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Figure 1: A user is engaging with virtual content while surrounded by a complex real-world environment, with a radio playing 
in the background. Green represents the real-world environment, blue represents virtual content, and yellow represents sound. 

Abstract 
Visual search is a core component of mixed reality (MR) interac-
tions, influenced by the complexities of MR application contexts. 
In this paper, we investigate how prevalent factors in MR influence 
visual search performance and spatial regularity memory — includ-
ing the physical environment complexity, secondary task presence, 
virtual content depth and spatial layout configurations. Contrary 
to prior work, we found that the secondary auditory task did not 
have a significant main effect on visual search performance, while 
significantly elevating higher perceived workload measures in all 
conditions. Complex environments and varied virtual elements 
depths significantly hinder visual search, but did not significantly 
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increase perceived workload measures. Finally, participants did not 
explicitly recognize repeated spatial configurations of virtual ele-
ments, but performed significantly better when searching repeated 
spatial configurations, suggesting implicit memory of spatial reg-
ularities. Our work presents novel insights on visual search and 
highlights key considerations when designing MR for different 
application contexts. 
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1 Introduction 
As a medium that visually integrates virtual artefacts into phys-
ical spaces, the effectiveness of mixed reality (MR) applications 
is dependent on how efficiently users can visually search for rel-
evant virtual or physical elements within the MR environment. 
Take for example a scenario where we want to press a virtual MR 
button while working in a busy office space (see Figure 1). To do 
so, we must first locate the button within our visual field. However, 
the button hovers among other virtual icons scattered at different 
depths, while the surrounding desks, monitors, and people in the 
physical world compete for our attention. Other senses may also 
compete for our attentional resources, such as an announcement 
from the office telecommunication device. Such seemingly common 
scenarios illustrate a broader phenomenon in MR use: Locating a 
target swiftly and accurately amid attentional interference is far 
from trivial — as the physical environment’s complexity, depth 
variation of relevant objects, and additional task demands in MR 
together disrupt attention and hinder search efficiency in ways 
distinct from traditional displays. 

In daily life, visual search is often disrupted by the presence of 
physical distractors. In MR, the superimposition of virtual elements 
and physical objects can reduce the visibility of real objects and 
divert attention to irrelevant virtual elements [40, 73, 111]. Since 
users interact with MR in diverse and dynamic environments, the 
interplay of physical and virtual elements, with virtual content often 
appearing at different depths, introduces additional complexity and 
makes it particularly challenging to design MR applications that 
support efficient visual search. 

To investigate the sources of visual search interference, stud-
ies typically manipulate the properties of physical and virtual ob-
jects. Examples include varying the depth [44, 60, 79], size [50, 56], 
colour [3, 32], lightness [143], and similarity of distractors relative 
to the target [33, 139], as well as adjusting the visibility [108, 145], 
density [117] and visual realism [58] of virtual elements, with sub-
sequent effects examined in visual search performance. Based on 
such designs, many studies attribute visual search interference 
either to the presence of virtual elements [17, 77, 132] or to the 
features of targets and distractors [3, 33, 108]. However, the stud-
ies on visual search exhibit certain limitations. First, most studies 
have been conducted on computer screens [24, 43] or on smart-
phones [72, 98, 99]. Research confined to two-dimensional displays 
can depict the spatial arrangement of objects, but it fails to capture 
the depth relations that are intrinsic to mixed reality. Second, prior 
studies primarily focused on isolated factors, such as the complexity 
of the physical environment [59, 128] or the spatial distribution of 
virtual objects [75, 90]. However, in practical usage, visual search in 
MR will be shaped by the interaction of the physical environment 
and the virtual elements. Overlooking such interactions limits the 
applicability of existing conclusions. 

Beyond interference from physical and virtual objects, MR con-
texts frequently involve dual-task demands. In addition to process-
ing visual prompts and monitoring the surrounding environment, 
users frequently perform auditory tasks such as listening to mu-
sic or following spoken instructions. These dual-task demands 
compel individuals to divide and switch attention within limited 
cognitive resources, intensifying competition for attentional capac-
ity [49, 53, 131]. This raises a key question: How the presence of a 
secondary auditory task influences visual search performance in 
MR settings that combine different levels of physical complexity 
and varying depth of virtual objects? 

Finally, while interference from multiple sources intensifies at-
tentional competition, predictable spatial configurations of virtual 
elements, known as spatial regularities, offer compensatory cues 
that support efficient search. By providing contextual guidance, 
such regularities reduce search difficulty and enhance informa-
tion extraction [23, 24, 26]. However, variations in environmental 
complexity, the spatial distribution of virtual elements, and task 
demands can affect how individuals make use of spatial regular-
ities [101]. Understanding how spatial regularities are exploited 
under these conditions is essential for informing the design of MR 
interfaces that better support efficient visual search. 

