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Abstract
Visual search is expedited in a spatial context encountered repeatedly. A much-debated question is how early the facilitation by
contextual memory arises. The current study examined the possibility of the facilitation of early attentional processing by
constructing a descriptive model of the time course of visual search and its facilitation by contextual cueing. Participants in this
experiment engaged in a speed-accuracy tradeoff (SAT) task after learning the spatial contexts in a standard visual search task in
which they searched for a rotated T target among Ls. In the SAT task, they were required to search for the target and respond
immediately when a sound probe was presented, even if they did not find or identify the target when the inter-stimulus interval
between the search display and the probe varied from 40 ms to 2,000 ms. Participants completed two blocks of the SAT task, in
which they searched in learned and new contexts. The results of the SAT procedure showed that responses were more accurate in
repeated contexts than in new contexts, even when only a brief period of time elapsed after presenting the search display (> 90
ms). We conducted an analysis of the time course of contextual-cueing effects with Bayesian hierarchical modeling, which
demonstrated that the rate of increase in accuracy was higher for the repeated than for the new contexts. These findings suggest
that early attentional processing is enhanced by learning the contexts, and this enhancement arises very early in the time course of
the visual search.
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Introduction

In recent years, there has been an increase in interest in
Bayesian statistical modeling in various domains of cognitive
psychology, which has led to a proliferation of studies using
this quantitative approach (van de Schoot, Winter, Ryan,
Zondervan-Zwijnenburg, & Depaoli, 2017). Bayesian hierar-
chical modeling, which draws on Bayesian statistical
methods, has been used in psychology to describe data-
generation processes as probability models, to predict behav-
iors from the models, and to compare the predictions with
observed data. In turn, this allows inference of mechanisms
behind the observation through concrete models.

Although the number of studies in cognitive psychology
employing the Bayesian approach has been increasing (for a
tutorial review, see Lee, 2008), the use and application of this
approach in the field of visual attention remains limited. In the
present study, we examined the time course of facilitation by
contextual cueing (Chun & Jiang, 1998) and its effect on at-
tentional guidance by using a promising new approach that
combines a psychometric function with Bayesian hierarchical
methods. Psychometric functions have been used in visual
attention research to model and predict performance. In par-
ticular, the speed-accuracy tradeoff (SAT) function has been
utilized to describe the rate of visual information processing as
a function of time and how the rate is changed by covertly
attending to the visual information (Carrasco & McElree,
2001; McElree & Carrasco, 1999). The use of the SAT func-
tion in contextual cueing literature is also new, which allowed
us to investigate the time course of facilitation more precisely
than was previously possible.

In the SAT task, participants engage in a visual search task
in which they are required to respond immediately once a
sound probe stimulus is presented. At shorter stimulus-onset
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asynchronies (SOAs; e.g., ~ 40 ms between the onset of a
search display and that of the sound probe), accuracy is at
the chance level, whereas at longer SOAs (e.g., > 500 ms)
performance reaches an asymptote. This growth of accuracy
(also termed an “accuracy curve”) as a function of SOAs has
been described more precisely with the SAT function:

d
0
tð Þ ¼ λ 1−e

1−β
�
t−δ

� � !
; t > δ; else 0

The parameter λ reflects the asymptotic accuracy. The β
and δ are pre-asymptotic parameters, which respectively re-
flect the growth rate of accuracy and the time point when the
accuracy leaves the chance level. In the present study, we
adopted the probability-modeling approach to evaluate the
data acquired in the visual-search experiment. For this pur-
pose, the numbers of correct responses, instead of convention-
al d’, are modelled as a function of the numbers of trials in
each of the SOA conditions using the binomial distribution.
The SAT function is employed to describe the growth of pa-
rameter θ (i.e., success rate) as a function of individual tem-
poral lengths of the SOAs.

This study further extends this use of the SAT function by
examining how contextual cueing facilitates attentional guid-
ance in visual search and how facilitation unfolds with time
within a trial. Contextual cueing refers to the phenomenon that
a repeated spatial layout in a visual search task leads to a faster
reaction to a subsequent target stimulus (Chun & Jiang, 1998).
In a typical contextual-cueing task, participants search for a
target stimulus, for example a rotated alphabet T, while ignoring
distractor stimulus L. Unbeknownst to the participants, the con-
figuration of distractors (i.e., context) is paired with the target
location, and this pairing then is presented repeatedly over time,
thereby allowing associative learning of these two sets of infor-
mation. A common finding is that response time to identify the
target shortens with repetitions relative to performance with
newly generated contexts. The juxtaposition of performance
with repeated versus novel targets is often termed “the
contextual-cueing effect.” To date, numerous studies have been
conducted to examine mechanisms underlying this contextual-
cueing effect (for reviews, see Goujon, Didierjean, & Thorpe,
2015, and Sisk, Remington, & Jiang, 2019). One of the many
debates surrounding this effect has focused on that component
of visual search that is facilitated by contextual cueing.

