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Abstract
Previously rewarded stimuli slow response times (RTs) during visual search, despite being physically non-salient and no 
longer task-relevant or rewarding. Such value-driven attentional capture (VDAC) has been measured in a training-test para-
digm. In the training phase, the search target is rendered in one of two colors (one predicting high reward and the other low 
reward). In this study, we modified this traditional training phase to include pre-cues that signaled reliable or unreliable 
information about the trial-to-trial color of the training phase search target. Reliable pre-cues indicated the upcoming target 
color with certainty, whereas unreliable pre-cues indicated the target was equally likely to be one of two distinct colors. 
Thus reliable and unreliable pre-cues provided certain and uncertain information, respectively, about the magnitude of the 
upcoming reward. We then tested for VDAC in a traditional test phase. We found that unreliably pre-cued distractors slowed 
RTs and drew more initial eye movements during search for the test-phase target, relative to reliably pre-cued distractors, 
thus providing novel evidence for an influence of information reliability on attentional capture. That said, our experimental 
manipulation also eliminated value-dependency (i.e., slowed RTs when a high-reward-predicting distractor was present 
relative to a low-reward-predicting distractor) for both kinds of distractors. Taken together, these results suggest that target-
color uncertainty, rather than reward magnitude, played a critical role in modulating the allocation of value-driven attention 
in this study.
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Introduction

From kaleidoscopic sensory input to a parade of internal 
thoughts, each moment is replete with stimuli competing 
for attention. While much is known about attention and its 
impact on visual perception (Carrasco, 2011), recent data 
have challenged a long-standing dichotomy in the field. 
Generally, researchers conceptualize attentional control as 
being either top-down (allocated in a goal-directed man-
ner) or bottom-up (elicited reflexively by salient environ-
mental stimuli). But non-salient stimuli can reflexively draw 
attention and actively interfere with top-down goals, gen-
erating selection biases that are neither top-down nor fully 

bottom-up. Instead, such biases rely on one’s unique history 
of selection (Anderson et al., 2021; Awh et al., 2012; Failing 
& Theeuwes, 2018).

In the paradigmatic example that spawned an entirely new 
subfield of attention research, a distractor rendered in a color 
that previously signaled monetary reward slows responses 
and captures eye movements during visual search (Anderson 
et al., 2011; Anderson & Yantis, 2012). Such value-driven 
attentional capture (VDAC) occurs despite the distractor 
being physically non-salient, task-irrelevant, and no longer 
rewarding.

Value‑driven attentional capture (VDAC) 
as the paradigmatic example of experience‑driven 
attention

In their seminal publication (Anderson et  al., 2011), 
Anderson and colleagues presented a method for generating 
and measuring VDAC during visual search. In the VDAC 
paradigm, observers complete two phases: a training phase 
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and a test phase. During the training phase, observers search 
for a color-defined target (a red or green circle) and receive 
a high or low monetary reward for correctly discriminating 
the orientation of a line inside the target (two-alternative 
forced-choice: vertical or horizontal). Because the color-
reward pairings are consistent, observers learn, over many 
training trials, to associate high or low reward with each 
target-defining color. In the test phase, observers search for a 
shape-defined target (e.g., diamond among circles) and again 
discriminate the orientation of the line contained inside. 
Colors of individual elements are irrelevant, and responses 
are no longer rewarded. But on half the trials, one of the 
distractor elements is rendered in a color that previously 
signaled high or low monetary reward. Search is conducted 
under time pressure in both phases, and VDAC is typically 
quantified by a change in mean response time (RT) during 
the test phase: orientation judgments of the line inside the 
unique shape are slowed when a high-reward distractor 
is present, relative to when a low-reward distractor or no 
reward distractor is present.

Ample evidence now points to dopaminergic reward 
prediction errors as playing a crucial role in the generation 
of VDAC (Anderson et al., 2014, 2016; Sali et al., 2014). 
Seminal research on dopamine-mediated reward learning 
(e.g., Schultz et al., 1997) has demonstrated that unexpected 
rewards generate a response from midbrain dopaminergic 
neurons. When a stimulus in the environment precedes and 
reliably predicts the delivery of reward, the same dopamin-
ergic neurons begin to respond to the presentation of this 
reward-predicting stimulus. If the delivered reward is dif-
ferent than the expected reward, a reward-prediction error 
response is generated, which can be used to update future 
predictions, and thereby facilitate learning (for a thorough 
treatment of reward-prediction based learning, see: Daw & 
Tobler, 2013; Schultz, 2015). Thus, in the context of the 
VDAC training phase, the color of the search target serves as 
a reliable predictor of either high or low impending reward, 
and in turn, elicits a dopamine-mediated reward prediction. 
In the test phase, magnitude-dependent reward-predictions 
are theorized to still be elicited when a distractor is rendered 
in a former target color, drawing attention to task-irrelevant, 
physically non-salient elements of the visual array and slow-
ing search for the test-phase target (for a detailed discussion 
of reward-prediction in the VDAC context see: Anderson, 
2018; Anderson et al., 2021).

Modulating VDAC with higher‑order conditioning – 
rationale

Foundational research on dopaminergic reward signaling 
(e.g., Schultz et al., 1993) has shown a stepwise transfer 
of the dopamine response from an initially unexpected 

reward to a cue that precedes and predicts the reward (i.e., 
the first conditioned stimulus, CS1), and then again from 
CS1 to a new stimulus (CS2) that precedes and predicts the 
delivery of CS1. CS2 thus becomes the “earliest reward-
predicting” stimulus, evidencing dopamine-mediated 
higher-order conditioning (Schultz, 2015). Such findings 
provide a novel behavioral test for the reward-prediction 
account of VDAC. Our rationale is as follows: given that 
the color of the training phase target reliably predicts the 
upcoming reward (e.g., red predicts high and green pre-
dicts low reward), if a pre-cue at fixation reliably predicts 
the color of the subsequent training phase target (e.g., two 
fixation squares both turn red or both turn green), then the 
reward prediction signal would be elicited by the pre-cue 

