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Abstract 

Visual search is shaped by both stress-inducing and motivational factors. Time pressure, a common stressor, can 
impair performance by prompting hurried search strategies, whereas reward value, a motivator, may enhance 
performance and efficiency. Although their individual effects are well-established, their joint influence on search 
performance and behavior is not yet clear—specifically, whether reward value can counteract the performance 
costs incurred by time pressure, enabling fast yet accurate searches. Moreover, little is known on whether time 
pressure and reward value exert distinct effects on the two processing components of visual search: target 
acquisition and target verification. The present eye-tracking study examines: (1) how time pressure and reward 
value influence search performance and behavior, and (2) whether reward value can counteract the adverse effects 
of time pressure on performance. Forty participants searched for target objects in a virtual living room under various 
time pressure and reward value conditions. As expected, time pressure reduced accuracy. However, it incurred 
longer target acquisition but shorter verification times. In contrast, reward value enhanced target acquisition 
efficiency and accuracy. It particularly improved accuracy and reduced search time under time pressure, suggesting 
a mitigating role against the performance decrements incurred by time pressure. Overall, the findings show that time 
pressure and reward value exert distinct effects on target acquisition and verification, yet their interaction influences 
performance.

Significance statement 

Everyday tasks often require us to find objects quickly and accurately. Whether a driver must spot the correct highway 
exit, an emergency responder must find the right instrument, or an air traffic controller must identify the correct 
signal on a display, visual search is a core component of many tasks. Yet, these searches rarely happen in a vacuum. 
Rather, they are influenced by stressors, such as time pressure, and motivators, such as the value of the outcome. 
Understanding how time pressure and reward value jointly impact visual search is therefore crucial for understanding 
how humans search in real-world scenarios. In the present study, we investigated how time pressure and reward 
value influenced visual search and performance, with emphasis on the two components of visual search: target 
acquisition (how quickly the target can be located) and verification (how long it takes to verify the target). Using virtual 
reality paired with eye-tracking, we were able to capture search behavior in a naturalistic setting. We found that time 
pressure induced less thorough search strategies that reduced accuracy, while reward value improved efficiency 
and could counteract some of the negative effects of time pressure on performance. Ultimately, this work contributes 
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to applications ranging from interface design to training protocols in medicine, transportation, aviation, and military–
contexts where the balance between search speed and accuracy can have serious ramifications.

Keywords  Visual search, Reward value, Time pressure, Eye tracking, Virtual reality, Performance

Introduction
The attentional processes of visual search
Visual attention comprises a set of cognitive processes 
that modulate signals within the visual system (Evans 
et al., 2011). Because the visual environment contains far 
more information than can be processed simultaneously, 
one of visual attention’s crucial functions is to filter and 
select a subset of visual stimuli for further processing. 
For example, once a subset of visual stimuli is selected, 
attention supports higher-level operations such as object 
identification and recognition.

Two modes of attentional control guide visual 
perception: bottom-up, stimulus-driven factors—
such as salience, contrast, or motion—and top-down, 
goal-directed mechanisms that reflect task demands, 
expectations, and prior knowledge (Egeth & Yantis, 
1997). Bottom-up selection is often characterized as 
parallel, operating simultaneously across the visual field 
to generate a priority map of physical salience (Itti & 
Koch, 2001; Koch, 1987). In contrast, top-down control 
is commonly described as serial, directing an “attentional 
spotlight” to individual locations or objects (Connor 
et  al., 2004). Serial selection is closely linked to the 
sequential deployment of eye movements during visual 
search. Together, these mechanisms determine which 
visual locations are prioritized at a given moment (Wolfe 
& Horowitz, 2017).

Importantly, visual attention can be deployed in two 
complementary forms: overt and covert attention. 
Overt attention involves directing the eyes toward a 
stimulus, thereby aligning the locus of attention with 
the fovea (Findlay & Gilchrist, 2009; Kinchla, 1992). 
In contrast, covert attention refers to the allocation of 
processing resources to a location or object without an 
accompanying eye movement, enhancing perceptual 
sensitivity in peripheral regions (Buschman & Miller, 
2009). Although these two forms of attention are 
dissociable, they are also closely interlinked: covert 
attentional shifts often precede and guide subsequent eye 
movements, supporting efficient exploration of the visual 
environment (Rai, 2018).

Together, the influence of bottom-up and top-down 
factors on visual attention, operating through overt or 
covert shifts, provides the foundation for visual search 
behavior. Visual search refers to how individuals locate 
a target among distractors within a scene (Nowakowska 
et al., 2021; Wolfe, 2020), and it is commonly described 

as consisting of two processing components illustrated 
in Fig.  1: target acquisition and verification (Castelhano 
& Heaven, 2010). Target acquisition spans from the 
offset of search initiation until the first fixation on the 
target. It reflects the efficiency of initial guidance and 
how attention is oriented to relevant stimuli among 
distractors (Malcolm & Henderson, 2009). Target 
verification begins once the target is fixated on and 
covers the subsequent processing needed to determine 
whether the object matches the intended target. Unlike 
acquisition, verification engages decision-making and 
memory processes that finalize the search outcome 
(Castelhano & Heaven, 2010). Distinguishing between 
target acquisition and verification allows for a more 
fine-grained understanding of the attentional processes 
underlying visual search.

Visual search and task‑related factors
As noted earlier, visual search behavior depends not only 
on target and scene properties but also on task-related 
factors that shape search demands and goals (Eckstein, 
2011; Hickey & Kaiser, 2015; Wolfe, 2020). Two task-
related factors often jointly encountered in real-world 
search scenarios are time pressure and reward value. 
Time pressure, defined here as the limited time available 
to complete a task, often acts as a stressor that can 
induce faster but potentially less accurate searches (El 
Iskandarani et  al., 2024; El Iskandarani & Riggs, 2023; 
Rieger & Manzey, 2022; Yu et al., 2015). Reward value, on 
the other hand, refers to the gain or loss associated with 
task performance and can guide attention and promote 
more efficient strategies (Chelazzi et  al., 2013; Wolfe, 
2020).

The need to investigate time pressure and reward 
value concurrently is grounded in practical merit, as 
many everyday searches involve time pressure and 
reward value simultaneously (Walle & Druey, 2021). 
For example, emergency responders searching for 
medical supplies in a chaotic setting must act under time 
constraints while motivated by the stakes of saving lives. 
Such situations typically involve the combined influence 
of time pressure and reward value rather than either 
factor alone. Understanding this interaction is essential 
for explaining search behavior in naturalistic settings and 
for developing models that better capture the complexity 
of visual attention allocation in real-world settings. The 
following sections review how time pressure and reward 
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value have been examined in the visual search literature 
to date.

Effect of time pressure on visual search
Time pressure often results in added stress on the 
operator performing a task (Driskell, 2013). In the visual 
search literature, time pressure has been operationalized 
in two primary ways: by instructing participants to 
emphasize speed (McCarley, 2009) or by imposing 
an explicit time limit to complete the search task 
(Cambronero-Delgadillo et  al., 2025; Hu et  al., 2024; 
Nowakowska et  al., 2021; Rieger et  al., 2021; Slobounov 
et  al., 2000; Sui et  al., 2022; Yu et  al., 2015). Among 
studies employing time limits, some have applied a 
uniform constraint across participants (e.g., a fixed 3  s 
limit) Rieger et al. (2021); Sui et al. (2022); Nowakowska 
et  al. (2021), whereas others have tailored time limits 
based on each participant’s baseline performance under 
untimed conditions (Cambronero-Delgadillo et al., 2025; 
Hu et  al., 2024; Slobounov et  al., 2000; Yu et  al., 2015). 
These paradigms have been examined across a range of 
visual search tasks, including applied contexts such as 
X-ray screening (McCarley, 2009; Rieger et  al., 2021), 
foraging (Ries et al., 2025), as well as more abstract search 
tasks involving shapes (Fan et al., 2017; Slobounov et al., 

2000; Yu et  al., 2015) or letters (Cambronero-Delgadillo 
et al., 2025; Hu et al., 2024; Nowakowska et al., 2021).

Across these task domains and operationalizations, 
a consistent finding is that time pressure induces a 
speed-accuracy tradeoff. Under increased time pressure, 
participants typically respond more quickly but with 
reduced accuracy (Szalma et  al., 2008). This pattern 
reflects a fundamental constraint of human information 
processing, whereby prioritizing speed limits the amount 
of evidence that can be accumulated before a decision is 
made, thereby increasing the likelihood of errors (Heitz, 
2014).

Eye tracking provides a useful way to examine the 
processes underlying the speed-accuracy tradeoff by 
revealing how time pressure changes visual search 
behavior. In particular, eye movement measures can 
help distinguish how time pressure affects each of target 
acquisition and verification. In an X-ray screening 
task, McCarley (2009) found that time pressure led 
participants to sample images more sparsely, as reflected 
in shorter fixation durations and fewer but longer 
saccades, despite preserved target recognition once the 
target was fixated. Similarly, another X-ray screening 
study reported that search under time pressure was less 
exhaustive, indicated by a reduced search space (Rieger 
et  al., 2021). Together, these findings suggest that time 
pressure may truncate target acquisition by limiting 
visual sampling, which in turn leads to reduced accuracy 
under time constraints.

In contrast, evidence from more abstract tasks is 
mixed. In a letter-based visual search task consisting of 
two consecutive searches, Cambronero-Delgadillo et  al. 
(2025) found that fixation duration, fixation count, and 
saccade amplitude were not significantly affected by time 
pressure in either search phase. Moreover, Nowakowska 
et al. (2021) reported no effect of time pressure on search 
efficiency, defined as the number of superfluous fixations 
to non-target regions prior to making a response. This 
suggests that the speed-accuracy tradeoff may arise 
primarily during the verification phase, consistent with 
prior modeling work showing that speed-accuracy 
manipulations predominantly affect the duration of the 
decision stage (Rinkenauer et al., 2004).

