
Semantics Drive Noticing Rates in Realistic Change Blindness
Scenarios

Muhammad Ramish
Centre for Applied Computing

University of Oulu
Oulu, Finland

Muhammad.Ramish@oulu.fi

Matti Pouke
Centre for Applied Computing

University of Oulu
Oulu, Finland

matti.pouke@oulu.fi

Steven LaValle
Centre for Applied Computing

University of Oulu
Oulu, Finland

Steven.LaValle@oulu.fi

Timo Ojala
Centre for Applied Computing

University of Oulu
Oulu, Finland

timo.ojala@oulu.fi

Evan Center
Center for Machine Vision and Signal

Analysis
University of Oulu

Oulu, Finland
evan.center@oulu.fi

Abstract
Change blindness is the inability to perceive visual changes when
the transient signals associated with the change are interrupted or
absent. Previous research has found that both low-level perceptual
features and higher-level semantic information can guide visual
attention. However, in immersive environments, their relative con-
tributions to change detection remain unclear. Here we investigate
the effects of low-level and semantic similarity on change detec-
tion in virtual reality (VR) while controlling for bottom-up salience.
Using a between-subjects design, we conducted an experiment in
which 𝑛 = 64 participants performed a visual search task consisting
of two phases: (1) a target search phase, and (2) a change detection
phase. Changes were induced using a blink-contingent paradigm,
where the manipulated objects teleported between two fixed posi-
tions during eye blinks. A Cox proportional hazards model was used
to analyze detection performance, which revealed that the seman-
tic similarity between the target and the manipulated object was
a stronger predictor of detection than low-level similarity. These
findings argue that, contrary to many results using simple displays,
higher-level semantic relationships play a dominant role in guiding
attention during change detection in more realistic environments.

CCS Concepts
• Human-centered computing→ Empirical studies in HCI ; Vir-
tual reality.
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1 Introduction
The human visual system is highly effective at constructing a coher-
ent representation of complex environments. However, this repre-
sentation is incomplete, as observers are unable to detect significant
changes that occur repeatedly in the visual environment [Rensink
et al. 1997]. This phenomenon is known as change blindness, which
is defined as the inability to perceive visual changes when the
transient signals associated with the change are interrupted or ab-
sent [Rensink 2002; Rensink et al. 1997]. Change blindness has been
widely studied in controlled experimental models such as the flicker
paradigm, where transient interruptions prevent the detection of
the change [Rensink 2002]. Especially in conditions where changes
have to be observed by comparing the representations of the in-
ternal scene rather than immediate sensory input, these findings
emphasize important limitations in visual attention and memory
[Alvarez and Cavanagh 2004; Blackmore et al. 1995; Rensink 2000,
2002; Rensink et al. 1997; Simons and Levin 1998].

Previous studies indicate that both perceptual and cognitive
factors can influence change detection. As low-level perceptual
characteristics (i.e., color, contrast, size, and orientation) affect the
allocation of one’s attention within a visual scene, higher-level
semantic characteristics, such as the relevance of an object to the
overall meaning of the scene, are also important for determining
whether a change is noticed [Spotorno and Faure 2011; Spotorno
et al. 2013]. Previous research indicates that changes that involve
highly salient or semantically significant objects are detected more
efficiently [Rensink et al. 1997; Spotorno and Faure 2011].

However, the relative contribution of low-level or semantic fac-
tors to change detection remains unclear. Although some studies
report that low-level features and/or perceptual salience have a
stronger influence [Williams and Simons 2000; Wood and Simons
2017b; Yeh and Yang 2008; Zelinsky 2003], or report an explicit lack
of a semantic influence [Ding et al. 2024], others favor semantic
consistency and scene understanding [Parasuraman and Martin
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2001; Spotorno and Faure 2011; Spotorno et al. 2013]. As these fac-
tors are not usually independently controlled, the effects can be
confounded. Consequently, inconsistencies in definition and mea-
surement practices have led to contradictory findings across studies
[Spotorno and Faure 2011; Spotorno et al. 2013].

When transient signals are interrupted or removed, change de-
tection depends on the viewer’s ability to retain and compare rep-
resentations over time [Rensink 2002]. However, visual memory is
selective and only allows the encoding of a subset of elements in the
scene [Alvarez and Cavanagh 2004]. In cases involving objects that
are not central to the scene or lack visual salience, this limitation
contributes to the failure to detect changes [Rensink 2002].

Virtual reality (VR) has emerged as a capable platform for study-
ing perception under more naturalistic conditions. VR allows users
to observe their surroundings through natural sensorimotor con-
tingencies which can also elicit a sensation of visiting a location
similar to a real-world experience [Slater 2009]. This makes VR a
promising alternative for traditional perception experiments since
it allows controlled manipulation of complex three-dimensional
(3-D) environments similar to real-world environments, with the
potential for increased ecological validity [Martin et al. 2023]. Previ-
ous work, though more limited in implementation than the current
experiment, shows that change blindness persists in immersive
environments [Schöne et al. 2021; Steinicke et al. 2011]. Further-
more, change blindness has been leveraged in VR to allow novel
interaction techniques. For instance, users’ failure to detect changes
in object position has been exploited by haptic remapping, creating
the illusion of interacting with multiple virtual objects using a sin-
gle physical proxy [Lohse et al. 2019]. There is a lack of studies that
focus on investigating the influence of perceptual and semantic
factors on change detection in VR environments. It is critical to un-
derstand this distinction for both theoretical models of perception
and practical applications in VR system design.