Fig. 1   Visual schematic of primary manipulation. In the reliable pre-
cue condition (top panel), information about reward magnitude is 
delivered by the pre-cue, and thus, the pre-cue becomes the earliest-
reward-predicting stimulus. In the unreliable pre-cue condition (bot-
tom panel), information about reward magnitude is delivered by the 
target itself, and as in the typical VDAC training phase, the training 
phase target is the earliest-reward-predicting stimulus
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and not the training phase target itself (i.e., the two colored 
squares at fixation become the “earliest reward-predict-
ing” stimulus; see Fig. 1, top panel).1 When such “reliably 
pre-cued” targets appear as distractors during the VDAC 
test phase, they would be unlikely to draw attention and 
unlikely to interfere with search for the test phase target 
because these reliably pre-cued distractors were not the 
earliest reward-predicting stimuli during training.2

In the present study, we tested this hypothesis by modi-
fying the traditional VDAC paradigm to include “reliable” 
pre-cues during the training phase. In addition to the reli-
able pre-cue condition described above, we also created an 
“unreliable” pre-cue condition using two additional target 
colors (e.g., one yellow fixation square and one cyan fixation 
square; see Fig. 1, bottom panel). These pre-cues signaled 
an equal probability (0.5) of the upcoming target being yel-
low or cyan and thus, did not reliably predict the color of 
the subsequent training phase target. If yellow targets reli-
ably predict high reward and cyan targets reliably predict 
low reward, for example, then the earliest reward-predicting 
stimuli (and therefore, the ones that should evoke a unique 
dopamine-mediated reward prediction), would be the targets 
themselves and not the pre-cues. When these unreliably pre-
cued targets appear as distractors during the test phase, they 
are expected to capture attention and interfere with search 
for the test phase target because these unreliably pre-cued 
distractors were the earliest reward-predicting stimuli during 
training. This unreliable pre-cue condition closely mimics 
the parameters of the typical VDAC training phase: at the 
start of each trial, the target can be one of two known colors, 
reward can be high or low, and both are uncertain before the 
appearance of the search array.

Furthermore, if participants use the pre-cues to guide 
search during the training phase, we should expect to see 
faster and more accurate search performance when the pre-
cue is reliable, relative to unreliable, in line with the extant 
literature on feature-based attention (Carrasco, 2011).

Modulating VDAC with higher‑order conditioning – 
expected results

First, test-phase RTs should be slowed when a high-reward-
predicting, unreliably pre-cued distractor is present relative 
to when a low-reward-predicting, unreliably pre-cued dis-
tractor is present. We refer to this as VDAC value-depend-
ency, in line with the discussion presented in Anderson and 
Halpern (2017). Second, since neither reliably pre-cued dis-
tractor was the “earliest reward-predicting” stimulus during 
the training phase, neither the high- nor the low-reward dis-
tractor is expected to engender capture, resulting in a lack 
of VDAC value-dependency for reliably pre-cued distractors. 
This pattern would generate an interaction in a 2 × 2 analysis 
of variance (ANOVA), with pre-cue condition and reward 
magnitude as within-subjects, repeated-measures factors. 
Consistent with the expected lack of VDAC value-depend-
ency for reliably pre-cued distractors, test-phase RTs are also 
predicted to be unaffected by the presence of a reliably pre-
cued distractor (pooled across reward conditions), relative to 
the distractor-absent condition (VDAC elimination).

Modulating VDAC with higher‑order conditioning – 
alternative outcomes

A tremendous amount of evidence supports a strict reward-
prediction-based explanation of VDAC and undergirds the 
expected results elucidated above (Anderson et al., 2021). 
That said, the extant literature on experience-driven atten-
tion suggests that VDAC elimination may be subject to addi-
tional nuance. This prediction is complicated by the fact 
that reliably pre-cued distractors will have been repeatedly 
attended in the training phase and thus may still capture 
attention, in a value-independent manner, due to their his-
tories as sought targets (Anderson et al., 2021; Grubb & Li, 
2018; Kim & Anderson, 2019; Sha & Jiang, 2016).

Recent research also suggests that reward magnitude 
is not always the sole modulator of value-based attention, 
which complicates the expectation of VDAC value-depend-
ency between distractors rendered in unreliable pre-cue 
colors. When the magnitude of an expected reward (oper-
ationalized as expected value, or EV) is equated between 
different stimuli, uncertainty regarding the trial-to-trial 
reward outcome can modulate the allocation of attention, 
with greater uncertainty generating greater capture (Cho & 
Cho, 2021; Ju & Cho, 2023; Le Pelley et al., 2019). Fur-
thermore, when EV is not equated, Le Pelley and colleagues 
have recently shown that a lower EV cue can induce stronger 
value-modulated attentional capture if the variance of this 
lower EV cue sufficiently exceeds that of a higher EV cue 
(Le Pelley et al., 2023). This intriguing result suggests that 
when the task environment provides information about dif-
ferent aspects of the reward distribution (both variance and 

1  We thank an anonymous reviewer of a previous Registered Report 
attempt for clearly articulating this prediction.
2  Note that previous work on experience-dependent attentional cap-
ture (e.g., Grubb & Li, 2018) complicates this prediction. Further-
more, recent work on the role of reward uncertainty has complicated 
existing theory even more. The full story cannot be one of simple 
reward-magnitude based prediction and prediction error because one 
can match stimuli on reward magnitude, manipulate the uncertainty 
of the reward distribution (variance, entropy, etc.), and show that 
greater uncertainty leads to greater attentional capture (Cho & Cho, 
2021; Ju & Cho, 2023; Le Pelley et  al., 2019). These concerns are 
discussed in more detail in the subsection Modulating VDAC with 
higher-order conditioning – alternative outcomes.
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EV), effects of uncertainty can supersede effects of expected 
value. This finding is particularly relevant for our design 
because there are two dimensions along which uncertainty is 
present and information is available: (1) target colors provide 
information about different magnitudes of reward, with the 
same amount of uncertainty in all reward conditions; (2) pre-
cues provide information about target color, with different 
amounts of uncertainty between reliable and unreliable pre-
cue conditions. If observers were to prioritize target-color 
uncertainty, which is equivalent for high- and low-reward-
predicting targets, we might find equivalent capture by high- 
and low-reward-predicting, unreliably pre-cued distractors in 
the test phase (i.e., no VDAC value-dependency) that exceeds 
the amount of capture engendered by reliably pre-cued dis-
tractors (i.e., a main effect of pre-cue condition in the 2 × 2 
ANOVA described above).

