MCMC chains (Kruschke, 
2015).

Descriptive statistics reported include the mean 
and 95% highest-density intervals (HDI) for the 

Figure 2. The sequence of events within an automation-aided trial for Experiment 1.

10 Month XXXX - Human Factors

PM model, which holds that the operator defers 
to the aid with a probability equal to the aid’s 
average reliability. One interpretation of this 
finding is that participants were in fact using a 
PM strategy. An alternative possibility, how-
ever, is that participants were using a different 
strategy but one that happened to mimic the 
sensitivity of the PM model. As a further test of 
the models, analyses compared the participants’ 
automation-aided response bias, contingent on 
the aid’s judgment, with the predictions of the 
NN, CF, optimal CC, and PM models. Note that 
the predicted bias for trials on which the aid 
provided a Yes judgment is negative infinity 
under the NN model and is therefore not shown 
in Figure 4.

As expected, observed bias was decisively 
more liberal when the aid gave a Yes judgment 
than when it gave a No judgment, Mdiff = 1.26, 
95% HDI [1.03, 1.49], 0% < 0 < 100%, confirm-
ing that participants’ responses were biased in 

the direction of the aid’s judgments. The magni-
tude of the observed shifts, however, did not 
closely match the predictions of any of the mod-
els under consideration. For trials on which the 
aid issued a Yes judgment, observed bias was 
decisively more conservative than predicted by 
the PM model, Merr = −1.38, 95% HDI [−1.54, 
−1.22], 100% < 0 < 0%; the optimal CC model, 
Merr = −0.73, 95% HDI [−0.95, −0.50], 100% < 
0 < 0%; or the CF model, Merr = −0.24, 95% HDI 
[−0.41, −0.07], 100% < 0 < 0%. For trials on 
which the aid issued a No judgment, observed 
bias was decisively more liberal than predicted 
by the PM model, Merr = 1.36, 95% HDI [1.20, 
1.51], 0% < 0 < 100%; the optimal CC model, 
Merr = 0.67, 95% HDI [0.47, 0.86], 0% < 0 < 
100%; or the CF model, Merr = 0.24, 95% HDI 
[0.08, 0.40], 0% < 0 < 100%, and decisively 
more conservative than predicted by the NN 
model, Merr = −0.61, 95% HDI [−0.78, −0.44], 
100% < 0 < 0%.

Figure 3. Mean d’ values (gray bars) and model predictions (dotted lines) for Experiments 1, 2, and 3. 
Error bars indicate 95% highest-density intervals. Bartlett & McCarley (2017)