Traditional approaches to induce change blindness, such as
flicker-based methods or artificial visual interruptions, may not
reflect real-world scenarios [Rensink 2002; Rensink et al. 1997].
Other approaches have explored inducing changes during natural
interruptions, where scene modifications occur during saccades
or eye blinks [Bridgeman et al. 1975; Langbehn et al. 2016]. Such
methods enable more ecologically valid ways to study change blind-
ness, and they circumvent the "one-shot" nature of previous change
blindness paradigms that take place outside of the lab [Jensen et al.
2011; Simons and Levin 1998] as blinks can become akin to trials.

The current study aims to address these gaps by investigating
the effects of perceptual and semantic similarity between a target
and a manipulated item on change blindness in a VR environment
using a blink-contingent paradigm. Participants are tasked with
searching for a target, which is meant to bias their attentional tem-
plate towards the features of that target [Duncan and Humphreys
1989; Wolfe 1994]. By comparing the rates at which they notice a
manipulated item that shares either perceptual or semantic features
with the target, we may then infer whether the features present
in their attentional template are more perceptual or semantic in
nature. In a preregistered study with 64 participants, we find in our
case that semantic information outweighs low-level information
in driving change detection, and we go on to make the case that

the conflicting results in previous work on this topic are likely
determined the realism of the stimuli and environments used.

2 Related Work
Though this study was focused on the determinants of change
blindness in realistic scenarios, the methods invoke a mix of aspects
from visual search, inattentional blindness, and change blindness,
and thus each is discussed here in turn.

2.1 Visual Search and Attention Guidance
Visual attention is inherently selective, and scene representations
are, therefore, not uniform. Previous work has shown that observers
selectively encode objects based on attentional priority, which de-
termines the parts of a scene that should be consolidated sufficiently
to support later detection [Rensink 2002; Spotorno and Faure 2011].
For complex scenes, where several objects compete for limited at-
tentional and mnemonic resources, this is particularly important
[Martin et al. 2023; Spotorno and Faure 2011]. Hence, attentional
selection, visual memory, and comparison processes collectively de-
termine what information is encoded and later available for change
detection.

Bottom-up saliency has been highlighted by early models of
visual attention. In this mechanism, attention is guided by low-
level features such as luminance, color, contrast, and orientation,
toward visually distinctive regions [Itti et al. 1998]. This view has
been formalized by computational saliency models, which generate
saliency maps of the visual scene that help predict where observers
are probable to fixate. Through these models, a significant part
of attention allocation can be explained, specifically in simplified
displays or when an item visually contrasts with its surroundings.
However, a large body of work argues that bottom-up salience
does not control attention in naturalistic environments alone. Top-
down factors, such as task goals, expectations, and prior knowledge,
strongly drive attentional selection [Wolfe 1994]. According to the
Guided Search Framework, it is proposed that attention is driven
by both bottom-up feature information and top-down relevance
signals, enabling observers to match items based on their current
search template [Wolfe 1994]. In realistic contexts, this means that
the focus of attention is not only decided by visually prominent
items, but also by how the observer interprets the scene and their
task.

Attention is further guided by semantic information in real-
world scenes. Studies have shown that observers use scene mean-
ing and object-scene relationships to efficiently guide visual search
rather than scanning scenes as collections of isolated features [Hen-
derson and Hayes 2017; Le-Hoa Võ and Wolfe 2015]. As a result,
attention is preferentially allocated to objects that are semanti-
cally relevant to the scene or the current task. At the same time,
semantically inconsistent or unexpected objects can also attract
attention because they violate scene expectations [Bainbridge et al.
2017, 2021; Cornelissen and Võ 2017; Plano and Williams 2025].
Eye-tracking studies support these findings by demonstrating that
fixations are biased toward informative and semantically mean-
ingful regions rather than solely toward visually salient regions
[Cornelissen and Võ 2017; Henderson and Hayes 2017]. Thus, in
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complex scenes, semantic guidance can sometimes override bottom-
up salience effects, particularly in realistic environments [Stirk and
Underwood 2007].

2.2 Change Blindness and Inattentional
Blindness

Change blindness refers to the failure to detect visible changes in
a scene when the local transient that normally signals the change
is masked, interrupted, or otherwise unavailable [Rensink 2002;
Rensink et al. 1997]. Foundational studies demonstrate that visual
experience does not automatically produce a complete and contin-
uously updated representation of the scene. For instance, in the
flicker paradigm, when observers are shown two alternating scenes
separated by a blank gray screen, they are often unable to notice
even large changes [Rensink 2002]. Similarly, in the interruption
paradigm, natural visual interruptions such as blinks or saccades
mask the motion signal that normally signals a change [Bridgeman
et al. 1975; Rensink et al. 1997]. This finding has since been ex-
tended to both laboratory and more naturalistic settings, including
immersive environments [Martin et al. 2023; Steinicke et al. 2011].

