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Abstract
Signal detection theory has guided thinking about recognition memory since it was
first applied by Egan in 1958. Essentially a tool for measuring decision accuracy in
the context of uncertainty, detection theory offers an integrated account of simple
old-new recognition judgments, decision confidence, and the relationship of those
responses to more complex memory judgments such as recognition of the context in
which an event was previously experienced. In this chapter, several commonly used
signal detection models of recognition memory, and their threshold-based
competition, are reviewed and compared against data from a wide range of tasks.
Overall, the simpler signal detection models are the most successful.
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Introduction

Recognition memory errors are unavoidable. Sometimes we fail to recognize
an individual we’ve had a casual conversation with; other times we initiate a
conversation with a stranger, erroneously thinking we met him at a campus event.
These errors are not limited to weak memories: Lachman and Field (1965) asked
subjects to study a single list of 50 common words as many as 128 times and found
that the percentage of studied words that are called “old” reached an maximum of
88%, while the false recognition of an unstudied word hovered around 2%.
Although this performance level is excellent, free recall of those studied words
under the same conditions was 98% correct with no intrusion errors. The difference
of memory accuracy between recall and recognition suggests that the decision
process itself plays an important role in recognition memory.
Signal detection theory (SDT: Green & Swets, 1966; Macmillan & Creelman,
2005) provides a theoretical framework for quantifying memory accuracy as well as
the role of decision processes. It makes explicit the balance between possible
memory errors (missed studied items and false alarms to lures), as well as the
inevitability of those errors. In some applications, such as eyewitness
identifications, the different error types come with variable implicit costs: failing to
identify the guilty suspect in a lineup allows a criminal to go free; falsely accusing
the wrong individual leaves the true criminal unpunished and may send an innocent
person to jail. In experimental settings, there may be performance penalties (cash
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or point deductions, delayed onset of the subsequent trial) associated with missed
opportunities to recognize a studied item or with false identifications of unstudied
memory probes. These considerations may suggest the one type of error is more
desirable – or, at least, less undesirable – than the other, and decision makers can
shift their strategy to reduce the probability of the costlier error. Modeling
recognition memory using signal detection allows independent assessment of the
decision process and the ability of the individual to discriminate categories of items.
Competing models of recognition memory make different assumptions about
the nature of memory errors. Discrete state, or threshold, models (e.g., Krantz,
1969) assume that probing memory with a studied item can either result in its
detection as a previously experienced item, or in no information at all being
available about its status. For this reason, these models are often described as
having complete information loss below a recollection threshold. In the most
common version of these models, errors occur either because of a random guessing
process, or, sometimes, because a response is offered that directly contradicts the
evidence available from memory. The relationship between misses and false alarms
is not specified in advance by threshold models; as we'll see, different parameter
choices allow a good deal of flexibility. In particular, certain parameter settings
allow either misses or false alarms to be avoided entirely.
A second type of competing model assumes that more than one process
contributes to recognition memory decision, in agreement with Mandler’s (1980)
well-known butcher on the bus example. The man on the bus may be recognized
because he seems familiar; both models in this class assume that familiarity
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operates as a signal detection process. The man may also be recognized because we
remember how we know him; that he is the butcher. This recollection process has
been described as operating either as a second signal detection process (Wixted &
Mickes, 2010) or as a threshold process (Yonelinas, 1994). The recognition memory
errors that are predicted by these models vary with their assumptions, as will be
described in section 2.
Finally, a third type of competing model assumes that recognition decisions
for studied items are based on a mixture of two types of trials, those on which the
study item was attended, and those for which it was not. As we will see, these
mixture models inherit most of the properties of the signal detection models,
including the inability to avoid a trade-off between the two types of recognition
errors.
This chapter is divided into three main sections. I begin by describing the
competing models in detail. Next, I review the empirical evidence that discriminates
the models, concluding that the traditional signal detection approach provides the
best overall description of the literature. Finally, I consider some challenges for
signal detection models.

2

The Models

2.1 Equal- (EVSDT) and Unequal-Variance (UVSDT) Signal
Detection Models
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The earliest signal detection models of recognition memory assume
recognition decisions are made based on a single underlying evidence dimension
(see Figure 1). Both studied items (targets) and unstudied items (lures) are assumed
to resonate with memory to varying degrees, resulting in a distribution of observed
memory strengths; the strength of targets is increased by their recent study
exposure, shifting that distribution's mean to a greater value than that of the lures.
Recognition decisions are based on a criterion level of evidence, with positive
("old") decisions given to all memory probes whose strengths exceed that criterion,
otherwise negative ("new") responses are made. The proportion of the target
distribution that exceeds the criterion equals the theoretical proportion of studied
items that are identified as "old", which is the hit rate (H). The miss rate is the
proportion of targets that are erroneously called "new," so H + miss rate = 1.
Similarly, the proportion of the lure distribution that exceeds that same criterion
provides the false alarm rate (F), which is the proportion of lures that falsely elicit
an "old" response. Finally, the proportion of lures that are called "new" is the correct
rejection rate. By varying the location of the criterion, the hit and false alarm rates
can be increased or decreased.
< Insert Figure 1 near here >
There are two important points to make about the SDT model. First, changes
in the criterion location always change hit and false alarm rates in the same
direction (both increasing, for more liberally-placed criteria, or both decreasing, for
more conservative criteria), though the observed differences may not be statistically
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significant. Second, errors are impossible to avoid. A criterion that is liberal enough
to yield a low rate of missed targets will necessarily result in a very high false alarm
rate, and one that is conservative enough to result in a low false alarm rate will
necessarily produce a high miss rate.
We can measure participants' discrimination accuracy – that is, their ability
to distinguish the targets from the lures – in terms of the distance between the
means of the distributions, in standardized (z-score) units. When the two
distributions have the same variance (as in the upper row of Figure 1), this distance
is called d' and it is independent of the criterion location, k. In that case, the model
can be defined with only those two parameters. Setting the mean of the lure
distribution to 0 and its standard deviation to 1 (without loss of generality), the
false alarm rate is defined by

F = Φ (−k )

(1)

where F is the cumulative normal distribution function. Similarly, the hit rate is
defined by the same criterion relative to the mean, d’, of the target distribution:

H = Φ (d" − k ) .

(2)

We can combine equations 1 and 2 to see that

d ! = zH − zF

(3)

where z is the inverse of the normal CDF. Because the criterion location, k, drops
out of calculations in Equation 3, its value does not affect our estimate of
discrimination accuracy: response bias (k) and memory sensitivity (d') are
independent in this model. Effectively, this means that there is a set of (F, H) points
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that all yield the same value of d'; each point simply reflects a different willingness
of the participant to say “old.” Connecting all of these possible (F, H) pairs yields a
theoretical curve called a receiver operating characteristic (ROC); transforming both
F and H to their z-score equivalents yields a zROC.
Several example ROCs and corresponding zROCs are shown in the upper row
of Figure 1, for different values of d'. The ROCs and zROCs associated with higher
decision accuracy fall above those with lower accuracy: for any given false alarm
rate, the ROC yielding higher accuracy has a greater predicted hit rate. The points
on each ROC and zROC vary only in criterion location, k, with more conservative
response biases (larger k) yielding points that fall on the lower left end of the ROC
because larger values of k result in lower F and H. In probability space, the ROCs are
curved and symmetric about the minor diagonal. In normal-normal space, we can
use Equation 3 to see that the zROC is a line, zH = d' + zF, for which the y-intercept
equals d' and the slope is 1. The model in the upper row of Figure 1, and thus
equations 1-3, applies only when the variability of the target distribution equals that
of the lure distribution. For this reason, this model is called the equal-variance SDT
(EVSDT) model. As we will soon see, the equal variance property of this basic model
causes the symmetry in the theoretical ROC.
Egan (1958) was the first to apply this model to recognition memory data.
Participants in two experiments studied 100 words either once or twice, and then
made old-new decisions on those studied words mixed with 100 lures. Their
responses were made on a confidence rating scale ranging from “positive” that the
test probe was studied to “positive” that it was new. The response probabilities in
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each of these confidence bins can be modeled with the same overall discrimination
value (d' ) but a different criterion (k1-km, see Figure 1). Egan's data immediately
suggested a problem with the model: the ROCs were not symmetric, either for
individual data or for the average across participants, and therefore were not
consistent with the equal-variance SDT model. (Figure 6 shows the ROC produced
by one of his participants.) Fortunately, it is straightforward to modify the model to
allow for unequal-variance distributions.
Again assuming (without loss of generality) that the lure distribution is
normal with a mean of 0 and a standard deviation of 1, we can set the mean of the
target distribution to be d and its standard deviation to be s. The lower row of
Figure 1 shows what these distributions might look like. In this unequal-variance
version of the EVSDT model, the UVSDT, Equation 1 still holds because the false
alarm rate is defined by the mean and standard deviation of the lure distribution,
and those haven’t changed. The hit rate calculation in the unequal-variance model
must take account of the standard deviation of the target distribution, s, yielding

#d −k&
H = Φ%
(
$ s '.

(4)

Notice that discrimination accuracy, which is the distance between the means of the
target and lure distributions, now can be defined in several ways. The two most
obvious approaches are to measure the distance in units of the standard deviation of
the lure distribution (d'1),
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d1! = s ⋅ zH − zF ,

(5)

or in units of the standard deviation of the target distribution (d'2),

1
d2! = zH − ⋅ zF .
s

(6)

Several example ROCs are shown in the lower row of Figure 1, for different values of
d'1 (and, equivalently, d'2). The corresponding zROCs are also shown. The yintercept is the value of zH when zF = 0; Equation 5 tells us that zH = d'2 at that
point. It also shows that the zROC, zH = d'2 + (1/s) zF, is a line with slope equal to the
ratio of the lure and target distributions standard deviations. This connection of the
slope of the zROC and the ratio of standard deviations is a handy property that has
theoretical significance. The linear form of the zROC, and its slope, are heavily
studied aspects of recognition ROCs.
A third strategy for measuring the distance between the target and lure
distribution means is to use units that reflect a compromise between the two
standard deviations. The best strategy for doing so involves the root mean square
standard deviation, yielding da,

da =

! 2 $!
1 $
# 2 & # zH − ⋅zF &
" 1+s % "
s %

(7)

because of its relationship to the area under the ROC, Az:

"d %
Az = Φ $ a ' .
# 2&

(8)
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Az is equals the proportion correct an unbiased participant would achieve in a task
involving selection of the target in a set of target-lure pairs. Notice that da = d' when
the variance of the target and lures distributions are equal (s = 1).

2.2 Dual-process and Mixture Signal Detection Models

2.2.1 The high-threshold signal detection model (HTSDT)

Yonelinas (1994) proposed a very different explanation of the asymmetry in
the recognition ROC, namely that participants sometimes recollect studied items.
Because recollection can't occur for lures and because it's likely to result in high
confidence responses, only the highest-confidence hit rate is increased by the
contribution of recollection. This causes the left end of the ROC to be shifted
upwards, resulting in an asymmetric function. Yonelinas assumed that, in the
absence of recollection, responses are based on an equal-variance signal detection
process that assesses the familiarity of the memory probe. In this dual-process
model, recollection operates as a high-threshold process (lures can't be recollected),
so we'll call it the high threshold signal detection (HTSDT) model. According to
HTSDT, the hit rate is defined by

H = R + (1 − R)⋅ Φ( d% − k ) ,

(9)

where R is the probability of recollection, and the false alarm rate is given by

€ Equation 1; the model can be described by the parameters R and d'. Some example
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ROCs and zROCs are shown in Figure 2. Notice that zROC for the HTSDT model is
curved. In this model, familiarity-based recognition errors occur trade off against
one another, exactly as in the EVSDT and UVSDT models. However, the recollection
process cannot result in false alarms, and if all responses to targets are based on
recollection, there can be no misses. 1
< Insert Figure 2 near here >

2.2.2 The continuous dual process signal detection model (CDP)

The idea that some items on a recognition test may be recollected has a long
history (e.g., Mandler, 1980). However, nothing about recollection demands that it
is a high-threshold process. Wixted and Mickes (2010) proposed a dual-process
model in which both recollection and familiarity are based on underlying signal
detection processes, the results of which are summed to yield an old-new response.
For this reason, the CDP model is identical to the UVSDT model for item recognition.
However, the CDP model also allows the two processes to be queried separately.

