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Retro-cues (i.e., cues presented between the offset of a memory array and the onset of a probe) have
consistently been found to enhance performance in working memory tasks, sometimes ameliorating the
deleterious effects of increased memory load. However, the mechanism by which retro-cues exert their
influence remains a matter of debate. To inform this debate, we applied a hierarchical diffusion model
to data from 4 change detection experiments using single item, location-specific probes (i.e., a local
recognition task) with either visual or verbal memory stimuli. Results showed that retro-cues enhanced
the quality of information entering the decision process—especially for visual stimuli—and decreased
the time spent on nondecisional processes. Further, cues interacted with memory load primarily on
nondecision time, decreasing or abolishing load effects. To explain these findings, we propose an account
whereby retro-cues act primarily to reduce the time taken to access the relevant representation in memory
upon probe presentation, and in addition protect cued representations from visual interference.

Public Significance Statement
People can hold in mind only a small amount of information for ongoing processing. This limited capacity
arises in part because memory representations compete with each other, leading to confusions, and
because representations can be damaged by other distracting information. Attention can be used to
prioritize 1 memory element, thereby improving the speed and accuracy of decisions that depend on it.
Our study uses modeling to show that the advantage conferred by focusing attention on 1 memory
representation results from its advance retrieval and consequent protection from competition from other
memory items and from interfering external input. Our study expands our knowledge of the mechanisms
by which attention and memory interact to guide our thoughts and actions.
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When we try to increase the amount of information we commit to
short-term or working memory,1 our performance suffers. Typically,
as load increases, responses become slower, less accurate, or both.

Load effects constitute the main piece of evidence for a limited
capacity of working memory. Accordingly, any plausible model of
working memory must account for load effects. The capacity limit
has been characterized in a number of ways, including limitations
of a continuous resource (e.g., Bays, 2014; van den Berg, Shin,

Chou, George, & Ma, 2012), limitations of a discrete resource (i.e.,
a limited number of “slots” available for storage; e.g., Cowan,
2001; Zhang & Luck, 2008), interitem interference (e.g., Farrell &
Lewandowsky, 2002; Oberauer & Lin, 2017), and time-based
decay (e.g., Barrouillet, Bernardin, & Camos, 2004).

Load effects are often interpreted as direct reflections of a fixed
capacity limit of working memory—for instance, when observed
accuracies at different levels of load are directly translated into
estimates of capacity (e.g., Cowan, 2001; Hartshorne, 2008; Sligte,
Scholte, & Lamme, 2008). This interpretation is called into ques-
tion by the observation that load effects on both speed and accu-
racy are reduced when attention is directed to the to-be-tested
information in working memory before the test. This evidence
primarily comes from the so-called “retro-cue paradigm.”2 In its

1 Both terms, STM and working memory, are currently in use for the
same theoretical construct. We will refer to it as working memory.

2 The term “retro-cue” has variously been used as an abbreviation for
“retrodictive cue” (e.g., Astle, Summerfield, Griffin, & Nobre, 2012;
Broadway, Hilimire, & Corballis, 2012; Nobre, Griffin, & Rao, 2008),
“retrospective cue” (e.g., Astle, Summerfield, et al., 2012; Berryhill, Rich-
mond, Shay, & Olson, 2012; Kuo, Stokes, & Nobre, 2012), and “retroac-
tive cue” (e.g., Cowan, 2011; Kuo et al., 2012). We intentionally use the
abbreviated form, leaving the reader free to imagine that we share their
preference for one or other of the unabbreviated versions.

This article was published Online First May 29, 2017.
Peter Shepherdson, Klaus Oberauer, and Alessandra S. Souza, Cognitive

Psychology Unit, Department of Psychology, University of Zurich.
We thank Laura Rerko for her involvement in the planning of and data

collection for the experiments reported here, and thank Philip Smith for their
insightful and constructive feedback on an earlier version of this article. This
article is based on data presented at the Annual Meeting of the Psychonomic
Society, in Chicago, IL, in November 2015. This project was supported by a
grant from the Forschungskredit (Project No. FK-13-083) to Alessandra S.
Souza and by a grant from the Swiss National Science Foundation (Project No.
143333) to Klaus Oberauer.

Correspondence concerning this article should be addressed to Peter
Shepherdson, Cognitive Psychology Unit, Department of Psychology, Uni-
versity of Zurich, Binzmühlestrasse 14/22, Zurich, 8050. E-mail:
p.shepherdson@psychologie.uzh.ch

T
hi

s
do

cu
m

en
t

is
co

py
ri

gh
te

d
by

th
e

A
m

er
ic

an
Ps

yc
ho

lo
gi

ca
l

A
ss

oc
ia

tio
n

or
on

e
of

its
al

lie
d

pu
bl

is
he

rs
.

T
hi

s
ar

tic
le

is
in

te
nd

ed
so

le
ly

fo
r

th
e

pe
rs

on
al

us
e

of
th

e
in

di
vi

du
al

us
er

an
d

is
no

t
to

be
di

ss
em

in
at

ed
br

oa
dl

y.

Journal of Experimental Psychology:
Human Perception and Performance

© 2017 American Psychological Association

2018, Vol. 44, No. 2, 286–310
0096-1523/18/$12.00 http://dx.doi.org/10.1037/xhp0000448

286

mailto:p.shepherdson@psychologie.uzh.ch
http://dx.doi.org/10.1037/xhp0000448


prototypical form (Griffin & Nobre, 2003), this paradigm involves
the presentation of a memory array, a cue drawing attention to one
of the items in the array, and a probe that must be compared with
the preceding items, as illustrated in Figure 1. When the retro-cue
validly indicates the item to be tested, accuracy increases and
responses are faster in comparison to conditions without cues,
or where the cues are uninformative (e.g., Griffin & Nobre,
2003; Landman, Spekreijse, & Lamme, 2003; Makovski &
Jiang, 2007). Several studies have shown that retro-cues coun-
teract the deleterious effects of increased memory load (Gress-
mann & Janczyk, 2016; Kuo, Stokes, & Nobre, 2012; Lepsien,
Griffin, Devlin, & Nobre, 2005; Souza, Rerko, Lin, & Ober-
auer, 2014; Trapp & Lepsien, 2012; Vandenbroucke, Sligte, de
Vries, Cohen, & Lamme, 2015; van Moorselaar, Olivers,
Theeuwes, Lamme, & Sligte, 2015; for two exceptions to the
interaction of retro-cue and load see Astle, Nobre, & Scerif,
2012; Makovski, Sussman, & Jiang, 2008).

The interaction of memory load and retro-cueing has mostly
been studied with variants of short-term recognition tasks (often
referred to as change detection). In these tasks, increasing memory
load reduces both speed and accuracy of the recognition decision.
Retro-cues eliminate the load effect on speed entirely, but only
partially mitigate the load effect on accuracy. In a series of exper-
iments, Souza, Rerko, and Oberauer (2014) manipulated the pres-
ence of a retro-cue, memory load, and the duration between the
offset of the retro-cue and the onset of the probe (i.e., the cue-test
interval [CTI]). The retro-cue reduced the effects of memory load,
and the cue’s utility in counteracting the effects of memory load
increased with the time available to use it before the test. Specif-
ically, with CTI �400 ms, the effect of memory load on response
times (RTs) to the probes was essentially extinguished (i.e., RTs
were comparable with arrays ranging in size from one to six
items). In accuracy, however, the interaction of the retro-cue and
memory load was more subtle: accuracy increased in trials with
cues, and this effect was stronger at larger memory loads, but load
effects remained at all CTIs.

Understanding why manipulations of load and retro-cues affect
reaction time (RT) and accuracy in different ways is complicated
by the fact that speed and accuracy trade off in many circum-
stances (e.g., Wickelgren, 1977). This can prevent us from confi-
dently drawing inferences about the underlying processes affected
by experimental manipulations on the sole basis that effects are
evident on one variable and not another. One means of resolving
this complication is through the use of models that combine RT

and accuracy data, such as sequential sampling models, to draw
inferences about the underlying psychological processes generat-
ing decisions.

Sequential sampling models (SSMs) characterize decision-
making as involving a gradual accumulation of evidence in favor
of one of several response options: Once a sufficient amount of
evidence is accumulated for one option to reach a threshold, this
leads to a response. In this way, SSMs explain RT and accuracy as
well as their trade-off. RT will increase and accuracy will decrease
when the quality of information accumulated is lower (e.g., when
a task is more difficult, or a participant is less able). Moreover, one
may trade off accuracy and speed by changing the decision thresh-
old: Lower thresholds will lead to faster but less accurate re-
sponses; higher thresholds to slower but more accurate responses.

Many different models fit within the broader category of SSMs.
In the present article, we focus primarily on a Bayesian hierarchi-
cal version of the diffusion decision model (e.g., Ratcliff, 1978;
Ratcliff & McKoon, 2008; see Wiecki, Sofer, & Frank, 2013, for
the hierarchical implementation). There are three central parame-
ters in the diffusion model. The first is the rate at which evidence
accumulates, known as the drift rate. The drift rate reflects the
quality or strength of information entering the decision process.
The decision threshold mentioned above is known as boundary
separation. As noted above, this parameter is assumed to be under
strategic control of the individual, who may decide to prioritize
speed over accuracy or vice versa. A third crucial parameter of the
model is nondecision time, which refers to the time taken to carry
out processes not directly related to decision making (such as
encoding and response production, but also potentially memory
retrieval in the context of recognition tasks; Ratcliff & McKoon,
2008).

Modeling data with the diffusion model therefore allows one to
examine whether different experimental manipulations have a sim-
ilar impact on underlying psychological processes, and which
processes these manipulations affect. In the context of the present
work, the diffusion model will aid in understanding how memory
load and retro-cues impact both decision and nondecisional pro-
cesses involved in recognition tasks. Specifically, we will use the
diffusion model to investigate why retro-cues have a larger impact
on RTs than accuracy, and whether strategic decisions may ac-
count for apparent differences between experiments.

Next, we describe the findings of studies that have applied
SSMs to recognition tasks, with particular focus on the impact of
memory load on the three main parameters described above (or

Figure 1. Example flow of events from a retro-cue experiment. RI � retention interval; CTI � cue-test
interval. See the online article for the color version of this figure.
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analogous parameters when other SSMs were used). We are not
aware of any existing studies in which an SSM has been applied to
the retro-cue paradigm. Thus, following the next section we will
discuss which parameters are likely to be affected by retro-cues
according to existing explanations of the retro-cue benefit.

Sequential Sampling Model Accounts of Memory
Load Effects

To date, only a few researchers have applied SSMs to the study
of memory load effects. Consequently, in briefly reviewing the
existing research in this area, we consider findings pertaining to a
number of related but different memory tasks. All of these tasks
involve the presentation of a small set of memory items, followed
shortly thereafter by a memory test requiring a binary response to
a memory probe. They differ mostly in the kinds of materials used
(verbal or visual) and in the kind of comparison required: In global
recognition tasks, participants are asked to determine whether the
probe is a member of the memory set, and therefore must compare
the probe with all items in the memory set. In contrast, in local
recognition tasks—usually called single-probe change-detection
when applied to visual stimuli—participants are asked to compare
the probe with one particular stimulus in the memory set, identified
by its location or some other unique context cue.