The existing literature on this topic has revealed that mainly
two components in visual-search processing are facilitated:
attentional guidance and response selection (Kunar et al,
2007; Kunar & Wolfe, 2011). The original study (Chun &
Jiang, 1998) assumed that contextual cueing facilitates search
performance by guiding the attentional deployments during
search. They provided support for this proposal by showing
that the slope of a search function becomes steeper after con-
textual cues are learned. Sisk et al. (2019) termed this the

“early locus” of a contextual-cueing effect. A number of stud-
ies have reported evidence for this account with various mea-
sures. Peterson and Kramer (2001) recorded eye movements
during visual search and showed that fewer fixations were
needed to find a target in old contexts than in new contexts,
suggesting that the learned contextual cue effectively guided
attention to the target position. Event-related potential (ERP)
studies also supported the early locus account (Johnson,
Woodman, Braun, & Luck, 2007; Olson, Chun, & Allison,
2001). A behavioral study from Ogawa, Takeda, and
Kumada (2007) offers indirect evidence of facilitated atten-
tional guidance by demonstrating that contextual cueing en-
ables a participant to inhibit distractors, thus leading to more
efficient search. Recently, Harris and Remington (2017) pro-
vided strong evidence for attentional-guidance facilitation by
combining pop-out search with eye-movement measures.
Taken together, these previous studies appear to support the
notion that contextual cueing expedites the early locus of vi-
sual search process.

If attentional guidance is facilitated by contextual cueing,
another question yet to be answered is how quickly this facil-
itation arises. Geyer, Zehetleitner, and Muller (2010) sug-
gested that the expedition occurs during the saliency compu-
tation (Muller, Heller, & Ziegler, 1995). They limited process-
ing time either bymasking a display soon (i.e., 90ms) after the
stimuli appeared on a screen, or by instructing participants to
make a speeded response. The result showed that signal de-
tection accuracy was higher for the old displays than for the
new displays, supporting the possibility that an early locus,
such as feature signal computation of visual search, is expe-
dited. This is consistent with the ERP activities in V1 and V2
being modulated by learned contexts, suggesting the involve-
ment of facilitation at earlier processes (Olson, Chun, &
Allison, 2001). Chaumon, Drouet, and Tallon-Baudry (2008)
have also provided evidence for the early onset of contextual
facilitation with MEG (magnetoencephalography). These
neurological findings do not necessarily mean that attentional
processing per se is facilitated; however, these studies have
collectively demonstrated that facilitation by contextual cue-
ing arises early in the time course of visual-search processing.

This study extends previous research by using the
probability-modeling approach reviewed below, and as well
as connectionist modeling (Brady & Chun, 2007), both of
which have made an important contribution to clarifying the
cognitive mechanisms of the observed findings. Thus far, two
studies adopted probability modeling to examine the underly-
ing processes of contextual cueing (Sewell, Colagiuri, &
Livesey, 2018; Weigard & Huang-Pollock, 2014). These stud-
ies utilized the diffusion model (Ratcliff, 1978), in which re-
action time arises from a probability distribution called the
Wiener process. The diffusion model decomposes reaction
times into four components, including the response-
threshold parameter α and a rate of information accumulation
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parameter v (i.e., drift rate). Revealing that these parameters
differ between old and new contexts, Sewell et al. (2018)
suggested that contextual cueing modulates not only the re-
sponse threshold, which corresponds to the response facilita-
tion account, but also the rate of information accumulation,
which corresponds to the earlier processes of visual search. As
the latter parameter does not solely correspond to attentional
guidance facilitation, these authors also proposed that facilita-
tion at a more perceptual level also takes part in contextual
cueing. In the same vein, Weigard and Huang-Pollock (2014)
studied the contextual-cueing effect in children with attention-
deficit hyperactivity disorder (ADHD), who had been consid-
ered unable to benefit from contextual cueing. Although it was
not reflected in the reaction-time measure, these children’s
data also showed a lower response threshold in the learned
contexts. As such, the probability modeling approach poten-
tially reveals a new perspective that is not apparent only with
reaction-time measures.

The present study combined this promising approach with
the conventional SAT task. We attempted to decompose the
accuracy of visual search into the above-mentioned β, δ, and
λ parameters by using a contextual manipulation. The
interpretation of these parameters, however, requires caution
because this is a descriptive model. However, it is also
possible that contextual cueing has implications for the time
course of attentional processing. Geyer et al. (2010) suggested
that contextual cueing facilitates search because it increases
the saliency of a target item, which suggests the possibility
that parameter δ is influenced by contextual learning, because
the strength of attentional guidance might be greater for old
than for new contexts, leading to rapid facilitation early in the
time course of a search trial. On the other hand, if contextual
learning influences the speed of attentional accumulation, this
might be reflected in parameter β. It is also plausible that both
mechanisms are effective, and, therefore, both parameters
might change as a result of contextual cueing.