2.2.3 The mixture signal detection model (MSDT)

DeCarlo (2002, 2003, 2007) proposed an extension of the standard EVSDT

The Sources of Activation Confusion (SAC) Model (Reder et al., 2000) is a process model similar to
the HTSDT model. This chapter will not discuss process models.
1
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model in which study items are not always fully encoded. On some trials, the item is
fully encoding (resulting in a relatively large increment in memory strength, dFull),
whereas on other trials the study item is only partially encoded (leading to a small
increment in strength, dPartial). The probability of full encoding is given by the
parameter l, which can be interpreted as a measure of attention. At test, the target
distribution reflects a mixture of responses from these two distributions. This
mixture distribution for the targets is not Gaussian, and its precise form depends on
both l and the distance between the means of the full- and partially-encoded
distributions. The hit rate is defined as follows:

H = λ ⋅ Φ ( dFull − k ) + (1− λ ) ⋅ Φ ( dPartial − k )

(10)

The false alarm rate is defined as in Equation 1. Notice the close relationship
between the MSDT and HTSDT models: when dFull is very large (as is often the case
when fit to empirical data), then the first component of the hit rate is essentially just
l, analogous to the R parameter of the HTSDT model.
The decision space assumed by the MSDT model is shown in Figure 3, as well
as several example ROCs and zROCs. Note the unusual form of the zROCs, which will
become important in the discussion of associative and source recognition.
< Insert Figure 3 near here >

2.3

The Double High-Threshold (2HT) Model

Rotello
14
The remaining model of recognition memory that has been popular in recent
years is a discrete state model. The double high-threshold (2HT: Snodgrass &
Corwin, 1988) model assumes that memory probes result in different internal states
(see Figure 4). Targets can either be recollected, in which case they are always
judged to be “old,” or they result in a state of uncertainty from which the participant
must guess "old" or "new." Lures can be detected as new, resulting in a "new"
decision, or they result in the same state of uncertainty as un-recollected targets.
The model is called a double high-threshold model because there are two
thresholds: the lures can't cross the recollection threshold and be called "old" from
that state, and the targets can't be detected as new. Memory errors always result
from the uncertain state. In the 2HT model, the hit rate depends on the probability
that targets are recollected (po) and the probability that, if not recollected, they
result in a guess "old" decision (g):

H = po + (1 − po ) g .

(11)

An "old" response to a lure can only occur because of guessing, so the false alarm

€ rate is determined by the probability that lures fail to be detected as new and the
rate of "old" guessing:

F = (1 − pn ) g .

(12)

In this form, the 2HT model predicts that the ROC is a line with y-intercept equal to

€ p and slope of (1-p )/(1-p ). Different response biases can occur in simple old-new
o
o
n
decision tasks when the guessing rate, g, is varied. Sensible changes in g occur when
different base-rates of targets and lures appear on a memory test, or when
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participants are offered different penalties and rewards for specific responses.
However, it’s possible within this model for the g parameter to be set to 0, so that
false alarms are entirely avoided, at the price of an increase in the miss rate.
Similarly, there’s nothing about the model itself that prevents the g parameter from
being set to 1, so that misses are eliminated at the price of an increase in false
alarms.2
< Insert Figure 4 near here >
The 2HT model does not naturally predict confidence ratings, though it can
be extended to do so by adding parameters from the internal states (recollect,
uncertain, detect-new) to the possible confidence judgments, as in Figure 5. If
recollected targets are always given highest-confidence "old" responses, then the
confidence-based ROC predicted this modified 2HT model is still linear. However,
the model can accommodate the curved confidence-based ROCs that are observed
empirically, if recollected targets (which logically should receive the highestconfidence response) are allow to yield lower-confidence "old" responses (e.g.,
Malmberg, 2002; Bröder & Schütz, 2009). Similarly, the detected lures are allowed
to result in lower "new" decisions. (Some researchers even allow responses to
detected items to fall in the "opposite" response category, so that recollected targets
may still yield a "new" decision.) This modified model requires more parameters to
describe the mapping from the internal states, but the increase in free parameters
results in much better fits to data (and greater model flexibility, of course).
More complex versions of the basic 2HT model have also been proposed (e.g., Brainerd, Reyna, &
Mojardin, 1999). Testing these variants require experimental conditions beyond those considered in
this chapter.
2
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< Insert Figure 5 near here >

3

The Evidence

In 1970, Banks expressed the optimistic view that signal detection modeling
would ultimately allow us to identify the number and nature of processes involved
in recognition memory decision. At the time, the models under consideration
included the SDT and threshold models (including the 2HT model and several other
variants). Those models do make quite distinct predictions about the form of the
ROC (see Pazzaglia, Dube, and Rotello, 2013, for details). Specifically, the 2HT model
can accommodate a curved ROC based on confidence ratings, but it must predict a
linear ROC if participants make binary old-new decisions and the responses that
define the different operating points are collected independently. In contrast, the
SDT model always predicts a curved ROC will result, regardless of whether
confidence ratings or binary old-new decisions are collected. As we’ll see, Banks’s
optimism was reasonably well placed for these models.
With the addition of the hybrid HTSDT and mixture MSDT models, however,
the landscape became more challenging. These models do make predictions that, in
principle, allow them to be distinguished from the others. For example, the zROC is
predicted to be linear for SDT and to have an upward curvature for the HTSDT
model, and the HTSDT models predicts that both the slope of the zROC and its
curvature are systematically influenced the probability of recollection. Despite
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these apparently contrasting predictions, the models turn out to fit basic item
recognition data quite well, requiring that the experimental paradigms be expanded.
In section 3.1, I review the relevant data from item recognition experiments before
turning, in section 3.2, to new paradigms designed to influence recollection
probabilities and, in section 3.3, to experiments that rely on differential model
predictions in paradigms that do not yield ROC data. To preview the results of this
literature survey, the UVSDT model comes out ahead on nearly every measure.
However, section 4 will consider some potential challenges to the success of the
UVSDT model.

3.1

Traditional Item Recognition Tasks

Standard item recognition experiments, like Egan's (1958), provide a wealth
of data that can be reasonably well described by all of the models considered here.
In these experiments, participants study a set of items (typically words) one at a
time. At test, they are asked to identify the studied words from a test list that
includes both targets and lures. Subjects' responses may be simple old-new
decisions for each memory probe, but more commonly they are ratings of
confidence that the probe was studied. These ratings are then used to generate
ROCs, a strategy that has revealed a number of "regularities" in the data. For
example, the zROC is typically linear with a slope of about 0.8 as long as memory
accuracy is well above chance (e.g., Ratcliff, Sheu, & Gronlund, 1992; Glanzer, Kim,
Hilford, & Adams, 1999; Yonelinas & Parks, 2007).
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3.1.1 Confidence based ROCs

3.1.1.1

Fits of the models to data

Confidence based ROCs are generated by asking participants to rate their
confidence that each memory probe was studied (e.g., 6 = “sure old”, 5 = “probably
old”, 4 = “maybe old”, 3 = “maybe new”, 2 = “probably new”, 1 = “sure new”). The
probability of a hit and a false alarm in each confidence bin is then calculated; these
values are incrementally summed to yield the operating points on the ROC. For
example, the most conservative point, yielding the lowest hit and false alarm rates,
is based on responses in the “sure old” category; the second point on the ROC
depends on the sum of the response probabilities in the “sure old” and “probably
old” bins, etc. The final point on the confidence ROC is always (1,1), when all
responses are included.
Pazzaglia et al. (2013) suggested that discriminating the UVSDT and HTSDT
models with ROCs would be extremely difficult because they make very similar
predictions. Indeed, both models have a parameter to summarize old-new
discrimination accuracy (d', d) and a parameter to capture the asymmetry of the
ROC (R, s). Similarly, the MSDT model can be viewed as a version of the HTSDT
model if the full attention trials yield (essentially) perfect encoding. When applied
to data, all of these models fit well. Figure 6 shows the fit of each of these models, as
well as the 2HT model, to the data of a single subject in Egan’s (1958, Exp. 1) study.
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As is obvious in the figure, all of the models provide excellent descriptions of these
data; only the EVSDT model can be rejected based on a goodness of fit statistic.
< Insert Figure 6 near here >
High-fidelity fits like those in Figure 6 are routinely observed. For example,
DeCarlo (2002) compared the MSDT and UVSDT models’ ability to fit data, finding
them to be essentially tied. Yonelinas (1999b, p. 514) noted that the HTSDT and
UVSDT “models provided an accurate account of the ROCs, capturing more than
99.9% of the variance of the average ROCs.” For the very same studies, however,
Glanzer et al. (1999) found that the UVSDT model provided a better fit in all 10 data
sets. Glanzer et al. (1999) also tested specific HTSDT predictions about the
relationship between the probability of recollection, the slope of the zROC, and the
curvature of the zROC, finding no support for those predictions. Similarly,
Heathcote (2003) compared the fits of the UVSDT and HTSDT models for a set of
experiments in which the targets and lures were similar to another. The similarity
manipulation was intended to increase the probability that recollection would play
a role in the recognition of targets (Westerman, 2001), yet the zROCs showed no
evidence of the curvature that is predicted by the HTSDT model. Other comparisons
of the UVSDT and HTSDT models have also favored the signal detection view (e.g.,
Kelley & Wixted, 2001; Healey, Light, & Chung, 2005; Rotello, Macmillan, Hicks, &
Hautus, 2006; Dougal & Rotello, 2007; Kapucu, Rotello, Ready, & Seidl, 2008; Jang,
Wixted, & Huber, 2011).