The majority of the studies found that increases in memory load
led to decreases in drift rate (Nosofsky & Donkin, 2016; Pearson,
Raskevicius, Bays, Pertzov, & Husain, 2014; Schubert, Hage-
mann, Voss, Schankin, & Bergmann, 2015; Sewell, Lilburn, &
Smith, 2016; Smith, Lilburn, Corbett, Sewell, & Kyllingsbæk,
2016). These studies vary in terms of the specific SSM applied
(e.g., diffusion model, linear ballistic accumulator, LBA; Brown &
Heathcote, 2008), stimulus material (e.g., color, orientation, lumi-
nance, and digits), and type of recognition task (global vs. local
tasks). Only two studies have not found an effect of memory load
on drift rate, but instead reported that load increased response
criterion or boundary separation: the study of Donkin and Nosof-
sky (2012), who used a global recognition task with digits, and the
study by Donkin, Nosofsky, Gold, and Shiffrin (2013), who used
a local recognition task with colors. Given that the studies finding
memory load effects on drift rate versus boundary separation do
not cluster around a specific stimulus material or type of recogni-
tion task, it is still unclear which factors determine the observation
of memory load effects on one parameter or the other. In addition,
three studies also reported increases in the nondecision time pa-
rameter as a function of memory load: Schubert, Hagemann, Voss,
Schankin, and Bergmann (2015), Sewell, Lilburn, and Smith
(2016), and Smith, Lilburn, Corbett, Sewell, and Kyllingsbæk
(2016). This parameter was not included, or was fixed across
conditions, in the studies of Donkin and Nosofsky (2012), Donkin
et al. (2013), Pearson et al. (2014), and Nosofsky and Donkin
(2016). Therefore, these latter studies are noninformative regard-
ing the possible effect of memory load on nondecision time.

Drift rate is generally characterized as reflecting the quality or
strength of information entering the decision process (e.g., Brown
& Heathcote, 2008; Ratcliff & McKoon, 2008). In a recognition
task, where memory items must be compared with a probe or test
display, the quality of this information arguably rests heavily on
the quality of the memory representation of the item being tested
(e.g., Donkin et al., 2013; Pearson et al., 2014; Sewell et al., 2016):

As load increases, the quality of each representation stored de-
creases, leading to lower drift rates at higher load (e.g., Smith et
al., 2016). Increases in response threshold as a function of load
indicate that participants are more cautious when they need to
remember more items. In a recognition paradigm in which both
speed and accuracy are emphasized, this seems like a reasonable
strategy to protect accuracy when greater memory load makes the
task more difficult. Finally, Sewell et al. (2016) and Smith et al.
(2016) have suggested that increases in nondecision time with
increasing load reflected a longer retrieval latency, consistent with
the idea that this parameter can index processes such as encoding
and memory retrieval (Ratcliff & McKoon, 2008).

The idea that the duration of retrieval from memory3 is reflected
in nondecision time rather than drift rate implies that retrieval and
decision processes are at least partially nonoverlapping: The du-
ration of retrieval of the relevant information from memory is
included in nondecision time, whereas the time for comparing the
retrieved representation with the probe stimulus and making a
recognition decision is determined by the drift rate and boundary
separation. Support for this two-stage model comes from the
observation that memory load affects nondecision time (Schubert
et al., 2015; Sewell et al., 2016; Smith et al., 2016; and the
experiments reported below). Based on this model, we can ask
whether a retro-cue affects the retrieval or the decision making
stage, or both, by investigating its effects on nondecision time,
drift rate, and boundary separation. An effect on nondecision time
provides evidence that the retro-cue accelerates retrieval; an effect
on drift rate shows that the retro-cue affects the quality of the
retrieved information, and an effect on boundary separation shows
that people adjust their speed–accuracy trade-off in response to a
retro-cue.

How Might Retro-Cues Affect SSM Parameters?

Determining to what extent retro-cues affect the retrieval stage
and the decision stage in change-detection tasks provides novel
evidence relating to competing explanations for the retro-cue ef-
fect. Here we provide a brief summary of some of these explana-
tions and suggest predictions they might make regarding the ef-
fects of cues, memory load, and their interaction, on diffusion
model parameters (for a more detailed description and assessment
of explanations of the retro-cue effect see Souza & Oberauer,
2016).

One proposed explanation is that attending to a representation in
working memory (WM) strengthens it (Rerko & Oberauer, 2013;
Souza & Oberauer, 2016; Souza, Rerko, & Oberauer, 2014, 2015),
enhancing its representation and reducing competition with other
items in working memory, thereby leading to faster and more
accurate performance when the attended item is tested. In the
context of diffusion model parameters, an enhanced representation
should affect drift rate (reflecting the quality of the evidence
entering the decision process). Presumably, the longer an item

3 In the context of working memory we use the term “retrieval” for the
selective access to one WM representation. Different theories of WM differ
in how they characterize this process. We think of access to an item in WM
as cue-based retrieval, resulting in the selected item being in the focus of
attention (Oberauer & Lin, 2017), but the argument developed here does
not depend on one particular theoretical framing of how an item is accessed
in WM.
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receives this enhanced attention, the more it is strengthened. Thus,
we would expect the drift rate to increase with longer postcue
intervals, though presumably a ceiling is reached at some point. It
also seems reasonable to assume that an item is retrieved more
quickly when its representation is stronger. Thus, we would also
expect retro-cues to decrease nondecision time. The strengthening
account entails no straightforward predictions about the effect of
load and the interaction of cueing with load, so we avoid specu-
lating on this here.

A second explanation of retro-cue effects is that they result from
the removal of noncued items from memory (e.g., Oberauer, 2005;
Souza, Rerko, & Oberauer, 2014; Williams, Hong, Kang, Carlisle,
& Woodman, 2013). According to this account, retro-cues enhance
performance by reducing the number of items in memory, thus
precluding competition from items in nonprobed locations. Ac-
cording to this assumption, the retro-cue effect is a direct conse-
quence of reducing the load on working memory. Consequently,
the removal account predicts that, whichever diffusion model
parameters show the most pronounced load effects, should also
show the most pronounced effects of retro-cues. As reviewed
earlier, the effects of load in recognition tasks have been found to
impact on a variety of SSM parameters, but the most consistent
effects have been on drift rate (Pearson et al., 2014; Schubert et al.,
2015; Sewell et al., 2016) and nondecision time (Schubert et al.,
2015; Sewell et al., 2016). Thus, the removal hypothesis implies
that, with increasing postcue interval, the retro-cue increasingly
mitigates the effect of load on these two parameters.

A third explanation for the retro-cue benefit is that it results
from protection of the cued item against interference from subse-
quent external stimuli such as the probe or masks (Makovski et al.,
2008; Pertzov, Bays, Joseph, & Husain, 2013; van Moorselaar,
Gunseli, Theeuwes, & Olivers, 2015). When the item retrieved
from working memory is protected against probe interference, it
enters the comparison with the probe—and with it the recognition
decision—with better quality. Therefore, the protection account
predicts a boost in drift rate for cued items. Because the interfer-
ence produced by the probe or mask is independent of memory
load, this account of the retro-cue benefit does not predict that cues
help more at larger loads.

Finally, two of us (Souza & Oberauer, 2016; Souza, Rerko, &
Oberauer, 2016) have recently proposed a retrieval head-start
account: Retro-cues allow retrieval of the target item to proceed
prior to the commencement of the decision-making process (char-
acterized by Souza et al., 2016, as the selection of a response).
Retrieval of the target item is described as the gradual accumula-
tion of target information in the focus of attention. Through the
Head Start for retrieval, the information entering the decision
process more exclusively reflects information about the target. The
Head Start for retrieval thus reduces the influence of information
from nontarget representations and other stimuli, which can affect
decision-making when retrieval and decision occur concurrently.
Because this account implies an improvement in the information
entering the decision process when cues are presented, the retrieval
head-start account predicts that retro-cues increase drift rate. Ad-
ditionally, if retrieval duration is reflected in nondecision time
(e.g., Ratcliff & McKoon, 2008; Sewell et al., 2016), the account
predicts cue effects on nondecision time. Under the assumptions
that (a) more irrelevant information enters the decision process
when load is higher, and (b) retrieval itself takes longer when load

is higher, this account also predicts an amelioration of memory
load effects by retro-cues.

In sum, the strengthening, removal, and retrieval head-start
accounts should predict cue effects on drift rate and nondecision
time, with interactions between cues and memory load for the
latter two accounts, whereas the protection account predicts cue
effects to primarily affect drift rate.

The Present Study

Our goal in the present study was to assess how memory load
and retro-cues affect performance in a local recognition task,
through the lens of a hierarchical diffusion model. We analyzed
data from four retro-cue experiments. Two of these were previ-
ously published experiments using color stimuli (Souza, Rerko, &
Oberauer, 2014), whereas the other two are novel experiments
employing verbal stimulus materials (letters or words). In each
experiment, memory load, cue presence, and CTI were manipu-
lated. Including experiments with both verbal and visual materials
allowed us to test the generality of the memory load and retro-cue
effects, and the consistency of the diffusion model analysis, across
domains.

We fitted the data using the hierarchical drift diffusion model
(HDDM; Wiecki et al., 2013). An advantage of the HDDM is that
it allows for estimation of model parameters using fewer data per
participant than when fitting the complete diffusion model to data
from individual participants (see Ratcliff & Childers, 2015, for an
assessment of different methods of fitting diffusion models when
data are sparse). This results from its hierarchical nature: It is
based on the assumption that the best-fitting parameters for each
participant are drawn from a normal distribution centered on a
group-level mean. The data from all participants are then used to
estimate this group-level mean. We also used a vastly simplified,
nonhierarchical version of the diffusion model (the EZ-diffusion
model; Wagenmakers, Van Der Maas, & Grasman, 2007), to
confirm the conclusions from the HDDM; results from this mod-
eling are presented in the appendices.

We structure the remainder of this article as follows. First, we
report RT and accuracy data from the two new experiments men-
tioned above. Second, we report modeling results pertaining to all
four experiments—the two reported here, and the two reported
previously by Souza, Rerko, and Oberauer (2014). Finally, we
discuss some plausible explanations of our findings, and reflect on
the suitability of existing accounts of the retro-cue effect.

Experiments 1 and 2

Souza, Rerko, and Oberauer (2014, Experiment 1A) previously
reported data from a local recognition task involving retro-cues, in
which the memory stimuli were arrays of colored circles. In the
experimental sessions during which those data were collected,
participants also completed an analogous task where the stimuli
were letters. We use these unpublished data from the letter task as
our Experiment 1. The basic design of the experiment is identical
to that reported by Souza, Rerko, and Oberauer (2014); we de-
scribe it here briefly, and suggest interested readers consult the
earlier description for more detail.