Taken together, prior work reveals several limitations. 
First, existing findings do not clearly identify how each of 
target acquisition and verification are influenced by time 
pressure. This investigation could help better understand 
the processes underlying the speed-accuracy tradeoff. 
Second, eye-tracking analyses in related studies have 
largely relied on global metrics like fixation counts and 
durations, saccade amplitudes, and heatmaps. This partly 
reflects the use of abstract search displays in related work 

Fig. 1  An illustration of the processing components of visual 
search, inspired by Malcolm and Henderson (2009). The figure 
depicts initiation and verification as single fixations each for simpler 
illustration, though each may consist of a series of fixations 
and saccades



Page 4 of 17El Iskandarani and Riggs ﻿Cognitive Research: Principles and Implications           (2026) 11:51 

(e.g., arrays of letters or simple shapes). Consequently, 
area-of-interest (AOI) metrics like object count and 
mean dwell time were less applicable in these paradigms, 
limiting insight into object-level and semantic processing 
during search. Incorporating the latter can provide more 
interpretable measures of how attention is allocated 
across meaningful scene elements, yielding clearer 
insight into search efficiency. Third, relatively little work 
has examined the effects of time pressure in naturalistic 
visual search environments, where task factors more 
closely resemble that of real-world search tasks.

Effect of reward value on visual search
Reward value refers to the gain or loss associated with 
successfully completing a search task (Wolfe & Horowitz, 
2017). Reward can bias visual attention through two 
primary mechanisms: learning and incentive motivation 
(Chelazzi et  al., 2013). Learning-based effects have 
been widely studied in paradigms where reward is 
conditioned or primed toward specific stimuli or spatial 
locations (Bourgeois et  al., 2018; Chelazzi et  al., 2013; 
Hickey et al., 2011; Le Pelley et al., 2019). In such cases, 
reward is associated to particular objects or regions in 
the search space over repeated trials, often reinforced 
through trial-by-trial feedback (Kristjansson et  al., 
2010). For example, Anderson et  al. (2011) used a line-
orientation task in which correct responses yielded either 
low (1 cent) or high (5 cents) reward. They found that 
nonsalient, task-irrelevant stimuli previously associated 
with reward subsequently captured attention and slowed 
search performance, demonstrating involuntary value-
driven attentional capture. Importantly, such learned 
reward biases can persist even when reward-associated 
stimuli conflict with current task goals, highlighting the 
automatic nature of learned reward biases (Failing et al., 
2015; Le Pelley et al., 2019).

Incentive motivation, the mechanism of interest to the 
present work, refers to cases in which reward serves as 
a motivational signal to optimize performance (Chelazzi 
et  al., 2013). Critically, it is not consistently tied to 
a particular stimulus feature or spatial location, but 
instead can vary across trials (Navalpakkam et al., 2010). 
Several studies have investigated whether incentives 
linked to targets that vary from trial to trial can enhance 
visual search performance. For example, in the second 
experiment by Navalpakkam et  al. (2009), reward was 
implemented as a competitive monetary incentive: 
participants accumulated gains and losses across 
conditions, and the highest-scoring participant received a 
$50 bonus. The authors found an improvement in target 
detection performance under this reward manipulation 
compared to no reward. In contrast, Nowakowska et al. 
(2021) manipulated reward by providing additional 

incentives for faster responses in a letter search task, but 
observed no meaningful differences in search accuracy, 
reaction time, or search efficiency. However, prior work 
has largely focused on outcomes such as search accuracy 
and response time. As a result, it remains unclear 
whether incentive motivation affects target acquisition 
and verification, or object-based measures that capture 
how visual attention is allocated across the scene.

When incentive motivation does yield performance ben-
efits, two main accounts have been proposed. One account 
attributes improvements to enhanced perceptual pro-
cessing, whereby reward increases sensitivity to its asso-
ciated stimuli through changes in neural activity within 
visual processing areas (Engelmann et al., 2009). A second 
account emphasizes strategic cognitive control, suggesting 
that participants allocate attentional resources to maximize 
expected reward. Evidence indicates that motivational and 
perceptual relevance can be integrated early in sensory 
processing to form a trial-by-trial priority representation, 
which guides attention toward locations associated with the 
highest expected value (Navalpakkam et al., 2010). Overall, 
incentive motivation may mobilize attentional resources to 
maximize reward outcomes (Chelazzi et  al., 2013), and is 
therefore expected to modulate visual search strategies.

In addition to the presence of reward, several studies 
suggest that the magnitude of reward value may further 
modulate visual attention and search performance. For 
example, Kiss et al. (2009) associated different reward lev-
els with target color (e.g., 5 bonus points for one color and 
1 bonus point for another) and found that high-reward 
targets elicited faster response times as well as earlier and 
larger N2-posterior-contralateral (N2pc) components. The 
N2pc, a well-established electrophysiological marker of 
attentional selection, is typically observed over posterior 
electrodes contralateral to an attended stimulus (Eimer, 
2014). Its modulation by reward magnitude suggests that 
incentive value enhances early attentional selection pro-
cesses, biasing competition in favor of high-reward tar-
gets relative to low-reward targets. Similarly, Kristjansson 
et al. (2010) used a 1:10 reward ratio and offered additional 
monetary incentives to top-performing participants. They 
observed not only improved performance for the more 
highly rewarded target color, but also stronger trial-to-trial 
priming effects when high-reward targets were repeated. 
Together, these findings motivate examining reward mag-
nitude beyond a binary reward manipulation, as varying 
reward levels may produce graded effects on attentional 
allocation and search efficiency.

The joint influence of time pressure and reward value 
on visual search
While prior studies have examined the effect of time 
pressure and reward separately on visual search (e.g., 
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(Bourgeois et al., 2018; Nowakowska et al., 2021; Rieger 
& Manzey, 2022)), relatively few studies have examined 
how their interaction affected visual search behavior and 
performance. Walle and Druey (2021) postulated that 
reward value enhances both search efficiency and non-
search processing speed, with greater benefits observed 
under higher task demands. However, their study did 
not include eye-tracking metrics, limiting insights 
into underlying oculomotor mechanisms. Similarly, 
Wagner et  al. (2023) showed that under time pressure, 
participants were willing to incur search performance 
costs to maximize monetary gains. Another study 
reported that monetary motivation eliminated accuracy 
declines during dual-target searches, whereas time limits 
alone did not affect performance (Clark et  al., 2011). 
Navalpakkam et al. (2010) showed that when participants 
searched for varying targets under time pressure, they 
directed their visual attention toward locations with 
the highest expected reward, consistent with reward-
maximization behavior. Notably, this effect was observed 
in the absence of training or learning. Together, these 
findings suggest that reward value can potentially buffer 
some of the adverse effects of time pressure, yet the 
precise dynamics of their joint influence on visual search 
behavior and performance remain underexplored.

The present work
The present study examines how time pressure and 
reward value influence visual search behavior and 
performance in a naturalistic setting. Specifically, we 
assess their effects on target acquisition and target 
verification—two key components of visual search 
that reflect how efficiently participants orient toward 
a potential target and how effectively they confirm 
its identity. In addition, we employ object-based AOI 
metrics such as object count and mean dwell time 
to capture search efficiency in a semantically rich 
environment.

To this end, we had forty participants search for objects 
of varying reward values under different time constraint 
conditions in a virtual living room presented in virtual 
reality (VR). VR has been widely used to investigate vis-
ual search behavior, with eye-tracking enabling detailed 
analysis of how people explore naturalistic environments 
(e.g., (Beitner et al., 2023; Bennett et al., 2021; Bourgeois 
et al., 2018; Hadnett-Hunter et al., 2019; Kit et al., 2014; 
Li et al., 2016, 2018; van den Oever et al., 2022)). While 
the present study could in principle be implemented on 
a 2D display, VR offers an incremental yet important 
advantage by supporting head movements during search 
in a wide field of view. This facilitates more naturalis-
tic and ecologically valid search behavior (Jerald, 2016), 

while simultaneously allowing for precise gaze recording 
via a head-mounted eye tracker.

The central research questions of the present work are:

•	 How does time pressure and reward value interact 
to influence search performance, target acquisition 
and verification, and search efficiency in naturalistic 
visual search? Further, how does reward magnitude 
moderate these effects?

Based on prior work, we propose the following 
hypotheses:

•	 H1: Time pressure will shorten search time, target 
acquisition time, and verification time, and reduce 
object count, but at the cost of lower search accuracy 
(Cambronero-Delgadillo et al., 2025; McCarley, 2009; 
Rieger et al., 2021; Rieger & Manzey, 2022).

•	 H2: Reward value will foster more efficient search 
strategies, resulting in shorter search time, faster 
target acquisition, fewer object count, and higher 
accuracy (Kiss et al., 2009; Kristjansson et al., 2010).

•	 H3: Assuming time pressure will reduce search 
accuracy, reward value will mitigate this decline, such 
that accuracy under time pressure will be higher in 
reward trials than in no-reward trials Walle and 
Druey (2021); Wagner et al. (2023).

•	 H4: Higher reward magnitude will strengthen the 
effects predicted in H2 and H3. Specifically, relative 
to the low-reward condition, the high-reward 
condition will produce shorter search time, faster 
target acquisition, fewer objects inspected, and higher 
accuracy (H2), and will more strongly attenuate time 
pressure-related reductions in accuracy (H3). In turn, 
the low-reward condition will show greater benefits 
than the no-reward condition (Kiss et  al., 2009; 
Kristjansson et al., 2010; Navalpakkam et al., 2009).

Methods
Participants and apparatus
An a priori power analysis was conducted in G*Power 
for a 2× 3 within-subjects repeated-measures design. 
Assuming a medium effect size (f = .25) based on our 
pilot study, an α level of .05, and a desired power of .95, 
the analysis indicated a minimum required sample size 
of twenty-eight participants (Faul et  al., 2007). Because 
this calculation is based on a simplified repeated-meas-
ures ANOVA framework, it should be interpreted as an 
approximate lower bound on the power of the mixed-
effects models used in the present analyses. Forty under-
graduate and graduate students from the University of 
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Virginia were recruited for this study (15 female, 25 male; 
age range: [18, 39]; M = 22.6 , SD = 4.39). All participants 
had self-reported normal or corrected-to-normal vision. 
Data from one participant were discarded due to record-
ing errors, yielding a sample size of 39 participants for 
data analysis purposes. Data loss from the resulting sam-
ple size after data filtering and preprocessing was 5.1%.

