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Figure 1: Study setups. From left to right and top to bottom: Study one in the physical environment, Study one in VR, Study two in
the physical environment, and Study two in VR.

ABSTRACT

Virtual reality is used under the assumption that humans behave
similarly in virtual reality and in physical environments. This as-
sumption lacks extensive testing, thus risking unexpected human
behavior when working with virtual reality. In the current study,
we tested this assumption by comparing the performance on visual
search tasks in physical environments and in virtual reality. The
participants (n = 29) performed search tasks while standing still and
search tasks that required walking in both physical environments
and in virtual reality. We compared search speed, accuracy, work-
load, and cognitive absorption with Bayesian t-tests and factorial
ANOVAs. Our results provide weak to moderate evidence that all
are similar in virtual reality as in physical environments, even when
controlling for virtual reality experience and personal innovative-
ness. Our findings provide some evidence for the assumption that
virtual reality can simulate and replace visual search tasks in physi-
cal environments. This knowledge can be used to justify the use of
virtual reality to, for example, study the human visual system, train
surgeons, and remotely operate ships. We suggest further scrutiny
of the underlying assumptions of virtual reality use, for example,
by studying more naturalistic scenarios, the role of memory, and
interaction with objects.
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1 INTRODUCTION

Virtual Reality (VR) is used in various applications, such as remote
operation of maritime vessels [7]; remote operation of aerial vehicles
[13]; air traffic control [8]; maritime traffic control [37]; remote
support during maintenance and inspection [23]; training [20,25,31];
architecture and design [2, 31]; mental health treatment [10]; and
surgery [3]. The ecological validity and applicability of VR for these
operations should be evaluated to ensure its feasibility, safety, and
effectiveness.

In such VR implementations, visual search plays an important role
[12]. Therefore, it is important to study if visual search performance
in VR correlates with physical environments. At the same time,
Harris et al. point out the inadequate understanding of how VR
impacts cognitive factors such as visual processing [19]. In the
present study, we adopt Burack et al.’s [6] definition of visual search:

‘Visual search is a goal-oriented activity that occurs regularly in
daily life and involves the active scanning of the environment in
order to locate a particular target among irrelevant non-targets, or
distractors’.

1.1 Related Work

The previous section shows the prevalence of direct use and eval-
uation of VR involving visual search. We, however, are interested
in more fundamental empirical knowledge on visual search in VR
to ground VR research and innovation. In this section, we discuss
related work on visual search in VR, the comparison of visual search
between VR and 2D displays, and the comparison of visual search
related tasks between VR and physical environments.

Visual search tasks have been studied in VR to understand the
human visual system; for example, the effects of distractions during
visual search [27]; the effects of impairments on visual search [5]; or
general visual search constructs, such as the relative importance of
central and peripheral vision [9] and the search initiation effect [4].
Like the use of VR in practice, these studies lean on the assumption
that visual search behavior and performance in VR can be mapped
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to physical environments. As such, grounding this assumption in
fundamental empirical findings is valuable to support further use of
VR for visual search in research as well as in practice.

One approach toward increasing the validity of theories about
visual search is that classic visual search experiments on 2D displays
have been reproduced in VR. While knowledge generated in 2D
display experiments has been generalized to phenomena in physical
environments, the caveat of uncertain and probably low ecological
validity has been mentioned [18]. To evaluate the concurrent validity
of 2D computer experiments and 3D VR experiments, visual search
tasks on 2D displays and in VR have been compared. For example,
Hadnett-Hunter et al. [18] replicated experiments on feature search,
wide field-of-view visual search, and eccentricity effects. Similarly,
Li et al. [24] studied the role of spatial memory in visual search in
both 2D and 3D environments and found that search behavior on 2D
display and in VR environments was largely comparable but there
was some behavioral difference signaling greater use of memory in
VR. In like manner, Figueroa et al. [15] compared search efficiency
on 2D displays and in VR, finding that visual search was faster and
more accurate in VR. All three studies assumed higher ecological
validity of VR than 2D displays and advocated for using VR for
similar studies.