Essentially, both experiments included manipulations of mem-
ory load, the presence of a retro-cue, and the cue-test interval; in
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Experiment 1 we used letters as stimuli, whereas in Experiment 2
we used words. To our knowledge, Experiments 1 and 2 represent
the first to use the standard retro-cue paradigm, with a retro-cue to
a single item, with verbal materials. As such, analysis of these data
should help to shed light on whether the type of material to be
remembered affects the manner in which retro-cues are used.

Method

This research was carried out in accordance with the Declaration
of Helsinki.

Participants. Twenty students from the University of Zurich
(16 female; mean age 23 years, range 20 to 32) completed the task
in Experiment 1, either before or after completing a similar task
using visual stimuli (as reported by Souza, Rerko, & Oberauer,
2014). A further sample of 24 students (19 female; mean age 23.5
years, range 18 to 35) completed Experiment 2. All participants
were compensated for their participation with course credit or
payment (CHF15 per session).

Materials and procedure. Both experiments were pro-
grammed using MATLAB and the Psychophysics Toolbox (Brain-
ard, 1997). Participants completed the experimental tasks in indi-
vidual booths where they sat at a distance of about 50 cm from the
computer screen (viewing distance unconstrained). The experi-
mental programs were run on IBM-PC compatible computers
running Windows XP. Stimuli were displayed on 15-inch LCD
monitors, with display resolution of 1,280 � 1,024 and refresh
rates of 60 Hz. Participants responded using a standard Swiss-
German keyboard.

In Experiment 1, memory arrays consisted of one, two, four, or
six letters presented simultaneously in white font on a gray back-
ground. Stimuli were evenly spaced on the perimeter of an imag-
inary circle centered on the display, with exact item positions
varied across trials. For instance, when six items were presented,
there was a 60° interval between the positions of adjacent stimuli.
The arrays were presented for 150n ms (where n is the number of
items in the array), except for the Size 6 condition which was
presented for 1,000 ms due to a programming error. After the
offset of the memory array, a 1,000 ms blank interval was followed
by (a) the probe stimulus, in no-cue trials, or (b) a 100-ms retro-
cue, in the form of an arrow pointing to one of the previously
occupied locations. The retro-cue—always validly indicating the
location of the probe stimulus—was followed by a CTI of 100 ms,
400 ms, or 2,000 ms (varied across blocks of trials). At the
conclusion of the CTI, the probe stimulus was presented in the
cued location, and remained on-screen until the participant re-
sponded. On 50% of trials, the probe matched the item from that
position (positive probe trials) and thus required a “match” re-
sponse. The other 50% of trials were divided evenly into negative
probe trials (in which the probe had not been presented at any
location in the memory array) and intrusion probe trials (in which
the probe was a letter that had appeared elsewhere in the memory
array). Both negative and intrusion probes required a “mismatch”
response. Participants pressed the left arrow key on the key-
board to indicate a match, and the right arrow key to indicate a
mismatch. Visual feedback was displayed for 500-ms postre-
sponse, followed by a 1,500-ms intertrial interval. Participants
completed two sessions, each of which included 512 trials. Each
session included 128 no-cue trials and 384 cue trials (128 for

each CTI). For the three CTI conditions and the no-cue condi-
tion, there were 32 trials per session for each level of load (one,
two, four, or six items). All conditions included proportionate
numbers of the three probe types (50% positive, 25% negative,
25% intrusion). The no-cue and the three CTI conditions were
completed in separate blocks of trials, with block order coun-
terbalanced across participants using a Latin square. Sessions
lasted approximately 60 min.

Experiment 2 involved four departures from the procedure of
Experiment 1. First, stimuli were five to six letter German nouns,
presented in upper-case white font on a gray background. The
memoranda were selected from a pool of 640 words compiled for
the purpose of this experiment. Second, memory arrays contained
two, four, six, or eight words. Third, the positions in which items
could appear were marked by black rectangular frames that re-
mained on-screen for the duration of a trial. Fourth, words were
presented sequentially rather than simultaneously, in clockwise
order, for 500 ms each, with no interstimulus interval. We chose
sequential presentation because words are read sequentially even
when presented simultaneously (e.g., Rayner, 2009); with sequen-
tial presentation we can better control how much time is devoted
to each word. In all other respects, the two experiments were
identical. Participants completed two sessions of 384 trials each.
Each session contained 96 no-cue trials and 288 cue trials (96 for
each CTI). For each CTI and for no-cue trials, there were 24 trials
per session for each array size. Probe types were distributed
proportionally across conditions as per Experiment 1. Sessions
lasted approximately 60 min.

In all four experiments considered here, participants were in-
structed to respond as quickly and as accurately as possible. As we
wanted participants to encode stimulus information in Experiments
1 and 2 verbally, we did not ask them to perform concurrent
articulation in those experiments; concurrent articulation was in-
cluded in the tasks with color stimuli.

Results

Data from both experiments were trimmed to exclude responses
faster than 200 ms or slower than 5,000 ms. Mean RT (correct
responses) and accuracy from the trimmed data are displayed in
Figure 2 for Experiments 1 and 2 (averaged across probe types; for
data separated by probe types, see Figures S1 and S2 in the
supplementary materials). For comparison, the equivalent data
from Souza, Rerko, and Oberauer’s (2014) Experiments 1a and 1b
are displayed in Figure 3 (for data separated by probe types, see
Figures S3 and S4 in the supplementary material). All grand
means were calculated by averaging across individual partici-
pant means from each condition. To examine the effects of CTI,
memory load, and probe type, we ran separate three-way
ANOVA on RT and binomial mixed-effects analyses on accu-
racy data (with each participant allotted a random intercept) for
each experiment. Because there is no distinction between neg-
ative and intrusion probes with single-item memory arrays, we
restricted the analyses to memory loads of two, four, and six
items for Experiment 1 to avoid spurious interaction effects.
Note that the no-cue condition is considered as a CTI of 0 ms
in all analyses, and thus subsumed into that factor. To perform
the mixed-effects analyses, we used the mixed function from the
afex package for R (Singmann, Bolker, Westfall, & Aust, 2016),
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using the parametric bootstrap method to obtain p values.4 As
our main theoretical interest was in the effects of cues, load, and
their interaction, we focus on these effects when describing our
results.

RT. Results of the ANOVA on RT are displayed in Table 1.
Experiment 1. Increases in memory load led to increased RT

overall, but the extent of the effect varied with CTI. Load effects
were only present for CTIs of 0 (i.e., no cue), 100 ms and 400 ms
(all p � .001), but were absent in the 2,000 ms CTI condition,
F(1.62, 30.83) � 0.9, MSE � 0.02, p � .4. CTI also affected RT.
Post hoc Tukey’s tests showed that responses were faster with cues
(i.e., CTI �0) than without (i.e., CTI � 0), but that the cue
conditions did not significantly differ.

Experiment 2. Increases in memory load led to increased RT.
Additionally, CTI affected RT. Post hoc Tukey’s tests showed that
RTs were faster in all of the cue conditions than in the no cue
condition.

Accuracy. Results of the mixed effects analysis on accuracy
are displayed in Table 2.

Experiment 1. Participants made more errors when memory
load was greater. CTI also affected accuracy. Post hoc Tukey’s
tests showed that participants made fewer errors when a cue was
presented with a 400 ms or 2,000 ms CTI than when no cue was
presented. The two variables did not interact.

Experiment 2. There was no significant beneficial effect of
retro-cues on accuracy. Participants made more frequent errors
when memory load was greater, but this effect was not dependent
on CTI.

Discussion

Experiments 1 and 2 both showed clear benefits of single-item
retro cues with verbal stimulus materials. For Experiment 1, where
the stimuli were single letters, cues led to faster responses and
fewer errors, with the magnitude of the RT benefit increasing with
greater memory load. This is similar to Souza, Rerko, and Ober-
auer’s (2014) findings using visual stimuli (colored circles). Ex-
periment 2, in which the stimuli were words, also showed strong
cue effects on RT. However, retro-cues had no beneficial effects
on accuracy. This lack of a retro-cue benefit on accuracy for
recalling words appears to reflect a boundary condition for the
typical beneficial effect of retro-cues on accuracy.

We can only make post hoc suggestions regarding why cues
consistently led to more accurate responses when stimuli were
letters (Experiment 1), but not when they were words (Experiment
2). Two possible sources of this difference occur to us: First,
participants may have treated the letters, at least partially, as visual
stimuli. Second, the difference may relate to the use of simulta-
neous presentation in Experiment 1, and sequential presentation in
Experiment 2. As mentioned in the Introduction, one explanation
for the retro-cue effect is that it protects the cued memory item
from visual interference from the probe (Makovski et al., 2008;
Souza et al., 2016). This account could help to explain the partial
discrepancy between Experiment 2 and the other three experi-

4 Data and analysis scripts are available in the supplemental materials.

Figure 2. Mean reaction time (RT) and accuracy in Experiments 1 and 2. Error bars show 95% within-subjects
confidence intervals (Cousineau, 2005). See the online article for the color version of this figure.
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ments: A verbal representation of the words should not be suscep-
tible to visual interference from the probe. Moreover, when visual
stimuli are presented sequentially, all memory items but the last
suffer visual interference from the subsequent items before the
retro-cue itself is presented, so that any protection from visual
interference might come too late to have an effect on accuracy.

Diffusion Modeling: Retro-Cue Experiments

In an attempt to better understand the variable effects of retro-
cues on RT and accuracy, we next applied the HDDM (Wiecki et
al., 2013) to the data from our Experiments 1 and 2, as well as the
data reported in Experiments 1a and 1b by Souza, Rerko, and
Oberauer (2014; henceforth, Experiments S1a and S1b, respec-
tively). These experiments were identical to Experiment 1, but
used colored circles rather than letters as stimuli. The colors were
taken from a set of nine possible values, consisting of yellow,
orange, brown, red, magenta, turquoise, dark blue, light green, and
dark green. In addition, Experiment S1b included a fifth CTI, of
1,000 ms.5 As was the case in Experiment 1 (and unlike Experi-
ment 2), stimuli were presented simultaneously on each trial in
both Experiments S1a and S1b. Experiments 1 and S1a used the
same participants, who completed both experiments in a counter-
balanced order; Experiment S1b used new participants. Further-
more, participants performed concurrent articulation (constant rep-
etition of the sequence “der die das”) in the color version of the
task (i.e., Experiments S1a and S1b). Because the verbal version of
the tasks (letter or words; i.e., Experiments 1 and 2) were intended

to investigate retro-cue effects with verbal WM representations, no
concurrent articulation was required in these experiments.