The VR headset used was the HTC Vive Pro Eye (1440 
× 1600 pixels resolution per eye, framerate of 90 fps, 
nominal field of view of 110◦ ). The built-in eye tracker 
was used to record participant’s gaze at 90 Hz with 
an accuracy of 1◦ visual angle. All scenes were created 
using Unity 3D. The computer used to render the virtual 
environment had an Intel Xeon W-2225 processor at 
4.10 GHz and 32 GB of RAM. The graphics card was an 
NVIDIA Quadro RTX 4000 (8 GB of dedicated GDDR6 
memory).

Experiment design
Participants performed a naturalistic visual search task 
with real-world stimuli, similar to previous work (Botch 
et  al., 2023; Malpica et  al., 2020; Olk et  al., 2018). The 
experiment manipulated two within-subject independent 
variables: (1) time pressure (i.e., with time constraint, 
without time constraint) and (2) reward value (i.e., 
no reward, low reward, high reward), yielding a 2 × 3 
factorial design. There were 6 blocks of 20 trials each, 
and all trials were target-present, with exactly one target 
guaranteed to appear in the scene.

Time pressure was implemented by imposing a 
response deadline in the timed condition. The selected 
time limit allowed the participants to locate any target 
in the room while still posing a challenge. Since search 
time depends on the task and experimental factors like 
the scene’s dimensions and scene complexity, choosing 
a time limit should be based on the present experiment. 
Based on a pilot study with six participants, the mean 
search time was 1.97 s (95%CI = [1.64, 2.30]) . Thus, a 3-s 
time limit was established for the timed condition.

Reward value was operationalized as the number of 
points participants could earn for successfully locating 
the target within a trial. Low- and high-reward trials were 

worth 1 and 10 points, respectively, whereas no-reward 
trials provided no points, following prior reward-
based visual search paradigms (Bourgeois et  al., 2018; 
Kristjansson et al., 2010). Reward values were intermixed 
within each block rather than presented in separate 
reward-specific blocks to prevent participants from 
selectively prioritizing effort during high-reward periods.

Experimental procedure
Participants first read a debrief, signed a digital consent 
form, and were asked to remain seated in a stationary 
chair. They put on the VR headset and completed 
the built-in eye-tracking calibration and validation 
procedure provided by HTC. Participants watched a 
slideshow of all objects and their names at the beginning 
of the experiment to eliminate any possible confusion 
in finding the right object (Le-Hoa Võ & Wolfe, 2015). 
Objects in the slideshow were presented in orientations 
consistent with how they would appear in a living 
room environment (Vickery et  al., 2005). Next, the 
experimental software developed for this study was 
launched on the VR headset and participants completed 
a training block. Each trial then began with participants 
fixating on a central red sphere for 3 s for the target 
information to load. The display provided instructions 
on what to find (i.e., target name), the reward value for 
finding the target, and whether there was a time limit 
or not. Afterward, the participants fixated on the center 
of the text for another 3 s. Then, the virtual living room 
loaded onto the virtual headset’s display, and participants 
began their search for the target.

If participants located the target, they were instructed 
to fixate on it and press the trigger on the right-hand 
controller to indicate detection. A trial was considered 
correct if the participant fixated the target at the time 
of the trigger press, thereby ending the trial. To account 
for cases in which participants identified the target but 
briefly shifted their gaze immediately before responding, 
such instances were manually investigated and corrected 
during preprocessing. If the participant failed to find the 
target within the time limit, the trial automatically ended 
and a new trial commenced. In other words, participants 
were not allowed to continue their search past the time 

Fig. 2  Sequence of events the participants experienced for each trial
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limit. The sequence of events is summarized in the block 
diagram in Fig. 2.

Participants were not given feedback after the trial to 
prevent reinforcement effects. Participants could give up 
at any time for any reason by clicking the trigger. Neither 
time limit nor the reward value was visually displayed 
to the participants while they searched so it would not 
divert their gaze from the task. The entire experiment 
took 45 min, and participants were compensated $15 for 
their time. To encourage participants to collect rewards, 
the top three performing participants with most reward 
points collected were awarded an additional $100, $75, 
and $50, respectively. Participants were not informed 
of their reward count throughout the experiment. 
Participants were not told to find the target as quickly as 
possible, meaning they could devise a speed or accuracy-
driven strategy in the untimed condition.

Scene development and design considerations
Each trial consisted of 24 unique objects arranged in the 
virtual living room, with one designated as the target. To 
ensure diversity in both visual appearance and semantic 
category, the object set spanned four color classes (i.e., 
red, blue, green, and white) and six object classes of 
everyday living room items (i.e., mugs, toys, food items, 
pillows, books, and vases). Target identity and reward 
value order were randomized for each participant. 
Targets could appear on semantically appropriate 
surfaces in the living room, including the floor (e.g., a 
floor lamp), shelves (e.g., a vase), or tables (e.g., a coffee 
cup). Placement was constrained by object semantics 
(e.g., books could appear on multiple surfaces, whereas 
floor lamps could only appear on the floor); therefore, the 
set of objects available on each surface was held constant. 
An example of the location randomization is shown in 
Fig. 3.

To control for search history effects (Wolfe, 2020; 
Wolfe & Horowitz, 2017) and preserve environmental 

novelty, object locations were randomized on every 
trial. No object or target appeared on the same surface 
on two consecutive trials. The living room provided a 
180◦ field of view, requiring participants to move their 
heads to locate targets beyond the headset’s nominal 
110◦ view. Randomization also mitigated spatial biases 
and target eccentricity effects (Le-Hoa Võ & Wolfe, 2015) 
by spawning targets at varying distances from central 
fixation with equal probability.

Gaze data collection
User gaze was captured using the built-in eye tracker 
of the HTC headset and Unity. The SRanipal software 
development kit (SDK) developed by HTC for the built-in 
eye tracker allows for the collection of pupil diameter, 
gaze origin, and gaze direction vector per eye along other 
measures. Using the coordinates of the gaze direction 
vector, we use the Raycast function in Unity to project a 
ray from the pupil. If this ray collides with an object in 
our virtual environment, we know the user is looking at 
it. In Fig.  4 for example, the ray collides with a cube at 
a point which acts as our focus point. The game engine 
allows us to extract the collision point coordinates, 
enabling us to record the user’s gaze in 3D space.

To account for the eye tracker’s angular error when 
coding object fixations, we increased the object collider 
sizes. In Unity, colliders are components used for 

(a) Before Randomization (b) After Randomization
Fig. 3  Two views of the living room demonstrating how the objects and their locations were randomized each trial

Fig. 4  Illustration of a Raycast colliding with a virtual cube
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physical interactions and collision detection. Based on 
pilot testing, each collider was set to be approximately 
10% larger than the corresponding object mesh. 
This adjustment was intended to accommodate two 
main sources of error: (1) the manufacturer-reported 
minimum angular error of the eye tracker, and (2) 
variation in viewing distance, such that objects farther 
from the participant subtend smaller visual angles. Under 
these conditions, participants could be fixating an object 
even if the gaze ray did not consistently intersect the 
object’s exact collider.

More generally, this approach reflects a limitation 
of modeling gaze as a single ray (e.g., via raycasting), 
which misrepresents the functional field of view. 
Expanding the collider therefore reduced edge cases in 
which fixating on the target might otherwise be missed. 
Pilot observations showed that such missed-collision 
cases were effectively mitigated after expanding the 
collider size.

The gaze data collection script was coded using C# 
programming. Although the HTC Vive Pro Eye tracker 
is advertised to run at a maximum frequency of 120 Hz, 
it can only run at 90 Hz while using the functionalities 
described above due to technical constraints between 
Unity and the SRanipal SDK.

Metrics
Recall that, in the timed condition, trials terminated 
after 3  s, thus decreasing accuracy if the target was not 
found within the time window. Although the 3  s limit 
was selected based on pilot testing to allow sufficient 
time to complete even the most difficult searches, some 
trials nevertheless could not be completed under time 
pressure. This creates an imbalance in the composition of 
correct trials: more difficult searches remain included in 
the untimed condition, where participants could exceed 
3 s, but are excluded from the timed condition once the 
time limit is reached. As a result, apparent differences 
between conditions could reflect differences in trial 
composition rather than genuine behavioral changes 
induced by time pressure.

To address this concern, we restricted the primary 
analysis to trials completed within 3  s (86.19% of all 
trials). Trimming at 3 s ensures that timed and untimed 
conditions are compared over a common set of feasible 
trials and reduces confounds arising from differences 
in trial inclusion. Under this approach, any observed 
effects can be more confidently attributed to changes 
in visual search behavior due to time pressure rather 
than to artifacts of the imposed time limit (see (Adamo 
et al., 2019) for a similar rationale). Next, we outline the 
metrics, grouped into search performance and behavior.

Search performance

•	 Search accuracy. The ratio of correct to total trials 
per block. Accuracy was not restricted to searches 
within the 3 s limit in the untimed condition. Higher 
accuracy indicates better performance.

•	 Search time. The time between the trial onset and 
the end of the trial. Lower search time indicates 
better performance.

Search behavior

•	 Target latency. Also known as the time to first 
fixation (Nowakowska et  al., 2021) or elapsed time 
to target fixation (Horstmann et  al., 2019), target 
latency is the time between the onset of the search 
and the first fixation on the target (Castelhano & 
Heaven, 2010). Lower target latency suggests less 
time to acquire the target.

•	 Verification time. The time between the first fixation 
on the target and the onset of the trigger click. 
Verification time indicates the time to process and 
verify the target (Castelhano & Heaven, 2010). Lower 
verification time suggests less time to process the 
target.