Differences and similarities in human behavior and performance
between physical environments and VR in tasks related to visual
searching have been researched too. For example, Kuliga et al. [22]
studied the validity of VR as a representation of physical environ-
ments, finding that people experienced a VR and a real building
similarly, suggesting that VR can be used as a research tool. Con-
gruently, Feldstein et al. [14] found similar distance estimation in
physical environments and VR, which supports VR’s applicability
for visual tasks, given that important factors such as eye height are
equal in physical environments and VR. On the other hand, Peillard
et al. [28] found differences in distance perception between phys-
ical environments and VR, and suggested methods to reduce this
difference. Modes of information processing may be similar in VR
as in physical environments but there is a need for more direct com-
parisons of behavior in physical environments and VR [30]. Based
on a literature review, Wilson and Soranzo [35] stated that higher
levels of visual fidelity and immersion in VR do not necessarily
elicit realistic psychological responses, suggesting that physical and
psychological side effects from VR exposure should be taken into
account when generalizing from VR to physical environments.

1.2 Research Gap and Study Aim

The apparent difference in visual search performance and behavior
between 2D displays and VR, in combination with the previous
generalization of 2D display based experiment results to physical
environments, motivated us to check the assumption of the gen-
eralizability of VR experiment results to physical environments.
Although the face validity of VR being more generalizable to physi-
cal environments than 2D displays is high, we think the assumption
of generalizability remains understudied. Furthermore, the higher
similarity of VR to physical environments may make it a more
ecologically valid method to study the human visual system [18].

In our search for relevant literature, we found no research specifi-
cally focused on a direct comparison of visual search performance in
3D between physical environments and VR, even though researchers
call for the evaluation of VR as a methodological tool [18, 30, 35].
Concurrently, VR is being implemented to replace [7, 8, 13] and
simulate [2,3,25] visual search tasks. Based on these considerations,
we believe it is important to map the ecological validity of VR, thus
paving the way for its feasible, safe, and effective use. Therefore, we
empirically compared visual search performance between physical
environments and VR. As such, our study contributes by testing the
ecological validity of VR in visual search tasks and demonstrating a
method for comparing visual tasks between physical environments

and VR, which can be applied to other activities than visual search.

1.3 Hypotheses
To compare visual search performance between physical environ-
ments and VR we examined four hypotheses and carried out addi-
tional exploratory analyses. Hypothesis 1: People are similarly fast
in physical environments and VR, even when walking. Researchers
and practitioners seem to assume people behave and perform simi-
larly in physical environments and VR, so we base our hypothesis on
that assumption, even though Figueroa et al. [15] and Li et al. [24]
found that search speed was higher in VR than in 2D, suggest-
ing it may be even higher in physical environments. Hypothesis
2: People are similarly accurate in physical environments and VR,
even when walking. Researchers and practitioners seem to assume
people behave and perform similarly in physical environments and
VR, so we base our hypothesis on that assumption, even though
Figueroa et al. [15] and Li et al. [24] found that accuracy was higher
in VR than in 2D, suggesting it may be even higher in physical
environments. Search speed and accuracy are classic search task
metrics [36]. Hypotheses 3 and 4 are specifically relevant to VR [1].
Hypothesis 3: People experience more workload in VR than in phys-
ical environments. Physical demands are different between physical
environments and VR and in VR people experience a virtual en-
vironment while also being in a physical environment they do not
see [19]. Hypothesis 4: People experience more cognitive absorp-
tion in a physical environment than in VR. Cognitive absorption
is linked to agency [16] and control [1], which we expect to be
higher in a physical environment. Exploratory analysis: Differences
in speed and accuracy may be moderated by VR experience and
innovativeness, meaning that people with little or no VR experience
and low innovativeness may have a larger difference in performance
between physical environments and VR than those with more prior
experience and higher innovativeness [29]. Therefore, we explored
the possible moderating effects of these variables.

2 METHOD

A within-subjects, randomized, controlled trial experiment was con-
ducted (see Fig. 2). Clarification of responsibility was given by the
Cantonal Ethics Committee of the Zürich Canton. Participants gave
informed consent. Data collection took place in week 14 of 2022.

2.1 Participants
Our study was conducted with 29 participants. Applicants were
included if they had normal or corrected-to-normal vision and could
walk. Descriptive statistics of the participants are portrayed in Ta-
ble 1. We conducted a sample size calculation based on the planned
analysis for the comparison of search speed. We calculated the
sample size intending to have a power of 0.9 and a type 1 error rate
allowance of .05. We based our assumptions of group means and
standard deviations on the results of Figueroa et al. [15]. To have
room for missing or excluding data, we aimed for a minimal sample
of 20 participants, with the stopping rules of 30 participants and a
fixed end date.