HDDM provides a simple means of fitting a hierarchical diffu-
sion model using Bayesian estimation. As outlined in the Intro-
duction, the application of the diffusion model may provide insight
into which processes involved in recognition are affected by retro-
cues. Specifically, previous research has indicated that recognition
may involve partially nonoverlapping processes of memory re-
trieval and decision (i.e., comparison of the retrieved representa-
tion to the probe item), indexed by nondecision time (Ter) and drift
rate (v), respectively. Assessing the effects of retro-cues on these
parameters has the potential to inform our understanding of both
cue effects, and recognition performance itself. However, it may
be the case that retro-cues, memory load, or the type of stimuli
used affect other parameters of the model as well (e.g., boundary
separation; see Donkin & Nosofsky, 2012) Consequently, in fitting
the HDDM to our data, we decided to leave all parameters free to
vary across conditions—including the type of probe that was
presented—in cases where this was plausible. Table 3 presents a
list of all the parameters of the model alongside a short description.
The parameters other than drift rate, boundary separation (a), and
nondecision time, were of less interest to us because we had no
theoretical motivation to assume that they would consistently vary
with the manipulations of memory load and retro-cues.

5 For full methodological details of these experiments, see the descrip-
tions provided by Souza, Rerko, and Oberauer (2014).

Figure 3. Mean reaction time (RT) and accuracy in Experiments S1a and S1b. Error bars show 95%
within-subjects confidence intervals. See the online article for the color version of this figure.
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In practical terms, this meant that drift rate and nondecision
time were allowed to vary across all conditions (i.e., the various
levels of load, CTI, and probe type) because they are assumed
to reflect processes such as memory retrieval and decision
making that can plausibly be affected by these conditions. By
contrast, model parameters such as boundary separation and
bias (z), which are assumed to reflect aspects of the decision
process determined prior to the presentation of the probe, were
only allowed to vary with manipulations participants could have
had some knowledge of prior to probe presentation (i.e., load
and CTI).6 Allowing these parameters to vary freely where this
was plausible reduces the risk that variance resulting from
experimental manipulations might be misattributed to one pa-
rameter through unnecessarily fixing one or more of the other
parameters.7 We tried a variety of models that included and
excluded variability parameters (i.e., st, �), and determined
which model provided the best account of each experiment’s
data with reference to the DIC values. DIC is a fit indicator
designed for hierarchical models (Spiegelhalter et al., 2002).

To fit the model to the data, we used the hddm.HDDM
command in HDDM (Wiecki et al., 2013). Using this command,
data from all participants are used to obtain posteriors of group
parameters for each cell of the design. After removing all RTs
faster than 200 ms and slower than 5 s from each data set, we
ran each model for 20,000 samples, with a burn-in of 5,000.
Additionally, we used the p_outlier command to accommodate
outliers using a uniform distribution (Ratcliff & Tuerlinckx,
2002). All comparisons between parameter values are reported
with reference to the posteriors of the differences. For instance,
pD[Condition 1 � Condition 2] � .95 would imply that 95% of
the difference in posteriors between Condition 1 and Condition
2 was greater than zero. In this context, higher values of pD
imply stronger evidence of differences between conditions. To
simplify the written expression of differences between condi-
tions, we arbitrarily assign the labels “strong” and “moderate”
to effects associated with posterior differences of pD �.95 and
.90 � pD �.95, respectively. We describe effects with differ-
ences of pD �.9 as not strong enough to infer a difference.8 In
assessing effects of load for all experiments, we compared the

conditions with the highest load (six or eight items, depending
on experiment) with the Load 2 conditions.9,10

Results

Before assessing the effects of experimental manipulations in
each experiment, we visually examined the MCMC chains to
determine whether the model had properly converged. For most
parameters, convergence appeared to have occurred successfully.
However, in all four experiments there were indications of con-
vergence issues in the bias parameter for some conditions. We
subsequently ran models excluding bias. These showed limited
changes in the values of other parameters, but the bias-excluded
models provided worse accounts of the data overall (as indexed by

6 Allowing these parameters to vary with probe type would imply that
participants are aware of which probe type will be presented before the
probe is displayed. We are aware of no good evidence supporting the
existence of these sorts of precognitive abilities amongst undergraduates.

7 Given the inconsistent results for boundary separation across experi-
ments in the initial modeling, we also ran simplified models in which this
parameter was fixed across all conditions. This led to much higher DIC
values than we obtained for the best model, (�DIC between 147 and 1,751,
depending on the experiment), indicating that removing variation in this
parameter led to substantially worse fit.

8 These criteria should not be understood as cut-offs for deciding for or
against a hypothetical difference, but as our definitions for the qualitative
terms we use in describing the strength of evidence in favor of a difference.

9 This was aimed at avoiding differences in the analyses between con-
ditions with intrusion probes (which necessitated a memory array contain-
ing at least two items) and those with negative and positive probes.

10 One reviewer asked whether including the Load 2 conditions in these
comparisons might have led to spurious interactions, owing to near-ceiling
accuracy for some Load 2 conditions. Two advantages of using a hierar-
chical diffusion model are, first, that it incorporates both accuracy and RT
data in its parameter estimates (meaning that a ceiling effect on accuracy
need not imply a ceiling effect on parameter estimates), and second, that it
combines data across numerous participants, which allows for robust
parameter estimates even when accuracy is near (or at) ceiling for some
participants. In combination, these advantages make near-ceiling accuracy
less problematic than if we were trying to draw inferences based purely on
accuracy data.

Table 1
Results of RT ANOVA for Experiments 1 and 2

Experiment Effect df MSE F �2 p

Experiment 1 CTI 1.99, 37.87 .15 31.98 .13 �.001
Memory load 1.34, 25.41 .06 50.12 .06 �.001
Probe type 1.94, 36.77 .09 11.13 .03 �.001
CTI � Memory Load 3.18, 60.33 .02 22.07 .02 �.001
CTI � Probe Type 3.55, 67.48 .02 4.39 .004 .005
Memory Load � Probe Type 2.92, 55.49 .02 5.94 .004 .002
CTI � Memory Load � Probe Type 5.31, 100.89 .02 1.28 .002 .27

Experiment 2 CTI 2.80, 64.49 .14 25.00 .08 �.001
Memory load 1.67, 38.44 .18 26.95 .07 �.001
Probe type 1.57, 36.13 .27 30.40 .11 �.001
CTI � Memory Load 6.08, 139.87 .03 2.66 .005 .02
CTI � Probe Type 4.00, 91.90 .05 2.88 .006 .03
Memory Load � Probe Type 3.42, 78.77 .06 7.96 .02 �.001
CTI � Memory Load � Probe Type 8.03, 184.78 .05 1.12 .004 .35

Note. All degrees of freedom are Greenhouse-Geisser corrected. RT � reaction time; CTI � cue-test interval.
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DIC values). Thus, we report results from the models including
bias.11

For each of the four experiments, the model with the lowest DIC
excluded st, and included �. The values reported here and pre-
sented in the associated figures are those from these models. We
present results of the modeling for each parameter separately,
focusing on general overviews of the effects across all experi-
ments, but also detailing specific differences between experiments,
to aid the reader in comparing findings across the four.

Figures S5—S8 in the supplementary materials show the fits of
the selected models to the data for correct and error RTs across the
four experiments. Generally, the models reproduced the data well,
particularly for correct RTs and for positive probe trials. There was
substantial but unsystematic variability in the empirical error RT
data (particularly in conditions with a low proportion of errors)
that was not captured by the models. Error RT data are necessarily
more sparse, and therefore more noisy, than correct RTs. The fact
that the model did not fit the erratic patterns in the error RTs
testifies to its robustness against overfitting. We return to the issue
of misfit of error RTs in the General Discussion section.

Drift rate (v). Group drift rate parameter values obtained for
all four experiments are displayed in Figure 4. Results of compar-
isons between conditions’ posteriors are provided in Table 4. In all
experiments, drift rate decreased as memory load increased. Cues
also consistently increased drift rate in Experiments 1, S1a, and
S1b, but not in Experiment 2. Differences between the retro-cue
conditions were less consistent.

None of the four experiments provided evidence that the effects
of load were ameliorated by cues: instead, the two effects (where
present) were essentially additive.

It is also worth noting that there were differences in drift rate
across probe types in all four experiments. Probe type differences
were not the focus of our study, and we had no a priori predictions
regarding the effects of this variable. Hence, we postpone consid-
eration of what these differences might imply to the General
Discussion.

Nondecision time (Ter). Group nondecision time parameter
values obtained for all four experiments are displayed in Figure 5.
Results of comparisons between conditions’ posteriors are pro-
vided in Table 5. In all experiments, nondecision time increased as

memory load increased. However, the effects of load were offset
by cues in a CTI-dependent manner, with weaker load effects at
longer CTIs. In other words, load effects on nondecision time were
ameliorated by cues. Cues also led to general decreases in nonde-
cision time, with nondecision time being lower in the 400 ms,
1,000 ms, and 2,000 ms CTI conditions than in the 100 ms CTI
condition. The differences between the conditions with CTI �400
ms were limited.

Boundary separation (a). Group boundary separation param-
eter values obtained for all four experiments are displayed in the
top row of Figure 6. There were no consistent effects of either load
or CTI across the four experiments. Experiments 2, S1a, and S1b
showed decreases in boundary separation with increased load,
limited and nonsystematic effects of CTI, and no indication of an
interaction. In Experiment 1, load led to increases in boundary
separation, and increased CTI also led to an increase in boundary
separation in Experiment 1. The two factors also interacted, such
that the evidence that increased load led to increased boundary
separation was strong when there was no cue (pD[load 6 � load
2] � .98) or a cue with a 100 ms CTI (pD[load 6 � load 2] � .96),
but negligible when there were cues with 400 ms or 2,000 ms CTIs
(pD � .80 and .51, respectively).

Bias (z). Group bias parameter values obtained for all four
experiments are displayed in the bottom row of Figure 6. Bias did
not appear to vary systematically with either memory load or cue
condition in any of the four experiments.

Discussion

Applying the HDDM (Wiecki et al., 2013) to the data from these
four experiments revealed three consistent and relevant findings.
First, across all four experiments drift rate decreased as memory
load increased. This implies that the quality of information enter-
ing the decision process deteriorates as the amount of information
to be retained increases. Second, across all four experiments non-
decision time increased as memory load increased. This implies

11 Note that there were no systematic effects of any variables on bias
across the four experiments, meaning we draw no inferences based on the
estimates for this parameter.

Table 2
Results of Accuracy Mixed Effects Analysis for Experiments 1 and 2

Experiment Effect df �2 p

Experiment 1 CTI 3 15.51 .001
Memory load 2 59.31 .004
Probe type 2 56.41 .002
CTI � Memory Load 6 3.32 .74
CTI � Probe Type 6 4.29 .62
Memory Load � Probe Type 4 2.49 .65
CTI � Memory Load � Probe Type 12 15.52 .18

Experiment 2 CTI 3 18.20 .002
Memory load 2 602.60 .04
Probe type 2 415.04 .02
CTI � Memory Load 9 13.22 .13
CTI � Probe Type 6 23.16 .001
Memory Load � Probe Type 6 18.14 .005
CTI � Memory Load � Probe Type 18 21.64 .20

Note. CTI � cue-test interval.
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that the time taken for pre- and postdecisional processes increases
as more information must be retained. Third, while retro-cues
appeared to increase drift rate and decrease nondecision time in
most instances, their interaction with memory load primarily oc-
curred on the latter variable. To wit, the effects of memory load on
nondecision time were reduced by cue presentation, to the point
where in many instances cues completely eliminated these effects.
This was particularly true when CTI was longer (i.e., 400 ms–
2,000 ms).