A primary mechanism for this phenomenon is thought to be
related to selective attention. Large and obvious changes in the
environment go unnoticed because one’s attention is not directed
to the region where the change occurs [Rensink 2002; Rensink et al.
1997]. When an informative local transient is absent, the attention
of the observer must first be directed to the relevant region and
then compare the current input with a stored representation of the
previous scene [Mitroff et al. 2004; Rensink 2002]. Therefore, for
successful change detection, information must not only be present
in the scene but also be selected, encoded, and made available for
later comparison.

This perspective places visual memory at the center of change
blindness research. Multiple studies state that the limited capac-
ity and precision of visual working memory are closely related to
failures in change detection [Brady et al. 2013; Martin et al. 2023;
Rensink 2002]. Martin et al. argue that the visual system only keeps
a restricted subset of objects and properties, with trade-offs be-
tween the number of retained elements and the fidelity of their
representations [Martin et al. 2023]. Moreover, studies related to
scene and object memory have found that change detection often
fails if the preserved information about previously viewed objects
is incomplete, weakly encoded, or unavailable at the moment of
comparison [Mitroff et al. 2004; Yeh and Yang 2008]. Moreover, pre-
vious research also shows that change blindness cannot be limited
to a mere absence of representation. Studies have found that change
detection and later memory performance are dissociated, implying
that more information is retained by the observers than what is
disclosed by their immediate detection response [Hollingworth
2003; Mitroff et al. 2002; Yeh and Yang 2008]. Therefore, failure to
retrieve or compare pre-change and post-change representations is
an important factor in change blindness.

A closely related phenomenon to change blindness is inatten-
tional blindness. This phenomenon is defined as the failure to notice
unexpected but visible stimuli when attention is engaged elsewhere
[Simons and Chabris 1999]. The "invisible gorilla" experiment is
one of the classic demonstrations of inattentional blindness, where

participants often miss a person in a gorilla suit when counting
basketball passes [Simons and Chabris 1999]. In addition, the "door
study" is another example in which, in a real-world interaction, a
person is replaced during a brief interruption without being noticed
[Simons and Levin 1998]. The findings of these studies indicate that
conscious perception is more dependent on attentional allocation
than on the physical visibility of stimuli.

Even for large and visible changes, disrupting the visual transient
(e.g, flicker, blinks, saccades, mudsplashes, etc.) can significantly
influence change detection [O’Regan et al. 1999]. Furthermore,
change detection is not a strictly all-or-none process. A recent study
found that observers sometimes "sense" that a change has happened
in the scene but fail to identify or locate it explicitly, showing a
form of partial awareness [Scrivener et al. 2020]. Likewise, large-
scale studies in inattentional blindness research have found that
participants who fail to notice a stimulus can still reveal an above-
chance sensitivity to its features, which suggests residual processing
outside of the conscious report [Nartker et al. 2021]. Hence, these
findings indicate that failure to detect a change may reflect gaps
in access or comparison processes rather than total absence of
representation.

Although extensive work has been done in this research area,
most studies have relied on static or highly controlled paradigms,
whereas those that take place "in the wild" are difficult to control
for confounds and difficult to run in general, lending to their lower
prevalence in the change blindness literature. Therefore, many
details remain unclear regarding how attentional guidance and
change detection operate in realistic and dynamic environments.

2.3 Low-level vs. Semantic Influences
An important question is built on the mechanisms of attentional
guidance described above, which is how different types of similarity
effect change detection performance. Specifically, low-level and
semantic relations between the participant’s search template and
a manipulated item can affect change detection through different
processes.

Objects are similar at the low-level when they visually resemble
each other based on features such as color, shape, texture, or overall
appearance. For example, in the space of all manmade artifacts, a
toothbrush is perceptually similar to a paintbrush. In paradigms
where one object is replaced with another (unlike ours, which
changes the location of a single item), changes between perceptu-
ally similar objects may be more difficult to notice due to reduced
discriminability. The observer may struggle to differentiate between
the pre-change and post-change states even when attention is di-
rected toward the relevant location in such cases [Mitroff et al.
2004; Rensink 2002]. Therefore, the probability of change blindness
increases, especially when detection depends solely on comparison
between views and transient signals are interrupted [Rensink 2002].

Whereas, semantic similarity shows relationships that are based
on meaning, category, or functional association. For example, a tube
of toothpaste is semantically related to a toothbrush. Semantically
related objects can be more easily confused or substituted within
memory representations, despite differing in low-level features.
Particularly in terms of memory encoding and comparison, this
suggests that semantic similarity may mainly affect later stages of
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change detection [Chong and Beck 2024; Spotorno et al. 2013; Yeh
and Yang 2008]. For instance, if two objects are semantically similar
(i.e. sharing similar conceptual representations), observers may not
be able to detect a change due to the new object being interpreted
as consistent with the previously stored representation.

Despite the findings discussed above, limited research has di-
rectly compared the influence of low-level and semantic relation-
ships on change detection within the same experimental framework.
This limitation is particularly relevant in immersive environments,
where richer scene context may amplify the role of semantic infor-
mation [Martin et al. 2023]. The current study addresses this gap
by investigating the influence of low-level and semantic similarity
on change detection performance in a controlled VR environment
while controlling for bottom-up salience, with the hypothesis that
change detection will be driven largely by semantic associations to
targets.