•	 Object count. Object count was defined as the 
number of unique AOIs gazed upon within a trial. 
This measure is distinct from fixation count, as a 
given object may be fixated on multiple times. Thus, 
object count provides insight into the thoroughness 
of the search and how visual attention is distributed 
across different AOIs Objects included any of the 24 
objects in the scene as well as non-target surfaces 
such as tables, walls, and shelves. Given that the 
analysis was restricted to correct trials, a lower object 
count indicates a more efficient search strategy.

•	 Mean dwell time. The mean of the times spent 
dwelling on each object (Borys, 2017; Horstmann 
et  al., 2019). Mean dwell time was measured in ms. 
Given that the analysis was restricted to correct 
trials, a shorter mean dwell time suggests a more 
efficient search strategy.

Statistical analysis
Data preprocessing was performed following data 
collection. First, missing and invalid data entries were 
excluded. The SRanipal SDK provides validity indicators, 
such as eye_valid and per-eye openness, to assess data 
quality. According to the SDK specifications, samples 
with an eye_valid value below 31 are considered 
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invalid and were therefore omitted. After preprocessing, 
3,518 correct trials remained for statistical analysis.

The effects of time pressure and reward value on each 
of our metrics were assessed using linear mixed models 
(West & Welch, 2014) implemented using the lme4 
package (Bates et  al., 2014; Winter, 2013). Continuous 
variables were fitted with Gaussian distribution models, 
while discrete variables (fixation count, saccade count, 
and object count) were fitted with Poisson distribution 
models. In case of overdispersion, negative binomial 
distribution models were used. The models for each 
metric were fitted using full maximum likelihood 
estimation following a stepwise forward procedure, 
where a model first starts with the random intercepts for 
participants then fixed effects are added one at a time 
for the two predictor variables and their interaction. 
Likelihood ratio tests were then used to determine if 
adding each factor significantly improved the model 
fit. The p values for these tests were adjusted using the 
Benjamini–Hochberg procedure (Benjamini, 1995), a 
balanced approach to control family-wise error rate upon 
performing multiple comparisons. Significant effects 
were further explored using Tukey post hoc comparisons. 
Residual QQ plots were visually inspected for assumption 
violations. All analyses were conducted in R (Version 
4.3.2; (Clark et al., 2024)), with estimated marginal means 
and degrees of freedom calculated following established 
methods (Bates et al., 2014; Lenth, 2024).

Results
We begin by reporting search performance, including 
search accuracy and search time, followed by search 
behavior, which comprise target latency, verification 
time, object count, and mean dwell time. Means and 
standard deviations are reported in Tables 1, 2, and 3 in 
the Appendix.

Search performance
Search accuracy
Time pressure had a significant main effect on accuracy 
(χ2(1) = 91.53, p < .001) , where the untimed condition 
was more accurate than the timed condition (mean 
difference = 10.81%, t = 11.29 , p < .001 ). Reward 
value also had a significant main effect on accuracy 
(χ2(2) = 8.34, p = .048) , where the no-reward condition 
was less accurate than the low-reward (mean difference 
= 4.13%, t = 3.51 , p = .001 ) and the high-reward 
conditions (mean difference = 3.74%, t = 3.18 , p = .004 ). 
Accuracy did not differ between the low- and high-
reward conditions (mean difference = 0.390%, t = 0.338 , 
p ≥ .938).

There was a significant time pressure × reward value 
interaction effect on accuracy (χ2(2) = 7.83, p = .049) , 

indicating that the effect of reward on accuracy 
depended on time pressure. Specifically, in the timed 
condition, accuracy was higher in the low-reward 
condition (mean difference = 7.25%, t = 6.10 , p < .001 ) 
and the high-reward condition (mean difference = 6.20%, 
t = 3.71 , p = .003 ) relative to the no-reward condition. 
In contrast, in the untimed condition, accuracy did 
not differ significantly across reward levels (all mean 
differences ≤ 1.00%, all p ≥ .989).

Search time
There was no significant time pressure × reward value 
interaction effect on search time (χ2(2) = .283, p = .867) . 
Time pressure did not significantly influence search 
time (χ2(1) = .617, p = .864) . Recall that only trials 
completed within 3  s were included in the primary 
analysis. Including trials exceeding 3  s yielded a 
significant main effect of time pressure on search time 
(χ2(2) = 301.84, p < .001) , with shorter search times in 
the timed condition than in the untimed condition (mean 
difference = .553 s, t = 17.69 , p < .001 ). However, trials 
exceeding 3  s may reflect more difficult searches that 
could not be completed under time pressure and were 
therefore disproportionately excluded from the timed 
condition. For instance, targets in trials exceeding 3  s 
could have been located farther from the initial point of 
fixation and therefore could not be identified within the 
time limit. This interpretation is supported by the larger 
mean visual angle in trials exceeding 3  s (M = 1.24◦) 
compared with trials completed within 3 s (M = 1.03◦).

In contrast, reward value significantly influenced 
search time (χ2(2) = 13.02, p = .007) . Search time 
was longer in the no-reward condition than in both the 
low-reward condition (mean difference = 96.88  ms, 
t = 3.47 , p = .001 ) and the high-reward condition (mean 
difference = 77  ms, t = 2.41 , p = .042 ). There was no 
significant difference in search time between the low- 
and high-reward conditions (mean difference = 29.60 ms, 
t = 1.08 , p = .528 ). These results are illustrated in Fig. 5.

Search behavior
Target latency and verification time
There was no significant time pressure × reward 
value interaction effect on target latency 
(χ2(2) = .197, p = 1.00) . Time pressure significantly 
influenced target latency (χ2(1) = 8.12, p = .039) , with 
longer latencies in the timed condition compared with 
the untimed condition (mean difference = 65.63  ms, 
t = 2.86 , p = .039 ). Reward value also significantly 
influenced target latency (χ2(2) = 10.08, p = .050) . 
Specifically, target latency was longer in the no-reward 
condition than in the low-reward condition (mean 
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difference = 90.15  ms, t = 3.20 , p = .003 ), with 
no significant differences between the remaining 
reward conditions. There was no significant time 

pressure × reward value interaction on target latency 
(χ2(2) = .203, p = 1.00).

(a) Search Accuracy (b) Search Time

Fig. 5  Line plots showing the marginal mean values and 95% confidence intervals for a search accuracy and b search time as a function of time 
pressure and reward value

(a) Target Latency (b) Verification Time

Fig. 6  Line plots showing the marginal mean values and 95% confidence intervals for a target latency and b verification time as a function of time 
pressure and reward value
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There was no significant time pressure × reward 
value interaction effect on verification time 
(χ2(2) = .283, p = .867) . Time pressure significantly 
influenced verification time (χ2(1) = 110.40, p < .001) , 
with shorter verification times in the timed condition 
compared with the untimed condition (mean 
difference = 83.07  ms, t = 10.57 , p < .001 ). Reward 
value did not significantly influence verification time 
(χ2(2) = 4.74, p = .652) . The results are shown in Fig. 6.

Object count and mean dwell time
There was no significant time pressure × 
reward value interaction effect on object count 
(χ2(2) = .197, p = 1.00) . Time pressure did not 
significantly affect object count (χ2(1) = 2.60, p = .652) . 
In contrast, there was a significant main effect of reward 
value on object count (χ2(2) = 18.61, p < .001) , where 
the no-reward condition had a higher object count 
than both the low-reward condition (mean difference 
= .331  objects, t = 4.14 , p < .001 ) and the high-reward 
condition (mean difference = .253  objects, t = 3.16 , 
p = .004 ), with no difference between the low- and 
high-reward conditions (mean difference = .100 objects, 
t = .996 , p = .579).

There was no significant time pressure × reward 
value interaction effect on mean dwell time 
(χ2(2) = .264, p = 1.00) . Time pressure significantly 
influenced mean dwell time (χ2(1) = 133.04, p < .001) , 

where the timed condition had shorter mean dwell 
times (mean difference = 24.70 ms, t = 11.65 , p < .001 ) 
than the untimed condition. On the other hand, reward 
value had no significant effect on mean dwell time 
(χ2(2) = 4.62, p = .652) . The results are shown in Fig. 7.

Discussion
The present study investigated the impact of time 
pressure, reward value, and their interaction on 
naturalistic visual search behavior in VR. We discuss 
our findings in relation to our search performance and 
behavior metrics.

Search performance
Time pressure significantly reduced search accuracy, 
consistent with prior work demonstrating accuracy 
detriments under temporal constraints (McCarley 2009; 
Rieger et al. 2021; Rieger and Manzey 2022). In contrast, 
reward value improved accuracy, aligning with evidence 
that incentives can enhance performance in visual search 
tasks (Kiss et al., 2009; Kristjansson et al., 2010; Walle & 
Druey, 2021). Notably, accuracy was the only outcome 
measure in the present study to exhibit a significant time 
pressure × reward value interaction.

Specifically, participants were more accurate under 
time pressure when targets were associated with 
reward. This finding supports our hypothesis (H3) that 
reward can mitigate the performance costs induced 

(a) Object Count (b) Mean Dwell Time

Fig. 7  Line plots showing the marginal mean values and 95% confidence intervals for a object count and b mean dwell time as a function of time 
pressure and reward value
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by limited search time and is consistent with previous 
work reporting similar interaction patterns (Clark et al., 
2011). Importantly, reward value did not significantly 
affect accuracy in the untimed condition (Fig. 5a). This 
may reflect a ceiling effect, where participants could 
achieve high accuracy regardless of reward value in 
the absence of a time constraint. This interpretation 
is consistent with prior studies showing that reward-
related benefits become more pronounced as task 
demands increase and may be absent in easier search 
conditions without time pressure (Walle & Druey, 
2021), as well as with broader accounts suggesting 
that some easy search tasks already operate at highly 
efficient or near-optimal levels (Wolfe, 2020). This 
interpretation is also consistent with the high accuracy 
observed in the untimed condition (around 93%). 
Future work employing more complex or demanding 
search environments may help determine whether 
reward value also yields measurable accuracy benefits 
in untimed contexts.