2.2 Experiment Design
Our experiment consisted of two studies in which participants
searched for targets among distractors [36]. In Study one partic-
ipants carried out search tasks while standing still; in Study two
participants carried out search tasks for which they had to walk
around. In both studies, participants saw similar setups in VR and a
physical environment (see Fig. 1). Each setup consisted of a 70cm
high table with a surface of 120×60cm. 32 white cubes with edges
of 7.8cm were on the table in 4 rows and 8 columns, with 8.2cm
spaces between the cubes. Each cube had a number between 1000
and 9999 in large black font randomly assigned to it. There were no
numbers that risked misinterpretation when reading from another
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Table 1: Descriptive statistics of the sample.

Category Characteristic Statistic

Gender Man 23

Woman 6

Occupation Student 22

PhD student or candidate 4

Other 3

Vision Normal 18

Corrected to normal 11

VR experience None 5

0 - 5 hours 15

5 - 20 hours 2

20 - 100 hours 3

>100 hours 4

Age in years, median (range) 24 (19, 49)

Personal innovativeness, mean (standard deviation) 5.2 (1.3)

angle than up front, such as 9969. In Study one, all numbers on the
cubes faced upwards; In Study two, numbers were randomly located
on different visible sides of the cubes (see Fig. 1) so participants
had to walk around the table to find search targets but not touch the
cubes. To prevent learning effects, numbers were randomized for
all four conditions (Study one in the physical environment, Study
one in VR, Study two in the physical environment, and Study two
in VR). In like manner the orientations of the cubes in Study two
were randomized. We choose white cubes with four-digit numbers
in a rectangular array to prevent learning effects based on scene
grammar [11] and memorization.

Fig. 2 shows the flow of the experiment. At the start, partici-
pants filled in descriptive questionnaires. Then, participants were
randomly assigned to start with the physical environment condition
or VR condition. After each condition, they filled in questionnaires.

In each of the four conditions, participants did 12 search trials.
On the first click with a laser pointer, participants heard a number
through headphones. Once they found the cube with that number,
they pointed at it with the laser and clicked a button. On clicking,
they heard the next number to search. At the start of the experiment,
participants familiarized by listening to two example search tasks.
Search targets were randomly selected.

Figure 2: Experiment procedure

2.3 Technical Setup
In the physical environment setup, each cube was printed on paper
and folded. The virtual environment was developed in Unity and
implemented with an HTC Vive Pro headset and one controller. As
visible in Fig. 1 there were only minimal remaining differences
between the physical environment and VR, such as lighting. As the
laser pointer we used a Logitech R400 in the physical environments

and the HTC Vive Controller in VR. We captured timestamps when
the button on the laser pointer was clicked, self-coded in VR and
using Mini Mouse Macro Recorder in the physical environment 1.
The audio cues were created with a text-to-speech converter 2. For
all randomizations, a random number generator was used [17].

2.4 Outcome
We collected primary outcomes, secondary outcomes, and descrip-
tive data. The primary outcomes were time measurements, opera-
tionalized as the time participants needed per trial in milliseconds
(ms). This includes the time needed to listen to the search task. We
did not remove this time because it does not cause bias as these audio
cues were of equal length and we compared speed within subjects.
The secondary outcomes were accuracy, workload, and cognitive
absorption. We measured accuracy after Study two, operationalized
as the proportion of trials in which participants correctly identified
the search target. To measure accuracy, we visually observed where
the participants pointed when they clicked. We only measured ac-
curacy for Study two because we expected too few errors in Study
one when all the numbers were constantly in view. We measured
workload with a 10-point Likert-scale, unweighted SIM-TLX [19].
We measured cognitive absorption with a 7-point Likert-scale, un-
weighted cognitive absorption questionnaire [1]. Lastly, to check the
moderating effects of experience and innovativeness, we measured
innovativeness with the Personal Innovativeness in IT question-
naire [1, 32] and asked how many hours of experience participants
had with VR with the answer options: this is my first time using AR,
0-5 hours, 5-20 hours, 20-100 hours, and >100 hours. Descriptive
data were collected with questionnaires.

2.5 Analysis
To test hypotheses 1-4, we used Bayesian t-tests. To compare search
speed, we took the average time of the 12 trials. We pairwise ex-
cluded search speed data of participants with lost tracking data.
Outlying individual search task times with known causes were ex-
cluded before taking the averages of search task time (e.g., accidental
double clicks, headset problems, or interruptions). We chose to not
exclude outliers not caused by such technical issues because we
believe that they were part of the phenomena we were interested
in [26]. We used Bayesian paired samples t-tests to compare search
speed. To compare accuracy, workload, and cognitive absorption
between physical environments and VR we took average scores of
each variable and conducted Bayesian paired samples t-tests.