3.1.1.2

Assessments of model flexibility
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The UVSDT, HTSDT, 2HT, and MSDT models all provide reasonable fits to
data, but they do have different assumptions and therefore can’t all provide an
accurate account of the underlying recognition memory processes. As Roberts and
Pashler (2000) pointed out, a good fit to data does not imply that the model itself is
a good one; it might have enough flexibility to fit a wide range of possible data, for
example, including random noise. The flexibility of a model comes from its number
of free parameters and its functional form (Pitt, Myung, & Zhang, 2002). Increasing a
model’s parameters generally increases its ability to fit data, but two models with
the same number of parameters may nonetheless differ in flexibility. For example, a
sinusoidal model y = a sin (bx) can exactly fit any data generated by the linear model
y = cx + d, as well as fitting data that are non-linear; the sinusoidal model has greater
flexibility because of its functional form. For this reason, we must determine the
relatively flexibility of the competing models of recognition memory before we can
conclude that the UVSDT model provides the best description of the data.
The number of parameters for each model is shown in Table 1 for a
confidence-rating old-new task. The UVSDT and HTSDT models have the same
number of parameters, whereas the EVSDT model has one fewer, and the MSDT
model one more. The 2HT model has a high degree of flexibility because the stateresponse mapping parameters are selected by the experimenter. Wixted (2007)
reported a small-scale model-recovery simulation of the UVSDT and HTSDT models
that concluded that the two models were about equally flexible, a conclusion that
has been modified only slightly in subsequent work.
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< Insert Table 1 near here >
Jang et al. (2011) used a parametric bootstrap cross-fitting method (PBCM:
Wagenmakers et al., 2004) to compare the flexibility of the UVSDT and HTSDT
models. The PBCM has several steps. Essentially, model parameters are sampled
from the range that would be estimated from fits to real data, and those parameters
are used to generate simulated data from the models. Then, both models are fit to
the simulated data and the difference in the resulting goodness of fit measures
(DGOF) is computed. This process is repeated many times to generate a distribution
of observed DGOF values when each model generated the data. The degree of
overlap of these distributions is a measure of how well the models mimic each other
(see Wagenmakers et al., 2004; Cohen, Rotello, & Macmillan, 2008, for details). For
group-level data, Jang et al. concluded that models could be readily distinguished,
and that the UVSDT model was very slightly more flexible than the HTSDT model. In
contrast, a similar analysis by Cohen et al. (2008) concluded that the UVSDT model
was slightly less flexible. A related but smaller-scale comparison of a version of the
2HT and UVSDT models concluded that the 2HT model has greater flexibility (Dube,
Rotello, & Heit, 2011).
When an individual subject provides the initial data that are used to estimate
the model parameters from which simulated data are generated, the distributions of
DGOF values also provide quantitative information about how diagnostic those data
are. Diagnostic data are those for which the distributions have little to no overlap;
for non-diagnostic data, the overlap may be substantial. The extent of overlap can
be used as a measure of the probability that the wrong model is identified by the
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GOF measures. Jang et al. (2011) used this approach to assess the diagnosticity of
97 individual participants’ ROCs, finding that many provided non-diagnostic data.
For those individuals, there were two common findings: the slope of the zROC was
likely to be near 1, and the HTSDT model was more likely to be selected. For
individuals who provided more diagnostic data (the DGOF distributions overlapped
less), the slope of the zROC tended to be shallower, and the UVSDT model was
usually selected. The clear implication of Jang et al.’s work is that the UVSDT model
is the better-fitting model when the data actually allow a strong conclusion to be
drawn.
Overall, the analyses of model flexibility suggest that the success of the
UVSDT model cannot be attributed to greater flexibility. For group-level data, the
UVSDT and HTSDT models have similar degrees of flexibility, and for individual
subjects’ data, the UVSDT model is selected only when the data are actually
informative.

3.1.1.3

Explanations of the zROC slope

There are qualitative reasons to prefer the UVSDT model over the HTSDT
model, as well as the quantitative reasons in section 3.1.1.2. For one, the slope of
the zROC has a natural explanation in terms of variability in the increment to an
item's strength that occurs during study (Wixted, 2007); this idea is reflected in the
assumptions of recent process models of memory (e.g., Shiffrin & Steyvers, 1997).
In contrast, the HTSDT model assumes that the slope of the zROC is directly related
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to the probability of recollection, a hypothesis that has not survived inspection (e.g.,
Glanzer et al., 1999).
The variable encoding hypothesis is that during study the strength of the
item is incremented by an amount sampled from a baseline distribution appropriate
for the encoding task, plus an amount sampled at random from a noise distribution
with a mean of zero. Koen and Yonelinas (2010) attempted to discredit this
hypothesis by asking one group subjects to study items for either a shorter (1 sec)
or longer (4 sec) amount of time, and another group to study the same items for 2.5
seconds each. The slope of the zROC did not differ across groups. However, their
experiment assessed the impact of mixing two distributions on the slope of the
zROC, rather than testing the variable encoding hypothesis (Jang, Mickes, & Wixted,
2012; Starns, Rotello, & Ratcliff, 2012). A mixture of two Gaussian distributions
(one for strong items and another for weak) isn’t Gaussian and thus the slope of the
resulting zROC doesn’t provide a valid estimate of the ratio of lure and target
standard deviations, 1/s. Thus, there is still no definitive test of encoding
variability. Although the Koen and Yonelinas (2010) experiment appears to provide
a good test of the MSDT model, Starns et al. (2012) showed that their manipulation
of encoding strength lacked power.
One interesting test of the HTSDT, 2HT, and UVSDT accounts of zROC slope is
this: Does the relative variability in the observed confidence ratings for targets and
lures correspond to the slope of the zROC? Mickes, Wixted, & Wais (2007) asked
exactly this question. Participants in a standard old-new recognition experiment
made their responses on either a 20- or 99-point confidence scale. These confidence
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ratings were used to generate empirical ROCs, which were well-described by the
UVSDT model. The estimated slope parameter, which equals the ratio of standard
deviations of the lure and target distributions, was about 0.8, as usual. Mickes et al.
also calculated the ratio of the standard deviations of each subject's confidence
ratings to the lures and to the targets, independently of the ROC analysis. The
HTSDT does not predict any relationship between these two ratios, because it
assumes that the zROC slope is determined by the probability of recollection (which
doesn't depend on the confidence ratings). Similarly, the 2HT model does not
predict a relationship between the two measures of variability because the
confidence ratings are not based on memory strength. Even the UVSDT model does
not constrain the two ratios to yield the same value: If the criteria are tightly-spaced
for higher memory strengths and spread out for weaker strengths, then the ratingsbased ratio may underestimate the ROC-based value. On the other hand, the
ratings-based ratio may overestimate the ROC-based value if the criteria are widelyspaced for high evidence values and compressed for lower evidence values. Overall,
however, the average value of the two estimates of the standard deviation ratios
was identical in one experiment and highly similar in the other. Across participants,
the correlations of the two estimates were .61 and .83 in the two experiments,
providing strong support for the UVSDT model over the competitors.
3.1.1.4

A test of the 2HT model: conditional independence

Like the other models, the 2HT model can fit the confidence-based ROCs (see
Figure 6), at the price of additional parameters to map from internal states to
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response ratings (compare Figures 4 and 5). Moreover, to fit the curvature that is
ubiquitous in these confidence ROCs, the 2HT model must assume that participants
give at least some lower-confidence responses to studied items that they have
detected as old (e.g., Erdfelder & Buchner, 1998; Malmberg, 2002; Bröder & Schütz,
2009). Said differently, to fit the confidence-based ROCs, the 2HT model must
assume that participants sometimes give low-confidence responses even in the face
of infallible evidence that the item was studied.
The 2HT model allows for the possibility that items that are encoded with
greater strength may have a higher probability of being detected than more weaklyencoded items (i.e., the value of po may differ for strong and weak items; see Fig. 5),
but responses from the detect-old state depend only on the arbitrary state-response
mapping parameters (e.g., Klauer & Kellen, 2010; Bröder, Kellen, Schütz, &
Rohrmeier, 2013). The distribution of confidence ratings must be the same for all
detected targets, regardless of their encoding strength, because there is only one
detect-old state and only one set of response probabilities that lead from that state
to the confidence ratings (Fig. 5).3 This aspect of the 2HT model is known as the
conditional independence assumption (Province & Rouder, 2012)
Province and Rouder (2012) tested the conditional independence
assumption of the 2HT model by presenting participants with about 240 unique
study items a variable number of times (1, 2, or 4 times each) on a single list. The
recognition test was a two-alternative forced choice task: a target and a lure were

The overall distribution of confidence ratings for strong and weak targets may vary because they
reflect different mixtures of responses based on detection and guessing.
3
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tested together, and participants were asked to select the target from each pair.
Responses were made on a continuous scale to indicate confidence in the decision
("sure target on left" to "sure target on right"). Province and Rouder also included
some test pairs that contained two lures, forcing participants to guess; responses to
these trials provide important data about how confidence ratings were distributed
from the uncertain state. Across three experiments, they reported that the
distribution of confidence ratings (conditional on a detection-based response) was
independent of encoding strength: the ROCs were curved in all strength conditions
except for the lure-lure trials.
While Province and Rouder’s (2012) data support the 2HT model, Chen,
Starns, and Rotello (2015) also tested the conditional independence assumption,
reaching a different conclusion. Two primary changes were made to Province and
Rouder's approach. First, the memory test used a simple old-new recognition
procedure with confidence ratings. Second, and more importantly, multiple short
study lists were used (14 lists with 42 unique items each) that included a small
number of "super strong" study items. The super strong stimuli were shown four
times each with a different encoding task each time (e.g., rate how easy it is to form
a mental image of this item; rate it for survival relevance). These super strong items
were expected to have a high probability of being detected, and they did for most
participants. For these participants, the super strong items were almost invariably
given the highest-confidence "old" response. For more weakly encoded stimuli
(those studied 1, 2, or 4 times without a specific encoding task), the probability of a
highest-confidence old rating was much lower, even for detected items. Most
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participants’ data were better fit by the UVSDT model, because the conditional
independence assumption of the 2HT model was violated: the distribution of
confidence ratings varied with the encoding strength of the targets.

3.1.2

Binary response ROCs

The ROCs described so far were generated from confidence ratings. It is also
possible to generate ROCs from response bias manipulations, such as presenting
different proportions of targets and lures across tests, or by offering different
incentives for “old” or “new” responses; confidence ratings are not collected. In this
second “binary response” type of ROC, the operating points are generated
independently of one another, either in different tests or even from different groups
of participants.
Binary response ROCs are important data that can discriminate signal
detection models from the threshold models (Banks, 1970). As Figures 4 and 5
show, confidence-based ROCs can generally be fit with threshold models by
assuming that there are state-response parameters to generate the probabilities of
the ratings responses (Erdfelder & Buchner, 1998; Malmberg, 2002; Bröder &
Schütz, 2009). In effect, those extra parameters give the 2HT model the flexibility it
needs to fit the curved confidence ROCs that are consistently observed. The story is
different when the ROCs are generated from binary old-new decisions in different
bias conditions, because in that case there are only two response bins (“old,” “new”)
and additional state-response parameters can't be added to redistribute responses
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from one category to another. The ROC predicted by the 2HT in this case is always a
line with slope equal to (1-po)/(1-pn), as shown in Figure 4. In contrast, the SDT
models make the same prediction of curved ROCS regardless of whether they are
confidence-based or generated from independent bias conditions.

3.1.2.1

Fits of the models to data

Bröder & Schütz (2009) fit all binary response ROCs in the recognition
memory literature, concluding that the 2HT model fit as well as the UVSDT model.
However, their analyses included a large number of ROCs that contained only two
points. As Dube and Rotello (2012) noted, two-point ROCs cannot discriminate the
2HT from UVSDT models because two points can be fit by either a line or a curve.
After excluding those two-point ROCs and running two new experiments, Dube and
Rotello (2012) fit the 2HT and UVSDT models to all available data on binaryresponse ROCs reported for individual subjects in the domains of perception and
recognition memory. The resulting binary ROCs were curved, not linear, and
strongly supported the UVSDT model for the vast majority of participants.4 Dube,
Starns, Rotello, and Ratcliff (2012) also reported ROCs based on binary responses.
They included a within-list manipulation of encoding strength (words were studied
once or 5 times each); because a single set of lures was used, the 2HT model is
constrained to a single value of pn. Dube and colleagues tested the UVSDT and 2HT
Dube and Rotello (2012) based their conclusion on the AIC and BIC fit statistics. Kellen et al. (2013)
used normalized maximum likelihood (NML) for model selection, and on that basis concluded in
favor of the 2HT model. In the next section, we will evaluate the plausibility of the NML conclusion.
4
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models, again finding that the ROCs were curved and inconsistent with the 2HT
model. Thus, the model-fitting evidence is strongly in favor of the UVSDT model
(Dube & Rotello, 2012; Dube et al., 2012).
One additional study provides strong evidence in favor of the UVSDT model
and against both the 2HT and HTSDT models. Starns, Ratcliff, and McKoon (2012)
collected both old-new recognition decisions and reaction times in an experiment
that manipulated response bias by varying the proportion of targets on the test. In
addition, participants were asked to respond quickly on some tests, and to
emphasize accuracy on other tests. Fits of the HTSDT model revealed that the
probability of recollection increased with encoding strength (which was
manipulated within-study list), but was not affected by the speed and accuracy
instructions. The absence of a reduction in recollection under speed instructions is
problematic for the HTSDT model because most of those responses were made in
less time than recollection appears to require (e.g., McElree, Jacoby & Dolan, 1999).
The zROCs were also linear in all conditions, with slopes less than 1, contradicting
the predictions of the HTSDT and 2HT models.
Perhaps the most interesting aspect of the Starns et al. (2012) study,
however, is that the diffusion model (Ratcliff, 1978) was fit to the response
probabilities and reaction time distributions simultaneously. The diffusion model is
a sequential sampling model that assumes information accumulates over time
according to an average drift rate that reflects the quality of the evidence for targets
and lures. Across trials, a distribution of drift rates is assumed; the variance of this
distribution can be interpreted as measuring the variability in evidence values for
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targets and lures. The ratio of lure to target drift rate standard deviations was less
than one for 9 of the 12 conditions, providing converging evidence for the UVSDT
model.