However, contrary to prior findings suggesting graded 
benefits with increasing reward value (Bourgeois et al., 
2018; Kristjansson et  al., 2010), reward magnitude did 
not further moderate this effect. Although both low- 
and high-reward conditions yielded higher accuracy 
than the no-reward condition, performance did not 
differ reliably between the two reward values. Thus, the 
present results do not provide evidence in support of 
H4. It is unlikely that the choice of reward values alone 
explains this null effect, as similar reward ranges have 
produced significant effects in prior work (Bourgeois 
et  al., 2018). We consider two possible explanations. 
First, the present search task was relatively brief and 
simple, which may have limited the additional benefits 
of increasing reward magnitude beyond the presence 
of reward itself. Second, incentive effects may plateau 
or even become counterproductive at higher levels, 
such that larger rewards do not necessarily yield 
proportional performance gains (Ariely et  al., 2009). 
Further work using more demanding search contexts 
and a broader range of reward values is needed to verify 
any of these explanations.

For search time, analyses including trials exceeding 
3  s indicated that time pressure reduced search time. 
Coupled with the observed decrease in accuracy, this 
pattern is consistent with a speed-accuracy tradeoff, 
whereby faster search time under time pressure comes 
at the cost of reduced accuracy. However, as discussed in 
the Methods section, this apparent reduction in search 
time may largely reflect a compositional artifact. It 
could be that time pressure prevented participants from 
completing the most difficult searches. For this reason, 
the trimmed analysis restricted to trials completed 

within 3 s provides a more informative comparison, as it 
evaluates whether time pressure alters search speed even 
among feasible, successfully completed trials. Within this 
restricted set, time pressure did not significantly reduce 
search time, contrary to prior studies reporting faster 
searches under time constraints (McCarley, 2009; Rieger 
et  al., 2021; Rieger & Manzey, 2022; Slobounov et  al., 
2000).

This suggests that time pressure primarily influenced 
whether difficult searches could be completed 
successfully, rather than accelerating search speed on 
correct trials. For example, under time pressure, if a 
participant initially directed their search toward the 
wrong region of the living room (e.g., the far right side 
when the target was on the far left), there was limited 
opportunity to reorient and correct this strategy before 
time ran out. Such trials were more likely to end in an 
error because the target could not be located in time. 
Importantly, time pressure did not cause the participant 
to scan the chosen region more quickly; rather, it reduced 
the ability to recover from incorrect search trajectories.

One might claim that the absence of faster search time 
under time pressure reflects the brevity of the task itself, 
leaving limited room for further reductions in completion 
time. This claim is unlikely, as search times were 
influenced by reward value, with participants completing 
searches more quickly in rewarded conditions than 
in the no-reward condition. The findings support H2, 
where reward value improved both accuracy and search 
speed. Thus, this contrast suggests that time pressure—
implemented here as a hard response deadline—alone 
does not necessarily lead to faster search on correct 
trials, but instead primarily constrains the ability to 
successfully complete more difficult searches within the 
imposed time limit.

Search behavior
Target latency and verification time
No significant time pressure × reward value interactions 
were observed for target latency or verification time; 
therefore, we discuss the effects of time pressure and 
reward value separately for these measures.

Regarding target acquisition, participants took 
longer to acquire the target compared to the untimed 
condition. In contrast, target verification was shorter 
under time pressure, suggesting that once the target was 
fixated, participants confirmed its identity more quickly. 
Contrary to prior claims that time pressure uniformly 
reduces search and processing speed (McCarley, 2009; 
Walle & Druey, 2021), our results suggest that time 
pressure had distinct effects on each of target acquisition 
and verification. As discussed earlier, total search 
duration on correct trials remained comparable between 
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timed and untimed conditions. However, participants 
under time pressure exhibited a different temporal 
profile: they spent longer acquiring the target, but less 
time verifying the target once fixated. In other words, 
time pressure led to a redistribution of processing time, 
with slower acquisition alongside faster verification, 
rather than a uniform speeding of both components. 
This discrepancy from previous studies may partly reflect 
differences in how time pressure was operationalized. 
Whereas prior work induced time pressure primarily 
through instructional emphasis (McCarley, 2009), the 
present study implemented time pressure as a time limit. 
Future work should directly compare these approaches to 
determine how different implementations shape target 
acquisition and verification. Overall, the present findings 
provide only partial support for H1, showing that time 
pressure decreased accuracy and verification time but 
unexpectedly increased acquisition time, highlighting 
a more nuanced account of how time pressure shapes 
visual search behavior.

As for reward value, participants acquired targets more 
quickly when they were associated with reward. However, 
reward value did not significantly affect verification time. 
Thus, reward value primarily improved the efficiency 
of locating targets, while the subsequent verification 
process remained unchanged. The reduction in overall 
search time (Fig. 5a) was therefore driven by faster target 
acquisition. These findings support H2, indicating that 
reward value enhances accuracy and promotes more 
efficient search without altering verification processes. 
We next examine search efficiency measures to provide a 
more granular account of how these changes manifested 
in eye movements.

Object count and mean dwell time
Time pressure did not significantly affect object count, 
but it reduced mean dwell time. However, recall that 
participants showed longer target acquisition under 
time pressure. Thus, a longer acquisition time with 
similar object count but shorter dwell times suggests 
that time pressure altered the composition of target 
acquisition, increasing transition time between objects 
while reducing the amount of information processed 
from each object (Holmqvist et al., 2011). This shift may 
have contributed to the observed decrease in accuracy, 
as participants extracted less information from scene 
elements, making target identification more difficult.

Participants scanned fewer objects when the target 
was associated with reward, indicating a more efficient 
search strategy (Navalpakkam et al., 2010). Reward value 
did not significantly affect mean dwell time, suggesting 
that participants sampled similar amounts of information 
from each object despite inspecting fewer objects overall. 

This observation helps explain why reward reduced 
target acquisition time while leaving verification time 
unchanged.

Unlike prior work reporting null effects of reward 
on eye gaze (James et  al., 2019), our findings show that 
reward can alter eye movements, consistent with the 
broader reward-attention literature (Bourgeois et  al., 
2018; Failing et al., 2015; Le Pelley et al., 2019). Previous 
studies have shown that reward priming facilitates 
attentional allocation toward target features and away 
from distractors (Hickey et  al., 2011). Importantly, in 
the present task, target features varied from trial to trial 
and object locations were randomized, such that reward 
effects could not be explained by learned feature or 
spatial associations. Nevertheless, reward still promoted 
more efficient attentional guidance, reducing object 
sampling without compromising accuracy. Finally, while 
the presence of reward improved search behavior, reward 
magnitude did not yield additional benefits within the 
range tested here.

Our distinction between target acquisition and 
verification can also be situated within classic guided 
search and serial–parallel accounts of visual attention. 
Given the heterogeneous, semantically rich search 
scene and the trial-by-trial variation in target identity, 
search in the present task is unlikely to rely on purely 
parallel, feature-based pop-out. Instead, the results are 
consistent with a guided search framework in which 
attention is directed by a priority map that integrates 
physical salience, task goals, and reward-driven value 
(Chelazzi et al., 2013; Wolfe, 2020). Within this account, 
reward value may increase the priority of target-
relevant information (Navalpakkam et al., 2010), thereby 
improving acquisition efficiency, as reflected in shorter 
target latency and fewer objects inspected. In contrast, 
time pressure appears to alter the serial deployment of 
attention across objects, trading thoroughness for speed 
by reducing both time spent on verification and accuracy. 
Thus, rather than uniformly accelerating all stages of 
processing, time pressure and reward may differentially 
shape the priority map and subsequent attentional 
selection dynamics during naturalistic search.

Implications
The present findings offer several conceptual 
implications for the design of visual search applications 
and models of visual attention. First, incentive-based 
rewards may provide a potential avenue for mitigating 
performance decrements under time pressure, 
suggesting that motivational cues could help sustain 
accuracy in temporally constrained search. However, 
these implications should be interpreted as proof-of-
concept, as the current task was brief, relatively simple, 
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and conducted within a controlled VR environment. 
Substantial intermediate work is required before reward-
based interventions could be considered in operational 
contexts, including validation in more complex and 
domain-specific tasks, and a critical assessment of how 
incentives interact with fatigue, stress, and real-world 
consequences. Moreover, reward and gamification 
approaches may introduce risks in safety-critical settings, 
such as encouraging speed over caution or unintended 
strategic tradeoffs, underscoring the need for context-
sensitive evaluation (Hess, 2017).

Second, the distinct eye movement patterns observed 
under time pressure and reward value underscore 
eye-tracking’s potential in detecting subtle shifts in 
attentional strategies driven by task-related factors. 
This makes eye-tracking technology a promising tool 
for developing context-aware adaptive systems that can 
respond in real-time to changing user states. For example, 
a driver-assistance system could monitor gaze patterns 
to detect when a driver begins scanning less broadly and 
making longer saccades—signals of a rushed search—and 
proactively highlight critical road signs. More broadly, 
such applications suggest that eye-tracking can serve as 
a foundation for adaptive technologies that help detect 
stress and sustain search performance. At the same time, 
significant work remains to determine which gaze-based 
measures are most reliable for capturing these contextual 
shifts in real-time, highlighting an important direction 
for future research.

Limitations and future work
While the present work provided a thorough analysis 
of visual search behavior and performance in VR, it 
could be improved in several ways. First, the task was 
relatively short in duration and simple in complexity. As 
a result, the variation in findings compared to previous 
literature (McCarley, 2009; Sui et al., 2022) could be due 
to the nature of the task in the present study. Future 
work must investigate how time pressure and reward 
value affect visual search over prolonged periods and 
in more complex tasks. Additionally, the present work 
examined time pressure only in a binary manner (time 
pressure vs. no time pressure), given the relatively 
simple search task and the short search times. Future 
work could investigate a broader range of time limits in 
more complex search tasks to provide a more detailed 
characterization of how varying degrees of time pressure 
influence visual search. Additionally, the findings should 
be generalized to mediums other than VR with caution, 
and further research is necessary to determine whether 

the observed effects of time pressure and reward value 
hold in more applied VR contexts i.e., exploring a 
menu or playing a game. Moreover, the study’s sample 
size and composition might not represent the broader 
population, potentially limiting the external validity 
of the results. Thus, including a more diverse group of 
participants in future research could provide a more 
comprehensive understanding of how these variables 
influence visual search behavior. In addition, future work 
could implement more advanced eye-tracking analyses 
(e.g., scanpath analysis; (El Iskandarani et  al., 2023)) 
to obtain different insights on visual search strategies. 
Finally, participants only had to find one target per trial 
in our study; it would be interesting to see how the 
reward value effect scales in a multiple target search task; 
would the fewer number of objects encoded still benefit 
performance in such a task or compromise it?