As such, if contextual cueing affects the attentional guid-
ance during visual search as many previous studies have sug-
gested, then the pre-asymptotic parameters,β and/or δ, should
be modulated accordingly. In this way, the SAT task allows us
to examine the temporal dynamics of a search, with more
focus on data-generation processes with the probability
modeling approach; in turn, this would add to the accumulat-
ing evidence that attentional guidance is facilitated by contex-
tual cueing. Although the adaptation of accuracy measures
and response-signal procedure to the contextual-cueing effect
is not new (Chun & Jiang, 1998, Experiment 5; Geyer et al.,
2010), we scrutinized how the facilitation changes as a func-
tion of time available for processing visual information by
setting multiple conditions of SOAs, ranging from a very short
(40 ms) to a long enough period (2,000 ms), assuming that
response accuracy reaches the asymptote by then. By combin-
ing this manipulation with the SAT function-based modeling,

we were able to describe the time course of the effect without
employing complicated experimental designs.

The purpose of the present study was twofold: First, to
adopt the Bayesian hierarchical modeling approach that ex-
presses the time course of data-generation processes during
visual search by extending the SAT function; and secondly,
to characterize the time course of facilitation due to contextual
cueing with the constructed model. If the early stages of visual
search are expedited, as suggested by the original study of
Chun and Jiang (1998) and others, then the pre-asymptotic
parameters should be affected. Specifically, if processes prior
to target detection, information accumulation in particular, are
speeded up, then the growth-rate parameter β should be larger
for learned contexts than for newly generated contexts. At the
same time, we also compared accuracy between context con-
ditions (old vs. new) at each SOA condition. If the quality of
perceptual evidence entering a decision process is enhanced in
learned contexts, as suggested by the diffusion-modeling
study (Sewell et al., 2018), this would mean that quite early
processes of visual search are facilitated by contextual cueing.
Thus, we predicted that accuracy benefits should appear at
shorter SOAs where a limited time is available to process
stimuli and only earlier processing of search is completed.

Methods

Participants

Nineteen undergraduate students participated in the experi-
ment for a monetary compensation of ¥3,500 (approximately
US$32) or partial fulfillment of a course credit. Among them,
three participants failed to meet the criteria described below in
a practice session, thus they did not complete subsequent ses-
sions and are not included in the data. All the participants
provided written informed consent, and reported that they
had normal or corrected-to-normal vision and audition. None
of them was aware of the purpose of the study.

Materials

All experimental sessions were conducted in a dimly-lit room.
Experimental stimuli were presented on a 24-in. display
(BenQ XL2420T), and the experiments were programmed
with PsychoPy (Peirce, 2009). A sound stimulus used in an
experimental session was presented through a headphone
(SONY MDR-Z1000). Participants were seated at a viewing
distance of 65 cm from the display, and a chin rest was used to
ensure the distance was fixed throughout the experiment.

A visual search task in which participants search for a target
stimulus among distractor stimuli was used throughout the ex-
periment. In the search task, the alphabet letter T was used as a
target and the letter L served as a distractor. The display
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contained one T and 11 Ls. The Twas rotated 90° clockwise or
anticlockwise, which was determined randomly on every trial.
Likewise, each of the L letters was rotated 0°, 90°, 180°, or 270°.
All stimulus items were of the same size, subtending 0.7 × 0.7°.

Stimuli were presented on three imaginary concentric cir-
cles. The diameter of each circle was, respectively, 3.48°,
6.95°, and 10.41°. The T always appeared on the middle cir-
cle, in order to equate a target eccentricity in each trial. Of the
rest of the stimuli, three were presented on the inner circle,
four were presented on the middle circle, and six were pre-
sented on the outer circle. Each circle comprised six, 12, and
18 equidistant possible item locations, respectively, ensuring
that crowding would not occur.

Eight old displays were used to form old displays that were
uniquely designed for each participant. Eight target locations
were selected; these were used in both old and new displays.
In the old displays, the set of distractors was always paired
with a particular target location. In the new displays, the same
target locations were used as in the old displays, but the loca-
tions of distractors presented with these targets were deter-
mined on a trial-by-trial basis, which meant that any distractor
layout could not predict the target location.

Procedure

First, the participants completed a learning session. In this
session they engaged in the visual search task over a series
of trials. Each trial started with a 500-ms fixation cross
appearing at the center of a screen, which was followed by a
search display containing a target and 11 distractors.
Participants were asked to search for the target letter among
the L distractors and to identify the orientation of the target (a
T rotated 90° clockwise or anticlockwise). They were
instructed to respond by pressing a key as quickly and accu-
rately as possible. Unlike the SAT procedure described below,
the search display remained on the screen until a response was
made, and no time limit for the response was imposed. The
participants completed 24 blocks of eight trials, and each dis-
play was presented once in a block. Unbeknownst to them,
newly generated displays were presented during the final four
blocks in order to test whether visual searches for the old
displays were indeed facilitated.