Lastly, the use of eye-tracking in this study provides an 
additional set of dependent variables (e.g., initial saccades to 
a distractor, initial saccades to a target), which may provide 
increased sensitivity to detect overt attentional effects. In 
the context of reliably measuring VDAC value-dependency, 
it has been suggested that eye-tracking “may have advan-
tages over performance measures such as response time and 
accuracy” (Anderson & Halpern, 2017, p. 1008). Thus, it is 
possible to find evidence for some predictions in one domain 
but not the other.

Methods

Overview

Observers completed a modification of the short-training 
VDAC paradigm developed in Anderson et al., (2011) and 
used previously in relevant work (e.g., Anderson & Halp-
ern, 2017; Grubb & Li, 2018). Notable changes included: 
providing pre-cues during the training phase to manipulate 
target-color uncertainty, and doubling the number of trials 
in each experimental phase to accommodate the extra condi-
tions. The experiment consisted of 960 total trials, delivered 
in an approximately 1.5-h session.

Observers

Eighty-three observers participated in the study. Data from 
four participants were excluded from all reported analyses 
for performing at chance accuracy levels in the training 
phase, test phase, or both, resulting in 79 participants3 (age: 

mean = 19.78, range = 18–22 years; gender: 51 F, 26 M, one 
non-binary, one not reported). Chance accuracy was deter-
mined through simulated guessing for 480 trials (the number 
of trials in each phase of the study): We randomly drew 
(with replacement) from the set [0,1] 480 times, calculated 
the mean, repeated this process 10,000 times, and extracted 
the 95% confidence interval around the mean of the result-
ing distribution; 0.5438 marked the upper bound, and we 
used this as our inclusion cutoff.4 This study received ethical 
approval by the Trinity College Institutional Review Board, 
and informed consent was obtained for each participant.

Payment

Observers received $10 for participation, as well as a bonus 
payment that was dependent on accuracy in the training 
phase (total payment range: $27–$39). We rounded up the 
total payment to the next highest dollar amount (so as to 
avoid having to use change). The monetary compensation 
scheme was the same for all participants, but some individu-
als enrolled in an introductory psychology course were also 
able to count their participation toward a research participa-
tion requirement.

Training phase

The task in the training phase was to search for a color-
defined target (red, lime, cyan, or yellow5) and to report the 
orientation of the line contained inside (2AFC judgment: 
vertical or horizontal). Following a randomly selected period 
of fixation (400, 500, or 600 ms) and a 500-ms pre-cue, a 
visual search array of six color-defined circles (radii, 1.15 
degrees of visual angle (DVA), line thickness = 6 pixels; one 
target, five distractors located at an eccentricity of 5 DVA) 

3  A stopping rule and an accompanying data analysis plan were pre-
registered on the Open Science Framework (https://​doi.​org/​10.​17605/​
OSF.​IO/​B4D2U.) After 70 observers met the inclusion criteria, we 
satisfied all of the criteria for outcome #3 in the Sample Size section 
of the pre-registration. Given the uncertainty of when we would reach 

4  With infinite data, this simulated guessing procedure will converge 
on 0.5.
5   Color names follow the web/X11 standards, see https://​www.​
w3sch​ools.​com/​Colors/​colors_​names.​asp

the stopping rule, we had six participants who were already scheduled 
and were in the process of scheduling times for an additional three 
participants. We committed to running these nine additional partici-
pants (before seeing any of their data), which led to a total sample 
size of 79 observers. Importantly, however, this preregistration was 
written with a different set of explanatory hypotheses in mind (a 
focus on feature-based attention and the impact of history as a former 
search target). Reviewer feedback from a Registered Report attempt, a 
more thorough review of the evidence in support of a reward-predic-
tion error account of VDAC in the literature, and the outcomes of the 
current study have alleviated our former concerns about the potential 
impact of target history in the interpretation of VDAC studies. How-
ever, given this shift in framing, we no longer feel justified in report-
ing the pre-registered analyses as such, and we follow a different anal-
ysis approach in this manuscript in line with reviewer feedback.

Footnote 3 (continued)

https://doi.org/10.17605/OSF.IO/B4D2U
https://doi.org/10.17605/OSF.IO/B4D2U
https://www.w3schools.com/Colors/colors_names.asp
https://www.w3schools.com/Colors/colors_names.asp
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was presented on a gray background. The target was ren-
dered in red, lime, cyan, or yellow, and the distractors’ colors 
were chosen randomly, without replacement, from black, 
white, magenta, indigo, orange, and tan. Line segments 
inside the distractor circles were randomly and indepen-
dently rotated 45° clockwise or counter-clockwise of verti-
cal (line thickness = 6 pixels). The search array remained on 
screen until a response was made or until 800 ms, at which 
point the trial timed out. There was then an inter-stimulus 
interval of 1,000 ms followed by 1,500 ms of feedback (see 
Reward feedback below for more details). Following each 
trial was an inter-trial interval of 1,000 ms (see example trial 
sequence in Fig. 2, left). There were 480 trials in the training 
phase, delivered as five blocks of 96 trials.