3.1.2.2

Assessments of model flexibility

As for the confidence rating paradigm, the flexibility of the models to fit the
binary response ROCs should be considered. Dube, Rotello, and Heit (2011)
reported a comparison of the 2HT and UVSDT models as fit to binary ROCs with
three operating points that were either closely spaced or more spread out. They
concluded that the models were difficult to discriminate, especially when the
operating points were close together, but that the 2HT and UVSDT models were
approximately equally flexible. A large-scale evaluation of the flexibility of the
HTSDT, UVSDT, 2HT, and MSDT models was reported by Kellen, Klauer, and Bröder
(2013). They used normalized maximum likelihood (NML; see Myung, Navarro, &
Pitt, 2006) for model selection, and on that basis concluded in favor of the 2HT
model. One challenge for the conclusions based on NML is that they show a strong
preference for the equal-variance (or po = pn) versions of the models that predict
symmetric ROC. As we've seen, symmetric recognition ROCs are not observed
empirically.

3.1.3

Summary of the item recognition data
Overall, the evidence reviewed so far supports the UVSDT model over the

others. Critical tests of the most popular threshold model, the 2HT model, reveal
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deep problems: empirical data violate both the conditional independence
assumption for the state-response mapping parameters (Chen et al., 2015) and the
prediction of linear binary ROCs (Dube & Rotello, 2012; Dube et al., 2012). The
HTSDT model fares somewhat better with these item recognition ROC, but it
predicts a decrease in zROC slopes with increasing probability of recollection that
has not been observed (e.g., Glanzer et al., 1999). The HTSDT model also predicts
that curved zROCs should be observed when recollection is needed to distinguish
targets from lures, as when they are similar to one another. However, that zROC
curvature is typically not observed (e.g., Glanzer et al., 1999; Heathcote, 2003).
Stronger tests of the HTSDT model come in the form of assessments of the
contribution of recollection, which will be considered in the next section.

3.2

Expanding the Data: The Contribution of Recollection

The basic predictions of the HTSDT and UVSDT models have been tested in
numerous item recognition memory experiments that did not specifically
manipulate recollection (see Wixted, 2007; Yonelinas & Parks, 2007, for reviews).
Instead, recollection estimates were based solely on the parameters of the HTSDT
model's best fit to the data. One problem with this approach is that both the UVSDT
and HTSDT models fit the data well, qualitatively and quantitatively (see Figure 6).
Two strategies have been used to distinguish these models. The first approach is to
obtain measures of recollection that are independent of the HTSDT's parameter
estimates (e.g., Yonelinas, 2001), to assess their convergence. The primary such
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measure of recollection has come from asking participants to provide rememberknow judgments to supplement their old-new decisions. The second strategy for
expanding the data is to take advantage of empirical tasks that appeared to require
recollection for accurate responses. Three popular tasks are associative recognition
decisions, which require the participant to decide whether two studied items
appeared together on the list, plurality-discrimination, and source memory
judgments that ask the participant to recognize not only that an item was studied
but also to report something specific about that presentation. We'll consider each of
these approaches in turn. Where appropriate, we'll also consider threshold
modeling approaches to these tasks.

3.2.1 Remember-know judgments

Tulving (1985) proposed that we ask participants to report the basis of their
"old" recognition decisions: do they remember something specific about the
encoding experience, or does their memory lack particular details yet they know
that the memory probe was studied? Rajaram (1993) developed extensive
instructions on the remember-know distinction, which have since been used in
hundreds of experiments. For about the first fifteen years of remember-know
research, most experiments focused on identifying variables that dissociated the
remember and know judgments, influencing one type of response without affecting
the other or moving the response probabilities in opposite directions. This goal was
readily achieved, and all possible combinations of influence on remember and know
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responses have been obtained (see Gardiner & Richardson-Klavehn, 2000, for a
summary). The conclusion in the literature was that these experiments identified
the variables that selectively influence either recollection or familiarity.
From the perspective of the HTSDT model, these remember-know
dissociation experiments provide a wealth of evidence in favor of the recollection
process (Yonelinas, 2002). Remember hits tend to increase with variables that
increase memory strength (e.g., full rather than divided attention: Yonelinas, 2001),
whereas know responses tend to increase more as a function of superficial
manipulations such as perceptual similarity (e.g., fluency manipulations: Rajaram &
Geraci, 2000). One particular aspect of the data that is convincing to HTSDT
proponents is that false alarms occur primarily with “know” justifications rather
than “remember” responses (Dunn, 2004). This finding is important because a highthreshold process cannot produce any false alarms: if “remember” responses reflect
recollection, then they must only occur after correct “old” decisions (i.e., hits). In
addition, remember responses given after hits should be high confidence decisions
because the recollection process “trumps” the familiarity process; this assumption
of highest-confidence remembering is often built into the modeling (e.g., Yonelinas
& Jacoby, 1995; Yonelinas, 2001). On the other hand, direct comparisons of
estimates of recollection based on remember responses and on ROC parameters
have not provided a convincing level of agreement (e.g., Rotello, Macmillan, Reeder,
& Wong, 2005).
Other problems for the HTSDT model were soon identified. The dissociation
evidence seems to strongly suggest that there are distinct underlying processes of
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recollection and familiarity, but dissociations are weak and frequently inconclusive
evidence for multiple processes (Dunn & Kirsner, 1988). Stronger evidence for the
presence of multiple processes comes from state-trace analysis (Bamber, 1979;
Dunn & Kirsner, 1988). State-trace plots show how performance on one task relates
to performance on another task, as function of manipulations intended to selectively
influence one of the presumed underlying processes. Monotonic state-trace plots
are consistent with a single underlying process that may have a non-linear
relationship with the levels of the experimental factors. In contrast, non-monotonic
state trace plots imply that more than one underlying process determines
performance. Dunn (2008) applied the logic of state-trace analysis to rememberknow data, finding only monotonic functions; this analysis is consistent with the
UVSDT model and inconsistent with the HTSDT view. A stronger test reached the
same conclusion: Pratt and Rouder (2012) showed that even when a hierarchical
model is applied, eliminating potential confounds that might occur from averaging
data over subjects or trials, the state-trace analysis offers no support for the dualprocess view.
The remember-know data do not demand a dual-process interpretation, and
in fact can be readily accounted for by the UVSDT model. Donaldson (1996) was the
first to suggest this interpretation of remember-know data: he proposed that the
data could be accounted for by a signal detection model with two decision criteria, a
conservative criterion that divides old-remember from old-know responses, and a
more liberal criterion that provides an old-new boundary. Indeed, Dunn (2004)
showed that all of the existing patterns of remember-know dissociations were well-
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described by the UVSDT model. Dunn also tackled four other common arguments
against the SDT model of remember-know judgments, showing them all to be faulty.
One of these demonstrations is particularly challenging for the HTSDT model: oldnew discrimination accuracy measured with the remember hit and false alarm rates
is equal to accuracy measured from the overall hit and false alarm rates (see also
Macmillan, Rotello, & Verde, 2005). The UVSDT model predicts this result because
response bias and accuracy are independent, but it is contrary to the assumption
that recollection is a high-accuracy (or high-threshold) process.
The competing interpretations of remember-know judgments have been
extended to account for the inclusion of confidence ratings in several different
experimental paradigms (Rotello & Macmillan, 2006; Rotello et al., 2006). For
example, participants might be asked to first decide if they remember a memory
probe, and if not, to rate their confidence that they know they studied it or that it's a
lure (Yonelinas & Jacoby, 1995). Alternatively, subjects might be asked to decide
among three response alternatives (remember, know, new) and then to rate their
confidence in that decision (Rotello & Macmillan, 2006), or they might first make an
old-new decision and then rate their confidence along a remember-know dimension
for items judged to be old. Across a range of tasks and corresponding model
versions, the one-dimensional UVSDT model consistently provides the best
quantitative fit to data (e.g., Rotello & Macmillan, 2006; Rotello et al., 2006). This
general finding accords well with the observation that remember responses are
easily influenced by manipulations intended to affect only old-new response bias
(Rotello et al., 2006; Dougal & Rotello, 2007; Kapucu et al., 2008), and with the
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observation that ROCs based only on remember responses are strongly curved
(Slotnick, Jeye, & Dodson, 2016). Importantly, Cohen et al. (2008) showed that these
conclusions do not reflect differences in model complexity: the UVSDT model of
remember-know judgments is somewhat less flexible than the HTSDT model.
Finally, one other type of evidence argues in favor of the UVSDT
interpretation of remember-know judgments. Reaction times for remember
responses have long been known to be shorter than those for know decisions
(Dewhurst & Conway, 1994; Wixted & Stretch, 2004; Dewhurst, Holmes, Brandt, &
Dean, 2006); on the surface, this effect suggests that remember and know responses
reflect distinct processes. However, higher confidence decisions are also made
more quickly than lower confidence responses (Petrusic & Baranski, 2003), and the
probability of a remember response is correlated with response confidence (Rotello,
Macmillan, & Reeder, 2004). When confidence is controlled, Rotello and Zeng (2008)
found that the reaction time distributions for remember and know responses do not
differ significantly. In addition, Wixted and Mickes (2010) found that remember
false alarms are made more quickly than either know hits or know false alarms,
consistent with the UVSDT model.
In summary, all of the observed remember-know data, from basic
dissociation effects (Dunn, 2004) to reaction times (Rotello & Zeng, 2008; Wixted &
Mickes, 2010) and confidence ratings (e.g., Dougal & Rotello, 2007; Slotnick et al.,
2016) can be accounted for with the UVSDT model. The success of the UVSDT model
occurs in spite of its slightly lower flexibility than the HTSDT model (Cohen et al.,
2008). Finally, state-trace analyses of remember-know data conclude that a single
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process is sufficient (Dunn, 2008; Pratt & Rouder, 2012). There is little reason to
believe that remember responses reflect threshold-based recollection; they are
easily influenced by manipulations of old-new response bias (Rotello et al., 2005).