The completion of the learning session was followed by a
practice session of the SAT task. The procedure is presented in
Fig. 1. After a fixation cross was shown for 750 ms, partici-
pants were presented with a display that consisted of the same
stimuli as in the learning session, and searched for the target
among distractors. The display presentation was followed by a
sound-probe stimulus, which forced the participants to make a
response immediately even when they had not found the tar-
get. The participants were instructed to respond within 400 ms
after the sound probe, otherwise an error feedback was pre-
sented on the screen. The SOAs had eight conditions, which

were 40, 90, 150, 200, 300, 500, 900, and 2,000 ms, respec-
tively. These SOAs were presented in random sequences. The
search display remained on the screen until response or
400 ms after the sound probe when no response was made
in the specified time. When participants responded within 400
ms, a reaction time feedbackwas given. No accuracy feedback
was given after the response. The practice session started with
a search display that contained only the target stimulus, where
participants were told to identify the orientation of a target.
This procedure was employed to allow participants to become
accustomed to making responses in the specified time period,
which is not a common experimental task. When accuracy in
trials with each set size (i.e., the number of stimuli on a dis-
play) reached 60%, a distractor was added to the display.
Regardless of accuracy, participants completed at least 20 tri-
als with each set size. Thereafter, accuracy was calculated at
the end of every trial as a ratio of a number of correct trials to
the number of all trials completed at the current set size. The
configuration of the search display was randomly generated
for each trial. This sequence was repeated until the number of
stimuli on the display equaled 12. If the number of stimuli on
the screen did not reach this criterion 40 min after the begin-
ning of the practice session, the participants did not conduct a
session that followed.

Finally, a test session of the SAT task was conducted.
Unlike the practice session, the set size was 12 from the be-
ginning and did not change as the task progressed. Participants
completed two blocks of the SAT task. One block presented
participants with the displays learned in the learning session;
the other block contained newly generated displays. Each
block consisted of 1,120 trials. The order of these two blocks
was counterbalanced across participants. The whole experi-
ment took about 4 h, and the participants were given a 45-
min break in the middle of the experimental sessions.

Analysis

The data were analyzed using free statistic software R (version
3.5.1; 2018-07-02), and R packages including MASS

Fig. 1 A schematic representation of a trial sequence in the speed-
accuracy tradeoff (SAT) task
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(Venables & Ripley, 2002), lmerTest (Kuznetsova, Brockhoff,
& Christensen, 2017), and lme4 (Bates, Maechler, Bolker, &
Walker, 2015) were used for a priori contrast coding, the linear
mixed model, and the generalized linear mixed model, respec-
tively. The learning session involved a 2 (context; old or new)
× 6 (epochs; four blocks were combined into one epoch in
order to increase the power, such that the session involved six
epochs) within-subject design. Repeated contrasts were coded
to reflect six epochs, and the reaction-time data were analyzed
with the linear mixed model, with participants as a random
intercept. We focused mainly upon the last two epochs be-
cause we considered the fifth epoch to be when the context
learning was completed, and the sixth epoch to be when
pairings between a distractor and target locations were
destroyed and learned information could not be used to facil-
itate a search.

In order to examine whether repeating displays facilitate
search guidance, an analysis of accuracy on each condition
of the SAT test session with the generalized linear mixed
model was conducted, with participants treated as a random
intercept. Sum contrasts were coded, with the old condition as
+0.5 and the new condition as -0.5, which enabled us to com-
pare the accuracies of these conditions on each SAT condition
without the need for multiple comparisons; thus only one de-
gree of freedom was spent.

We estimated the pre-asymptotic parameters β and δ of the
SAT function by modeling accuracy in the SAT test session in
a Bayesian, hierarchical manner. Models were constructed and
computed using the Stan and RStan package (Stan
Development Team, 2019), the R interface to Stan. In our
model, we assumed that responses were made based on the
binomial distribution. The number of hits per participants in
each condition is represented as:

αi;k∼Binomial ni;k ; θi;kð Þ

Here, n is a number of trials and θ describes a hit rate. The
subscripts i and k refer, respectively, to each participant and
context condition (two levels – old or new). The assumption
here is that responses are independent of each other. Then, we
assumed that this probability distribution of responses, θ,
changes as a function of SOAs (described as t in the formula),
as follows:

θi; j tð Þ ¼ 0:5þ λ 1−exp 1−βi;k t−δi;k
� �� �� �

This model is derived from conventional SAT functions.
Hence λ is an asymptotic parameter, whereas β and δ are the
pre-asymptotic parameters that describe a portion of the func-
tion before θ reaches an asymptote; 0.5 was added to the
conventional SAT function in order for δ to be a parameter
reflecting the time point when θ leaves the chance level, 50%.
In this model λ is first estimated with the prior Normal (0, 0.5),
and then transformed with the inverse logit function to values

within (0, 0.5). This procedure was employed to ensure that
the theoretical maximum of θwould be 1. Otherwise, a model
with a free λ failed to converge, either when more weak priors
(e.g., Normal (0, 1)) were used or when the transformation
with the inverse logit function was not employed.