3 Methods
All procedures were approved by the Ethics Committee of Human
Sciences of the University of Oulu. The study’s sample size, exclu-
sion and replacement criteria, materials, design, and analyses were
preregistered at OSF (anonymous link).

3.1 Experimental Design and Procedure
The study used a between-subjects design with a single indepen-
dent variable: the type of object similarity to a target item. In this
design, only one similarity condition within one object set was
presented to each participant to prevent learning effects, strategy
development, and carryover effects arising from repeated exposure
to multiple similarity types. Throughout this paper, the termmanip-
ulated object refers to the object whose positionwas altered between
two predefined locations during participant blinks. Meanwhile, the
target object (the target of the visual search task) remained station-
ary throughout the experiment and never changed location. In the
low-level similarity condition, the manipulated object shared visual
features with the target object, such as shape, color, or texture. How-
ever, the two objects differed in terms of their semantic category.
Meanwhile, in the semantic similarity condition, the manipulated
object was conceptually related to the target object (i.e., belonging
to the same semantic class), however, the two objects were visually
distinct from each other. Figure 1 displays the target object and
manipulated object combinations used in both similarity conditions.
Objects within a set (i.e., a row in Figure 1) were similarly sized.

Participants were alternately assigned to one of the two condi-
tions. When participants arrived, they were briefed about the task
and instructed to complete the eye-tracking calibration to facilitate
reliable gaze tracking. The participants then completed two short
practice search tasks that did not include change detection mechan-
ics. The purpose of these shorter tasks was to get the participants
accustomed to the VR environment and interaction mechanics and
set up the pretext that this was merely a visual search experiment.
Moreover, the practice tasks allowed us to estimate baseline blink
behavior. The practice targets were intentionally designed to re-
quire active visual search rather than immediate detection, thereby
providing sufficient observation time for estimating individual blink

Figure 1: Target objects and manipulated object pairs used in
the experiment (not depicted to scale) [Ramish 2026].

rates. An important aspect of the design was that participants re-
mained naive to the true purpose of the experiment during their
first exposure to the main environment. The practice tasks con-
tained no manipulated objects and were presented as ordinary
visual search tasks. Revealing the blink-contingent nature of the
changes beforehand could have substantially altered participants’
search strategies and reduced the effectiveness of the paradigm,
which is also why a between-subjects design was deemed necessary
over a within-subjects design.

In the main task, participants were asked to search for a target
using the basic level labels shown in 1. They were not shown any
images or given any further descriptions.. Participants were allowed
to search for the target object for up to 120 seconds. After iden-
tifying the target object, participants confirmed the detection by
pressing the trigger button on the Valve Index controller, triggering
the start of the change detection phase. The purpose of the target
search phase was to establish a search template in visual working
memory while promoting active exploration of the environment.

After successful detection of the target object, the experiment im-
mediately transitioned to the change detection phase. Participants
had to detect the manipulated object that was teleporting between
two fixed positions in the environment. The change always took
place during blinks (i.e., when both eyes were detected as closed
by the eye-tracking system). To avert rapid successive changes and
inaccurate blink counts, a cooldown period of 500 ms was imple-
mented. Furthermore, the manipulated object only teleported if it
was in the participant’s field of view when they blinked (i.e., in-
side the camera frustum in Unity). If the participant blinked when
the manipulated object was outside the visible region, no change
was triggered, therefore ensuring that all changes were induced
under conditions where they could be observed. Synchronizing
the changes with blinks allowed us to induce change blindness in
a controlled yet natural manner, as participants were unable to
directly perceive the motion transient.

All object sets were assigned the same predefined target positions
and moving object positions to remove any potential biases of room
layout cues and location-based detection difficulty. These positions

https://osf.io/j468b/overview?view_only=b525bc21fa1c40949822ba92bfe4cb11
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and the standing position of the participant (marked “VR Rig" in
Figure 2) are depicted in Figure 2. Each participant was exposed to
only one of the object sets with the manipulated item deriving only
from either the low-level or semantic category.

The change detection phase had a maximum duration of 155
seconds. During this phase, a sequence of three prompts was pre-
sented to the participant through the virtual user-interface (UI),
progressively informing them and guiding them toward detect-
ing the change (mirroring the progressively more narrow line of
questions used in [Simons and Chabris 1999]). Each prompt was
overlayed on the UI for 10 seconds, after which a maximum du-
ration of 45 seconds was allowed for the participant to detect the
change. If the participant could not detect the change, the stage
proceeded to the next prompt. In case of successful detection dur-
ing any of the stages (i.e., after prompts 1, 2, or 3), the experiment
terminated immediately and a completion message was displayed.
If no detection occurred within during any of the stages, the experi-
ment automatically terminated, and the participant was treated as a
non-detection (right-censored) case. Participants received progres-
sively more specific prompts: (1) "Did you see anything unusual
happening? Look for it!", (2) "Something is disappearing from one
location and appearing in another. Look for it!", and (3) "Something
is disappearing from one location and appearing in another when
you BLINK! Look for it!"

Note that the manipulated object was already undergoing blink-
triggered teleportation during the target search phase. However,
participants were not informed that any object was changing and
were instructed only to search for the target object. Thus, although
the manipulated object could have been noticed incidentally during
target search, it was not yet explicitly task-relevant. If a participant
had already noticed the manipulated object during this phase, it
could be reported immediately after the target object was found
and the change detection phase began.