3.2.2 Associative recognition and plurality discrimination tasks

A better way of assessing the role of recollection in recognition decisions is to
design tasks in which an accurate response requires recollection. One candidate
task is associative recognition. Participants study pairs of items (A-B, C-D), usually
words, and are asked to remember them together. At test, they must select the
intact pairs that appear exactly as studied (A-B) while rejecting those that are
completely new (X-Y). The interesting challenge presented to participants is that
some of the lures are rearranged pairs (C-B) in which both words were studied, but
with different partners. The assumption is that rejection of the rearranged pairs
requires more than an assessment of familiarity. Because both of the words were
studied, correct decisions about rearranged pairs requires recollection of the
specific studied combinations. A closely related argument has been made about
plurality discrimination (e.g., Hintzman & Curran, 1994), a task in which participants
study nouns in their singular or plural form (trucks, frog), and then must recognize
targets presented in their studied form (trucks) amid plurality-changed (frogs) and
completely new lures.
Early evidence consistent with the dual-process view of associative
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recognition comes from response signal experiments in which participants are
asked to make their recognition judgments immediately after an unknown, variable,
amount of time. On some trials, the response signal occurs very soon after the
memory probe is presented (i.e., within 50-100 ms of probe onset), allowing only a
small amount of processing time prior to decision, whereas on other trials
processing may complete because the signal occurs after a long lag (2000 or more
ms after probe onset). The signal lag varies randomly, so that participants cannot
anticipate the amount of decision time that will available on any given test trial.
Response signal data from associative recognition paradigms are suggestive of
multiple processes with different time courses: for about the first 600 or 700 ms of
processing time, "old" responses to both intact and rearranged pairs increase, as if
familiarity for those memory probes develops over time. After that point, however,
additional processing time yields a decrease in "old" responses to rearranged pairs,
as if the results of a recollection process ("recall-to-reject") begin to contribute to
the decision (e.g., Gronlund & Ratcliff, 1989; Rotello & Heit, 2000).
Plurality discrimination response-signal experiments have revealed the same
type of non-monotonic responses to plurality-changed lures as a function
processing time (Hintzman & Curran, 1994). However, Rotello and Heit (1999)
suggested that dynamic response bias changes may be sufficient to explain those
data. A recollection process is not required by the data because the false alarm rate
to the completely new lures decreases in the same way as the false alarm rate to the
plurality-changed lures, consistent with an increasingly conservative response bias
as processing time elapses. A useful recollection process must do more than mimic a
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familiarity process; it should dominate the decision outcome.
ROCs have also been used to assess whether a high-threshold recollection
process contributes to associative recognition or plurality discrimination, with
somewhat mixed conclusions. If recollection is required to discriminate intact from
rearranged test probes, and if recollection is a high-threshold process as the HTSDT
model assumes, then a linear ROC should result if “old” responses to intact pairs are
plotted against “old” responses to rearranged pairs. Because recollection should be
more likely when items are strongly encoded, a clear prediction of the HTSDT model
is that associative ROCs should be increasingly linear with greater memory strength.
The first reported associative recognition ROCs were linear (Yonelinas, 1997;
Yonelinas, Kroll, Dobbins, & Soltani, 1999, upside-down faces; Rotello, Macmillan, &
Van Tassel, 2000) but virtually all subsequently reported ROCs have been curved
(Yonelinas et al., 1999, right-side up faces; Kelley & Wixted, 2001; Verde & Rotello,
2004; Healy et al., 2005; Quamme, Yonelinas, & Norman, 2007; Voskuilen & Ratcliff,
2016; for an exception, see Bastin et al., 2013). In addition, the degree of curvature
of the associative recognition ROC increases with memory strength (Kelley &
Wixted, 2001; Mickes, Johnson, & Wixted, 2010; see also Quamme et al., 2007), in
contrast to the most natural prediction of the HTSDT model. Macho (2004) showed
that the HTSDT model could fit these associative ROCs, but only by adopting
implausible parameter values such as greater recollection for the more weakly
encoded items.
A simpler and briefer, but otherwise similar, history exists for pluralitydiscrimination ROCs. The HTSDT predictions about the form of the plurality-change

Rotello
40
ROC are analogous to its predictions for associative recognition: target-similar
ROCs based on responses to targets and plurality-changed lures should be linear,
especially as memory strength increases. Rotello (2000), Rotello et al. (2000), and
Arndt and Reder (2002) reported that target-similar ROCs in the pluralitydiscrimination task were linear, but those reported by Heathcote, Raymond, and
Dunn (2006) are curved. The ROCs from these experiments are actually quite
similar looking, despite the different conclusions that were reached (see Kapucu,
Macmillan, & Rotello, 2010, Figure 1). Recently, Slotnick et al. (2016) reported
strongly curved plurality-discrimination ROCs, even when they were based only on
trials for which a "remember" response was given.
There is overwhelming evidence for curved ROCs in both associative
recognition and plurality-discrimination tasks when the study items are welllearned, which is clearly a challenge for the HTSDT model. On the other hand, for
more weakly encoding items, detailed quantitative fits of the data also reveal
systematic deviations from the predictions of both the UVSDT and HTSDT models.
The ROCs for these more poorly learned items are both more linear than the UVSDT
model predicts and more curved than HTSDT expects, leading to curvilinear zROCs
(e.g., DeCarlo, 2007).
A number of explanations have been offered for these systematic distortions
in the ROCs. One account assumes a change in the decision criteria (Hautus,
Macmillan, & Rotello, 2008; Starns, Pazzaglia, Rotello, Hautus, & Macmillan, 2013),
as will be described in detail in the section on source recognition. The other
accounts all rely on changes to the effective target distribution as a consequence of
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mixing trials sampled from a fully-encoded distribution (e.g., item and associative
information available) and trials sampled from a distribution that assumes the study
items were only partially encoded (DeCarlo, 2002, 2003, 2007). According to the
HTSDT model, of course, we could call the fully-encoded distribution "recollection"
and the item-information distributions "familiarity" (Yonelinas, 1994, 1997, 1999a;
see section 2.2.3). Other accounts assume that the associative information is
continuously-valued (Kelley & Wixted, 2001; DeCarlo, 2002, 2003; Greve,
Donaldson, & van Rossum, 2010; Mickes, Johnson, & Wixted, 2010). Mixing
responses from multiple distributions (those with and without associative
information) changes the distribution of evidence associated with a target from its
presumed Gaussian form to something that is non-Gaussian, thus changing the
predicted form of the ROC (see Figure 3). All of these mixture models can generate
ROCs that have a characteristic "flattened" shape for weaker items. For stronger
items, the probability that associative information is unavailable is greatly reduced,
so the mixture distribution predominantly reflects the fully-encoded distribution.
Thus, strong items yield ROCs that are well described by the standard UVSDT model.
Unusual ROC shapes can also be observed if participants make random
response on some proportion of trials, effectively shifting probability mass from one
part of the target distribution to another (Ratcliff, McKoon, & Tindall, 1994). The
impact of this random guessing on the exact shape of the ROC varies as a function of
how those guesses are distributed over confidence ratings (Malmberg & Xu, 2006).
Harlow and Donaldson (2012) provided a recent empirical demonstration of this
consequence of guessing. In a clever associative recognition experiment,
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participants viewed a series of study words that were paired with a specific location
indicated on a circular surround. (Words and locations did not appear on the screen
at the same time.) In a subsequent memory test, participants were shown a studied
word and asked to click the corresponding location on test circle, then to rate their
confidence in their response. The distribution of memory errors was best described
as a mixture of pure guesses (randomly spread around the circle, 30-40% of trials,
depending on test lag) and correct responses (with a certain spread about the true
location, about 10°, due to memory-based loss of precision). The corresponding
ROCs were flatter than the UVSDT model predicts, consistent with the presence of
those random guesses.
In summary, the evidence from the associative recognition and pluralitydetection tasks is somewhat mixed. The ROCs are increasingly curved and
consistent with UVSDT as memory strength increases (Mickes et al., 2010), and
ROCs based only on remember responses are also curved and inconsistent with the
HTSDT interpretation (Slotnick et al., 2016). However, the flattened ROCs that are
consistently observed for more weakly encoded items suggest that the responses
may reflect a mixture of trials for which the associative detail is and is not available
for report (e.g., DeCarlo, 2002; Harlow & Donaldson, 2012). The idea that some
responses are pure guesses is more consistent with a threshold view than a signal
detection process (see Figure 4). We will revisit this issue after reviewing the data
from another task designed to require recollection, namely source recognition tasks.

3.2.3 Source recognition
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Another common task that appears to require recollection is a source
memory task. In this paradigm, participants are asked to judge the context (or
source) in which a memory probe was presented. For example, was it shown in
green or in red? Heard in a woman’s voice or a man’s? The simplest SDT model of
source recognition simply replaces the target distribution in Figure 1 with a target
source (say, male voice) and the lure distribution with the alternative source
(female voice). The simplest HTSDT model assumes that correct source
identification requires recollection; thus the source ROC, which plots correct source
identifications against errors, is assumed to be linear. If the two sources are equally
strong, then the HTSDT model further assumes that the ROC will be symmetric
because po = pn; otherwise it will be asymmetric (with po > pn on the assumption that
the target source is the stronger of the two: Yonelinas, 1999a). The simple SDT
model predicts a curved ROC, as usual.

3.2.3.1 Source recognition ROCs

As in the associative recognition and plurality-discrimination literatures, the
earliest reported source ROCs supported the HTSDT model. Yonelinas (1999a)
reported three experiments in which linear source ROCs were observed. In two
experiments, study items were presented in the two sources in a random order on
the same study list, and the resulting source ROCs were symmetric and linear. In
the remaining experiments, study items appeared on two lists, which served as the

Rotello
44
sources. When the lists were presented during the same experimental session, the
source ROC was linear and slightly asymmetric, but when the study lists were
separated by five days, the source ROC was curved and more strongly asymmetric.
Also echoing the associative recognition and plurality-discrimination literatures, all
subsequently published source ROCs have been curved and inconsistent with the
HTSDT model (e.g., Slotnick et al., 2000; Qin et al., 2001; Hilford, Glanzer, Kim &
DeCarlo, 2002; Dodson, Bawa, & Slotnick, 2007; Onyper, Zhang, & Howard, 2010;
Slotnick, 2010; Parks, Murray, Elfman, & Yonelinas, 2011; Schütz & Bröder, 2011;
Starns et al., 2013; Starns & Ksander, 2016).
Important insight on the discrepancy between the linear and curved source
ROCs comes from Slotnick et al. (2000). Like Yonelinas (1999a, Exps. 2 & 3), they
asked their participants to make both old-new confidence ratings and source
confidence ratings (“sure source A” to “sure source B”) for every memory probe.
Whereas Yonelinas ignored the old-new ratings when plotting his source ROCs,
Slotnick et al. took advantage of them. They assessed the form of the overall source
ROC (exactly as in Yonelinas, 1999) and the "refined" source ROC that results from
including only items for which participants had made the highest-confidence old
decisions. Slotnick et al. reasoned that if a high-threshold process contributes to
responses, then that process should be reflected in both the old-new decisions and
in the subsequent source judgments on the very same items. According to the
HTSDT model, as well as the 2HT model of source memory (Bayen, Murnane, &
Erdfelder, 1996), the refined source ROC should be linear. However, as Slotnick et
al. (2000, see Mickes, Wais, & Wixted, 2009, for a related argument) showed, the
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refined source ROC is actually strongly curved and reasonably consistent with the
EVSDT model.5 A re-analysis of the Yonelinas (1999a) data shows that the source
ROC becomes more linear - not more curved - as trials are included for which lowerconfidence-old (or even "new") decisions are made (Slotnick & Dodson, 2005). This
result is perfectly sensible: as responses to weaker memory items are added to the
ROC, discrimination is reduced towards chance levels, and the chance-level ROC is a
line (see Figure 1).
In a novel defense of the HTSDT model, Parks and Yonelinas (2007) argued
that the curved source ROCs were the result of decisions that were based on
"unitized" familiarity rather than recollection. In effect, this argument assumes that
item-source pairs (or item-item pairs in an associative recognition task) are so wellencoded that they become a single highly-familiar unit. If that were true, then those
refined source judgments should reflect know responses in a remember-know task;
source ROCs based on remember decisions should be linear because remember
responses are a hallmark of recollection (Yonelinas, 2002). Parks and Yonelinas’s
(2007) claim was tested by Slotnick (2010), who reported source ROCs conditional
on a "remember" response. These conditional ROCS are strongly curved and well
described by the UVSDT model. The same conclusion was reached by Mickes et al.
(2010) in a similar analysis of associative recognition ROCs.