To investigate whether there were any differences in pa-
rameter values between old and new displays, we calculated
Bayes factors for comparing each parameter of the full model
with a model in which the parameter β varied between the
display conditions with the null model. The calculation was
conducted by means of bridge sampling with the
br idgesampl ing package (Gronau, Singmann, &
Wagenmakers, 2017) on R. We found that there is strong
evidence in favor of a model over the null when a Bayes factor
exceeds 100, according to Jeffreys’ criteria (1961; as cited in
Lee & Wagenmakers, 2013).

The parameters in models were estimated by generating a
Markov-Chain Monte Carlo (MCMC) sample from posterior
distributions. Weakly informative prior distributions, usually
with standard deviations of 10, were employed as the prior
distributions for each parameter. For the standard deviations of
each parameter’s values, we used the Cauchy distribution with
a standard deviation 2.5. In order for the estimates to be stable,
we used 12,000 steps of four MCMC chains, among which
2,000 steps were discarded as a warm-up. We concluded that
chains converged successfully when R ̂ values were under
1.04.

Results

Reaction time in the learning session

To determine whether contextual information was successful-
ly learned, reaction-time data in the learning session (Fig. 2)
were analyzed with the linear mixed model. A priori contrast
was coded to compare reaction time between each epoch; see
Table 1 for results. Reaction time in epoch 6, where the asso-
ciation between distractors and a target was not retained, was
longer than in epoch 5 (b = 152.52, SE = 27.19, t = 5.61, p <
.01). This indicates that contextual cueing was acquired by
epoch 5, and it also suggests the learned association was
weakened by the changes in epoch 6, which shows longer
reaction times.

Speed-accuracy tradeoff (SAT) accuracy

The accuracy in the SAT test session (Fig. 3) was analyzed
with the generalized linear mixed model. A priori contrast was
coded to compare accuracy between context conditions (old
vs. new) in each SOA condition. As shown in Table 2, correct
responses in the old-context condition were more likely to
occur than in the new-context conditions in SOA conditions
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of 90, 150, 200, 300, 500, and 900 ms (ps < .01). This result
shows that participants can respond to the learned contexts
even when only a small amount of time is available to process
a search display, suggesting that the benefit appeared quite
early in the process of visual search.

At the longest SOA (i.e., 2,000 ms), no difference in accu-
racy was observed between the display conditions. This result
may be attributed to a ceiling effect, namely the fact that ac-
curacy was quite high in both conditions (> 97%).
Furthermore, the results from the learning session showed that
most searches were completed within 2,000 ms. In the stan-
dard contextual cueing paradigm without any time limitation,
no accuracy difference was observed. Our results are in line
with those of previous studies.

The reaction-time distributions in the SAT task are shown
in Fig. 4. The distribution was plotted as a stack histogram, in
which each participant was represented by a different color.
We used a linear mixed model to investigate the interaction
between the SOA and display conditions. The SOA, display
conditions, and correct/incorrect trials were included as fixed
effects, and participants as a random intercept. Participants

responded faster as the SOA became longer, which is reflected
as a main effect of SOA (b = -0.02, SE = 0.003, t = -5.36, p <
.01). Correct trials and old-context trials yielded shorter reac-
tion times (b = -14.56, SE = 1.66, t = -8.75, p < .01; b = -11.79,
SE = 2.10, t = -5.62, p < .01). The two-way interactions be-
tween the correct/incorrect and display conditions were statis-
tically significant (b = -4.96, SE = 2.42, t = -2.06, p = .03).
This interaction is shown in Fig. 5, in which the reaction time
was plotted with an interactions package (Long, 2019). This
plot reveals a larger difference between new and old display

Fig. 3 Mean accuracy in the speed-accuracy tradeoff (SAT) test session.
The blue dotted line represents the old condition, and the red solid line
represents the new condition