Pre‑cues

Four distinct target colors were used during training (red, 
lime, cyan, yellow) to accommodate a 2 × 2 within-subjects 
design that experimentally manipulated pre-cue reliabil-
ity and reward magnitude. Observers were provided with 
a cue that was reliable (i.e., indicated the exact color of 
the upcoming target) or unreliable (i.e., indicated one of 
two potential target colors). For each observer, two target 
colors (e.g., red and lime, as in Fig. 1) were always pre-
ceded by reliable cues, and the remaining two target colors 
(e.g., yellow and cyan, as in Fig. 1) were always preceded by 
unreliable cues. For reliable cues, both fixation squares were 
rendered in the color of the subsequent target. For unreliable 
cues, one fixation square was rendered in one of the unreli-
able cue colors, and the other fixation square was rendered in 
the remaining unreliable cue color; the exact spatial location 

(i.e., left square or right square) was randomly determined 
on each trial. Within each pair of colors, one color con-
sistently yielded high reward and the other low reward (see 
Reward feedback below). The contingencies between color 
and reward magnitude, and between color and pre-cue con-
dition, were counterbalanced across observers (i.e., for half 
the observers, cyan and yellow were reliable pre-cue colors, 
with cyan predicting high reward for half of this subset of 
observers; for the other half of observers, red and lime were 
reliable pre-cue colors, with red predicting high reward for 
half of this subset of observers). Color-opponent pairs were 
preserved (i.e., red with lime, cyan with yellow).

Reward feedback

Responding correctly to a high-value target within 800 ms 
yielded a high reward (10¢) with probability 0.8 or a low 
reward (2¢) with probability 0.2; responding correctly to a 
low-value target yielded a low reward (2¢) with probability 
0.8 or a high reward (10¢) with probability 0.2. If a correct 
response was made, observers were shown their reward for 
the current trial, displayed above the total rewards accrued 
thus far. If the response was made before the deadline but 
was incorrect, the word “incorrect” was displayed; if no 
response was made before the deadline, the words “too 
slow” were displayed.

Training phase practice trials

Before beginning the training phase, observers completed 
24 practice trials, but no rewards were provided for correct 
responses; rather, feedback of “correct,” “incorrect,” and 

Fig. 2   Trial sequences. Left panel: Example training phase trial shown with a reliable pre-cue and a red target. Right panel: Example test phase 
trial shown with a diamond target and a green distractor
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“too slow” were displayed for accurate responses, inaccurate 
responses, and missed responses, respectively.

Test phase

The test phase replicated the methodology used in relevant 
work (e.g., Anderson & Halpern, 2017, Grubb & Li, 2018). 
Observers were informed that color was irrelevant. The task 
was to search for a shape-defined target (a diamond among 
circles or a circle among diamonds, each appearing an equal 
number of times) and report the orientation of the line con-
tained inside the shape-defined target (vertical or horizon-
tal). The search array remained onscreen until a response 
was made or until 1,200 ms, at which point the trial timed 
out. Each element of the array was a unique color.

In half of the trials (value distractor present), one (and 
only one) of the distractor elements was rendered in a color 
that was reward-predictive during the training phase (i.e., 
red, lime, cyan, or yellow, with each appearing an equal 
number of times). In the other half (value distractor absent), 
none of the distractor shapes were rendered in a color that 
was reward-predictive during the training phase. The tar-
get (i.e., the shape singleton) was never rendered in a color 
that was reward-predictive during the training phase; the 
colors of the target and additional distractors were cho-
sen randomly, without replacement, from black, white, 
magenta, indigo, orange, and tan. The target and value dis-
tractor (when present) were equally likely to appear at all 
six locations in the stimulus array. Reward feedback was no 
longer given. Instead, 1,000 ms of visual feedback: “cor-
rect,” “incorrect,” and “too slow” was displayed for accurate 
responses, inaccurate responses, and missed response dead-
lines, respectively, directly following the response window. 
Following each trial was an inter-trial interval of 1,000 ms 
(see trial example, Fig. 2, right). There were 480 trials in 
the test phase, delivered as five blocks of 96 trials. Before 
beginning the test phase, observers completed 12 practice 
trials, with no value distractor present.

Dependent variables

Mean RT was calculated for correct trials only, and in line 
with convention (e.g., Anderson et al., 2011; Anderson & 
Halpern, 2017), RT distributions were trimmed to remove 
responses occurring 3 standard deviations above/below the 
condition mean. Task accuracy (proportion correct; trials in 
which the deadline was missed were counted as incorrect 
trials) served as a secondary dependent variable.

Early work on oculomotor capture used the proportion 
of first saccades to the target hemifield as the dependent 
variable (Anderson & Yantis, 2012), while later work has 
prioritized saccades and dwell time on the distractors them-
selves (e.g., Anderson & Kim, 2019). Here, we localized 

the first saccade to one of six pie-shaped “wedges” that 
emanate from the middle of the screen at 60° angles; the 
wedges are arranged such that one of the six task locations 
sits at the center of each wedge (Fig. 3). This allows us to 
assess whether the first saccade landed in the wedge that 
contained the target, the wedge that contained one of the 
pre-cued distractors (if present), or a wedge that contained 
neither the target nor one of the pre-cued distractors. If no 
saccade was detected, one cannot determine the location of 
the first saccade. Such trials were coded as NA, which led to 
their exclusion in the analyses reported below.

Eye tracking

Eye movements were recorded using an EyeLink 1000 
infrared-video eye tracker (Eyelink, SR Research, Ottawa, 
Ontario). A 9-point calibration routine was performed before 
each experimental phase. We used the eyelinkReader pack-
age to analyze the EDF files in R Studio (https://​github.​com/​
alexa​nder-​pastu​khov/​eyeli​nkRea​der).

Apparatus

The experiment was programmed in PsychoPy (Peirce & 
MacAskill, 2018) and run on a 3.0GHz Dual-Core Intel Core 
i7 Mac Mini; stimuli were displayed on 27.0-in. LED-Lit 
Dell Gaming Monitor (model: S2716DG). Participants were 
seated in a darkened experimental testing room and kept 
their chins in a chin rest 70 cm from the monitor. Responses 
were collected with a Logitech F310 gaming controller. Par-
ticipants were instructed to hold the controller with their 
right hand, to rest their index finger on the top right button, 
and to rest their thumb on the yellow Y button. The top 
right button was used to report horizontal judgements, and 
the yellow Y button was used to report vertical judgements.