We conducted a study to disentangle the impacts of physical 
environment complexity, virtual element depth, and dual-task pres-
ence on visual search performance and spatial regularity memory 
in MR. We used a contextual cueing task (i.e., searching for a tar-
get “T” among distractors “L”) to evaluate visual search perfor-
mance [23, 24], and a recognition task (i.e., judging repeated versus 
novel spatial configurations) to measure memory for spatial regu-
larities [24, 27, 103]. Visual search performance was assessed with 
reaction times and error rates, perceived workload was measured 
using the NASA-TLX questionnaire. Spatial regularity memory was 
assessed using participants’ reaction times to targets presented in 
repeated and novel spatial configurations in the contextual cueing 
task and recognition accuracy in the recognition task. 

In contrast to prior work, our results show that the secondary 
auditory task did not exert a significant main effect on visual search 
performance. However, it significantly increased perceived work-
load in all conditions. The dissociation between objective perfor-
mance and subjective experience highlights the importance of bal-
ancing what users perceive with the factors that actually constrain 
search efficiency. Independently, both complex environments and 
depth variation impaired search performance. Moreover, introduc-
ing virtual element depth cues attenuated the impairments caused 
by complex physical environments, suggesting that depth can serve 
as a compensatory design feature when MR applications are de-
ployed in complex physical environments. The post-hoc pairwise 
comparisons revealed that the effects of different combination of 
factors on visual search varied across different spatial configura-
tions, highlighting the need to consider both for the efficiency of 
visual search and for the ease with which users can exploit consis-
tent spatial regularities. In addition, although memory for spatial 
regularities is primarily implicit rather than explicit, repeated spa-
tial configurations yielded significantly shorter reaction times than 
novel configurations in all conditions. These findings suggest that 
implicit spatial regularity memory remains robust even when visual 
search is challenged by other factors. 
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Our work contributes to better understanding of visual search 
and spatial regularity memory in MR. By teasing apart the effects 
of physical environment complexity, virtual element depth, and 
task type, our findings help identify relevant contextual and design 
factors for deploying MR in different scenarios. Our discussion fur-
ther highlights key considerations for designing MR across diverse 
application contexts. 

2 Related Work 

2.1 Visual Search 
Visual search has long served as a foundational paradigm for inves-
tigating how humans deploy attention and locate targets in complex 
scenes [86, 116, 134–138]. It is a perceptual task that involves ac-
tively scanning a visual scene to locate a particular object or feature 
among distractors [41, 134, 135]. Beyond the laboratory, it is an 
integral part of everyday and professional activities, including find-
ing a friend in a crowd [42, 48], identifying a specific product on 
a supermarket shelf [11, 36], and detecting anomalies in medical 
images [12, 31]. 

In the context of digital technology such as MR, visual search 
plays a crucial role in the technology’s effective use and design [21, 
58, 96]. However, the novelty of MR, which blends familiar physi-
cal environments with potentially unfamiliar and dynamic digital 
content, modulates how users perform visual search for relevant in-
formation [68, 93, 105, 107]. Prior work has shown that technology 
augmenting the physical world with digital content can have both 
positive and negative effects on visual search. For instance, Smith 
et al. [102] demonstrated that presenting virtual elements through 
a Head-Up Display (HUD) in the driver’s field of view improved 
the efficiency in scanning pseudo-text for a target letter, without 
producing significant decrements in driving performance. However, 
changes in visual search performance cannot be attributed solely 
to spatial distribution of virtual elements [110], as the intrinsic 
characteristics of the virtual elements themselves also exert influ-
ence [111]. Chang et al. [17] reported that when virtual information 
strongly captures user attention, they focus disproportionately on 
virtual content, neglecting visual search in the real environment. 

Although virtual elements can influence visual search perfor-
mance, their co-occurrence with the physical environment in MR 
makes it challenging to isolate whether observed effects are attrib-
utable to the virtual content or to the surrounding physical envi-
ronment. Li et al. [64] explored visual search in a simulated driving 
task by manipulating the background complexity and the HUD 
opacity. They found that a higher background complexity impaired 
search efficiency. Nevertheless, while this study focused on the 
occlusion effects of virtual elements and environments, the distinct 
roles of physical and virtual factors in causing visual search im-
pairment remain unexplored. Moreover, variations in visual search 
performance may arise not only from the complexity of physical 
or virtual elements, but also by the distinctive properties that are 
inherent to each. For instance, Kim et al. [51] reported that, even 
when the visual appearance of physical and virtual targets was 
matched, physical targets were detected and discriminated more 
accurate than virtual ones. 

The spatial distribution of virtual objects in MR are shaped by 
both their relative distances and depth positions. McSorley and 

Findlay [79] examined eye movements during visual search and 
found that depth cues can supported efficient target detection. How-
ever, prior studies on visual search have primarily relied on tra-
ditional two-dimensional displays [24, 43, 72, 98, 99], which can-
not effectively capture these depth relationships. To overcome the 
limitations of traditional two-dimensional research, some studies 
examined visual search in immersive virtual reality (VR) [2, 8], 
augmented reality (AR) [117, 121], and MR [58, 88] environments. 
For instance, Ward and Capra [129] examined how different spatial 
placements of virtual elements (i.e., list, grid, arc) affect search in 
VR, reporting faster scanning with the arc layout but higher user 
preference for list and grid. A key limitation of these studies is that 
they often focus solely on the role of the features and layouts of the 
virtual elements, overlooking the influence of the virtual element 
depth and the physical environment. 