Table 2. Results of the analysis on accuracy data in the speed-accuracy
tradeoff (SAT) test session

b SE t p

(Intercept) 1.55 0.11 14.44 <.01

SOA 90–40 0.20 0.05 3.69 <.01

150–90 0.18 0.05 3.26 <.01

200–150 0.17 0.05 3.04 <.01

300–200 0.36 0.06 6.18 <.01

500–300 0.52 0.07 7.81 <.01

900–500 0.91 0.09 10.49 <.01

2,000–900 1.08 0.13 8.08 <.01

SOA40 conditions 0.10 0.08 1.31 .19

SOA90 conditions 0.21 0.08 2.81 <.01

SOA150 conditions 0.21 0.08 2.77 .01

SOA200 conditions 0.27 0.08 3.43 <.01

SOA300 conditions 0.38 0.09 4.46 <.01

SOA500 conditions 0.48 0.10 4.76 <.01

SOA900 conditions 0.50 0.14 3.50 <.01

SOA2000 conditions 0.00 0.23 0.00 .99

Significant values (p < .05) are shown in bold

SOA stimulus-onset asynchrony

Table 1. Results of the analysis on reaction time data in the learning
session

b SE t p

(Intercept) 1126.8 60.64 18.58 <.01

Epoch 2-1 -291.14 27.19 -10.71 <.01

3-2 -116.71 27.19 -4.29 <.01

4-3 -45.35 27.19 -1.67 .10

5-4 -72.24 27.19 -2.66 .01

6-5 152.52 27.19 5.61 <.01

Significant values (p < .05) are shown in bold

Fig. 2 Mean response time in the learning session. The error bars
represent the standard error values
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conditions in the incorrect trials compared to the correct trials.
Correct/incorrect and SOA conditions, and display and SOA
conditions were not statistically significant, nor was the three-
way interaction between correct/incorrect, display, and SOA
conditions (b = -0.01, SE = 0.004, t = -1.30, p = .19; b = 0.01,
SE = 0.01, t = 1.44, p = .15; b = -0.01, SE = 0.01, t = -1.77, p =
.07).

These results suggest that participants could use additional
time after the response signal to search before the response
execution, but the amount of time that could be used was not
very long. By taking account of the fact that accuracy reached
100% at a SOA of 2,000 ms, the search should be completed
by then. Therefore, we infer that the reaction time in this
condition was made up of motor or response-related compo-
nents. Considering that the longest time needed for a response
was approximately 299 ms (the 40-ms SOA condition) and
the shortest was 227 ms (2,000 ms), the implication is that an
additional 72 ms can be used for search until the response-
related processes set in.

Modeling

In order to examine changes in pre-asymptotic parameters β
and δ as a function of context conditions, we constructed four
models: (1) a model in which both β and δ are variable across
the two context conditions (full model); (2) a model in which
only β varies across the conditions (2βmodel); (3) a model in
which only δ varies across the conditions (2δ model); and (4)
a model in which neither of these two parameters varies across
the conditions (null model). Prior to comparisons between the
models described above and the null model with Bayes fac-
tors, which are ratios of log marginal likelihoods of two
models, negative log marginal likelihoods (i.e., free energies)
for each model were calculated. The free energy of the null
model (784.37) was the largest among the three models,
followed by the full model (748.03), and then by the 2βmodel
(718.06). The calculation of the negative log marginal likeli-
hood with the bridge sampling method did not converge for
the 2δ model.

In order to observe the fit of the 2δ model compared with
other models, we simulated accuracy as a function of SOAs
with the estimated parameter values of the 2δ model and the
2β model. The estimation is plotted in Fig. 6. When this esti-
mate is compared to the actual result in Fig. 3, the 2β model
predicted the accuracy better than the 2δ model. In addition,
the fit did not improve when variable δs were added to the
model, as was observed in the comparison between the full
model and the 2βmodel (748.03 vs. 718.06; for a comparison
with the Bayes factor, see Table 2). These two examinations
showed that the 2δmodel may not fit the data better than either
the 2β model or the full model, although its fit may still be
better than the null model.

The implication of the above discussion is that the 2β
model may fit better with the data than the null and full model.

Fig. 4 The reaction-time distributions in the speed-accuracy tradeoff (SAT) test session plotted as a stack histogram. Different colors represent the
distribution of each participant

Fig. 5 Schematic representation of the interaction between the display
condition and correct/incorrect trials. The blue dotted line represents the
old condition, and the red solid line represents the new condition

2857Atten Percept Psychophys (2020) 82:2851–2861



In order to confirm this implication, we calculated Bayes fac-
tors to compare (1) the full model versus the null model; (2)
the 2β model versus the null model; and (3) the full model
versus the 2β model. Each Bayes factor is presented in
Table 3. These data provide very strong evidence in favor of
the full model (BF > 1011); also, evidence in favor of the 2β
model over the null model was extremely strong (BF = 1024).
Comparison between the 2βmodel and the full model yields a
Bayes factor of over 1013, which provides very strong evi-
dence according to the criteria determined by Jeffreys
(1961); that is, the comparison shows that the 2β model fits
better with the current data than does the full model. Overall,
the analysis with Bayes factors demonstrated that the 2βmod-
el fits well with the data obtained in this study. Thus, the
present analysis showed that the data obtained in this experi-
ment could be described by varying the growth rate parameter
β between the display conditions, with the starting point pa-
rameter δ fixed.