Conclusion
This study examined how time pressure and reward value 
influence target acquisition, verification, and search per-
formance in a naturalistic VR environment. Using object-
based eye-tracking metrics, we found that time pressure 
and reward value exert distinct effects on search behav-
ior. Time pressure prolonged target acquisition, short-
ened verification, and reduced accuracy, whereas reward 
value promoted more efficient search through faster 
acquisition and reduced object scanning. Importantly, 
reward partially mitigated the accuracy costs of time 
pressure. Overall, these findings suggest that time pres-
sure and reward value modulate different components of 
visual search, with time pressure disrupting early acqui-
sition processes and reward enhancing guidance toward 
targets.

Open practice statement
The dataset used for statistical analysis is publicly avail-
able on the Open Science Framework (https://​osf.​io/​
v95dw/​overv​iew?​view_​only=​42be1​9dfb9​27488​68c7b​
30173​d2671​0e). Other data and materials used in this 
study are available upon request from the authors. The 
experiment reported in this study was not preregistered.

Appendix
See Tables 1, 2, and 3.

https://osf.io/v95dw/overview?view_only=42be19dfb92748868c7b30173d26710e
https://osf.io/v95dw/overview?view_only=42be19dfb92748868c7b30173d26710e
https://osf.io/v95dw/overview?view_only=42be19dfb92748868c7b30173d26710e


Page 15 of 17El Iskandarani and Riggs ﻿Cognitive Research: Principles and Implications           (2026) 11:51 	

Author contributions
ME designed the experiment, developed the methodology, collected the 
data, and performed the analyses. SR supervised data collection, guided the 
manuscript preparation, and secured funding.

Funding
This study was supported in part by the National Science Foundation (NSF 
grant: #2008680; Program Manager: Dr. Andruid Kerne).

Declarations

Ethics approval and consent to participate
The study was approved by the University of Virginia Institutional Review 
Board (Protocol #5252). Participants were briefed about the experiment and 
signed a consent form before performing the study.

Consent for publication
All authors have approved the manuscript for publication.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Systems and Information Engineering Department, University of Virginia, 
Charlottesville 22904, VA, USA. 

Received: 20 September 2025   Accepted: 27 April 2026

References
Adamo, S. H., Cox, P. H., Kravitz, D. J., & Mitroff, S. R. (2019). Correction to: How 

to correctly put the “subsequent’’ in subsequent search miss errors. 
Attention, Perception, & Psychophysics, 81(8), 2658–2658. https://​doi.​org/​
10.​3758/​s13414-​019-​01845-x

Anderson, B. A., Laurent, P. A., & Yantis, S. (2011). Value-driven attentional 
capture. Proceedings of the National Academy of Sciences, 108(25), 
10367–10371. https://​doi.​org/​10.​1073/​pnas.​11040​47108

Ariely, D., Gneezy, U., Loewenstein, G., & Mazar, N. (2009). Large stakes and big 
mistakes. The Review of Economic Studies, 76(2), 451–469.

Bates, D., Mächler, M., Bolker, B., & Walker, S. (2014). Fitting linear mixed-effects 
models using lme4. Retrieved November 1, 2022, from arXiv:​1406.​5823 
[stat]

Beitner, J., Helbing, J., Draschkow, D., David, E. J., & Võ, M.L.-H. (2023). Flipping 
the world upside down: Using eye tracking in virtual reality to study 
visual search in inverted scenes. Journal of Eye Movement Research. 
https://​doi.​org/​10.​16910/​jemr.​15.3.5

Benjamini, Y., & Hochberg, Y. (1995). Controlling the false discovery rate: A 
practical and powerful approach to multiple testing. Journal of the Royal 
Statistical Society. Series B (Methodological), 57(1), 289–300. Retrieved 
March 31, 2025, from http://​www.​jstor.​org/​stable/​23461​01

Bennett, C. R., Bex, P. J., & Merabet, L. B. (2021). Assessing visual search 
performance using a novel dynamic naturalistic scene. Journal of Vision, 
21(1), Article 5. https://​doi.​org/​10.​1167/​jov.​21.1.5

Borys, M., & Plechawska-Wójcik, M. (2017). Eye-tracking metrics in perception 
and visual attention research

Botch, T. L., Garcia, B. D., Choi, Y. B., Feffer, N., & Robertson, C. E. (2023). Active 
visual search in naturalistic environments reflects individual differences 
in classic visual search performance. Scientific Reports, 13(1), Article 631. 
https://​doi.​org/​10.​1038/​s41598-​023-​27896-7

Bourgeois, A., Badier, E., Baron, N., Carruzzo, F., & Vuilleumier, P. (2018). 
Influence of reward learning on visual attention and eye movements in a 
naturalistic environment: A virtual reality study. PLOS ONE, 13(12), Article 
7990. https://​doi.​org/​10.​1371/​journ​al.​pone.​02079​90

Buschman, T. J., & Miller, E. K. (2009). Serial, covert shifts of attention during 
visual search are reflected by the frontal eye fields and correlated with 
population oscillations. Neuron, 63(3), 386–396. https://​doi.​org/​10.​1016/j.​
neuron.​2009.​06.​020

Cambronero-Delgadillo, A., Körner, C., Gilchrist, I., & Höfler, M. (2025). Influence 
of time pressure on successive visual searches. Journal of Eye Movement 
Research, 18(4), Article 31. https://​doi.​org/​10.​3390/​jemr1​80400​31

Castelhano, M. S., & Heaven, C. (2010). The relative contribution of scene 
context and target features to visual search in scenes. Attention, 
Perception & Psychophysics, 72(5), 1283–1297. https://​doi.​org/​10.​3758/​APP.​
72.5.​1283

Chelazzi, L., Perlato, A., Santandrea, E., & Della Libera, C. (2013). Rewards teach 
visual selective attention. Vision Research, 85, 58–72. https://​doi.​org/​10.​
1016/j.​visres.​2012.​12.​005

Clark, K., Cain, M. S., Adcock, R. A., & Mitroff, S. R. (2011). Interactions between 
reward, feedback, and timing structures on dual-target search 
performance. Journal of Vision, 11(11), 207–207. https://​doi.​org/​10.​1167/​
11.​11.​207

Clark, L., Iskandarani, M. E., & Riggs, S. (2024). Reaching interactions in 
virtual reality: The effect of movement direction, hand dominance, 
and hemispace on the kinematic properties of inward and outward 
reaches. Virtual Reality, 28(1), Article 43. https://​doi.​org/​10.​1007/​
s10055-​023-​00930-9

Table 1  Mean (SD) performance measures by reward value and 
time pressure

Reward Time pressure Search accuracy (%) Search time (s)

No reward Untimed 93.59 (6.58) 1.69 (0.66)

No reward Timed 79.03 (10.62) 1.70 (0.70)

Low reward Untimed 94.62 (5.43) 1.60 (0.66)

Low reward Timed 86.28 (8.64) 1.59 (0.70)

High reward Untimed 94.87 (5.68) 1.63 (0.66)

High reward Timed 85.23 (10.21) 1.62 (0.70)

Table 2  Mean (SD) target acquisition and verification times by 
reward value and time pressure

Reward Time pressure Target latency (s) Verification time (s)

No reward Untimed 1.24 (0.65) .449 (0.27)

No reward Timed 1.32 (0.72) .375 (0.25)

Low reward Untimed 1.16 (0.65) .447 (0.27)

Low reward Timed 1.22 (0.72) .368 (0.23)

High reward Untimed 1.20 (0.62) .428 (0.24)

High reward Timed 1.26 (0.71) .357 (0.21)

Table 3  Mean (SD) search efficiency measures by reward value 
and time pressure

Reward Time pressure Object count Mean dwell time (s)

No reward Untimed 4.86 (1.95) .261 (0.07)

No reward Timed 5.02 (1.97) .237 (0.05)

Low reward Untimed 4.54 (1.89) .265 (0.08)

Low reward Timed 4.67 (2.06) .242 (0.06)

High reward Untimed 4.64 (1.88) .258 (0.07)

High reward Timed 4.72 (1.92) .238 (0.06)

https://doi.org/10.3758/s13414-019-01845-x
https://doi.org/10.3758/s13414-019-01845-x
https://doi.org/10.1073/pnas.1104047108
http://arxiv.org/abs/1406.5823
https://doi.org/10.16910/jemr.15.3.5
http://www.jstor.org/stable/2346101
https://doi.org/10.1167/jov.21.1.5
https://doi.org/10.1038/s41598-023-27896-7
https://doi.org/10.1371/journal.pone.0207990
https://doi.org/10.1016/j.neuron.2009.06.020
https://doi.org/10.1016/j.neuron.2009.06.020
https://doi.org/10.3390/jemr18040031
https://doi.org/10.3758/APP.72.5.1283
https://doi.org/10.3758/APP.72.5.1283
https://doi.org/10.1016/j.visres.2012.12.005
https://doi.org/10.1016/j.visres.2012.12.005
https://doi.org/10.1167/11.11.207
https://doi.org/10.1167/11.11.207
https://doi.org/10.1007/s10055-023-00930-9
https://doi.org/10.1007/s10055-023-00930-9


Page 16 of 17El Iskandarani and Riggs ﻿Cognitive Research: Principles and Implications           (2026) 11:51 

Connor, C. E., Egeth, H. E., & Yantis, S. (2004). Visual attention: Bottom-up versus 
top-down. Current Biology, 14(19), R850–R852. https://​doi.​org/​10.​1016/j.​
cub.​2004.​09.​041

Driskell, J. E., & Salas, E. (Eds.). (2013). Stress and human performance. Routledge. 
https://​doi.​org/​10.​4324/​97802​03772​904

Eckstein, M. P. (2011). Visual search: A retrospective. Journal of Vision, 11(5), 14. 
https://​doi.​org/​10.​1167/​11.5.​14

Egeth, H. E., & Yantis, S. (1997). Visual attention: Control, representation, and 
time course. Annual Review of Psychology. https://​doi.​org/​10.​1146/​annur​
ev.​psych.​48.1.​269

Eimer, M. (2014). The neural basis of attentional control in visual search. Trends 
in Cognitive Sciences, 18(10), 526–535.