5Slotnick

et al. (2000) claimed that the 2HT model could not fit their confidence-based source ROCs.
As described earlier, only binary-response ROCs must be linear according to threshold models, so the
Slotnick et al. data are not convincing. As it turns out, neither are the binary-response source ROCs:
Schütz and Bröder (2011) presented binary-response source ROCS from five experiments. Although
they claimed the ROCs were linear, comparative model fitting of the 2HT and SDT models was
inconclusive (Pazzaglia et al., 2013).
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Consideration of the refined ROCs led to efforts to model the full set of oldnew and source memory confidence ratings simultaneously. This effort expands on
Banks (2000), who was the first to show that old-new recognition and binary source
judgments could be modeled within a single two-dimensional decision space. In this
space, one dimension defines the information that distinguished targets from lures,
and the other dimension defines the information that distinguishes the two sources.
As one might expect, there is now a complete model of recognition and source
memory in each model flavor: a bivariate signal detection model (Banks, 2000;
DeCarlo, 2003; Glanzer, Hilford, & Kim, 2004; Hautus et al. 2008), a discrete-state
model that assumes both recognition and source judgments are 2HT processes
(Klauer & Kellen, 2010), and a hybrid model that assumes a high-threshold
recollection process and continuous familiarity (Onyper, Zhang, & Howard, 2010).
Representations of the SDT and hybrid models are shown schematically in Figures 7
and 8.
< Insert Figures 7 and 8 near here >
A careful comparison of these models on the same data sets (e.g., Yonelinas,
1999a; Slotnick et al., 2000) concluded that the existing data were not powerful
enough to allow selection of the best model (Klauer & Kellen, 2010). Despite being
unable to identify a "winner," some conclusions about the plausibility of the models
may be drawn (see also Pazzaglia et al., 2013). First, the threshold model of Klauer
and Kellen (2010) faces the same challenges as the simpler threshold models
discussed earlier, including the observed curvature of binary recognition ROCs
(Dube & Rotello, 2012; Dube et al., 2012) and the violation of the conditional
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independence assumption that is central to this class of models (Chen et al., 2015).
A broader criticism of the threshold approach is its tremendous flexibility: different
parameter settings can yield ROC-forms that have never been observed empirically.
Similarly, the hybrid source model of Onyper et al. (2010) inherits the challenges of
the HTSDT model.
3.2.3.2 Source decisions to missed targets
There are a few additional arguments that discriminate the SDT approach
from the HTSDT model for source memory. The first point is quite simple: because
both old-new and source judgments are based on continuous information according
to the SDT view (e.g., Banks, 2000; DeCarlo, 2003; Hautus et al., 2008), participants
who set a conservative criterion and respond "new" to a studied item should
nonetheless be able to make a source judgment for that item with accuracy that is
above chance. One easy way to understand this prediction is to consider Slotnick
and Dodson's (2005) refined source ROCs. A conservative old-new criterion could
be placed similarly to the highest-confidence old criterion. As Slotnick and Dodson
showed, source ROCs condition on somewhat lower confidence responses still
discriminated the two sources. In contrast, threshold models of source judgment
predict that "new" decisions are based on guessing, and thus memory for those
items will contain no source details.
Starns, Hicks, Brown, & Martin (2008) tested this prediction in three
experiments. To induce a conservative or liberal old-new bias, they manipulated
participants’ expectations about the proportion of targets and lures on the
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recognition test. Participants were then asked for both old-new judgments and, for
studied words, for source decisions. Participants in the conservative conditions (but
not those in the liberal conditions) were able to discriminate the source of studied
words they had missed on the test, exactly as the SDT model predicts. This result
was challenged by Malejka and Bröder (2016), who argued that asking for source
judgments only for studied items provided some feedback to participants about the
accuracy of their old-new response, which may have caused them to re-evaluate
memory on those trials. They re-ran Starns et al.'s (2008) experiments, asking for
source judgments for all test items and finding no difference in source accuracy as a
function of bias. However, their bias manipulation was less effective than that of
Starns et al. (2008); in particular, their conservative condition was not nearly as
conservative, which may account for the reduced source accuracy.

3.2.3.3 zROC slopes and curvature are affected by decision processes

A third argument in favor of the SDT models over the HTSDT model stems
from a prediction about how the slope of the source zROC is influenced by the
relative strengths of the two sources (S1 and S2). If items appearing in each source
are studied the same number of times, then the source information should be
equally easy (or hard) to recollect. In other words, RS1 = RS2 and the slope of the
zROC is 1. On the other hand, suppose that the items studied in one source (say, S2)
are strengthened relative to those in the other source (S1), perhaps by presenting
the items in S2 twice each and the items in S1 only once each. In that case, the
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HTSDT model predicts that recollection should be increased for the stronger source,
so RS2 > RS1. The slope of the zROC will then depend on which source is selected to
be the “target” source that defines the y-axis. If S2 is the target source, then the
slope of the zROC will be less than 1, and if S1 is the target source, the slope of the
zROC will be greater than 1. Starns et al. (2013) called this experimental design
“unbalanced” because the source strengths are not equal; they confirmed that the
source slope depends on which source is the target.
An interesting test of the HTSDT model comes from experiments with
balanced but variable source strengths. In this design, both S1 and S2 items are
studied an equal number of times, but for half of the items in each source the
encoding is weak (one study exposure) and for the remaining items the encoding is
stronger (two study exposures). Because the source strengths are equal overall, the
HTSDT model predicts the source zROC slope will be 1. The predictions of the SDT
models are different. According to SDT, the optimal decision bounds for the source
decision are likelihood-based (these are shown in Figure 7 for a specific data set).
These curved decision bounds naturally capture the intuition that participants
should be unwilling to make high-confidence source decisions for weakly-encoded
items that they have low-confidence they’ve even studied. For stronger items,
confidence in the old decision is higher, and the probability of a higher-confidence
source decision increases; because item and source strengths are correlated, these
higher-confidence source responses are also likely to be accurate. Starns et al.
(2013) showed that the SDT model predicts the source zROC slopes in the balanced
design will differ as a function of whether the stronger or weaker item source serves
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as the target source, exactly like the HTSDT model’s predictions for the unbalanced
design. In three experiments, the balanced design produced “crossed” source zROC
slopes as predicted by the SDT model but not by the HTSDT model.
Starns and Ksander (2016) showed that the source zROC slope effect
depends on item strength, not source strength. Thus, the slope effect must be due to
the decision process rather than the underlying evidence distributions. Starns and
Ksander (2016) had participants study words paired with a male or female face, or
with a picture of a bird or a fish. In the no-repetition condition, each item-face
combination was studied once. In the same-source repetition condition, item-face
pairs were studied three times each. And in the different-source repetition
condition, each word was studied twice with either a bird or a fish image, and then
once with a male or female face. Although male-female source accuracy was lower
in the different-source repetition condition than in the no-repetition condition, highconfidence male-female source judgments were more frequent. In addition, the
zROC slopes crossed exactly as in Starns et al. (2013). Both of these effects are
consistent with the predictions of the bivariate SDT model with likelihood-type
decision bounds (e.g., Hautus et al., 2008).6
In the associative recognition literature, the appearance of relatively
flattened ROCs and curved z ROCs has been interpreted in terms of mixtures of trials
drawn from distributions that do and don’t contain associative information. The
When fit to data, the threshold (Klauer & Kellen, 2010) and hybrid (Onyper et al., 2010) bivariate
models of item and source memory also yield parameters consistent with the idea that participants
are reluctant to give high-confidence source judgments to items they do not remember well (see
Figure 8). For these models, however, the parameters are arbitrary; unlike the bivariate SDT model
(e.g., Hautus et al., 2008), nothing about the structure of the threshold and hybrid models dictates the
likelihood-type decision bounds.
6
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bivariate SDT models of source memory suggest an alternative explanation that
rests in the nature of the decision bounds rather than the evidence distributions.
Specifically, the convergence of the decision bounds in the bivariate SDT model (Fig.
7) that predicts the observed source zROC slopes (Starns et al., 2013; Starns &
Ksander, 2016) also accounts for the relatively flattened source ROC shape and the
presence of curvature in the z ROC (Hautus et al., 2008). As Starns, Rotello, and
Hautus (2014) explained, that curvature occurs because strongly encoded items
tend to receive both high-confidence old and high-confidence (and correct) source
decisions, whereas more weakly encoded items tend to be assigned lowerconfidence responses on both scales. This means that the end points of the source
ROC tend to be based on responses to more well-learned items (with higher source
accuracy), and the mid-points of the ROC tend to be based on responses to more
poorly-learned stimuli (with source accuracy closer to chance); a flattened ROC and
curved z ROC are the result.

3.2.3.4 Source memory provides some evidence for (continuous) recollection

The data discussed so far have consistently supported the UVSDT model over
its competitors. Particularly problematic for the HTSDT model has been its
assumption of a threshold recollection process. As Wixted and Mickes (2010)
pointed out, however, there is no reason to assume that a recollection process has
threshold characteristics. They suggested the alternative view that recollection
operates as a continuous, signal detection process, the result of which is usually
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summed with the result of the familiarity process. Together, these two processes
are usually completely consistent with the UVSDT model; Wixted and Mickes
termed this model the continuous dual process (CDP) model (see section 2.2.2).
There are some limited circumstances in which the UVSDT and CDP models
may be distinguished. Wixted and Mickes (2010) partitioned the highest-confidence
“old” decisions that were associated with remember and know responses, and then
separately calculated recognition and source memory accuracy for those two types
of subjective report. Source accuracy was higher after remember than know
responses, even though overall recognition accuracy was equated. These data
provide some evidence that remember decisions may reflect recollection after all,
albeit in a continuous form. That basic effect was replicated and strengthened by
Ingram, Mickes, and Wixted (2012), who reported that source accuracy was higher
after lower-confidence remember judgments than after high confidence know
decisions. Even more convincing are the state-trace analyses for all of these
experiments, which were non-monotonic and consistent with the contribution of
more than process to these recognition and source decisions (Dunn & Kirsner,
1988).

3.2.3.5 Summary of the source recognition data

Overall, the source recognition data are more consistent with the UVSDT
approach than with either the HTSDT or 2HT models. The slopes of the source
zROCs are systematically affected by item strength and the decision bounds in the
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bivariate UVSDT model (Starns et al., 2012; Hautus et al., 2008). The flattened ROC
shapes (and slightly curved zROCs) are also explained by the decision bounds in the
bivariate model, or by a mixture process as assumed by the MSDT model (DeCarlo,
2003).

3.3

Expanding the Data: Beyond ROCs

The data discussed so far have largely come from ROC experiments, and have
provided evidence in favor of the UVSDT model over the others. A powerful
advantage of signal detection models is that they not only separate response bias
from decision accuracy within a task and show how different types of errors trade
off against one another, they also make specific predictions about how accuracy
should compare across tasks. Comparing model parameters across different
empirical paradigms provides converging evidence on the quality of a model, in the
form of a test of its generalization ability. In this section, data from several different
paradigms will be considered, including the commonly-used two-alternative forced
choice (2AFC) task. We’ll also consider two less familiar paradigms: the oddity task,
in which participants see three test items (2 lures and a target or 2 targets and a
lure) and must choose the “odd one out,” and the so-called second choice paradigm
in which participants are given four memory probes (3 of which are lures) and they
get two chances to identify the target. Finally, data from some recent experimental
tests of the models under “minimal assumptions” will be discussed.