Summary of the results

Overall, these analyses provide support for the early locus of a
contextual-cueing effect. The analysis of accuracies in the
SAT task demonstrates that the contextual cueing benefit ap-
peared very early in the time course of visual search. The
result that responses were more accurate in the old than in
the new condition even when SOAs were quite short cannot

be explained solely in terms of the response facilitation ac-
count. The Bayesian hierarchical modeling approach enables
us to examine how the growth of accuracy, as a function of the
SOAs, varies depending on whether contexts are learned or
not. We concluded that the early facilitation of search was
involved in the contextual cueing benefit because the pre-
asymptotic parameter β differed between the context condi-
tions. Of course, this is merely a speculation from these pa-
rameter estimations; some caution is warranted in interpreting
this finding.

Discussion

We explored a method for examining the time course of facil-
itation resulting from contextual cueing by characterizing how
early attentional guidance is facilitated. Our secondary goal
was to adopt a Bayesian hierarchical modeling approach with
the SAT function, which is a conventional psychometric func-
tion used to describe the rate of information processing. The
experiment with the SAT task and the Bayesian hierarchical
modeling approach revealed that the model captured the time
course of visual search well: contextual cueing benefits are
reflected on the earlier processing of visual search.
Specifically, more accurate responses emerged only when a
limited amount of time was available to process search dis-
plays. This result was reflected in the higher growth rate of

Fig. 6 The accuracy estimated by the full model (left panel), the 2β model (middle panel), and the 2δ model (right panel). The blue dotted lines
represent the old condition, and the red solid lines represent the new condition

Table 3. Results of the Bayesian hierarchical modeling of accuracy growth in the speed-accuracy tradeoff (SAT) test session

Log negative marginal likelihoods of each model Bayes factor

Full model 748.03 (1) Full model vs. null model 4.20 ∗ 1011

2β model 718.06 (2) 2β model vs. null model 4.34 ∗ 1024

Null model 774.79 (3) 2β model vs. Full model 1.03 ∗ 1013
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accuracy as a function of the SOAs, such that information
accrual during a search was more rapid as a result of contex-
tual cueing. These results clearly show that facilitation by
contextual cueing appears early in the time course of visual-
search processing, adding to evidence that demonstrates atten-
tional guidance facilitation by contextual cueing (Chaumon
et al., 2008; Chun & Jiang, 1998; Johnson et al., 2004;
Olson et al., 2001).

With a Bayesian hierarchical modeling approach and the
SOA manipulation in the SAT procedure, we have provided
additional evidence showing how accuracy grows as a func-
tion of time in a trial, and how its growth changes as a result of
contextual cueing. The potential contributions to the field are
twofold. First, the applications of the present study’s approach
to questions concerning different cognitive processes can be
easily adopted, and second, this approach allows a continuous
and quantitative description of the time course of T-among-L
search after contextual learning.

Our approach combining a psychophysical function with
Bayesian hierarchical modeling can be applied not only to
performance in SAT-like procedures but also to other cogni-
tive processes. In our modeling approach, we posit that the
accuracy of target identification becomes more available as
processing time increases, and that its growth rate depends
on the learning of contextual cueing. Whereas conventional
experimental designs allow us to test the existence of relation-
ships between independent and dependent variables, model-
ing enables us to examine the details of the relationships by
describing the data as a mathematical function. This, in turn,
makes it possible to predict the changes in output of the model
(accuracy in the present study) as a result of a variation of
input (in the current example, available processing time or
the presence of contextual cues). This type ofmodeling further
facilitates the testing of relevant predictions that potentially
update and improve the model. Moreover, such modeling
may ultimately lead to a deeper understanding of mechanisms
underlying a given model. As far as the phenomenon of inter-
est can be described as a relationship between the input and
output of a function (which should be possible in many cog-
nitive psychology paradigms), this approach can be easily
applied. As Logan (1988) observed, task facilitation by prac-
tice can be described as a power function: the application of
this to the probability model and Bayesian hierarchical model-
ing would, for example, allow us to examine individual dif-
ferences in the practice effect or in factors that influence the
practice rate in a quantitative way.

In the present study, our approach enabled a quantitative
description and the evaluation of a time course. How perfor-
mance improves as processing time increases (i.e., a relation-
ship between the input and output) has not been well studied,
although earlier processing facilitation by contextual cueing
(i.e., the presence of a relationship) is well documented.
Previous studies have demonstrated that participants can

perform well even under conditions in which only a brief time
is available for processing displays after learning contexts.
Chun and Jiang (1998) presented participants with briefly
flashed displays and requested that participants search for a
target among distractors. Their study showed that such learned
displays produced more accurate performance than new dis-
plays. It has been shown that more responses with short reac-
tion times were made when participants were presented with
repeated displays than with new displays (Johnson et al.,
2004). By providing evidence of how accuracy grows as a
function of time available for processing displays, our study
further corroborates the view that earlier processing of visual
search temporal dynamics are facilitated by contextual cueing
(Chaumon et al., 2008; Johnson et al., 2007; Olson et al.,
2001), as well as behavioral measures (Chun & Jiang, 1998;
Geyer et al., 2010).