The pronounced effect of memory load on nondecision time
cannot be understood if nondecision time reflects only the duration
of perceptual and motor processes (i.e., identifying the probe and
pressing a button). The only explanation of this effect that we find
plausible is the one proposed by Ratcliff and McKoon (2008),
Sewell et al. (2016), and Smith et al. (2016): That nondecision time
encompasses the time needed for retrieval of a representation into
the focus of attention. This assumption implies that recognition
involves two partially nonoverlapping stages, one of retrieval
(reflected in the nondecision time parameter Ter), and one of
comparison of the retrieved item with the probe to make the
recognition decision (reflected in drift rate v). If retrieval did not at
least in part precede the decision process, the difficulty of retrieval
would only affect the drift rate of the decision process.

In conjunction with these assumptions, our findings have a
number of implications for our understanding of memory load and
retro-cue effects. First, the effect of retro-cues on both nondecision
time and drift rate corroborate the assumption that retro-cues affect
both retrieval and decision processes (Souza & Oberauer, 2016;
Souza et al., 2016). Second, the effect of cues on retrieval is one
that reduces or eliminates the load effects on the time taken to
complete that process. Third, the effect that cues have on memory-
probe comparison is independent of the deleterious effects of
memory load on that process. That is, while increased load makes
decisions about the match between memory and probe worse, and
cues make these decisions better, these effects seem to be additive,
as reflected in their additive effect on drift rate. Thus, there appear
to be two effects of memory load on recognition performance: one
on retrieval time that is mitigated or even eliminated by retro-cues,
and one on representational quality which is not mitigated by
retro-cues. We return to this issue in the General Discussion.

The other parameters, boundary separation and bias, showed
fewer systematic effects of memory load or cues. Boundary sep-
aration increased with load in Experiment 1, in a manner that
appeared to interact with CTI similarly to the interaction between
CTI and memory load for nondecision time. However, none of the
other experiments showed boundary separation increasing with
load—in fact, Experiments 2, S1a, and S1b all showed roughly the
opposite pattern. Further, effects of load in these experiments did
not greatly differ depending on the presence of a cue, or the CTI.
One possible explanation for the different behavior of boundary
separation across experiments is that it reflects a difference in the
stimulus materials. In Experiment 1, the stimuli were single letters,
whereas in Experiments S1a and S1b stimuli were colors, and in
Experiment 2 they were words. It seems odd that the pattern should
be more similar between experiments using colors and words as
stimuli than between either of those stimulus types and the exper-
iment using letters. If stimulus type (i.e., visual or verbal) were an
important factor, and the letter stimuli were treated as purely
visual, one might expect them to display a similar pattern to the
color stimuli. On the other hand, if they were treated as purely
verbal, one might expect them to display a similar pattern to the
word stimuli. Moreover, the different pattern observed in Experi-
ment 1 cannot merely reflect differences between participant
groups, as the same participants who completed that experiment
also completed Experiment S1a (in which effects of CTI and load
on boundary separation were limited).

What might explain this inconsistency, then? It is worth noting
that, as mentioned in the Introduction, Donkin, and Nosofsky
(2012) found that increased memory load was associated with
increased boundary separation in the Sternberg task. In Donkin and
Nosofsky’s (2012) study, nondecision time was fixed across con-
ditions, so it is possible that variance in processes that would be
reflected in that parameter was mistakenly attributed to boundary
separation. However, it is also possible that, in our modeling, the
load effects on nondecision time (and their interaction with cues)
reflect trade-offs between nondecision time and boundary separa-
tion, resulting from an overly flexible model. Using parameter
recovery simulations, Donkin, Brown, Heathcote, and Wagenmak-
ers (2011) have previously demonstrated that the diffusion model
can mis-attribute variance to nondecision time that is generated by

Table 3
Key Parameters of the Diffusion Model

Parameter Description

v (drift rate) The average rate at which evidence accumulates. Positive values imply drift toward the upper choice boundary;
negative values imply drift toward the lower choice boundary.

Ter (nondecision time) The amount of time used for processes not directly involved in the accumulation of evidence (e.g., stimulus
encoding, response execution).

a (boundary separation) The distance between the lower and upper boundaries. When the lower boundary is set at 0, a is the position
of the upper boundary.

z (bias) How far from the midpoint between the two choice boundaries the evidence accumulation process starts.
Expressed here as a proportion of a (such that a value of .5 indicates no bias).

� (drift rate SD) The between-trial variability of the drift rate. Across trials, drift rate is drawn from a normal distribution with
mean v and SD �.

st (variability in non-decision time) Nondecision time (Ter) is assumed to vary across trials according to a uniform distribution with range st.
sz (variability in bias) Bias (z) is assumed to vary across trials according to a uniform distribution with range sz.
s (diffusion parameter) The within-trial variability of evidence accumulation. Used as a scaling parameter in HDDM.

Note. HDDM � hierarchical drift diffusion model.
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Figure 4. Best-fitting group parameters for drift rate in positive, negative, and intrusion probe trials, from
Experiments 1 (row a), 2 (row b), S1a (row c), and S1b (row d). Error bars are 95% credible intervals taken from
the posterior. See the online article for the color version of this figure.
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changes in boundary separation, adding plausibility to the sugges-
tion that the load-based changes in nondecision time we found
might be specious.

We decided to address this possibility by using a vastly simpli-
fied version of the diffusion model—the EZ-diffusion model
(Wagenmakers et al., 2007)—to provide converging (or contradic-
tory) evidence for the pattern of results we had found using the
HDDM. Results of this analysis are presented in Appendix A.
Briefly, the main patterns from the HDDM analysis were repli-
cated: Greater memory load led to increased nondecision time and
decreased drift rate; retro-cues had the opposite effect, and in three
of the four experiments the load effects on nondecision time were
reduced or abolished by the presence of retro-cues. This indicates
that the findings we obtained using the HDDM were not simply the
result of fitting an overly flexible model.

Further, to assess the importance of variations in nondecision
time across our experimental variables, we also tried fitting the

data from these experiments using models where nondecision time
was fixed across levels of CTI, memory load, or probe type. We
display the DIC differences between these models and the best
model in Table 6. As is evident, fixing nondecision time across
each variable led to substantially worse model performance; this
was also reflected in consistently greater misfit between the pos-
terior predictives generated by these models and the empirical
data. This indicates that variation in nondecision time across
conditions is important in providing an adequate account of these
data.

General Discussion

At the outset, we sought information pertaining to two questions
about the use of information in working memory. First, how does
memory load affect the use of information in WM? And second,
how are retro-cues used to enhance performance? We now address
each of these questions in light of the information obtained from
the experiments and modeling described in this article.

Effects of Memory Load

In discussing how memory load affects information use in
short-term memory (STM), we draw on the outcomes of the
HDDM (Wiecki et al., 2013) modeling. Memory load most con-
sistently affected the drift rate and nondecision time parameters.
Specifically, as load increased, drift rate decreased and nondeci-
sion time increased. This implies that when participants had to
remember more information, their performance deteriorated be-
cause the quality of information entering the decision process
declined, and because they spent more time on nondecisional
processes. This mirrors the recent findings of Sewell et al. (2016),
who performed a diffusion model analysis of performance on a
task requiring participants to recall the orientation of Gabor
patches (see also Schubert et al., 2015; Smith et al., 2016). Sewell
et al. (2016) suggested that the increased nondecision time re-
flected an increase in the time required to access the memory
representation of the item participants were asked to judge. Our
findings are consistent with this suggestion. Additionally, the
decrease of drift rate with increased load is consistent with a wide
range of models of STM that assume that load affects the quality
with which items are represented (e.g., Bays & Husain, 2008;
Oberauer, Lewandowsky, Farrell, Jarrold, & Greaves, 2012; van
den Berg et al., 2012), or the probability that they are represented
at all (e.g., Cowan, 2001; Donkin et al., 2013; Zhang & Luck,
2008).

What Do Retro-Cues Do?

Retro-cues led to three reasonably consistent effects on model
parameters: They increased drift rate and reduced nondecision
time, and they ameliorated the effects of load on nondecision time.
Clearly, this implies that cues affect both decisional and nondeci-
sional components of processing in the task. This raises two
further, related questions: (a) How do they do so? and (b) Exactly
what processes are affected?

The simplest place to start in answering these questions is the
cue-based amelioration of load effects on nondecision time. If, as
Sewell et al. (2016) have suggested, such load effects reflect

Table 4
Posterior Differences Between Load and CTI Conditions in the
Drift Rate Parameter for All Experiments

Comparison E1 E2 ES1a ES1b

Load effect: pD(High load � Low load)
CTI 0 �.99 �.99 �.99 �.99
CTI 100 �.99 �.99 �.99 �.99
CTI 400 �.99 �.99 �.99 �.99
CTI 1000 n/a n/a n/a �.99
CTI 2000 �.99 �.99 �.99 �.99

Cue effect: pD(CTI 0 � CTI 100)
Load 2 �.99 .44 .89 .95
Load 4 .95 .43 .97 .97
Load 6 .98 .40 .38 .88
Load 8 n/a .28 n/a n/a

Cue effect: pD(CTI 0 � CTI 400)
Load 2 �.99 .85 .99 �.99
Load 4 �.99 .75 �.99 �.99
Load 6 �.99 .49 �.99 �.99
Load 8 n/a .67 n/a n/a

Cue effect: pD(CTI 0 � CTI 1,000)
Load 2 n/a n/a n/a .81
Load 4 n/a n/a n/a �.99
Load 6 n/a n/a n/a �.99

Cue effect: pD(CTI 0 � CTI 2,000)
Load 2 �.99 .70 .94 .35
Load 4 �.99 .93 �.99 �.99
Load 6 �.99 .56 �.99 �.99
Load 8 n/a .08 n/a n/a

CTI effect: pD(CTI 100 � CTI 400)
Load 2 .51 .89 .84 .84
Load 4 .84 .81 .99 �.99
Load 6 .82 .60 �.99 �.99
Load 8 n/a .85 n/a n/a

CTI effect: pD(CTI 400 � CTI 2,000)
Load 2 .57 .31 .23 �.01
Load 4 .60 .78 .39 .04
Load 6 .96 .57 .45 .35
Load 8 n/a .03 n/a n/a

Note. Cue-test interval (CTI) effects were assessed by comparing CTIs in
a linear fashion. We do not report the CTI effects with the CTI 1,000
condition because it only appeared in Experiment S1b, and the results did
not substantially differ from the ones reported for the comparison of CTI
400 to CTI 2,000. Cells marked “n/a” imply that one the conditions did not
occur in an experiment. Values indicate the proportion of the inequality
specified that was � 0.
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Figure 5. Best-fitting group parameters for nondecision time in positive, negative, and intrusion probe trials,
from Experiments 1 (row a), 2 (row b), S1a (row c), and S1b (row d). Error bars are 95% credible intervals taken
from the posterior. See the online article for the color version of this figure.