El Iskandarani, M., Atweh, J. A., McGarry, S. P. D., Riggs, S. L., & Moacdieh, N. M. 
(2023). Does it multimatch? What scanpath comparison tells us about 
task performance in teams. Journal of Cognitive Engineering and Decision 
Making. https://​doi.​org/​10.​1177/​15553​43423​11714​84

El Iskandarani, M., Atweh, J. A., & Riggs, S. L. (2024). Time pressure detection 
in a visual search task using eye tracking metrics: A virtual reality study. 
Proceedings of the Human Factors and Ergonomics Society Annual Meeting, 
68(1), 1240–1245.

El Iskandarani, M., & Riggs, S. L. (2023). The effect of time pressure on visual 
search eye tracking metrics in virtual reality. Proceedings of the Human 
Factors and Ergonomics Society Annual Meeting, 67(1), 1525–1528.

Engelmann, J. B., Damaraju, E., Padmala, S., & Pessoa, L. (2009). Combined 
effects of attention and motivation on visual task performance: Transient 
and sustained motivational effects. Frontiers in Human Neuroscience, 3, 
Article 4. https://​doi.​org/​10.​3389/​neuro.​09.​004.​2009

Evans, K. K., Horowitz, T. S., Howe, P., Pedersini, R., Reijnen, E., Pinto, Y., Kuzmova, 
Y., & Wolfe, J. M. (2011). Visual attention. WIREs Cognitive Science, 2(5), 
503–514. https://​doi.​org/​10.​1002/​wcs.​127

Failing, M., Nissens, T., Pearson, D., Le Pelley, M., & Theeuwes, J. (2015). 
Oculomotor capture by stimuli that signal the availability of reward. 
Journal of Neurophysiology, 114(4), 2316–2327. https://​doi.​org/​10.​1152/​jn.​
00441.​2015

Fan, X., Zhou, Q., Xie, F., & Liu, Z. (2017). Effects of time pressure and task 
difficulty on visual search [series title: Advances in intelligent systems and 
computing]. In P. Savage-Knepshield & J. Chen (Eds.), Advances in Human 
Factors in Robots and Unmanned Systems (Vol. 499, pp. 97–109). Springer. 
https://​doi.​org/​10.​1007/​978-3-​319-​41959-6_9

Faul, F., Erdfelder, E., Lang, A.-G., & Buchner, A. (2007). G*Power 3: A flexible 
statistical power analysis program for the social, behavioral, and 
biomedical sciences. Behavior Research Methods, 39(2), 175–191. 
https://​doi.​org/​10.​3758/​BF031​93146

Findlay, J. M., & Gilchrist, I. D. (2009). Active vision: The psychology of looking 
and seeing (Repr). Oxford Univ Press.

Hadnett-Hunter, J., Nicolaou, G., O’Neill, E., & Proulx, M. (2019). The effect 
of task on visual attention in interactive virtual environments. ACM 
Transactions on Applied Perception, 16(3), 1–17. https://​doi.​org/​10.​1145/​
33527​63

Heitz, R. P. (2014). The speed-accuracy tradeoff: History, physiology, 
methodology, and behavior. Frontiers in Neuroscience. https://​doi.​org/​
10.​3389/​fnins.​2014.​00150

Hess, A. (2017). Gamification of visual search in real world scenes. Electronic 
Theses and Dissertations. 5414. https://​stars.​libra​ry.​ucf.​edu/​etd/​5414

Hickey, C., Chelazzi, L., & Theeuwes, J. (2011). Reward has a residual impact 
on target selection in visual search, but not on the suppression of 
distractors. Visual Cognition, 19(1), 117–128. https://​doi.​org/​10.​1080/​
13506​285.​2010.​503946

Hickey, C., Kaiser, D., & Peelen, M. V. (2015). Reward guides attention 
to object categories in real-world scenes. Journal of Experimental 
Psychology: General, 144(2), 264. https://​doi.​org/​10.​1037/​a0038​627

Holmqvist, K., Nyström, M., Andersson, R., Dewhurst, R., Jarodzka, H., & Van 
de Weijer, J. (2011). Eye tracking: A comprehensive guide to methods and 
measures. OUP Oxford.

Horstmann, G., Ernst, D., & Becker, S. (2019). Dwelling on distractors varying 
in target-distractor similarity. Acta Psychologica, 198, Article 102859. 
https://​doi.​org/​10.​1016/j.​actpsy.​2019.​05.​011

Hu, J., Chen, Q., Lu, D., & He, J. (2024). The impact of clock timing on 
VDT visual search performance under time constraint. Frontiers in 
Psychology, 15, Article 1369920. https://​doi.​org/​10.​3389/​fpsyg.​2024.​
13699​20

Itti, L., & Koch, C. (2001). Computational modelling of visual attention. 
Nature Reviews Neuroscience, 2(3), 194–203. https://​doi.​org/​10.​1038/​
35058​500

James, W. R. G., Reuther, J., Angus, E., Clarke, A. D. F., & Hunt, A. R. (2019). 
Inefficient eye movements: Gamification improves task execution, but 
not fixation strategy. Vision, 3(3), 48. https://​doi.​org/​10.​3390/​visio​n3030​
048

Jerald, J. (2016). The VR book: Human-centered design for virtual reality. 
Association for computing machinery. Morgan & Claypool Publishers.

Kinchla, R. A. (1992). Attention. Annual Review of Psychology, 43(43), 711–742. 
https://​doi.​org/​10.​1146/​annur​ev.​ps.​43.​020192.​003431

Kiss, M., Driver, J., & Eimer, M. (2009). Reward priority of visual target singletons 
modulates event-related potential signatures of attentional selection. 
Psychological Science, 20(2), 245–251. https://​doi.​org/​10.​1111/j.​1467-​9280.​
2009.​02281.x

Kit, D., Katz, L., Sullivan, B., Snyder, K., Ballard, D., & Hayhoe, M. (2014). Eye 
movements, visual search and scene memory, in an immersive virtual 
environment (S. Martinez-Conde, Ed.). PLoS ONE, 9(4), Article e94362. 
https://​doi.​org/​10.​1371/​journ​al.​pone.​00943​62

Koch, C., & Ullman, S. (1987). Shifts in selective visual attention: Towards the 
underlying neural circuitry. In L. M. Vaina (Ed.),

Kristjansson, A., Sigurjonsdottir, O., & Driver, J. (2010). Fortune and reversals of 
fortune in visual search: Reward contingencies for pop-out targets affect 
search efficiency and target repetition effects. Attention, Perception & 
Psychophysics, 72(5), 1229–1236. https://​doi.​org/​10.​3758/​APP.​72.5.​1229

Le Pelley, M. E., Pearson, D., Porter, A., Yee, H., & Luque, D. (2019). Oculomotor 
capture is influenced by expected reward value but (maybe) not 
predictiveness. Quarterly Journal of Experimental Psychology, 72(2), 
168–181. https://​doi.​org/​10.​1080/​17470​218.​2017.​13138​74

Le-Hoa Võ, M., & Wolfe, J. M. (2015). The role of memory for visual search 
in scenes. Annals of the New York Academy of Sciences, 1339(1), 72–81. 
https://​doi.​org/​10.​1111/​nyas.​12667

Lenth, R. V. (2025). Emmeans R package FAQs. Retrieved November 15, 2024, 
from https://​cran.r-​proje​ct.​org/​web/​packa​ges/​emmea​ns/​vigne​ttes/​FAQs.​
html

Li, C.-L., Aivar, M. P., Kit, D. M., Tong, M. H., & Hayhoe, M. M. (2016). Memory and 
visual search in naturalistic 2D and 3D environments. Journal of Vision, 
16(8), Article 9. https://​doi.​org/​10.​1167/​16.8.9

Li, C.-L., Aivar, M. P., Tong, M. H., & Hayhoe, M. M. (2018). Memory shapes visual 
search strategies in large-scale environments. Scientific Reports, 8(1), 
Article 4324. https://​doi.​org/​10.​1038/​s41598-​018-​22731-w

Malcolm, G. L., & Henderson, J. M. (2009). The effects of target template 
specificity on visual search in real-world scenes: Evidence from eye 
movements. Journal of Vision, 9(11), 8–8. https://​doi.​org/​10.​1167/9.​11.8

Malpica, S., Serrano, A., Gutierrez, D., & Masia, B. (2020). Auditory stimuli 
degrade visual performance in virtual reality. Scientific Reports, 10(1), 
Article 12363. https://​doi.​org/​10.​1038/​s41598-​020-​69135-3

McCarley, J. S. (2009). Effects of speed-accuracy instructions on oculomotor 
scanning and target recognition in a simulated baggage X-ray screening 
task. Ergonomics, 52(3), 325–333. https://​doi.​org/​10.​1080/​00140​13080​
23760​59

Navalpakkam, V., Koch, C., & Perona, P. (2009). Homo economicus in visual 
search. Journal of Vision, 9(1), 31–31. https://​doi.​org/​10.​1167/9.​1.​31

Navalpakkam, V., Koch, C., Rangel, A., & Perona, P. (2010). Optimal reward 
harvesting in complex perceptual environments. Proceedings of the 
National Academy of Sciences, 107(11), 5232–5237. https://​doi.​org/​10.​
1073/​pnas.​09119​72107

Nowakowska, A., Clarke, A. D. F., von Seth, J., & Hunt, A. R. (2021). Search 
strategies improve with practice, but not with time pressure or financial 
incentives. Journal of Experimental Psychology: Human Perception and 
Performance, 47(7), Article 1009. https://​doi.​org/​10.​1037/​xhp00​00912