The estimates of the parameters in the SAT function sup-
port the earlier locus account. Studies in visual attention have
utilized the SAT procedures to investigate the speed of infor-
mation processing, instead of the conventional reaction-time
measures that fail to provide information that reveals whether
or not information accrual is speeded (Carrasco & McElree,
2001; McElree & Carrasco, 1999). Based on the function used
in the SAT procedure, we modelled responses in the SAT task
and observed that the parameter β, which reflects the rate of
information processing, varies depending on contextual cue-
ing. The finding that the speed of information processing in-
creases following learning contexts fits well with the studies
supporting the early locus account. Several studies with vari-
ous measures have demonstrated that processing before an
overt response becomes efficient as a result of contextual cue-
ing (Harris & Remington, 2017; Johnson et al., 2004; Ogawa
et al., 2007; Peterson & Kramer, 2001). Future studies may
address this issue by employing more difficult search displays
to obtain below-chance performance and to observe whether
these starting points do indeed differ between the two display
conditions. Limiting the display presentation duration is one
method, although it might not be an effective method of
obtaining below-chance performance, considering that a brief
presentation of 200 ms in Chun and Jiang’s study (1998;
Experiment 6) led to an accuracy above chance. It might
be more plausible to use the similarity to a target of a
distractor, which increases the reaction time but does not
affect the magnitude of contextual cueing (Jiang & Sisk,
2019). Overall, however, these estimations showed that
the contextual cueing benefits appear at the early atten-
tional guidance during search.

Another aspect of these data concerns the consistency ev-
ident in the diffusion model estimates and the new hypothesis
based on it, as provided by Sewell et al. (2018). Based on their
finding that one of the diffusion model parameters, the drift
rate v, was larger in old than in new contexts, they proposed a
hypothesis that perceptual templates of repeated displays were
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formed to increase the quality of information that drives the
decision-making process in visual search. A result from the
present study adds to the above proposal in suggesting that
facilitation by contextual cueing occurs largely from earlier
stages of the search process. To be specific, responses were
more accurate in repeated contexts than in new contexts, even
when a limited amount of time was available to process the
display information. By relating our results to the finding of
Sewell et al. (2018), it can be speculated that the quality of
accumulated information is higher for repeated than for new
displays, leading to more accurate responses in learned
displays.

However, we note that interpreting the parameters in
regard to the SAT function and mapping them to under-
lying psychological processes is not simple. Although
the accuracy growth parameter in exponential models
can be taken as information accrual speed, changes in
this parameter can be confounded with the decision
threshold (Ratcliff, 2006). Matzke and Wagenmakers
(2009) also cautioned against the interpretation of a pa-
rameter in descriptive models, and recommended
treating it as a mere description without relating it to
psychological processes. Therefore, it is necessary to
acknowledge that our model is not a cognitive model
that reflects the mechanisms behind the observation, but
rather a descriptive model of the observed data.

Although the current study lends support to the pres-
ence of an early locus of contextual-cueing effect, these
results should not be interpreted as ruling out the pos-
sibility that response facilitation also occurs. It is also
possible that these two accounts are independent of each
other. A limitation of this study is that our model does
not include any parameter that corresponds to the re-
sponse threshold. It was not possible to assess whether
a response threshold changes depending on contextual
cueing from this study. Further research should be un-
dertaken to distinguish the two accounts of contextual
cueing, namely the early-focus and response-facilitation
accounts. If both response and attentional guidance fa-
cilitation are at work, we would expect that stimulus
properties, task goals, or the extent of learning may
affect the role each mechanism plays. We suggest that
further modeling work is needed to find a model that
reflects both mechanisms of contextual cueing benefits.
In spite of this limitation, our study offers the potential
of a Bayesian modeling approach in this highly studied
field, by suggesting an alternative way to describe the
observed data as the output of a model, which is in turn
determined by the input. This method sheds light on the
important role the data descriptions can play, and how
the prediction from the model in addition to the con-
ventional and critical experimental designs can further
our understanding of cognitive processes.

Conclusion

The present study was designed to construct, using Bayesian
hierarchical modeling, a descriptive model of the time course
of visual search and its facilitation by contextual cueing. The
experiment relied upon the SAT task. This revealed that early
processes that anticipate the locus of a target stimulus are
facilitated in learned contexts, which were expressed as a
change in the parameter that describes the growth rate of ac-
curacy. Overall, the study strengthens the claim of an early
locus account of contextual cueing, although this does not rule
out the possibility of facilitation after the spatial locus of a
target is found, and several limitations should be noted
concerning the interpretations of parameter values. This study
is one of the first attempts to apply a Bayesian hierarchical
modeling approach to the widely studied issues of attentional
guidance in visual search, laying the groundwork for future
research in this area.
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