Bayes factors  We used the BayesFactor package for R to 
compute the Bayes Factors reported below (https://​richa​
rddmo​rey.​github.​io/​Bayes​Factor/).

Fig. 3   A simplified visualization of the six wedges that contain a 
task-relevant location at their center

https://github.com/alexander-pastukhov/eyelinkReader
https://github.com/alexander-pastukhov/eyelinkReader
https://richarddmorey.github.io/BayesFactor/
https://richarddmorey.github.io/BayesFactor/
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Generalized linear mixed‑effects (GLME) models  We used 
the lme4 package for R to compute the GLMEs reported 
below (https://​cran.r-​proje​ct.​org/​web/​packa​ges/​lme4/​index.​
html).

Confidence intervals  To compute 95% confidence intervals, 
we randomly sampled 79 observers (with replacement) and 
recomputed the mean, within-participant difference for each 
effect. We then repeated this procedure 10,000 times to build 
a distribution for each contrast, drawing a new random sam-
ple of 79 observers on each iteration. We then extracted the 
inner 95% of the resultant distribution.

Results

Training phase

Reliably pre-cueing target color improved visual search dur-
ing the training phase. A 2 × 2 ANOVA (with pre-cue con-
dition and reward magnitude as within-subjects, repeated-
measures factors) revealed a significant main effect of 
pre-cue condition for both RT (F(1,78) = 551.2, p < .0001, 
μreliable = 549.5 ms, μunreliable = 588.8 ms) and accuracy 
(F(1,78) = 96.27, p < .0001, μreliable = 88.15%, μunreliable = 
82.07%). That said, there was no evidence for a main effect 
of reward magnitude (both ps >= .894) or pre-cue condition 
× reward magnitude interaction (both ps >= .546). We ran 
two additional ANOVAs to ensure that there were no effects 
of reward magnitude that were temporally contingent: (1) 
the same 2 × 2 ANOVA, but restricted to the last quarter of 
trials in the training phase, (2) a 2 × 2 × 2 ANOVA with ses-
sion half as an additional within-subjects, repeated-measures 
factor. Both ANOVAs confirmed the robustness of the main 
effect of cue-type for accuracy and RT but did not reveal 
any main effects of reward magnitude or interactions involv-
ing reward magnitude (see Online Supplemental Material 
for full reporting). In short, pre-cue condition modulated 
search performance during training, as was expected from 
the extant literature on feature-based attention (Carrasco, 
2011), but the magnitude of the available reward did not.

Test phase – response time (RT) effects

Here we test the following predictions: (1) VDAC value 
dependency should be observed for unreliably pre-cued 
distractors, but not for reliably pre-cued distractors, result-
ing in a pre-cue reliability × reward magnitude interac-
tion. (2) Reliably pre-cued distractors (irrespective of 
reward magnitude) should not modulate RTs relative to 
the distractor-absent condition (VDAC elimination). To 
assess the first prediction, we ran a 2 × 2 ANOVA on dis-
tractor-present trials (with pre-cue condition and reward 

magnitude as within-subjects, repeated-measures factors, 
Table 1). This revealed a significant main effect of pre-cue 
condition (F(1,78) = 4.954, p = .0289, Fig. 4, U vs. R), 
but no evidence for a main effect of reward magnitude (p = 
.736) or pre-cue condition × reward magnitude interaction 
(p = .226). This main effect of pre-cue condition establishes 
that unreliably pre-cued distractors slowed RTs relative to 
reliably pre-cued distractors, but surprisingly, reward magni-
tude had no impact. This 2 × 2 ANOVA (necessarily) leaves 
out the distractor-absent condition, so to assess our second 
prediction and to confirm capture by unreliable distractors 
(irrespective of reward magnitude), we compared each pre-
cue condition with the distractor-absent condition. In line 
with the prediction of VDAC elimination, RTs did not differ 
between the reliably pre-cued distractor and the distractor-
absent conditions (two-tailed paired t-test, t(78) = 1.29, 
p = .2012, BF01 = 3.64, Fig. 4, R vs. A). And as a sanity 
check, unreliably pre-cued distractors did slow RTs relative 
to the distractor-absent condition (two-tailed paired t-test, 
t(78) = 3.94, p = .0002, BF10 = 119.47, Fig. 4, U vs. A).

To summarize, we show that unreliably pre-cueing tar-
gets during training engendered RT-based capture at test, 
whereas reliably pre-cueing targets during training elimi-
nated RT-based capture at test. That said, our novel pre-
cue manipulation also eliminated VDAC value dependency 
for unreliably pre-cued distractors. Importantly, unreliably 
pre-cued distractors slowed RTs relative to reliably pre-cued 
distractors, providing direct, novel evidence for an influence 
of information reliability on attentional capture in the RT 
domain.

Test phase – accuracy effects

A 2 × 2 ANOVA (with pre-cue condition and reward magni-
tude as within-subjects, repeated-measures factors, Table 1) 
found no evidence for a main effect of pre-cue condition (p 
= .898), no evidence for a main effect of reward magnitude 
(p = .324), and no evidence for a pre-cue condition × reward 
magnitude interaction (p = .983), alleviating concerns about 
speed-accuracy trade-offs or attention effects manifesting in 
the accuracy domain that might complicate the interpretation 
of the RT-based effects.

Test phase – oculomotor effects

Participants regularly made saccades while searching for the 
target in the test phase. We calculated the proportion of tri-
als in which a saccade was detected during the presentation 
of the search array, and saccades occurred in 75.95% of test 
phase trials. That said, there was considerable variability 
across participants: the percentage of trials in which a sac-
cade was detected ranged from 0 to 100, with a median value 
of 91.25%. It is important to note that a failure to detect a 

https://cran.r-project.org/web/packages/lme4/index.html
https://cran.r-project.org/web/packages/lme4/index.html
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saccade could be due to (1) a saccade genuinely not being 
made, or (2) eye data not being available. Eye data might not 
be available on a given trial for at least three reasons: (1) an 
inability to track at all during the initial calibration (for idi-
osyncratic reasons like anatomical features of the eye, con-
tacts, glasses, eye-make-up, COVID-era face masks, etc.), 
(2) movement after initial calibration which resulted in a 
loss of the pupil, or (3) a temporary loss of the pupil. In 
this study, we prioritized collection of the RT data. Given 
that sessions were already 90 min, we only calibrated the 
eye-tracker at the beginning of the training and test phases 
(rather than before each block within each phase). We report 
the remaining oculomotor results with that caveat in place.