3.2 Participants
The study included an initial pilot phase that was followed by the
main study. The pilot study included 16 participants (N=16; 10 male,
6 female) and was conducted to assess the feasibility of the task,
validate the blink-contingent change induction mechanism, and ob-
tain preliminary estimates of the effect size. The sample size for the
main study was estimated from the results of the 16 participant pilot
study, using a priori power analysis within the Cox proportional
hazards framework and the Schoenfeld approximation [Schoenfeld
1981]. According to the estimation, a sample size of 64 participants
was planned using a between-subjects design that provided equal
allocation under the two similarity conditions, which would pro-
vide sufficient statistical power (0.80) to detect a medium effect size
(hazard ratio = 2.5) using an alpha level of .05 (two-sided).

Participants were recruited through the university’s online re-
cruitment system. Before participation, all participants provided
their written informed consent and were screened for sensitivity to
motion sickness and nausea due to the VR setup. Participants were
at least 18 years of age, had normal or corrected-to-normal vision
(using corrective eye-wear in the HMD if needed), had no known
neurological impairments, could stand comfortably for 20 minutes
and rotate their head, and did not participate in the pilot study.

Participants were excluded if they had less than 90% valid gaze data
throughout the experiment, if their gaze data had a continuous gap
of over 2 seconds, if any other log fields had missing or corrupted
data, if they failed to complete the experiment due to technical
malfunction or early self-termination, or if they pressed the trigger
button to select targets excessively (i.e., "button spamming" was
defined as a trigger count 𝑍 -score greater than 2.5).

Participants were included in the censored data for analysis
involving detection time and outcome if they made no detection
attempts (i.e., zero trigger presses) during the complete task. These
cases indicate that the participant either did not engage with the
detection task or did not complete it. Moreover, if their detection
time was ≥ 155 seconds (the maximum allowed time), they were
also treated as censored cases.

3.3 Apparatus and Environment
The experiment was carried out in a VR setup showing an in-
door bedroom scene (Fig 2), designed in Unity (version 2022.3.47f1)
[Unity Technologies 2026]. The virtual environment contained mul-
tiple everyday objects in a cluttered arrangement. The experiment
setup supported the controlled measurement of behavioral vari-
ables for the visual search task. Participants were allowed to explore
the environment through natural head movements from a fixed
position.

Figure 2: The VR setup for the experiment, designed and
implemented in Unity (version 2022.3.47f1). The positions
of the participant (VR Rig), the target, and the manipulated
object are marked [Unity Technologies 2026] [Ramish 2026].

The head-mounted display (HMD) used in the experiment was a
Varjo XR-4, at a high resolution (3840 × 3744 pixels) with visual ren-
dering and integrated eye-tracking capabilities, which continuously
recorded gaze behavior and detected blinks during the experiment
[Varjo Technologies 2026]. Whereas a blink takes roughly 100 to
150 ms on average (with "blink suppression" lasting 200 to 250 ms)
[Volkmann et al. 1980], an object can be teleported in the space of
one frame lasting only ≈ 11 ms in our pipeline, which allowed for
covert repositioning of objects akin to the flicker paradigm. A Valve
Index controller was used for interaction with the environment as a
pointing device to facilitate participants in indicating the detected
changes through a trigger press [Valve Corporation 2023].
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The object pairs were matched on low-level features such as size,
color, luminance, contrast and were positioned in consistent spa-
tial locations across conditions, to control for bottom-up salience.
To ensure that these object pairs did not differ systematically in
their ability to attract attention, a computational salience analy-
sis inspired by the Itti-Koch-Niebur model was conducted during
stimulus preparation [Itti et al. 1998]. First, a 2-D screenshot was
captured for each object scene from the participant’s viewpoint. A
salience map was then generated for each screenshot which was
based on the intensity conspicuity channel, highlighting regions
that stand out in brightness compared to their surroundings, across
both fine and coarse image details. A binary region-of-interest (ROI)
mask was then created for each manipulated object to estimate the
object-level salience. Each ROI mask included an ‘object area’ which
was marked in white using a rectangular region that covered its
pixel extent, leaving the rest of the image marked in black. For each
manipulated object, the mean salience value within this mask was
used as the main salience score. Salience balance was evaluated at
both pairwise and class levels. The salience values of the low-level
and semantic manipulated objects were compared within each class
to minimize differences. In addition, mean salience values at the
class level were compared against the global average for all manip-
ulated objects to avoid systematic bias towards either condition.
Objects were iteratively edited in Blender until a satisfactory range
of salience values was achieved.

The salience validation confirmed that themanipulated object set
was broadly balanced in terms of intensity-based salience. Across all
objects (target and manipulated), salience values remained within
the predefined tolerance range of ±0.1 relative to the global manip-
ulated object average. Critically, individual low-level and semantic
manipulated object pairs differed no more than ±0.1 and the aver-
age of these differences between conditions was effectively zero.
Detailed salience statistics are provided in Appendix Table 1. Al-
though this procedure reduced systematic differences in bottom-up
salience, minor residual differences cannot be completely elimi-
nated and should be considered when interpreting the results.