Rotello
54

3.3.1 Two-alternative forced choice recognition

3.3.1.1 Accuracy comparison with old-new recognition

In a 2AFC recognition task, participants are presented with a study list and
then face a test on which the memory probes are presented in pairs. Typically, only
one of the test items was studied, and the participants’ task is to select that item, the
target. This task can be accomplished by comparing the memory strengths of the
two stimuli, selecting the one with greater strength as the “old” member of the pair.
The one-dimensional model in Figure 1 serves as our theoretical starting point. The
target comes from a Normal distribution that has a mean of d'YesNo and a standard
deviation of 1; the lure comes from a Normal distribution with a mean of 0 and
standard deviation of 1. The difference between the two strengths, target-lure or
lure-target, is also normally distributed with a mean of d' YesNo (or -d' YesNo ) and a
standard deviation of √2. The participants’ task is to discriminate the target-lure
pairs from the lure-target pairs; Figure 9 shows that their overall accuracy is
predicted to be

d2! AFC =

!
2 dYesNo
!
= 2 dYesNo
2

(13)

In other words, SDT tells us that performance in the 2AFC task should be easier than
in an old-new recognition task, by a factor of √2: a d' score of 1.5 in a 2AFC task is
equivalent to a d'YesNo of 1.06 = 1.5/√2.
< Insert Figure 9 near here >
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The theoretical relationship between old-new recognition and 2AFC
performance is clearly established by SDT. Early tests of this prediction, using
auditory and visual detection tasks, were successful (see Green & Swets, 1966, for a
summary). In the domain of recognition memory, the assessment of the SDT
prediction has run in parallel with an assessment of competing models such as the
HTSDT and MSDT models.
Kroll, Yonelinas, Dobbins, and Frederick (2002) used old-new recognition
responses to estimate the parameters of the HTSDT and EVSDT models. Those
parameters were then used to predict the percentage of correct responses on a
2AFC task with the same materials. Kroll et al. (2002) concluded that the HTSDT
model more accurately predicted 2AFC performance than the EVSDT model.
However, as Smith and Duncan (2004) noted, there are two major problems with
that analysis. First, the UVSDT model is more appropriate than its equal-variance
cousin for recognition memory tasks (see section 3.1), and second, a stronger test of
the models focuses on whether its parameters are consistent across tasks. Many
different combinations of parameter values in the old-new recognition model can
result in the same value of percent correct on the 2AFC test, making percent correct
a weak target for model assessment.
Jang, Wixted, and Huber (2009) had participants complete both a confidencerating item recognition task and a 2AFC recognition task with confidence ratings;
the two types of trials were randomly intermixed on the test. The resulting old-new
recognition ROC was curved with a zROC slope of 0.7, whereas the 2AFC ROC was
curved and symmetric. Three different models (UVSDT, HTSDT, and MSDT) were fit
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to both ROCs simultaneously, so that the same parameters were required to fit both
tasks. For example, the UVSDT was constrained to have a single discrimination
parameter that was related across tasks as described by Equation 13. For the
HTSDT model, the recollection parameter was set to be constant across tasks;
because the familiarity process operates as a signal detection model, the d’
parameter in each task was defined by Equation 13. Finally, the signal detection
component of the MSDT model was also assumed to comply with Equation 13, and
the attention parameter was fixed to be equal in both old-new and 2AFC
recognition. In both a new experiment and a reanalysis of Smith and Duncan’s
(2004) data, the UVSDT model clearly provided the best fit of individual
participants’ data.

3.3.1.2

The relationship of accuracy and confidence in 2AFC tasks

Forced choice tasks have played another interesting role in the recognition
literature. Rather than focusing on the predicted accuracy relationship across tasks,
these 2AFC studies have investigated the relationship between participants’
decision accuracy and their confidence. All of the signal detection models we’ve
considered make the assumption that old-new memory decisions and confidence
ratings are based on the same underlying evidence axis; confidence criteria and the
old-new criterion are simply different locations on that axis. For this reason, the
SDT models predict that empirical factors that influence accuracy should also
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influence confidence in the same manner, with higher levels of confidence
corresponding to higher levels of accuracy.
Tulving (1981) was the first to report that accuracy and confidence in a 2AFC
recognition memory task had an “inverted” relationship: confidence was higher in
the condition with lower accuracy. In Tulving’s experiment, participants studied a
series of photographs and then were tested in a 2AFC task in which the lure item
was either highly-similar to the target in that pair (A/A' pairs, where A was studied)
or was highly-similar to a different studied item (A/B' pairs, where both A and B
were studied). Participants were more confident in their responses to the A/B'
pairs, but were more accurate for the A/A' pairs. This basic effect has been
replicated several times (Chandler, 1989, 1994; Dobbins, Kroll, & Liu, 1998;
Heathcote, Freeman, Etherington, Tonkin, & Bora, 2009; Heathcote, Bora, &
Freeman, 2010), and appears to offer a true puzzle for SDT models.
As it turns out, though, SDT can easily and simultaneously account for both
the confidence and accuracy effects. Signal detection’s description of the 2AFC task
is that participants select the target by calculating the difference in strengths of the
two items at test (see section 3.3.1.1). As Clark (1997) point out, however, the A/A'
pairs are not independent random variables: they share variance by virtue of their
similarity to one another, and therefore the variance of the A-A' strength difference
is s2A + s2A' - 2cov(A, A'). In contrast, the A-B' difference has a larger variance: s2A +
s2B'. There are two consequences of this reduced variance for the A/A' test pairs.
First, selection of the studied photo from the A/A' pairs is easier than for A/B' pairs.
That’s because the mean strength difference is the same for both tests (A' and B' are
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both equally similar to their corresponding studied item), but the variability is
lower, which increases discrimination. That accounts for the accuracy effect, as
shown in Figure 10. Second, assuming confidence is roughly determined by
distance from the decision criterion, which could plausibly be set at the zero point
where there’s no strength difference between the test items, then the average
confidence level for the A/A' pairs will be higher than for the A/B' pairs. So, the
same covariance difference accounts for both the increased accuracy and the
decreased confidence. Indeed, Heathcote et al. (2010) successfully modeled the
results of their experiments and Dobbins et al.’s (1998), all of which involved
remember-know judgments, using Clark’s model plus a remember-know criterion
with a location that varied randomly from trial to trial. That SDT model fit the data
better than an HTSDT variant proposed by Dobbins et al. (1998).
< Insert Figure 10 near here >

3.3.2 Oddity Task

O'Connor, Guhl, Cox, and Dobbins (2011) tested participants on an unusual
task, using the oddity paradigm. In an oddity task, participants are shown three
memory probes simultaneously. There are either two targets and a lure, or two
lures and a target; the participant's task is to select the "odd" item that is of a
different stimulus class than the others. This task is not in common use outside of
the food science literature, but has been argued to be appropriate for requesting
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discriminations that are difficult to describe. For example, Macmillan and Creelman
(2005) suggested that an oddity task might be appropriate for testing the ability of
novices to discriminate two different types of red wine.
O'Connor et al. generated predictions of the HTSDT model for the oddity task,
concluding that the model expects higher accuracy when a lure is the odd item.
Essentially, this prediction arises because only targets can be recollected: on
average, the HTSDT has more information about targets than about lures. According
to the UVSDT model, on the other hand, decisions may be made based on a
differencing strategy like that used for 2AFC paradigm, except that two differences
are required (item 1 – item 2; item 2 – item 3). Each possible combination of trial
types (i.e., lure-target-target, target-lure-target, etc) produces a unique combination
of expected difference scores, allowing identification of the odd item (see Macmillan
& Creelman, 2005, for details). Alternatively, participants may simply order the
memory strengths of the three items and then compare the middle strength to an
unbiased old-new decision bound. If the middle item falls above (below) that
criterion, then the weakest (strongest) item should be selected as the odd item.
Because the target distribution is known to be more variable than the lure
distribution in recognition memory tasks, both SDT decision rules lead to the
prediction that accuracy will be higher when the target is the odd item: in that case
the two lures will likely be closer together in strength than two targets would be.
In a series of experiments and simulations, O'Connor et al. found that the
lures were easier to identify as odd, consistent with a model that assumes
recollection contributes to the decision. Given the evidence against threshold
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recollection, however, Wixted and Mickes' (2010) continuous dual-process model is
likely to be more successful overall than the HTSDT model. And as O'Connor et al.
(2011) realized, there is also a version of the UVSDT model that can account for the
higher accuracy on lure-odd trials: if the old-new decision criterion is set liberally,
then most targets will fall above that criterion, allowing the lure to be readily
identified.

3.3.3 Second choice tasks
Parks and Yonelinas (2009) brought a different task from the perception
literature (Swets, Tanner, & Birdsall, 1961) to the recognition memory literature,
and applied it to both item and associative recognition. They gave participants four
memory probes to choose from (one target and 3 lures), and two tries to select the
target. Threshold and SDT models make different predictions about how the second
choice responses should be related to the first choice. For the threshold model in
which only targets can be detected, the first selection should be the target, if it is
detected (Kellen & Klauer, 2011). Lures can never be detected as old in this model,
so that response strategy would always lead to a correct decision on the initial
response. Because only one of the response options is a target, failure to select it
first means that both the first and second choices must be a consequence of a
random guessing process from a state of uncertainty. Thus, first and second choices
will be unrelated to one another.
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In the SDT model, the second choice will be systematically related to the first.
The participant is assumed to select the option that has the greatest strength, which
will usually be a target (DeCarlo, 2013). If, due to distributional overlap, the
strongest item happens to be a lure, then the second choice is likely to be the target,
because the probability that two lures will fall in the upper tail of the distribution is
low.
In item recognition, Parks and Yonelinas (2009, see also Kellen & Klauer,
2014) found that the second choice responses were related to first choice,
consistent with the UVSDT model and inconsistent with the HTSDT model. In
contrast, associative recognition second-choices were unrelated to first choice
responses, a result that seems to suggest a threshold interpretation consistent with
recollection contributing to associative responses. The problem with that
conclusion, of course, is that the HTSDT account of the associative recognition ROCs
(see section 3.2.2) assumes that "unitization" leads participants to respond to based
on familiarity, a UVSDT process (see Equation 9).
Another challenge for the interpretation of these second choice responses is
that that the analyses fail to account for model complexity. Consistent with earlier
analyses for confidence-based recognition ROCs (Jang et al., 2011), but not
remember-know data (Cohen et al., 2008), Kellen and Klauer (2011) argued that the
UVSDT model is more flexible than the other models when applied to data from this
second-choice task. For this reason, they conclude that either the HTSDT or MSDT
model provides the best description of the data. However, their conclusions are
based on normalized maximum likelihood. This criterion may have too strong of a
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preference for simple models, because when applied to old-new recognition data it
concludes in favor of models that generate symmetric ROCs (Kellen et al., 2013).

3.3.4 Minimal assumption tests

Many of the predictions for particular model outcomes depend on
assumptions about the model that may not be essential properties of that model.
For example, the assumption that the SDT models involve Gaussian evidence
distributions is a convenience rather than a necessity of the model. So-called
minimal assumption tests of these model attempt to side step these ancillary
assumptions, thus making predictions that reflect the core properties of the model,
rather than the details of how it happens to be implemented.
One minimal assumption test is that the SDT models predict that fewer
extreme errors (high-confidence misses or false alarms) should be made as memory
strength increases. This prediction follows directly from the decreasing overlap of
the target and lure distributions (see Figure 1). In contrast, the 2HT model assumes
that extreme errors result from guessing; the conditional independence assumption
requires that responses based on guessing are independent of memory strength
(see section 3.1.2). Kellen and Klauer (2015) tested these competing predictions by
focusing on high-confidence misses ("sure new" decisions for targets). Their data
were consistent with the 2HT model's predictions, leading them to conclude that
there is no direct mapping of memory evidence to response confidence. Of course,
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this conclusion contradicts the results of a great many other experiments on
recognition memory.

4

Challenges

We've seen that the evidence from a variety of memory tasks supported the
UVSDT model over its competitors. Despite the near unanimity of that success,
there are some challenges that must be faced. Several of these challenges stem from
a failure of virtually all recognition memory studies to consider all variables in the
experiment, including both those that are part of the design (e.g., item and subject
effects) and all possible dependent measures (i.e., reaction times).