T
hi

s
do

cu
m

en
t

is
co

py
ri

gh
te

d
by

th
e

A
m

er
ic

an
Ps

yc
ho

lo
gi

ca
l

A
ss

oc
ia

tio
n

or
on

e
of

its
al

lie
d

pu
bl

is
he

rs
.

T
hi

s
ar

tic
le

is
in

te
nd

ed
so

le
ly

fo
r

th
e

pe
rs

on
al

us
e

of
th

e
in

di
vi

du
al

us
er

an
d

is
no

t
to

be
di

ss
em

in
at

ed
br

oa
dl

y.

298 SHEPHERDSON, OBERAUER, AND SOUZA



changes in the time taken to access memory items and shift them
into a single-item focus of attention, it stands to reason that cues
allow this process to occur prior to probe presentation (see Nobre
et al., 2008, for a similar argument based on ERP data). This is
consistent with the fact that the reduction in load effects was
usually stronger at longer CTIs: The more time one has to access
the relevant item prior to probe presentation, the less time will be
required to accomplish this selection once the probe is present.
One interesting implication of this account is that access of a
memory item and its comparison with a probe are separable
processes that are at least partially nonoverlapping, even in the
absence of retro-cues.

Another possible source of the interaction of cue and memory
load on nondecision time could relate to a decrease in uncertainty
about the spatial location at which the probe will be presented. In
each of the experiments reported here, as set size increased, so did
the number of potential locations at which a probe item might

appear. However, when a retro-cue was presented, this would have
enabled participants to attend in advance to the location at which
the probe would be presented, potentially reducing the time taken
to perceive/encode the probe item. We argue against this explana-
tion for the interaction on a number of grounds.

First, effects of load on nondecision time have also been found
in similar experimental paradigms that did not require external
attention to a location-specific probe to complete. For instance,
Schubert et al. (2015) found that nondecision time increased with
memory load in a Sternberg-style memory scanning task (Stern-
berg, 1966). As memory items and probes in their experiment were
always presented at the same location, this effect cannot have
resulted from load increasing uncertainty about the location where
the probe will appear. Along similar lines, Sewell et al. (2016)
found that increasing load increased nondecision time in a task that
required participants to judge the orientation of items held in
memory; and Smith et al. (2016) found similar effects in phase
discrimination. The tasks used by Sewell et al. (2016) and Smith et
al. (2016) did use location-specific probes; however, rather than
involving a probe-target comparison, these probes simply indi-
cated the memory item for which participants had to report orien-
tation or phase. As such, even limited, peripheral perception of the
probe should have been sufficient to obtain the necessary gross
locational information about which item to retrieve. Thus, in each
of these three cases, it seems that uncertainty about the location of
the probe is not responsible for load effects.

Second, several studies have reported that retro-cues ameliorate
set-size effects on RTs and accuracy in tasks that did not use location-
specific probes, and hence did not involve any sort of probe-location
uncertainty. For instance, Duarte et al. (2013) showed that retro-cues
ameliorated load effects on RT (and to a lesser extent, accuracy) in a
color change detection task with centrally presented (i.e., location-
predictable) probes; and Kuo Stokes, and Nobre (2012) showed
similar findings (see also Nobre et al., 2008). If location uncertainty
were responsible for the effects of load we found on nondecision time,
and for the interaction between cues and load, this would imply that
load affects performance in two minimally different tasks in com-
pletely different ways but leads to essentially identical behavioral
outcomes. This seems very unlikely.

Third, we have also modeled data previously reported by Oberauer
(2001) from a modified Sternberg task in which probes were always
presented centrally. In this study, participants had to hold in mind two
memory lists (each consisting of one or three words), and one of the
lists was retro-cued as the one relevant for the memory test. As shown
in Figure S16 in the supplementary materials, nondecision time in this
task was greater when a three-item list was cued than when a single-
item list was cued (i.e., there were effects of load on nondecision
time), despite the fact that probe location uncertainty was constant
across these conditions. Further, increasing the size of the irrelevant
(i.e., uncued) list had limited effects on nondecision time, when
participants had sufficient time to use the retro-cue (i.e., for
CTIs �100 ms). This indicates that retro-cueing a subset of items
reduced load effects in a manner similar to what we found in the four
experiments we reported in this paper, despite the fact that the retro-
cues did not decrease uncertainty about where the probe would
appear. Taken together then, these three pieces of evidence strongly
indicate that nondecision time effects of load and their amelioration
by retro-cues cannot be fully explained by uncertainty about the probe
location. Thus, we are confident that the interaction between cues and

Table 5
Posterior Differences Between Load and CTI Conditions in the
Nondecision Time Parameter for All Experiments

Comparison E1 E2 ES1a ES1b

Load effect: pD(High load � Low load)
CTI 0 �.99 �.99 �.99 �.99
CTI 100 �.99 .93 �.99 �.99
CTI 400 .86 .68 .96 �.99
CTI 1000 n/a n/a n/a .88
CTI 2000 .89 .92 .95 .38

Cue effect: pD(CTI 0 � CTI 100)
Load 2 .88 .62 .97 .97
Load 4 .86 �.99 �.99 �.99
Load 6 �.99 �.99 �.99 .86
Load 8 n/a �.99 n/a n/a

Cue effect: pD(CTI 0 � CTI 400)
Load 2 �.99 �.99 �.99 �.99
Load 4 �.99 �.99 �.99 �.99
Load 6 �.99 �.99 �.99 �.99
Load 8 n/a �.99 n/a n/a

Cue effect: pD(CTI 0 � CTI 1,000)
Load 2 �.99
Load 4 �.99
Load 6 �.99

Cue effect: pD(CTI 0 � CTI 2,000)
Load 2 �.99 �.99 �.99 �.99
Load 4 �.99 �.99 �.99 �.99
Load 6 �.99 �.99 �.99 �.99
Load 8 n/a �.99 n/a n/a

CTI effect: pD(CTI 100 � CTI 400)
Load 2 .98 �.99 �.99 �.99
Load 4 �.99 �.99 �.99 �.99
Load 6 �.99 �.99 �.99 �.99
Load 8 n/a �.99 n/a n/a

CTI effect: pD(CTI 400 � CTI 2,000)
Load 2 .53 .65 .02 .01
Load 4 .27 .21 �.01 .54
Load 6 .46 .11 �.01 .98
Load 8 n/a .30 n/a n/a

Note. Cue-test interval (CTI) effects were assessed by comparing CTIs in
a linear fashion. We do not report the CTI effects with the CTI 1,000
condition because it only appeared in Experiment S1b, and the results did
not substantially differ from the ones reported for the comparison of CTI
400 to CTI 2,000. Cells marked “n/a” imply that one the conditions did not
occur in an experiment. Values indicate the proportion of the inequality
specified that was � 0.
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memory load observed here is best explained by advanced selection of
the test item (akin to the “head start for retrieval” suggested by Souza
et al., 2016).

The next question is how cues might have led to increased drift
rate, as was the case in three of the four experiments (the exception
being Experiment 2). We note that, in each experiment, the overall
interval from the offset of memory stimuli to the onset of the probe
item (i.e., the retention interval) was longer in cue than no-cue
trials. This temporal arrangement obviates one possible explana-
tion of the retro-cue benefit, according to which cueing an item
encourages its protection from time-based decay or interference
(e.g., Matsukura, Luck, & Vecera, 2007).

One explanation is that cues allow participants to protect the
representation of the target item from interference caused by presen-
tation of the probe itself (as has been suggested by, e.g., Makovski et
al., 2008). This could be through a shift of that item to the focus of
attention (e.g., Oberauer, 2002), or through its transition from a fragile
short-term store to one that is more robust (e.g., Sligte et al., 2008).
However, this idea faces the following difficulty: Moving the target
item into a protected state—whatever form that state may take—is
arguably a result of the access or selection process indexed by load

effects on nondecision time. We have seen that the duration of that
process increases with memory load. It follows that the probability of
the target entering a protected state before probe presentation de-
creases as load increases. This should lead to an interaction of CTI
with load: At higher loads, it takes a longer CTI to achieve the same
probability of bringing the target item into a protected state. Contrary
to this expectation, there were not consistent interactions between load
and cue presence for drift-rate, and those that did occur did not appear
to be CTI-dependent.

This problem would be resolved if information is protected from
interference while the selection process is ongoing, rather than
only entering that state after completion of the selection process.
With the addition of this feature, an account of our findings is
straightforward: (a) memory load affects the time taken to retrieve/
select the target item (leading to load effects on nondecision time)
and the quality of the representation retrieved from memory (lead-
ing to load effects on drift rate); (b) retro-cues allow people to
retrieve memory representations into the focus of attention prior to
probe presentation, decreasing the contribution of retrieval to RT
(leading to a reduction in nondecision time, and reduction of load
effects on nondecision time); and (c) retro-cues also reduce visual
interference from the probe; this protective effect is nearly instan-
taneous and precedes completion of retrieval (leading to an in-
crease in drift rate, but no interaction with load effects). We
believe this account provides a satisfactory explanation of the key
elements of our findings, and provide a simple illustration of the
concept in Figure 7. Besides explaining the consistent effects
across all four experiments, it also offers a tentative explanation
for the observation of the deviant pattern in Experiment 2: In this
experiment—using sequentially presented words as stimuli—the
retro-cue did not affect drift rate. If the retro-cue effect on drift rate
reflects protection from visual interference from the probe, and
sequentially presented words are not represented visually, then this
null effect, and with it the lack of a retro-cue benefit on accuracy
in Experiment 2, is to be expected.

Figure 6. Best-fitting group parameters for boundary separation (top row) and bias (bottom row), from
Experiments 1, 2, S1a, and S1b. Error bars are 95% credible intervals taken from the posterior. See the online
article for the color version of this figure.

Table 6
DIC Differences (Relative to the Best Model) Resulting From
Fixing Nondecision Time Across Levels of the
Independent Variables

Experiment Probe type Memory load CTI All variables

1/S1aa 841 1,172 1,207 1,913
2 508 677 1,456 2,544
S1b 876 798 906 2,402

Note. CTI � cue-test interval.
a Experiments 1 and S1a used the same participants, so we modelled them
together split by a “task” variable. Positive values indicate a larger DIC
(i.e., worse performance).
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Existing Accounts of the Retro-Cue Effect

How well do our findings fit with existing accounts of the
retro-cue effect? In the Introduction, we highlighted four accounts:
strengthening, removal, protection, and retrieval head-start. We
now discuss each of these accounts in turn, in light of our findings.