3.4 Measures and Analyses
The main dependent variable was change detection performance,
used as a combined time-to-event outcome that represents both
detection time and detection success. Detection time was defined as
the period between the start of the change detection phase (i.e.,
immediately after the first prompt) and the detection of the ma-
nipulated object. As discussed, non-detection cases were treated as
right-censored observations which allowed the use of a survival
analysis framework. Weighted average blink rate was included as a
participant-level covariate in the Cox proportional hazards regres-
sion model to control for differences in baseline blinking behavior,
as participants who naturally blink more often might obtain more
chances to spot the manipulated item, given that the item only
moved during blinks. This variable was computed as the sum of
blinks divided by the sum of task durations across both practice
tasks (see Appendix).

Before the main analysis, a time compression procedure was
applied that removed fixed-duration intervals corresponding to

the presentations of prompts (i.e., 10 seconds each) from the time-
line. Therefore, the original maximum duration of 155 seconds was
reduced to 135 seconds, ensuring that the detection times only
reflected active search behavior and not time spent waiting in a
prompt menu in which changes were not detectable. As a combined
measure of detection probability and speed, we estimated a Cox pro-
portional hazards regression model [Cox 1972] wherein detection
at any given moment was predicted by a participant’s similarity
condition and their weighted average blink rate (see Appendix).
This model would serve as the primary test of our hypothesis that
manipulated objects that were semantically similar to targets would
be better detected than manipulated objects that were perceptually
similar. Wald tests were used to evaluate the statistical significance
of the model coefficients [Wald 1943], and the log-rank test was
used to assess differences between survival distributions across
conditions [Mantel 1966]. To evaluate the proportional hazards as-
sumption, scaled Schoenfeld residuals were computed and formally
tested [Schoenfeld 1981] (see Appendix).

In addition, exploratory analyses were conducted to study the
variability between stimuli by integrating object identity at the
item level. Mixed-effects extensions of the Cox model were used to
account for random variability across stimuli.

4 Results
A total of 64 participants, equally distributed between conditions
(i.e., low-level similarity: n=32, semantic similarity: n=32), were
included in the main analysis. Five participants were excluded and
replaced prior to the main analysis because their total controller
trigger presses exceeded the predefined outlier threshold (𝑍 -score >
2.5). Three exclusions occurred in the low-level similarity condition
and two in the semantic similarity condition. The final sample
consisted of 46 male and 18 female participants, ranging from 18 to
40 years, and a median age of approximately 26. In addition, most
of the participants reported that they had never used VR at all or
had only used it once or twice.

4.1 Confirmatory Results
In terms of overall detection performance, 81% of participants in
the semantic similarity condition successfully detected the change
compared to 58% in the low-level similarity condition. In addition
to higher detection success, we found that participants in the se-
mantic similarity condition detected the change more quickly than
participants in the low-level condition. Figure 3 plots the detection
speed for both categories.

Our primary confirmatory analysis combined both detection
rate and time information using Cox proportional hazards mod-
els. Kaplan-Meier survial curves depicting the time-to-detection
between conditions are shown in Figure 4. Of the 63 participants
included in the survival analysis, 19 were treated as right-censored
observations because the manipulated object (or in one case, the
target object) was not detected within the allotted time. This in-
cluded 13 participants in the low-level similarity condition and 6
participants in the semantic similarity condition. Consequently, the
survival analyses were based on 44 observed detection events and 19
censored observations. The figure displays that participants in the
semantic similarity condition exhibited a faster decline in survival
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Figure 3: Distribution of detection times across conditions,
shown only for those who successfully detected the change
[Ramish 2026].

probability (i.e., they noticed the manipulated item sooner). This
finding further reinforces earlier detection of the manipulated ob-
ject in the semantic similarity condition compared to the low-level
similarity condition. The distinction between the curves appears
very relatively early and stays consistent over time. A significant
difference was confirmed between the survival distributions of the
two conditions using a log-rank test (𝑝 = 0.004), which shows im-
proved detection performance for semantically related manipulated
objects.

Figure 4: Kaplan–Meier survival curves showing the prob-
ability of remaining undetected over time for each condi-
tion. Shaded regions represent confidence intervals [Ramish
2026].

The Cox proportional hazards model showed that there is a sig-
nificant effect of the similarity condition on the change detection
performance (𝐻𝑅 = 5.57, 95%𝐶𝐼 [1.42, 21.78], 𝑝 = 0.014), as shown
in Appendix Table 2. At any given time point, the odds that partici-
pants in the semantic similarity condition could detect the change
were approximately 5.6 times those of participants in the low-level
similarity condition. Furthermore, the table also shows that the

weighted average blink rate did not significantly affect detection
performance (𝐻𝑅 = 0.28, 𝑝 = 0.377), suggesting that differences
in blinking behavior at the participant-level could not explain the
probability or speed of detection.

4.2 Confound Analyses
An item-level Cox model was estimated without considering the
similarity condition to examine whether detection performance
varied between stimuli. The vase was used as the reference cate-
gory; therefore, all hazard ratios represent comparisons relative to
this object. The trumpet exhibited a significantly higher detection
hazard than the reference object (HR = 9.78, p = .001), as did the
tortoise (HR = 5.57, p = .014). These findings indicate that some
stimulus-specific differences were present. However, the primary
effect of similarity condition remained after accounting for item-
level variability, suggesting that the observed effect was not driven
by a single highly noticeable object. Detailed model coefficients are
provided in Appendix Table 3.