Olk, B., Dinu, A., Zielinski, D. J., & Kopper, R. (2018). Measuring visual search and 
distraction in immersive virtual reality. Royal Society Open Science, 5(5), 
Article 172331. https://​doi.​org/​10.​1098/​rsos.​172331

Rai, Y., & Callet, P. L. (2018). Visual attention, visual salience, and perceived 
interest in multimedia applications. Academic Press Library in Signal 
Processing (Vol. Vol. 6, pp. 113–161). Elsevier. https://​doi.​org/​10.​1016/​
B978-0-​12-​811889-​4.​00003-8

Rieger, T., Heilmann, L., & Manzey, D. (2021). Visual search behavior and 
performance in luggage screening: Effects of time pressure, automation 

https://doi.org/10.1016/j.cub.2004.09.041
https://doi.org/10.1016/j.cub.2004.09.041
https://doi.org/10.4324/9780203772904
https://doi.org/10.1167/11.5.14
https://doi.org/10.1146/annurev.psych.48.1.269
https://doi.org/10.1146/annurev.psych.48.1.269
https://doi.org/10.1177/15553434231171484
https://doi.org/10.3389/neuro.09.004.2009
https://doi.org/10.1002/wcs.127
https://doi.org/10.1152/jn.00441.2015
https://doi.org/10.1152/jn.00441.2015
https://doi.org/10.1007/978-3-319-41959-6_9
https://doi.org/10.3758/BF03193146
https://doi.org/10.1145/3352763
https://doi.org/10.1145/3352763
https://doi.org/10.3389/fnins.2014.00150
https://doi.org/10.3389/fnins.2014.00150
https://stars.library.ucf.edu/etd/5414
https://doi.org/10.1080/13506285.2010.503946
https://doi.org/10.1080/13506285.2010.503946
https://doi.org/10.1037/a0038627
https://doi.org/10.1016/j.actpsy.2019.05.011
https://doi.org/10.3389/fpsyg.2024.1369920
https://doi.org/10.3389/fpsyg.2024.1369920
https://doi.org/10.1038/35058500
https://doi.org/10.1038/35058500
https://doi.org/10.3390/vision3030048
https://doi.org/10.3390/vision3030048
https://doi.org/10.1146/annurev.ps.43.020192.003431
https://doi.org/10.1111/j.1467-9280.2009.02281.x
https://doi.org/10.1111/j.1467-9280.2009.02281.x
https://doi.org/10.1371/journal.pone.0094362
https://doi.org/10.3758/APP.72.5.1229
https://doi.org/10.1080/17470218.2017.1313874
https://doi.org/10.1111/nyas.12667
https://cran.r-project.org/web/packages/emmeans/vignettes/FAQs.html
https://cran.r-project.org/web/packages/emmeans/vignettes/FAQs.html
https://doi.org/10.1167/16.8.9
https://doi.org/10.1038/s41598-018-22731-w
https://doi.org/10.1167/9.11.8
https://doi.org/10.1038/s41598-020-69135-3
https://doi.org/10.1080/00140130802376059
https://doi.org/10.1080/00140130802376059
https://doi.org/10.1167/9.1.31
https://doi.org/10.1073/pnas.0911972107
https://doi.org/10.1073/pnas.0911972107
https://doi.org/10.1037/xhp0000912
https://doi.org/10.1098/rsos.172331
https://doi.org/10.1016/B978-0-12-811889-4.00003-8
https://doi.org/10.1016/B978-0-12-811889-4.00003-8


Page 17 of 17El Iskandarani and Riggs ﻿Cognitive Research: Principles and Implications           (2026) 11:51 	

aid, and target expectancy. Cognitive Research: Principles and Implications, 
6(1), Article 12. https://​doi.​org/​10.​1186/​s41235-​021-​00280-7

Rieger, T., & Manzey, D. (2022). Understanding the impact of time pressure 
and automation support in a visual search task. Human Factors, 66(3), 
770–786. https://​doi.​org/​10.​1177/​00187​20822​11112​36

Ries, A. J., Callahan-Flintoft, C., Madison, A., Dankovich, L., & Touryan, J. (2025). 
Decoding target discriminability and time pressure using eye and 
head movement features in a foraging search task. Cognitive Research: 
Principles and Implications, 10(1), Article 53. https://​doi.​org/​10.​1186/​
s41235-​025-​00657-y

Rinkenauer, G., Osman, A., Ulrich, R., Müller-Gethmann, H., & Mattes, S. (2004). 
On the locus of speed-accuracy trade-off in reaction time: Inferences 
from the lateralized readiness potential. Journal of Experimental 
Psychology: General, 133(2), 261.

Slobounov, S., Fukada, K., Simon, R., Rearick, M., & Ray, W. (2000). 
Neurophysiological and behavioral indices of time pressure effects on 
visuomotor task performance. Cognitive Brain Research, 9(3), 287–298. 
https://​doi.​org/​10.​1016/​S0926-​6410(00)​00009-4

Sui, X., Du, P., Zuo, J., & Li, Y. (2022). The effect of time pressure on static and 
dynamic visual search performance based on eye movement data. In 
2022 12th international conference on information technology in medicine 
and education (ITME) (pp. 156–161). https://​doi.​org/​10.​1109/​ITME5​6794.​
2022.​00042

Szalma, J. A., Hancock, P. A., & Quinn, S. (2008). A meta-analysis of the effect of 
time pressure on human performance. Proceedings of the Human Factors 
and Ergonomics Society Annual Meeting, 52(19), 1513–1516. https://​doi.​
org/​10.​1177/​15419​31208​05201​944

van den Oever, F., Gorobets, V., Saetrevik, B., Fjeld, M., & Kunz, A. (2022). 
Comparing visual search between physical environments and VR. In 2022 
IEEE international symposium on mixed and augmented reality adjunct 
(ISMAR-Adjunct) (pp. 411–416). https://​doi.​org/​10.​1109/​ISMAR-​Adjun​
ct570​72.​2022.​00089

Vickery, T. J., King, L.-W., & Jiang, Y. (2005). Setting up the target template in 
visual search. Journal of Vision, 5(1), Article 8. https://​doi.​org/​10.​1167/5.​1.8

Wagner, I., Henare, D., Tünnermann, J., Schubö, A., & Schütz, A. C. (2023). 
Humans trade off search costs and accuracy in a combined visual search 
and perceptual task. Attention, Perception, & Psychophysics, 85(1), 23–40. 
https://​doi.​org/​10.​3758/​s13414-​022-​02600-5

Walle, A., & Druey, M. D. (2021). Beyond looking for the rewarded target: The 
effects of reward on attention in search tasks. Frontiers in Psychology, 12, 
Article Article 632442. https://​doi.​org/​10.​3389/​fpsyg.​2021.​632442

West, B. T., Welch, K. B., & Galecki, A. T. (2014). Linear mixed models: A practical 
guide using statistical software. Chapman Hall/CRC Press. https://​doi.​org/​
10.​1201/​b17198

Winter, B. (2013). Linear models and linear mixed effects models in R with 
linguistic applications. arXiv preprint arXiv:​1308.​5499.

Wolfe, J. M. (2020). Visual search: How do we find what we are looking for? 
Annual Review of Vision Science, 6(1), 539–562. https://​doi.​org/​10.​1146/​
annur​ev-​vision-​091718-​015048

Wolfe, J. M., & Horowitz, T. S. (2017). Five factors that guide attention in visual 
search. Nature Human Behaviour, 1(3), Article 0058. https://​doi.​org/​10.​
1038/​s41562-​017-​0058

Yu, R., Yang, L., Guo, X., & Zhang, Y. (2015). Effect of time pressure on dynamic 
visual search performance. Procedia Manufacturing, 3, 4658–4664. https://​
doi.​org/​10.​1016/j.​promfg.​2015.​07.​556

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://doi.org/10.1186/s41235-021-00280-7
https://doi.org/10.1177/00187208221111236
https://doi.org/10.1186/s41235-025-00657-y
https://doi.org/10.1186/s41235-025-00657-y
https://doi.org/10.1016/S0926-6410(00)00009-4
https://doi.org/10.1109/ITME56794.2022.00042
https://doi.org/10.1109/ITME56794.2022.00042
https://doi.org/10.1177/154193120805201944
https://doi.org/10.1177/154193120805201944
https://doi.org/10.1109/ISMAR-Adjunct57072.2022.00089
https://doi.org/10.1109/ISMAR-Adjunct57072.2022.00089
https://doi.org/10.1167/5.1.8
https://doi.org/10.3758/s13414-022-02600-5
https://doi.org/10.3389/fpsyg.2021.632442
https://doi.org/10.1201/b17198
https://doi.org/10.1201/b17198
http://arxiv.org/abs/1308.5499
https://doi.org/10.1146/annurev-vision-091718-015048
https://doi.org/10.1146/annurev-vision-091718-015048
https://doi.org/10.1038/s41562-017-0058
https://doi.org/10.1038/s41562-017-0058
https://doi.org/10.1016/j.promfg.2015.07.556
https://doi.org/10.1016/j.promfg.2015.07.556

	Time pressure and reward value’s influence on visual search performance and behavior: an eye-tracking VR study
	Abstract 
	Significance statement 
	Introduction
	The attentional processes of visual search
	Visual search and task-related factors
	Effect of time pressure on visual search
	Effect of reward value on visual search
	The joint influence of time pressure and reward value on visual search


	The present work
	Methods
	Participants and apparatus
	Experiment design
	Experimental procedure
	Scene development and design considerations
	Gaze data collection
	Metrics
	Search performance
	Search behavior

	Statistical analysis

	Results
	Search performance
	Search accuracy
	Search time

	Search behavior
	Target latency and verification time
	Object count and mean dwell time


	Discussion
	Search performance
	Search behavior
	Target latency and verification time
	Object count and mean dwell time

	Implications
	Limitations and future work

	Conclusion
	Open practice statement
	Appendix
	References