Our first set of analyses focus on the distractor-present 
trials. For each trial, we determined if the first saccade was 
made to the location of the distractor (see Dependent vari-
ables in Methods) or to a different location (i.e., one of the 
four remaining non-targets or the target itself). To account 
for the fact that there was considerable variability across par-
ticipants with respect to how much eye data each participant 
could contribute, we fit a generalized linear mixed-effects 

model to trial-level data:6 we modeled the probability of the 
saccade being made to the location of the distractor with a 
binomial distribution and a linear model containing a ran-
dom effect for each participant, a fixed effect for pre-cue 
condition, a fixed effect for reward magnitude, and a fixed 
effect for the pre-cue condition × reward magnitude inter-
action. Consistent with the RT data, the interaction term in 
this first model was not significant (coefficient = -0.1320, 
z = -1.493, p = .1356).

Next, we removed the reward magnitude and cue con-
dition × reward magnitude interaction terms. We modeled 
the probability of the saccade being made to the location 
of the distractor with a binomial distribution and a linear 
model containing a random effect for each participant and 
a single fixed effect for pre-cue condition (1 if the distrac-
tor was unreliably pre-cued, 0 if the distractor was reliably 
pre-cued). Consistent with the RT data, we found that the 

Fig. 4   Response time effects. Left panel: Condition means (pooled 
across reward magnitude). Right panel: Within-subject contrasts, 
with bootstrapped 95% confidence intervals. R vs. A: reliably pre-

cued distractor vs. distractor-absent. U vs. A: unreliably pre-cued 
distractor vs. distractor-absent. U vs. R: unreliably pre-cued distractor 
vs. reliably pre-cued distractor

6  This ensures that participants who have very little data don’t exert 
an outsized influence on the fixed effects estimates.

Table 1   Mean (standard deviation) for all test-phase conditions

Response time (ms) Distractor-absent Reliably pre-cued Unreliably pre-cued

Distractor-absent 729.5 (49.9)
Low-reward-predicting 731.1 (55.1) 739.4 (51.7)
High-reward-predicting 733.9 (51.5) 735.3 (51.3) 

Accuracy (proportion correct)

Distractor-absent 0.8755 (0.0817)
Low-reward-predicting 0.8789 (0.0796) 0.8793 (0.0836)
High-reward-predicting 0.8743 (0.0839) 0.8749 (0.0833)
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probability of saccading to the distractor location increased 
when the distractor had been unreliably pre-cued during 
training (coefficient = 0.1053, z = 2.381, p = .0172). For 
completeness, we also fit a model that contained a random 
effect for each participant and a single fixed effect for reward 
magnitude. As expected, we found no impact of reward mag-
nitude on the probability of saccading to the distractor loca-
tion (coefficient = 0.0390, z = 0.883, p = .377).

These results establish that pre-cue condition, but not 
reward magnitude, modulated the probability with which a 
distractor drew initial eye movements. This converges with the 
findings in the RT domain, but do we find evidence of VDAC 
elimination in the oculomotor domain? To answer this ques-
tion, we determined if the first saccade was made to the target 
location, allowing us to include the distractor-absent trials. 
We then modeled the probability of a saccade being made to 
the target location with a binomial distribution and a linear 
model that contained a random effect for each participant and 
a single fixed effect for distractor presence (1 if the reliably 
pre-cued distractor was present on that trial, 0 if not; unreli-
ably pre-cued distractor-present trials were excluded for this 
analysis). Inconsistent with the RT data, however, we found 
that the probability of saccading to the target significantly 
decreased when the reliably pre-cued distractor was present 
(coefficient = -0.1039, z = -3.385, p = .0007). For complete-
ness, we fit the same model to the unreliably pre-cued distrac-
tor-present trials (this time excluding the reliably pre-cued 
distractor-present trials). As expected and consistent with the 
RT data, the probability of saccading to the target significantly 
decreased when the unreliably pre-cued distractor was present 
(coefficient = -0.1127, z = -3.692, p = .0002).

One strength of the trial-level generalized linear mixed 
effects (GLME) modeling approach is that it accounts for the 
fact that some participants have substantially less eye data. 
That said, some readers might object that this approach over-
weights the contributions of the participants who had more 
eye data, which could bias the results if these participants 
differ in some systematic way. To address this concern, we 
calculated the proportion of trials in which the first saccade 
was made to the location of the distractor (as opposed to 
some other location), separately for each pre-cue condition 
and separately for each participant. For the distractor-absent 
trials, we calculated the proportion of trials in which the 
first saccade was made to any of the non-target locations 
and divided this value by 5 to establish a baseline rate of 
having the first saccade land at any one of the non-target 
locations. Below, we compare condition-based differences 
in these proportions under two scenarios: (1) requiring that 
there be saccades detected on at least 10% of the trials in 
each condition (74 participants met this criteria), (2) requir-
ing that there be saccades detected on at least 50% of the 
trials in each condition (63 participants met this criteria). 
We use the 10% saccade detection scenario to allow for the 

inclusion of as many participants as possible; we use the 
50% saccade detection criteria to alleviate concerns that 
overly noisy subject-level estimates in the 10% detection 
case could bias the statistical results. We concede that these 
are arbitrary cut-offs, and we note that our goal is simply to 
present the evidence in multiple ways.