We estimated variation due to participants and stimuli using
a Cox model with random effects for those factors, in addition
to fixed effects for condition and blink rate. There was greater
variability at the participant level (𝜎2 = 0.37) compared to the object
level (𝜎2 = 0.06), revealing that differences at the individual level
contributed more to the variability of the detection than differences
between stimuli.

5 Discussion
From multiple perspectives, the findings consistently support the
notion that semantic similarity significantly improves change detec-
tion performance in an immersive environment. Participants in the
semantic similarity condition were more likely and faster to detect
the change than those in the low-level similarity condition. This
effect was persistent across survival analyses and was not explained
by individual differences in blink rate or effects of specific stimuli.

Our findings imply that the importance of semantic and low-level
factors on change blindness may depend on the nature of the visual
environment. In much of the classic change blindness literature,
the studies have used simplified or static displays where low-level
features are more important in guiding attention and detection
[Rensink 2002; Rensink et al. 1997]. In such cases, rich contextual
information is missing, and therefore low-level similarity may dom-
inate. However, since this study used a realistic VR environment
with objects positioned within a coherent and meaningful scene,
semantic relationships become dominant in guiding attention and
detection [Bahle et al. 2025; Cornelissen and Võ 2017]. This leads to
a broader interpretation that attentional guidance may increasingly
depend more on semantics than low-level features in more realistic
and semantically structured environments.

This trend is noticeable across the inattentional blindness and
change blindness literatures. In grayscale 2-D displays of simple
shapes, low-level features are known to drive change detection
[Most et al. 2001]. Even more recent investigations have targeted
semantically related concepts such as the role of memory [Wood
and Simons 2017a], where some manipulated items were studied
beforehand, and familiarity [Ding et al. 2024], where unexpected
items were familiar or unfamiliar flags and logos, and neither found
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impacts on noticing rates. However, all of these studies used iso-
lated objects over uniform backgrounds, and were thus completely
devoid of the contextual information that coincides with meaning-
ful objects in the real world. In comparison, increasing realism by
using comic strips [Spotorno and Faure 2011; Spotorno et al. 2013]
or real-world scenes [Chong and Beck 2024] produces an effect
of semantics that is on par with or greater than that of low-level
features. By increasing the realism to a much greater level still by
leveraging VR, we now observe a dominance of semantic factors
over perceptual ones.

Although visual search was more of a a tool in our change blin-
dess paradigm than the main focus of the study, it cannot be ignored
that a similar pattern of effects exists here as well, and we are not
the first to make this argument [Stirk and Underwood 2007]. When
using simple stimuli [Godwin et al. 2014], or even real objects
but in grayscale and overlaid within an unnatural context [Yeh
and Peelen 2022; Zelinsky 2003], perceptual features tend to guide
search. However, when realistic stimuli are used in a contextually
congruent manner, such as in airport security scans [Biggs et al.
2015] or natural images [Cornelissen and Võ 2017; Stirk and Un-
derwood 2007], semantic information becomes more impactful or
even overrides low-level perceptual information. To the degree that
context-congruent semantic information is present, participants
will use it [Bahle et al. 2025].

At a functional level, this semantic activation effect can be in-
terpreted in terms of both attentional allocation and memory pro-
cesses. Target objects were specified using textual labels (e.g., “tooth-
brush”) rather than visual exemplars or feature-based descriptions
(e.g., “purple and white toothbrush”), which may have encouraged
participants to form semantic rather than low-level visual search
templates. This design increases ecological validity but may also
promote greater reliance on semantic representations during search.
During the target-search phase, participants likely formed semantic
representations that activated related concepts and biased attention
toward semantically similar objects [Cohen et al. 2017; Kramer et al.
2023]. Because changes occurred during blinks, change detection
relied on visual working memory to compare scene representations
[Hollingworth 2003; Mitroff et al. 2004]. In realistic scenes, semantic
similarity may therefore facilitate both attentional guidance and
memory-based comparison, increasing the likelihood of detecting
meaningful changes.

The findings of this study have direct implications for the design
and understanding of immersive virtual environments. Previous
studies have highlighted that techniques such as redirection and
haptic remapping can exploit change blindness in VR [Lohse et al.
2019]. This study shows that the semantic role of objects within
the scene also has an influence on the effectiveness of these tech-
niques, rather than just low-level similarity. Moreover, if changes
are induced to semantically meaningful or task-relevant objects,
the chances of detection increase, even when low-level differences
are minimized.

Our results show that it may be important to consider the seman-
tic structure of the environment when designing attention-aware
or adaptive extended-reality (XR) systems. Users interpret realistic
environments as coherent and meaningful contexts, rather than col-
lections of isolated features. Therefore, systems designed to guide or

manipulate attention should not rely solely on perceptual salience,
but should also incorporate semantic context and user goals.