For the exploratory analyses, we used Bayesian factorial
ANOVAs. We analyzed the moderating effects of the factors VR
experience and personal innovativeness on speed and accuracy. To
make subgroups larger, we made both variables binary. For VR
experience, we grouped participants with no or 0-5 hours of VR
experience in “inexperienced” and participants with 5 or more hours
of experience in “experienced”. For personal innovativeness, we
grouped participants scoring higher than the median in “more in-
novative” and participants scoring lower than the median in “less
innovative”.

We used Bayesian parametric tests (t-tests and ANOVAs). We
used Bayesian statistics as opposed to frequentist statistics so we
could obtain evidence of the absence of effects and categorize the
evidence as weak, moderate, or strong [34]. We used default priors
because related literature either focused on slightly different topics
or did not provide sufficient insights into their statistics for us to
build priors on. We used parametric tests (t-tests and ANOVAs)
to analyze raw reaction time data, which is a frequently applied
method [26]. All statistics were carried out using JASP [21]. Our
analysis files are available on OSF.io.

1https://www.turnssoft.com/mini-mouse-macro.html
2https://www.ttsmp3.com
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3 RESULTS

In this section, we present the results per hypothesis as well as
exploratory analyses of the moderating effects of personal innova-
tiveness and VR experience on search speed and accuracy.

3.1 Differences in Speed
Our findings support the first hypothesis. There is moderate evidence
that people are equally fast in physical environments and VR based
on Study one (Bayes Factor01 = 4.485) as well as based on Study two
(BF01 = 3.692). This means that the observed data are approximately
4.5 and 3.7 times more likely to occur if people are equally fast in
physical environments and VR than if there is a speed difference.
The error percentage of the numerical algorithms used to obtain the
results in Study one was 0.027% and in Study two was 0.029%,
which indicates great stability of the algorithms. Fig. 3 shows arrow
plots of the difference in speed in Studies one and two with 95%
credible intervals. In order to assess the robustness of the Bayes
Factor (BF) to our prior specifications, Fig. 4 shows BF01 as a
function of the prior width r. Across a wide range of widths, the BF
does not change our conclusion and can thus be seen as robust.

Figure 3: Relative search speed in ms in Study one (left) and Study
two (right).

Figure 4: BF robustness check of speed in Study one (left) and Study
two (right).

3.2 Differences in Accuracy
Our findings support hypothesis two. There is weak evidence that
people are equally accurate in physical environments and VR (BF01

= 1.571). This means that the observed data are approximately 1.5
times more likely to occur if people are equally accurate in physical
environments and VR than if there is a difference in accuracy. The
error percentage of the numerical algorithms used to obtain the
results was 0.027%, which indicates great stability of the algorithms.
However, the Bayes factor (BF) is not very robust. Fig. 5 shows
on the left an arrow plot of the difference in accuracy between
physical environments and VR. The BF robustness check on the
right shows the BF would have been different with different prior
distributions. Furthermore, there might be a ceiling effect; the
actual difference in accuracy may be dampened by most participants
correctly identifying all or most search targets [33]. As such, our

finding does not warrant an all-or-none acceptance of hypothesis
two.

Figure 5: Relative accuracy in finding search targets (left) and BF
robustness check (right).

3.3 Differences in Workload

Our findings do not support hypothesis three. There is weak evidence
that people experience equal workload in physical environments and
VR based on Study one (BF01 = 2.522) and moderate evidence based
on Study two (BF01 = 4.584). This means that the observed data
are approximately 2.5 and 4.6 times more likely to occur if people
experience equal workload in physical environments and VR than
if they experience more workload in VR. The error percentage of
the numerical algorithms used to obtain the results in Study one
was <0.001% and in Study two was 0.034%, which indicates great
stability of the algorithms. Fig. 6 shows arrow plots of the difference
in workload in Studies one and two with 95% credible intervals.
Fig. 7 shows that across a wide range of widths, the BF does not
change our conclusion and can thus be seen as robust. Generally,
participants experienced a moderately low workload in both, Study
one (M = 2.879, SD = 1.169) and two (M = 3.138, SD = 1.429) on a
10-point Likert scale.

Figure 6: Relative workload in Study one (left) and Study two (right).