Using this approach, we observed a pattern of attentional 
allocation that was consistent with the GLME results. First, 
we again found that unreliably pre-cued distractors attracted 
more overt attention than reliably pre-cued distractors 
(paired t-tests, 10% criteria: t(73) = 2.42, p = .0181; 50% 
criteria: t(62) = 2.18, p = .0332). Second, we found that 
both reliable and unreliable distractors drew initial fixations 
above the baseline rates established by the distractor-absent 
trials (paired t-tests, reliable, 10% criteria: t(73) = 7.21, 
p < .0001; 50% criteria: t(62) = 7.15, p < .0001; unreli-
able, 10% criteria: t(73) = 9.98, p < .0001; 50% criteria: 
t(62) = 9.58, p < .0001).

Finally, we asked: Is there a relationship between the 
amount of oculomotor capture and the amount of RT-
based capture observed across individual observers? In 
short, the magnitude of oculomotor capture (OC) was sig-
nificantly correlated with the magnitude of the RT-based 
capture (RTC) but only for unreliably pre-cued distractors 
(unreliable minus absent OC ~ unreliable minus absent 
RTC, 10% criteria: r(72) = 0.267, p = .0215; 50% criteria: 
r(61) = 0.282, p = .0251; ps for both criteria assessing reli-
ably pre-cued distractors > .6938).

Eye-tracking data provided results that were both con-
sistent with and inconsistent with the RT-based findings. In 
terms of consistent findings, unreliably pre-cued distractors 
attracted more overt attention than reliably pre-cued distrac-
tors, providing another piece of direct evidence for the influ-
ence of information reliability on attentional capture. Addi-
tionally, an individual differences analysis linked changes in 
oculomotor capture to changes in RT-based capture, but only 
when the distractor had been unreliably pre-cued. In terms 
of inconsistent findings, our second set of GLME analyses 
revealed that initial fixations on the target were reduced by 
the presence of both kinds of distractors, suggesting that 
attentional capture was not entirely eliminated by pre-cueing 
the target during training. Failure to find VDAC elimination 
in the oculomotor domain was corroborated in the model-
free analysis, which showed that the proportion of first sac-
cades to reliable distractors exceeded the baseline rate estab-
lished by the distractor-absent trials.

Discussion

In this study, we modified Anderson and colleagues’ short-
training VDAC paradigm (Anderson et al., 2011) to include 
pre-cues that signaled reliable or unreliable information 
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about the trial-to-trial color of the training phase search tar-
get. Reliable pre-cues indicated the upcoming target color 
with certainty, whereas unreliable pre-cues indicated the tar-
get was equally likely to be one of two distinct colors, thus 
providing uncertain information about the upcoming target 
color. As in the traditional VDAC paradigm, the color of the 
training phase target was predictive of reward magnitude. 
In our modification, one of the reliable pre-cue colors and 
one of the unreliable pre-cue colors were predictive of high 
reward, while the other two colors in each pre-cue condition 
were predictive of low reward. We then tested for VDAC in 
a traditional test phase.

We found that manipulating the reliability of target-
color information during training modulated the alloca-
tion of value-driven attention in three distinct ways. First, 
in both the RT and oculomotor domains our training phase 
manipulation eliminated VDAC value-dependency between 
distractors rendered in colors that had been unreliably pre-
cued during training but preserved their ability to draw atten-
tion in a reward-magnitude independent manner. Second, 
the presence of distractors rendered in unreliably pre-cued 
colors (pooled across reward magnitude conditions) slowed 
RTs and increased the probability of a saccade to the dis-
tractor location relative to distractors rendered in reliably 
pre-cued colors, evidencing a direct impact of information 
reliability on attentional capture, in both the RT and oculo-
motor domains. Third, the presence of distractors rendered 
in colors that had been reliably pre-cued during training had 
no impact on search time in the test phase (VDAC elimina-
tion in the RT domain).7 Taken together, the three results 
suggest that target-color uncertainty, rather than reward 
magnitude, played a critical role.

Before we discuss the effect of information reliability on 
attentional capture in more detail, we would like to briefly 
address the fact that the presence of reliably pre-cued dis-
tractors did not slow search for the test phase target. These 
distractors had extensive histories as sought targets (Ander-
son et al., 2021), and one might reasonably argue that their 
histories were further enriched by the benefit of feature-
based attention, which facilitated both faster and more 
accurate search performance in the training phase. That they 
did not slow search in the test phase is particularly striking, 
especially given previous work from our lab and others (e.g., 
Grubb & Li, 2018; Kim & Anderson, 2019; Sha & Jiang, 
2016) that has documented the robustness of RT-based cap-
ture resulting from a “history as a sought target.” Our results 
in this study suggest that a history of target-seeking, in and 
of itself, is not always sufficient to engender the reflexive 

allocation of experience-driven attention as measured by 
changes in RT.

That said, the presence of reliably pre-cued distractors 
did impact the allocation of overt attention. First, the pro-
portion of initial saccades made to a reliably pre-cued dis-
tractor exceeded the baseline estimates derived from the 
distractor-absent trials. Second, the probability of saccading 
to the target decreased when a reliably pre-cued distractor 
was present. Thus, it would be inaccurate to say that reli-
ably pre-cueing the target during training completely elimi-
nated attentional capture. A history of target seeking did 
impact the allocation of attention in this study, but it was 
only detectable using eye-tracking. It is important to note, 
however, that reliably and unreliably pre-cued distractors 
were “sought as targets” an equal number of times in the 
training phase. Thus, we can be confident that the RT and 
oculomotor differences between them are due to the target-
color uncertainty manipulation and not their histories as 
sought targets.