5.1 Limitations and Future Directions
Our results indicate the importance of studying visual attention
and change detection in more ecologically valid environments. In
future work, this paradigm can be extended to include a broader
range of object categories, object exemplars, semantic relationships,
and more dynamic interactive environments. Furthermore, future
work can combine behavioral measures with neurophysiological
signals [Beck et al. 2001; Koivisto and Revonsuo 2003] in immersive
settings to provide deeper insights into the interaction of attentional
and memory processes during change detection. More objective or
scalable measures of similarity could also be explored. For instance,
large language models (LLMs) or embedding-based approaches
could be used to quantify semantic similarity. Similarly, approaches
in computer vision could be used to train models on visual features
of objects to estimate low-level similarity. More recent bottom-up
salience models beyond the Itti-Koch framework could also provide
different types of control for perceptual factors.

Furthermore, target items were cued at what could be considered
the basic object classification level (e.g., "apple") [Mervis et al. 1981].
It is likely that objects cued at the superordinate level (e.g., "fruit")
or the subordinate level (e.g., "Fuji apple") could bias the attentional
template of the participant [Maxfield and Zelinsky 2012] further
towards the semantic level or back towards the perceptual level,
respectively. Future work could examine the degree to which the
particular target item description affects noticing rates in immersive
environments. In addition, due to the time and resource constraints
associated with adding a third between-subjects condition, the
present study did not include a baseline condition in which the ma-
nipulated object was unrelated to the target object. Such a condition
could help to further clarify the contributions of similarity-based
attentional guidance. Finally, although our environment is more
realistic than a 2-D presentation, it does not perfectly mirror reality,
and there always remains the possibility that imperfections, such
as illumination artifacts, could have influenced the results.

6 Conclusion
This paper presented a blink-contingent paradigm for examin-
ing the relative influences of low-level and semantic similarity on
change detection in a VR environment while controlling for visual
salience. The results showed that semantic similarity was a stronger
predictor of both detection success and detection speed than low-
level perceptual similarity. Even after controlling for bottom-up
salience and individual differences in blinking behavior, participants
were more likely and faster to detect changes when manipulated
objects were semantically related to a recently located target object.
These findings suggest that high-level semantic relationships play
a greater role than overlapping low-level visual features in guiding
attention and supporting change detection in realistic, context-rich
environments. Future work should investigate a broader range of
object categories, semantic relationships, and interactive environ-
ments to further understand how attention, memory, and scene
understanding interact during change detection.
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A Appendix
Here we provide further details regarding salience calculations,
model specifications and analyses, and estimates from exploratory
models.

A.1 Salience Calculations

Table 1: Salience validation results for manipulated objects.
LM = low-level manipulated object mean salience; SM =
semantic manipulated object mean salience; Δ (SM-LM) =
within-class difference; Δ Global = deviation of class mean
from the global manipulated object average (0.207).

Class LM SM Class Mean ∆ (SM-LM) ∆ Global
Violin 0.255 0.161 0.208 -0.095 0.001
Apple 0.202 0.212 0.207 0.010 -0.000

Toothbrush 0.170 0.160 0.165 -0.010 -0.042
Iguana 0.220 0.278 0.249 0.058 0.042

A.2 Models and Analyses
Weighted average blink rate was computed as

BlinkRate = 𝐵1 + 𝐵2
𝑇1 +𝑇2

where 𝐵 denotes blink counts and 𝑇 denotes task duration for
the two practice tasks.

The Cox proportional hazards model used in the confirmatory
analyses took the form

ℎ(𝑡 | 𝑋 ) = ℎ0 (𝑡) exp(𝛽1Group + 𝛽2BlinkRate)
where Group denotes similarity condition and BlinkRate repre-

sents baseline blinking behavior.
Schoenfeld residuals were calculated as

𝑟 𝑗 (𝑡𝑖 ) = 𝑥𝑖 𝑗 − 𝐸 [𝑋 𝑗 |𝑡𝑖 ]
and formally tested under

𝐻0 :
𝑑𝛽 𝑗 (𝑡)
𝑑𝑡

= 0.

A.3 Exploratory Model Estimates

Table 2: Item-level Cox model predicting change detection
time.

Predictor HR 95% CI 𝑝

Semantic vs Low-level 5.57 [1.42, 21.78] 0.014
Trumpet vs Vase 1.76 [0.60, 5.18] 0.307
Holiday orn. vs Vase 3.02 [0.74, 12.27] 0.123
Banana vs Vase 0.49 [0.16, 1.48] 0.203
Paintbrush vs Vase 1.49 [0.35, 6.32] 0.591
Toothpaste vs Vase 0.41 [0.12, 1.37] 0.148
Cactus vs Vase 1.30 [0.28, 6.04] 0.738
Blink rate 0.28 [0.02, 4.68] 0.377

Table 3: Item-only Cox model without similarity condition.

Predictor HR 95% CI 𝑝

Trumpet vs Vase 9.78 [2.40, 39.87] 0.001
Holiday orn. vs Vase 3.02 [0.74, 12.27] 0.123
Banana vs Vase 2.70 [0.67, 10.87] 0.162
Paintbrush vs Vase 1.49 [0.35, 6.32] 0.591
Toothpaste vs Vase 2.30 [0.54, 9.82] 0.262
Cactus vs Vase 1.30 [0.28, 6.04] 0.738
Tortoise vs Vase 5.57 [1.42, 21.78] 0.014
Blink rate 0.28 [0.02, 4.68] 0.377
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