Figure 7: BF robustness check of workload in Study one (left) and
Study two (right).
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3.4 Differences in Cognitive Absorption
Our findings do not support hypothesis four. There is strong ev-
idence that people feel equally cognitively absorbed in physical
environments and VR based on Study one (BF01 = 13.673) and
Study two (BF01 = 10.446). This means that the observed data are
approximately 13.6 and 10.4 times more likely to occur if people
feel equally cognitively absorbed in physical environments and VR
than if they feel more absorbed in physical environments. The error
percentage of the numerical algorithms used to obtain the results
in Study one was 0.086% and in Study two was <0.001%, which
indicates great stability of the algorithms. Fig. 7 shows that across a
wide range of widths, the BF does not change our conclusion and
can thus be seen as robust. Fig. 9 shows arrow plots of the difference
in workload in studies one and two with 95% credible intervals. Gen-
erally, participants experienced high cognitive absorption in studies
one (M = 5.931, SD = 0.999) and two (M = 5.834, SD = 1.015) on a
7-point Likert scale.

Figure 8: Relative cognitive absorption in Study one (left) and Study
two (right).

Figure 9: BF robustness check of cognitive absorption in Study one
(left) and Study two (right).

3.5 The Moderating Effects of Innovativeness and VR
Experience

In addition to hypothesis testing, we conducted exploratory analyses
of the moderating effects of VR experience and personal innova-
tiveness. For this, we used Bayesian factorial ANOVAs for search
speed and accuracy with the fixed factors of condition (physical
environment or VR), VR experience, and personal innovativeness.

For speed, the Bayesian factorial ANOVAs indicated that the data
were 2.667 times more likely in Study one and 1.37 times more likely
in Study two to occur under the null model than under the second
most predictive model. This indicates weak evidence that there is no
moderating effect of VR experience nor of personal innovativeness.
The error percentage of the numerical algorithms used to obtain the
results was 0.009% in both Studies one and two, which indicates
great stability of the algorithms. For accuracy, the Bayesian factorial
ANOVA indicated that the data were 1.379 times more likely to
occur under the null model than under the second most predictive
model. The error percentage of the numerical algorithms used to

obtain the results was 0.009%, which indicates great stability of the
algorithms. This indicates weak evidence that there is no moderating
effect of VR experience nor of personal innovativeness.

4 DISCUSSION

We compared the performance of people on a visual search task in
physical environments and VR. We measured search speed, accu-
racy, workload, and cognitive absorption and analyzed these using
Bayesian statistics. Our results provide weak to moderate evidence
that search speed, workload, accuracy, and cognitive absorption are
similar in VR as in physical environments, even when controlling
for VR experience and personal innovativeness. This confirms the
assumptions [9,27] and findings [14,22] that VR can represent phys-
ical environments, thus providing some support for the assumption
that VR can be used to replace [7,8,13] and simulate [2,3,25] visual
search tasks.

Our findings contribute knowledge to the field of visual search.
They answer the call for the evaluation of this novel tool [18, 30,
35]. This knowledge can be used to justify the use of VR to, for
example, study the human visual system [4], train surgeons [3],
and remotely operate ships [7]. Furthermore, future research can
conform and build upon our work by studying more naturalistic
scenes; using behavioral measures such as eye- and movement-
tracking; studying the role of memory; evaluating other existing
visual search tests; including interaction with objects; and isolating
VR characteristics that are suspected to cause differences in behavior
and performance such as limited field-of-view [18] and being able to
move through virtual objects and allowing interaction with objects.
For this, our analysis files can be used to inform hypotheses and
prior distributions, available on OSF.io.

Several limitations should be taken into consideration when in-
terpreting our findings. First, we used uninformed priors for our
Bayesian tests. We considered using informed priors but could not
find satisfying previous research results to inform them. Second,
as can be seen in Fig. 8, there was an initially surprising finding
that our participants experienced higher cognitive absorption in VR
than in physical environments. If we had hypothesized that people
are more cognitively absorbed in VR, we could have collected evi-
dence for a difference. This might be related to the novelty effect
of VR [29]. Third, we measured memory performance but found a
large confounding variable due to our experiment setup, therefore
we decided not to analyze memory performance. Fourth, as visible
in Fig. 1 there were minimal remaining differences between the
physical environment and VR, such as lighting. However, these can
be seen as part of the phenomena we were interested in. Lastly, we
focused on performance measures. Including behavioral measures
such as eye-tracking may give extra insight into similarities and
differences in human behavior between physical environments and
VR.

5 CONCLUSION

Our findings support the assumption that VR can simulate and re-
place visual search tasks in research and practice, thus endorsing its
use for, for example, research into the human visual system, training,
and remote operations. On a higher abstraction level, our findings
provide some support for the assumption that people behave and
perform similarly in physical environments and VR. Studies like
ours can demonstrate whether VR can safely and effectively replace
or simulate physical reality in both research and practice, so that
safe and effective VR use can be achieved.
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