Given the failure to find VDAC value-dependency for dis-
tractors rendered in unreliably pre-cued colors, our results 
(taken at face value) are inconsistent with a straightforward 
reward-prediction account of VDAC. One simple explana-
tion is that our training phase, with four different colors each 
signaling two different kinds of reward in a probabilistic 
manner, is too complex and rendered observers insensitive 
to differences in reward magnitude. This would be consistent 
with a study by Marchner and Preuschhof (2018), who intro-
duced a clever manipulation to the literature to assess the 
controversy around search history alluded to above. In their 
paradigm, three target color conditions were used: the tra-
ditional probabilistically determined high- and low-reward 
target colors and an additional unrewarded target color. 
Interestingly, they found no difference in capture between 
high- and low-reward-predicting distractors, though they did 
find a difference in capture between high- and no-reward-
predicting distractors (convincingly ruling out a history-
as-sought-target interpretation). They additionally found 
capture between low- and no-reward-predicting distractors 
during the first block of the test phase. One speculation 
Marchner and Preuschhof noted was that the higher work-
ing memory load required to create color-reward associa-
tions for three conditions, rather than two, could underlie 
the lack of value-dependency. That we found equivalent 
capture by unreliably pre-cued distractors, irrespective of 
reward magnitude, is consistent with the results of March-
ner and Preuschhof, and we concede that higher working 
memory demands during a more complex training phase 
may provide a plausible explanation for the failure to find 
VDAC value-dependency.

A different interpretation of the Marchner and Preuschhof 
results concerns the uncertainty of the trial-to-trial reward 
outcomes. In their study, the high-reward and low-reward 

7  That distractors rendered in colors that had been reliably pre-cued 
during training did engender oculomotor capture is addressed in the 
following paragraph.
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training phase targets had different expected values (EV), 
but they had identical variances (i.e., the extent of deviation 
from the mean value) and identical entropy (i.e., amount of 
information provided by an outcome). Since the no-reward 
target always predicted no reward, it had an EV of zero and 
no associated uncertainty. Thus, the three targets differed 
along two reward-relevant dimensions: (1) they each had a 
different EV, and (2) the variance and entropy of the high- 
and low-reward targets were equated and exceeded that of 
the no-reward target. As presented in the Introduction, recent 
work from Le Pelley and colleagues and Cho and colleagues 
has demonstrated the modulatory power that reward uncer-
tainty can have on value-based attention (Cho & Cho, 2021; 
Ju & Cho, 2023; Le Pelley et al., 2019). If the uncertainty 
of the reward distribution was implicitly prioritized over the 
EV dimension (e.g., Le Pelley et al., 2023), then one would 
expect the exact results reported in Marchner and Preuschhof 
(2018): statistically indistinguishable capture from the two 
uncertainty-associated distractors and no capture from the 
certainty-associated distractor.

In our design, there was a salient difference in uncertainty 
during the training phase that aligns well with the pattern 
of results we observed in the test phase, but it concerns 
informational uncertainty pertaining to target color rather 
than the EV, variance, or entropy of the trial-to-trial reward 
outcomes (which were matched during the training phase 
for reliably and unreliably pre-cued targets). The training 
phase results confirmed that participants voluntarily used, 
and were thus sensitive to, the information signaled by the 
pre-cues. This is in contrast to the EVs of the training phase 
targets, which did not modulate training phase performance.

Why might target-color uncertainty have been a salient 
dimension in our study? A nascent literature on the neu-
roscience of information-seeking (Charpentier & Cogliati 
Dezza, 2022) provides one potential framework in which 
to interpret our results. In their review, Charpentier and 
Cogliati Dezza make the case that “information is valu-
able, similar to primary or monetary rewards”, which “is 
reflected in the brain via a common neural code for reward 
and information.” One motive for information-seeking that 
the authors address is instrumentality, which they define as 
“[t]he potential of information to improve future decisions, 
actions, and outcomes.” To obtain monetary reward in our 
training phase, participants must use color to localize and 
discriminate the line inside in the target, and thus, infor-
mation about target color provides instrumental value in 
this context. In the reliable pre-cue condition, such infor-
mation is provided by the pre-cue in advance of the search 
array. But in the unreliable pre-cue condition, observers 
must wait for the appearance of the search array, and the 
instrumental value of target-color information is provided 
by the search target itself. Thus, unreliably pre-cued 
targets consistently provided instrumental value in the 

training phase, and they did so in a manner that was inde-
pendent of the reward magnitude signaled by a specific 
color. This is in contrast to reliably pre-cued targets whose 
instrumental value was provided by the pre-cues. We note 
that the context in which each set of training phase colors 
provided instrumental value was quite different (i.e., a gray 
screen with two colored squares presented at fixation vs. 
the multi-color, multi-object training phase search array). 
Importantly, the visual context of the test phase is similar 
to the training phase search array but quite distinct from 
the pre-cue presentation screen, which is likely to matter 
given that VDAC has been shown to be context-specific 
(Anderson, 2015). To put this back in the language that is 
typical of VDAC studies, our results show that the pres-
ence of stimuli that provided instrumental value during 
the training phase slowed response times and drew more 
initial saccades during the test phase, relative to stimuli 
that provided no such instrumental value during training.

One could reasonably argue that the color of the train-
ing phase target provides instrumental value in all VDAC 
studies, so we want to make clear that our claim is not that 
target color information always plays such a role. Instead, it 
seems plausible that manipulating the relative reliability of 
target color information in our training phase signaled that 
target color was a feature dimension about which informa-
tion could be gained. That is, pre-cueing targets with a cue 
that consistently resolved uncertainty in some cases (i.e., 
reliable pre-cues) but not others (i.e., unreliable pre-cues) 
may have made the instrumental value of target color more 
salient than is typically the case. Information-seeking as an 
explanatory framework has featured prominently in recent 
literature, establishing that uncertainty impacts VDAC and 
other forms of value-modulated attention (e.g., Cho & Cho, 
2021; Ju & Cho, 2023; Le Pelley et al., 2019). Our results 
are consistent with this body of work.

To the best of our knowledge, no previous study has 
manipulated the reliability of target-color information 
in this manner, and the results from this study have con-
tributed to our understanding of value-driven attention in 
multiple ways. We showed that we can eliminate VDAC 
value-dependency with the right experimental manipulation, 
that we can modulate the amount of RT-based and oculo-
motor capture engendered by two pairs of former targets 
despite their reward distributions being matched on EV, 
variance, and entropy, and that “history as a sought target” 
is not always sufficient to engender the reflexive allocation 
of experience-driven attention in the RT domain. Many 
important questions remain, but an emerging literature on 
the neuroscience of information-seeking provides an excit-
ing avenue for future research.
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