According to the strengthening account, retro-cues result in
greater attention on the cued item, enhancing its representation
and/or reducing competition with the other, noncued items
(Nobre et al., 2008). For instance, cueing an item could allow a
participant to strengthen the binding of that item to the cued
location, reducing the probability that a nontarget is mistakenly
compared with the probe at test. This would account for the
cue-based enhancement of drift rate. If load effects on nonde-

cision time reflect increased time taken to retrieve the target
representation (Sewell et al., 2016), strengthening must also be
able to counteract the load effect on retrieval time. This could
occur if the strength of the binding affected the speed of
retrieval. However, if strengthening of bindings is thought to
mediate the effects of memory load and of cueing on both
retrieval speed and the quality of retrieved representations, cues
should ameliorate the effects of memory load on both nonde-
cision time and drift rate. This is not consistent with our
findings. For this reason, we do not believe the strengthening
account provides a sufficient explanation for our data.

According to the removal account, retro-cues enable the re-
moval of noncued items from WM, freeing up capacity for the

Figure 7. Illustration of the effects of load, retro-cues, and their interaction. Dashed vertical lines indicate the
duration of measured reaction time (RT), from probe onset to completion of a motor response; dotted vertical
lines indicate the duration of hypothetical processing stages (here purely serial and additive for ease of display).
Retrieval time (tr) is short when load is low, but increases when load is high. When a retro-cue is presented prior
to the probe, the effect of retrieval time on measure RT is offset, with greater effects when tr is long (i.e., at high
load) than when it is short (i.e., at low load). Sensory processing of the probe can only occur after probe
presentation, and so is not affected by retro-cues. Cues protect memory from interference by the probe, thus
leading to increases in drift rate (and reduced decision time td); these increases are of a similar magnitude
irrespective of load. Time taken to prepare and execute a motor response (tm) is affected by neither cues nor load.
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cued item (e.g., Oberauer, 2001; Souza, Rerko, & Oberauer, 2014).
Removal of noncued items should lead to a reduction in the effects
of memory load on performance, consistent with our findings
pertaining to nondecision time. More problematic for the removal
account are our findings regarding drift rate: Drift rate was af-
fected by both load and cues, but neither the presence of the cue
nor a longer CTI consistently reduced the effect of load. If the
retro-cue benefit results primarily from the removal of nontargets,
then cues should make performance in the higher-load conditions
resemble that in the no-cue condition at lower loads. This was
clearly not the case concerning drift rate, suggesting that some-
thing other than (or additional to) the removal of noncued items
causes the retro-cue benefit.

As discussed above, the protection account of the retro-cue
effect (e.g., Makovski et al., 2008) explains the main effect of
retro-cueing on drift rate. The protection account on its own,
however, has no way to explain why protecting a cued item from
interitem or probe interference ought to decrease the time taken to
retrieve that item at test in a load-dependent manner. We conclude
that though protection from probe interference is likely to be part
of a complete explanation of the retro-cue effect (cf. Souza et al.,
2016), it is insufficient on its own.

Finally, according to the retrieval head-start account, cueing an
item leads to a separation of retrieval and decision processes,
allowing retrieval to occur in advance, reducing interference from
nontarget items and other visual stimuli, and ensuring that the
probe-target comparison is made using the correct information in
memory (Souza et al., 2016). Thus, this account predicts that cues
enhance the quality of information entering the decision process,
consistent with our finding of a boost for drift rate when cues were
presented. Additionally, the “head-start” component of the account
implies that cues allow retrieval to occur in advance. This is
consistent with the strong effects of cues on nondecision time, and
their amelioration of memory load. In fact, the retrieval head-start
account is quite similar to the explanation we suggested earlier,
which combines advanced retrieval/selection of cued items with
their protection from visual interference resulting from the probe.
However, one key difference between the accounts is the assump-
tion in the head-start account that the cue separates retrieval and
decision processes, thereby reducing interference from nontarget
representations in the decision process. This feature is problematic
for the retrieval head-start account: If cues enhance drift rate by
reducing the input of nontarget representations into the recognition
decision (Souza et al., 2016), this effect should be stronger when
the opportunity for such unwanted input is greater: that is, when
memory load is greater. As we found no interaction of cueing with
memory load on drift rate, the retrieval head-start account is ill
poised to explain the retro-cue effect on drift rate. Nonetheless, the
essential idea at the core of the retrieval head-start account—that
cues allow retrieval to occur in advance—seems to accord strongly
with the present findings.

Differences Between Positive, Negative, and
Intrusion Probes

A side issue raised by our data pertains to differences in perfor-
mance in response to the three different probe types. Namely, nega-
tive probes showed higher drift rates and smaller effects of load (and
also faster RTs and fewer errors) than either positive or intrusion

probes. Why might this have been the case? Two explanations have
been suggested to us by reviewers of this article. One is that some-
times participants did not have the target item in memory at all. In this
case, the probe would not match the contents of memory in the target
location, and participants would be likely to make a “mismatch”
response (e.g., Nosofsky & Donkin, 2016). For positive probes, such
a response would be erroneous, whereas for negative probes it would
be correct. Presumably, the greater the memory load, the greater the
chance that participants would enter this state; thus the effects would
be more evident at higher loads than at lower loads. This would
account for the differences between positive and negative probes that
increased with set size. However, this account predicts that intrusion
probes show a similar divergence from positive probes with increas-
ing load: after all, a “mismatch” response is as correct for intrusion
probes as it is for negative probes. Contrary to this prediction, drift
rates for intrusion probes were more similar to those for positive than
those for negative probes.

A second explanation for the probe type differences sug-
gested to us is that the decision process was affected by the
nontarget items in memory. For positive and for intrusion
probes, the comparison of the probe with the target is compro-
mised by contributions from nontargets because comparison of
the probe with nontargets yields conflicting information: Posi-
tive probes match the target but mismatch all nontargets; intru-
sion probes mismatch the target but match one of the nontar-
gets. In contrast, negative probes mismatch the target as well as
all the nontargets, so they are not compromised by a failure to limit
the comparison process to the target. As well as providing a
reasonable account of the differences between probe types in our
experiments, this suggestion is consistent with an interference
model of visual working memory one of us recently proposed
(Oberauer & Lin, 2017), as well as other empirical evidence
suggesting that location plays an important role in participants’
ability to reject intrusion probes (Rerko, Oberauer, & Lin, 2014).
Consequently, of these two explanations, this is the one we prefer.

Model Misfit for Error RTs

Another issue raised by our modeling refers to misfit between
predicted and observed error RTs (see online supplementary ma-
terials). As we indicated earlier, while the model fit to the RTs for
correct responses was generally excellent, there were substantial
misfits to the empirical error RT data. This misfit occasionally
reflected an overestimate of the empirical RTs, but more fre-
quently took the form of an underestimate (i.e., the predicted RTs
were faster than the observed RTs). Figure S15 in the supplemen-
tary materials shows the distribution of observed-predicted resid-
uals for error RTs across conditions in each experiment. As can be
seen, these were significantly positive (i.e., observed RTs slower
than predicted RTs) for three of the four experiments (with Ex-
periment 1 as the exception). Smith et al. (2016) and Sewell et al.
(2016) have both observed a similar underestimate of error RTs
using standard forms of the diffusion model. They provided an
account of this finding in which errors resulted from unsuccessful
searches of memory, followed by a diffusion-based decision pro-
cess with a zero drift rate (i.e., a guessing process; see Donkin et
al., 2013). As a result of the initial unsuccessful search, the error
RT distributions were shifted rightward (i.e., slowed). A similar
guessing-based account of error RTs has also recently been pro-
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vided by Nosofsky and Donkin (2016). Unfortunately, the model-
ing framework we used is not sufficiently flexible to allow us to
directly modify the model to test whether a similar account is
suitable to explain error RTs from the experiments we have re-
ported here. Nonetheless, we suspect that the more systematic
aspects of the misfit between the model and the empirical error RT
data may be explained by such a process.

Conclusion

In this article, we have provided further evidence that increased
STM load affects both the speed with which information in WM
can be retrieved, and the quality of what is retrieved. Retro-cues
also impact both of these variables, though in different ways.
Specifically, the effects of load and cues are additive when con-
cerning information quality, and interact when it comes to access-
ing information. These findings support a two-stage model in
which retrieval of the tested item precedes the comparison of
the retrieved item to the probe for decision making. Our expla-
nation of the retro-cue effect combines aspects of several ex-
isting accounts: A retro-cue enables advanced retrieval of the
target, thereby shortening or entirely eliminating the contribu-
tion of retrieval to the measured response time. In addition, the
retro-cue protects the target from interference from further
visual input, such as the probe, thereby preserving the quality of
target-related information that is fed into the decision process.
This protection already works during retrieval, so that it is
independent of the postcue time and of memory load.
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Appendix A

Assessing Retro-Cue and Load Effects With the EZ-Diffusion Model

The EZ-diffusion model (Wagenmakers et al., 2007) is a vastly
simplified approximation of the diffusion model. Namely, instead
of using entire two-choice RT distributions to determine the opti-
mal parameter values, it makes use of the mean and variance of
correct RTs, and the proportion of correct responses, to provide
values for drift rate, boundary separation, and nondecision time.
These values are obtained through closed-form equations, rather
than fitting by estimation. Compared with the full diffusion model,
the EZ-diffusion model does not include response bias or a number
of the variability parameters. However, the simplicity of the model
makes it less prone to overfitting. A simulation study has shown
that it has more statistical power to detect experimental effects
than the full diffusion model, without erroneously attributing
effects in one parameter to another parameter (van Ravenzwaaij,
Donkin, & Vandekerckhove, 2017). Further, as the EZ-diffusion
model makes use of summary statistics rather than fitting RT
distributions, it should be less susceptible to changes in the leading
edge of the RT distribution that Donkin et al. (2011) identified as
the source of occasional mis-attribution of variance to nondecision
time by the full diffusion model. Thus, if we obtained similar
patterns using the EZ-diffusion model on our data as we had using
HDDM, this would reinforce the validity of our findings. Specif-
ically, it would suggest that our finding of an interaction between
load effects and cues on nondecision time was not a result of
overfitting or parameter trade-offs. Consequently, we reanalyzed
our data using this model.

Method

All data were trimmed as described in the main diffusion mod-
eling section. EZ-diffusion parameter values for each participant
were obtained by way of the R code provided by Wagenmakers et
al. (2007).12 Where the proportion correct in a design cell was 1 or
0.5, we subtracted .01 to obtain parameters. The parameter values
were then entered into separate analyses of variance for drift rate,
boundary separation, and nondecision time, for each experiment.
Each ANOVA had the factors memory load, CTI (including the
no-cue condition), and probe type.

Note that, because we applied the model separately to each
design cell of each experiment, in some cases this meant using
very few data points to calculate the RT means and variances,
particularly when participants had made frequent errors in a con-
dition. This is certainly suboptimal; thus, we restricted our use of
the EZ-diffusion model to providing a means of assessing potential
trade-offs between boundary separation and nondecision time
rather than using it as a tool for drawing novel inferences.