4.1

Aggregation Effects

One issue faced by all of the models is the problem of data aggregation (Pratt,
Rouder, & Morey, 2010; DeCarlo, 2011; Pratt & Rouder, 2011). Our modeling
efforts usually involve collapsing responses over trials, subjects, or both. We know
that there are individual differences in participants' response strategies in these
tasks (e.g., Kapucu et al., 2010; Jang et al., 2011; Kantner & Lindsay, 2012), yet we
typically ignore those differences and consider only group-level behavior. The
consequences for the model fits are not necessarily bad (Cohen, Sanborn, & Shiffrin,
2008; Cohen et al., 2008), but certainly should be evaluated. Likewise, we almost
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invariably ignore item effects that also occur (e.g., Freeman, Heathcote, Chalmers, &
Hockley, 2010; Isola, Xiao, Parikh, Torralba, & Oliva, 2014). Pratt et al. (2010; see
also DeCarlo, 2011) demonstrated that aggregation of data over items and subjects
can systematically distort our conclusions: In item recognition tasks, overestimation
of accuracy effects and underestimation of zROC slopes can result. Aggregation
disguises variability, meaning that we also have too much confidence in the stability
of our parameter estimates. Hierarchical modeling approaches have been
developed to address these challenges (e.g., Klauer, 2006, 2010; Pratt et al., 2010;
Pratt & Rouder, 2011), but have yet to be widely adopted.

4.2

Reaction Times

We saw earlier that reaction times have successfully discriminated different
interpretations of remember-know responses, concluding in favor of the UVSDT
model (Wixted & Stretch, 2004; Rotello & Zeng, 2008; Wixted & Mickes, 2010). In
addition, diffusion model fits to binary-response recognition memory data provide
converging evidence for the UVSDT model (Starns et al., 2012). Despite these
positives, newer models developed to simultaneously fit both confidence ratings
and reaction time distributions present an interpretive challenge to those studies
(Ratcliff & Starns, 2009; Voskuilen & Ratcliff, 2016; see also Van Zandt, 2000;
Pleskac & Busemeyer, 2010). Ratcliff's RTCON model includes two sets of criteria
that together predict the ROC and RT distributions for the task. The confidence
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criteria are like those in Figure 1; they partially determine the predicted points on
the ROC. The areas under the curve between those confidence criteria also yield the
mean drift rates for a set of diffusion processes, one for each confidence level.
Responses are made when the first diffusion process hits its decision criterion,
resulting in both a response time and a confidence rating. Thus, the decision criteria
determine the reaction time distributions, but because the model is fit to all of the
data simultaneously, the confidence parameters are constrained by decision
parameters, and vice versa, and both sets of criteria constrain the estimated
evidence distributions. A consequence is that the slope of the zROC does not
correspond to the ratio of standard deviations of the lure and target distributions, as
the UVSDT model assumes. For this reason, Ratcliff and colleagues (Ratcliff &
Starns, 2009; Voskuilen & Ratcliff, 2016) caution against relying on zROC slopes as a
basis for theoretical conclusions.

4.3. Criterion Variability

A different criticism of using zROC slopes to draw theoretical conclusions
comes from experiments in which confidence ratings are collected across test lists
that vary in their base rate of targets and lures (Schulman & Greenberg, 1970; Van
Zandt, 2000). These studies yield data that appear to violate the core assumptions
of signal detection theory. As described in sections 3.1.1 and 3.1.2, zROCs can be
constructed across lists, using the different base rates to generate the operating
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points, and they can also be constructed within lists using the confidence ratings.
According to SDT models, both zROCs are based on the same underlying evidence
distributions, so the same slope should be estimated from both methods. In
contrast to this prediction, steeper confidence-based zROC slopes were observed on
tests that included a higher proportion of targets. For this reason, Van Zandt
(2000) concluded that the UVSDT model could not account for the data. However,
this conclusion fails to consider the influence of criterion variability. As Rotello and
Macmillan (2008) argued, Treisman and Williams' (1984) model of criterion
variability predicts the observed pattern of slopes, without any modification to the
underlying signal detection model.
Essentially, Treisman and Williams (1984) argued that criterion location is
determined by three factors. Task demands and the first few test trials set the
criterion initially, then on each trial the criterion is shifted toward the average of the
recently observed evidence values so that finer discriminations may be made. The
shift toward the recent-mean is offset by a tendency to adjust the criterion so that
the same response is more likely on the next trial, allowing sequential dependencies
to occur (Malmberg & Annis, 2012). When confidence criteria are required, the
more extreme criteria tend to have greater variability because the probability of
observing a test item from the upper tail of the target distribution (or the lower tail
of the lures) is low. The overall effect of Treisman and Williams’s three factors is
that the presence of more targets than lures increases "old" confidence criterion
variability to a greater extent than "new" confidence criterion, and the opposite is
true for tests that include a relatively more lures.
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Across trials, this means that there is noise in the location of the criterion as
well as the evidence (Wickelgren & Norman, 1966; Norman & Wickelgren, 1969).
This means that the slope of the zROC is not just the ratio of the standard deviation
of the lures (1) to the targets (s), it’s actually

slope =

(1+ σ )
2
c

s 2 + σ c2

(14)

where s2c is the variance of the criterion location. These evidence and criterion
components of variance cannot be separated empirically using a standard
experimental design (but see Benjamin, Diaz, & Wee, 2009 and Mueller &
Weidemann, 2008, for two attempts, and Kellen, Klauer, & Singmann, 2012, for
criticism). In fact, we don't need to measure both evidence and criterion noise
separately to know that both are present: the data reported by Van Zandt (2000)
and by Schulman and Greenberg (1970) confirm earlier simulation work by
Treisman and Faulkner (1984) and demonstrate that the criterion noise is both
present and systematic.

4.4

Residual Analyses Reveal Potential Problems for All Models

Recently, Dede, Squire, and Wixted (2014) proposed a new strategy for
evaluating the relative fit of models of recognition memory. Specifically, they
suggested looking at the pattern of residuals between observed data and the
models’ best fitting predictions. If the residuals for a particular model are
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systematic across data sets, then that indicates a problem inherent to the model. On
the other hand, if the residuals are not systematic then they reflect random noise in
any given experimental outcome, lending credibility to that model. Dede et al.
(2014) applied this strategy to four recognition memory data sets, with the goal of
deciding whether the HTSDT or UVSDT model offers the better explanation. The
HTSDT fits yielded the same systematic pattern of residuals across all four data sets,
whereas the residuals for the UVSDT model appear to reflect only statistical noise,
suggesting that the UVSDT model provides the better overall account of these data.
Dede et al.’s (2014) results are promising. On the other hand, Kellen and
Singmann (2016) adopted the same basic strategy of analyzing residuals and
reached a different conclusion. Kellen and Singmann fit a larger number of data
sets, included the MSDT model in the evaluation, and used a different criterion for
defining systematic residuals. They found that all of the models under consideration
displayed at least some systematic deviations from the data. It remains an open
question whether these residuals reflect core assumptions of each of the models, or
whether they reflect ancillary details such as the assumed form of the evidence
distributions.

5

Conclusion

Across a wide range of recognition memory tasks, including those thought to
rely heavily on a recollection process, the unequal-variance signal detection model
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provides a consistently – almost unanimously – better fit to data than that offered by
competing models. Assessments of model flexibility indicate that the success of the
UVSDT model is not due to intrinsically greater flexibility. Instead, this simple
model appears to provide an excellent description of recognition memory
performance. As such, it should serve as the foundation for research on recognition
memory in domains as varied as "real-world" applications of memory (i.e.,
eyewitness identification decisions: Mickes, Flowe, & Wixted, 2012,) and the
neurological basis of recognition (e.g., Squire, Wixted, & Clark, 2007).

Comment [CR1]: Cross reference chapter
02025. Eyewitness Identification
by Laura Mickes
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Table 1. Parameters of the models when fit to a confidence-rating ROC with m
confidence bins.
Model

Sensitivity
Parameter(s)

EVSDT
UVSDT
HTSDT
MSDT
2HT

d’
d
R, d’
dFull, dPartial
po, pn

Variance or
Mixture
Parameter
-s
-l
--

Criterion
Locations

State-response
mapping parameters

m-1
m-1
m-1
m-1
--

----Varies.
Maximum = 3(m-1).
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Figure Captions
Figure 1. Top row: Equal-variance signal detection (EVSDT) model decision space
(left panel), example ROCs (middle panel), and corresponding zROCs (right panel).
Bottom row: Unequal-variance signal detection (UVSDT) model decision space (left
panel), example ROCs (middle panel), and corresponding zROCs (right panel).
Figure 2. High-threshold signal detection (HTSDT) model. Left panel: decision
space for targets. Lure decision space is identical to EVSDT. Middle panel: example
ROCs for three recollection probabilities (.2, .4, .6) and a constant d’ (1.5). Right
panel: corresponding zROCs.
Figure 3. Mixture signal detection (MSDT) model. Left panel: decision space. Lure
distribution on the left, distribution for unattended targets (dashed distribution),
and attended target distribution on the right. Middle panel: Example ROCs for three
values of l (.2, .4, .6). Right panel: corresponding zROCs.
Figure 4. Double high-threshold (2HT) model for binary (old-new) decision task.
Left panel: decision space, T = Target; L = Lure ; ? = uncertain state Middle panel:
Example ROCs for three values of po (.2, .4, .6) and three values of pn (.05, .25, .45).
Right panel: corresponding zROCs.
Figure 5. Double high-threshold (2HT) model for confidence rating task. Left
panel: decision space, T = Target; L = Lure; ? = uncertain state. Middle panel:
Example ROCs for po = .6, pn = .45 and three different sets of detect state to response
mapping parameters. Right panel: corresponding zROCs.
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Figure 6. Example fits of the competing models to an item recognition task. Data
(circles) are from a single subject in Egan (1958, Exp. 1), reported in his Table 1.
Best-fitting model predictions are shown. The MSDT and HTSDT models make
identical predictions for these data, though the MSDT requires an extra parameter
to do so. All models except the EVSDT provide acceptable fits (they cannot be
rejected by a G2 goodness of fit measure).
Figure 7. Decision space for Hautus et al.’s (2008) bivariate model of item and
source recognition. Horizontal lines reflect the old-new confidence criteria, which
depend only on the old-new evidence dimension. Curved boundaries indicate the
optimal (likelihood-based) source confidence criteria (“1” = Sure Source B; “6” =
Sure Source A). From: Hautus, M., Macmillan, N. A., & Rotello, C. M. (2008). Toward
a complete decision model of item and source recognition. Psychonomic Bulletin &
Review, 15, 889-905. Figure 8. Reprinted with permission of Springer.
Figure 8. Decision space for Onyper et al.’s (2010) model of source and item
recognition. Like the HTSDT model, this model assumes source information is
recollected with some probability (upper distributions). In the absence of
recollection, responses are based on familiarity (lower distributions). Confidence
ratings (‘1’ though ‘9’) depend only on the item or source dimension. From: Onyper,
Zhang, & Howard (2010). Some-or-none recollection: Evidence from item and
source memory, Journal of Experimental Psychology: General, 139, 341–364, Figure
6A. Reprinted with permission of the American Psychological Association.
Figure 9. Two-alternative forced choice (2AFC) decision space.
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Figure 10. Heathcote et al.’s (2010) model of the 2AFC confidence-accuracy
inversion data. Positive differences result in correct decisions; negative differences
in errors. Confidence is defined by distance to the criterion (0-point). Remember
responses are made for differences larger than the R/K criterion, and know
responses for small differences. The arrow indicates trial-to-trial variability in the
location of the R/K criterion. Adapted from: Clark, S. E. (1997). A Familiarity-Based
Account of Confidence-Accuracy Inversions in Recognition Memory. Journal of
Experimental Psychology: Learning, Memory, & Cognition, 23, 232-238. Adapted with
permission of the American Psychological Association.
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