12 One participant in Experiment 2 had only a single correct response
in one of the design cells. Because the EZ-diffusion model requires a
measure of correct RT variance (unobtainable without multiple data
points) to provide parameter values, we removed this participant from
these analyses.
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Results

In each case, we sought to determine whether the findings of (a)
effects of load and cues on drift rate, (b) effects of load and cues
on nondecision time, and (c) an interaction between CTI and
memory load on nondecision time, persisted when model param-
eters were obtained through the EZ-diffusion model. We focus our
reports of results on the main effects and interactions important to
these points. In addition, because of the possibility of a trade-off
between the nondecision time and boundary separation parameters,
we report effects of load and CTI on boundary separation.

The parameter values we obtained for v, a, and Ter are displayed
in Figure A1, averaged across probe types.

Drift Rate (v)

Results from the analyses on drift rate for the four experiments
are displayed in Appendix B. All four experiments showed a
decrease in drift rate as load increased. CTI also affected drift rate,
though to a smaller degree in Experiment 2 than in the other
experiments. All four experiments also showed interactions be-
tween CTI and memory load. For Experiments 1 and S1b, this
appeared to result from a partial amelioration of load effects with
CTIs �100 ms, particularly as load increased from two to four
items. For Experiments 2 and S1a, the pattern was more ambigu-
ous.

Nondecision Time (Ter)

Results from the analyses on nondecision time for the four
experiments are displayed in Appendix C. All four experiments
showed an increase in nondecision time as load increased. CTI also
affected nondecision time, which decreased as CTI increased.
Three of the four experiments also showed interactions between
CTI and memory load, with longer CTIs decreasing or abolishing
the effects of load. The exception was Experiment S1a, for which
the basic pattern was similar, but not significant.

Boundary Separation (a)

Results from the analyses on boundary separation for the four
experiments are displayed in Appendix D. All four experiments

showed effects of memory load, but not in the same direction: For
Experiments 2, S1a, and S1b, increased load led to decreases in
boundary separation, while the reverse pattern was evident for
Experiment 1. None of the other main effects or interactions was
consistent across experiments.

Discussion

Results of the EZ-diffusion analysis generally confirmed the
findings of the HDDM analysis: Greater memory load consistently
led to decreased drift rate and increased nondecision time across
all four experiments, cues had the opposite effect, and in three of
the four experiments cues reduced or abolished the effects of load
on nondecision time. This implies that these findings were not a
result of fitting with an overly flexible model. Further to that point,
whereas each of the four experiments showed effects of load on
boundary separation, the direction of these effects was not consis-
tent: Increased load led to increased boundary separation in Ex-
periment 1, but decreased boundary separation in the other three
experiments. Thus, it does not appear that our findings pertaining
to nondecision time resulted from a trade-off with the boundary
separation parameter (as Donkin et al., 2011, have shown can
occur).

There were some aspects of the EZ-diffusion analysis that
differed from the HDDM analysis. Most notably, in the EZ-
diffusion analysis drift rate in all four experiments showed signif-
icant interactions between CTI and memory load. Superficially,
this appears to suggest that the benefit of cues in ameliorating set
size effects is not limited to processes captured by nondecision
time, but also affects decisional processes. However, only Exper-
iment 1 displayed a pattern of results consistent with this sugges-
tion, such that the cue conditions were less affected by load than
the no-cue condition. For the other experiments, the effects of load
on drift rate varied across the cue conditions in a nonsystematic
manner (e.g., the 100 ms and 400 ms conditions showed stronger
effects of load than the no cue condition in Experiments S1a and
2, respectively). Nonetheless, it was generally the case that the cue
conditions showed increased drift rate compared with the no cue
condition, implying that cues do affect the quality of information
entering the decision process.
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Figure A1. Parameter values obtained from EZ-diffusion analyses (averaged across probe conditions). Error
bars are 95% within-subjects confidence intervals (Cousineau, 2005). See the online article for the color version
of this figure.
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Appendix B

Results of ANOVA on EZ-Diffusion-Obtained Drift Rate for Experiments 1, 2, S1a, and S1b

Experiment Effect df MSE F �2 p

Experiment 1 CTI 1.89, 35.82 .03 8.74 .06 .001
Memory load 1.36, 25.82 .01 37.71 .08 �.001
Probe type 1.47, 27.85 .01 26.72 .06 �.001
CTI � Memory Load 3.52, 66.81 .01 3.18 .01 .02
CTI � Probe Type 4.43, 84.16 .00 .78 .002 .56
Memory Load � Probe Type 2.56, 48.70 .01 2.04 .005 .13
CTI � Memory Load � Probe Type 6.64, 126.24 .01 1.19 .008 .32

Experiment 2 CTI 2.76, 60.82 .01 3.12 .07 .04
Memory load 1.89, 41.67 .01 86.82 .21 �.001
Probe type 1.72, 37.85 .02 73.46 .29 �.001
CTI � Memory Load 6.97, 153.25 .00 2.64 .009 .01
CTI � Probe Type 4.89, 107.56 .00 2.22 .008 .06
Memory Load � Probe Type 4.14, 90.99 .00 7.83 .02 �.001
CTI � Memory Load � Probe Type 7.84, 172.48 .01 1.45 .01 .18

Experiment S1a CTI 2.29, 43.54 .02 7.10 .03 .001
Memory load 1.56, 29.59 .01 81.30 .15 �.001
Probe type 1.57, 29.76 .02 16.61 .04 �.001
CTI � Memory Load 3.63, 68.91 .01 2.79 .01 .04
CTI � Probe Type 4.59, 87.17 .01 2.96 .01 .02
Memory Load � Probe Type 3.00, 57.04 .01 .28 .001 .84
CTI � Memory Load � Probe Type 6.10, 115.86 .01 1.11 .006 .36

Experiment S1b CTI 2.56, 58.92 .01 10.96 .05 �.001
Memory load 1.41, 32.37 .01 114.54 .16 �.001
Probe type 1.64, 37.69 .01 38.00 .09 �.001
CTI � Memory Load 4.99, 114.86 .01 5.42 .02 �.001
CTI � Probe Type 4.74, 109.12 .01 1.99 .01 .09
Memory Load � Probe Type 3.20, 73.62 .00 2.98 .007 .03
CTI � Memory Load � Probe Type 8.24, 189.50 .01 .52 .004 .85

Note. All degrees of freedom are Greenhouse-Geisser corrected.
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Appendix C

Results of ANOVA on EZ-Diffusion-Obtained Nondecision Time for Experiments 1, 2, S1a, and S1b

Experiment Effect df MSE F �2 p

Experiment 1 CTI 1.58, 30.02 .16 18.65 .14 �.001
Memory load 1.77, 33.72 .03 12.16 .02 �.001
Probe type 1.70, 32.23 .04 10.26 .02 �.001
CTI � Memory Load 3.99, 75.75 .04 2.87 .01 .03
CTI � Probe Type 3.05, 57.92 .06 1.67 .01 .18
Memory Load � Probe Type 2.70, 51.33 .03 .50 .002 .66
CTI � Memory Load � Probe Type 6.40, 121.60 .05 .80 .008 .58

Experiment 2 CTI 2.70, 59.39 .09 36.38 .13 �.001
Memory load 1.85, 40.80 .08 17.57 .05 �.001
Probe type 1.82, 40.01 .10 27.32 .08 �.001
CTI � Memory Load 5.82, 128.00 .06 2.78 .02 .02
CTI � Probe Type 4.16, 91.56 .07 1.01 .005 .41
Memory Load � Probe Type 4.66, 102.50 .05 1.92 .008 .10
CTI � Memory Load � Probe Type 9.33, 205.19 .08 .49 .006 .88

Experiment S1a CTI 2.05, 38.90 .07 10.10 .07 �.001
Memory load 1.61, 30.63 .03 6.53 .02 .007
Probe type 1.39, 26.38 .08 9.17 .05 .003
CTI � Memory Load 3.99, 75.74 .03 1.18 .006 .32
CTI � Probe Type 4.54, 86.17 .02 .73 .004 .59
Memory Load � Probe Type 3.03, 57.57 .02 .93 .003 .43
CTI � Memory Load � Probe Type 6.36, 120.77 .02 1.04 .008 .40

Experiment S1b CTI 3.30, 75.82 .05 25.21 .12 �.001
Memory load 1.91, 43.82 .03 7.59 .01 .002
Probe type 1.63, 37.38 .04 11.82 .02 �.001
CTI � Memory Load 5.38, 123.73 .03 2.47 .01 .03
CTI � Probe Type 5.47, 125.83 .04 .85 .006 .52
Memory Load � Probe Type 3.36, 77.37 .03 .83 .003 .49
CTI � Memory Load � Probe Type 7.46, 171.67 .04 1.24 .01 .28

Note. All degrees of freedom are Greenhouse-Geisser corrected.
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Appendix D

Results of ANOVA on EZ-Diffusion-Obtained Boundary Separation for Experiments 1, 2, S1a, and S1b

Experiment Effect df MSE F �2 p

Experiment 1 CTI 1.89, 35.82 .03 8.74 .06 .001
Memory load 1.36, 25.82 .01 37.71 .08 �.001
Probe type 1.47, 27.85 .01 26.72 .06 �.001
CTI � Memory Load 3.52, 66.81 .01 3.18 .01 .02
CTI � Probe Type 4.43, 84.16 .00 .78 .002 .56
Memory Load � Probe Type 2.56, 48.70 .01 2.04 .005 .13
CTI � Memory Load � Probe Type 6.64, 126.24 .01 1.19 .008 .32

Experiment 2 CTI 2.59, 56.91 .00 .38 .001 .74
Memory load 2.19, 48.15 .00 8.09 .02 �.001
Probe type 1.89, 41.63 .00 1.55 .004 .22
CTI � Memory Load 6.25, 137.60 .00 1.82 .01 .10
CTI � Probe Type 4.96, 109.40 .00 .46 .002 .80
Memory Load � Probe Type 4.70, 103.31 .00 1.30 .004 .27
CTI � Memory Load � Probe Type 9.02, 198.39 .00 .78 .009 .63

Experiment S1a CTI 2.26, 42.88 .01 .96 .005 .40
Memory load 1.67, 31.75 .00 9.47 .02 .001
Probe type 1.87, 35.46 .00 .26 .001 .76
CTI � Memory Load 4.09, 77.73 .00 .58 .003 .68
CTI � Probe Type 4.52, 85.86 .00 1.52 .008 .20
Memory Load � Probe Type 3.50, 66.49 .00 .92 .003 .45
CTI � Memory Load � Probe Type 6.61, 125.66 .00 1.75 .01 .11

Experiment S1b CTI 3.05, 70.19 .01 4.76 .03 .004
Memory load 1.80, 41.39 .00 20.13 .03 �.001
Probe type 1.60, 36.86 .00 2.37 .004 .12
CTI � Memory Load 5.87, 134.94 .00 1.06 .005 .39
CTI � Probe Type 5.55, 127.60 .00 .61 .003 .71
Memory Load � Probe Type 3.20, 73.55 .00 1.56 .004 .20
CTI � Memory Load � Probe Type 8.41, 193.34 .00 1.39 .01 .20

Note. All degrees of freedom are Greenhouse-Geisser corrected.
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