In addition, the number of virtual objects in the scene plays a 
crucial role in visual search. In parallel feature search, when the 
target differs from distractors by a single basic feature, it can be 
detected with little or no additional cost as the number of items 
increases [78, 114]. By contrast, in serial search, reaction times 
typically increase as the display contains more items [37, 133]. 
However, visual search is neither purely parallel nor purely serial. 
Instead, it is a hybrid process that combines parallel guidance with 
serial inspection of items [136]. 

Many studies on factors that influence visual search have fo-
cused solely on the environment or virtual elements, neglecting 
the critical role of the task itself. Syiem et al. [110] demonstrated 
that longer reaction times to virtual elements were primarily driven 
by dual-task contexts rather than by the mere presence of virtual 
elements. Dual task situations frequently emerge in MR given the 
need to perform real-world actions, such as walking and avoiding 
obstacles, while interacting with virtual objects [1, 66, 67, 84, 120]. 
Visual search is sensitive to the cognitive demands associated with 
dual-task contexts. Jackson et al. [45] reported that concurrent vi-
sual tasks substantially impair visual search. Even when multitask-
ing involves different sensory modalities, it can still disrupt visual 
search performance, but such cross-modal combinations caused 
less interference than two concurrent visual tasks [46]. 

The interaction between physical environments [10, 62], virtual 
elements [52], and task type [83, 104, 123] collectively shape visual 
search performance, prompting us to inquire how these factors 
interact and influence visual search in MR. This inquiry is fun-
damental for understanding visual search, which is essential for 
ensuring efficient interaction and reducing cognitive load in MR 
systems. 

2.2 Spatial Regularity 
Spatial regularity refers to the consistent co-occurrence of partic-
ular target locations with specific spatial layouts. The resulting 
enhancement of search efficiency, when observers learn and exploit 
these regularities, is commonly termed the contextual cueing effect 
(CCE) [23, 24, 26]. For instance, when using Google Chrome, users 
rapidly locate the ‘x’ button to close tabs because it consistently 
appears at the right side of each tab. The presence of consistent spa-
tial configurations allows individuals to anticipate target locations, 
thereby improving search efficiency. 
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MR environments typically integrate rich environmental back-
grounds with complex spatial configurations of virtual elements. 
This raises the question of whether spatial regularity learning in 
MR is driven by a user’s memory of the presented virtual elements’ 
spatial configurations or by the holistic representations of the MR 
environment scene. Rosenbaum and Jiang [97] explored spatial 
regularity learning by training with predictive scenes and spatial 
configurations of objects. They observed that retaining only the 
scene preserved the benefits that spatial regularities provide for 
visual search, whereas retaining only the spatial configuration elim-
inated it, suggesting that the scene cue overshadowed the spatial 
configuration cue. In contrast, Brooks et al. [13] reported that spatial 
configurations alone can induce spatial regularity learning with var-
ied background scenes. Such differences in conclusions may stem 
from overlooking the complexity of the scene, whose variation can 
influence our memory [16, 57]. 

In MR, both the planar arrangement of virtual elements and 
their depth relationships can be varied simultaneously, shaping 
how users search for and process visual information. Zang et al. 
[140] examined spatial regularity learning in stereoscopic 3D visual 
search with items confined to either a near or a far depth plane. 
They found that swapping the near and far planes preserved the 
benefit of spatial regularities, whereas swapping the left and right 
halves of the display disrupted this benefit, suggesting that learning 
depends primarily on planar inter-item relations rather than depth-
defined relations. As virtual elements in MR are typically distributed 
across multiple depth planes, the ecological validity of this study is 
limited. 

Engaging in multiple tasks can also modulate the formation and 
expression of learned spatial regularities [4, 112, 125]. Cooper and 
Strayer [27] incorporated a secondary tone counting task into the 
contextual cueing task and reported that multitasking impaired the 
acquisition and application of contextual cues. However, the impact 
of multitasking on spatial regularity learning is not limited to at-
tenuation. With limited cognitive resources [34, 69, 70], occupation 
of working memory by an additional task can severely impair both 
the formation and expression of spatial regularity learning, and in 
some cases eliminate the expression of learned spatial regularities 
entirely [18]. The multitasking condition will hinder users ability 
to detect and internalize spatial regularities, thereby constraining 
their use of such regularities to achieve efficient and accurate visual 
search. For example, in an MR navigation app, users engaged in 
auditory notifications may overlook the consistent placement of 
navigational virtual arrows, forcing them to relocate the arrow each 
time instead of exploiting the repeated spatial cue to streamline the 
search. 

MR blends the physical world, virtual elements, and task de-
mands into a unified interactive space [20, 106]. However, most 
studies manipulate only a limited subset of these contextual fac-
tors. The studies that have examined the effects of virtual elements 
on spatial regularity learning [75] and visual search [51, 102] do 
not distinguish whether these effects are driven by the elements 
themselves or by their spatial locations. In addition, overlooking 
the potential impact of environmental complexity may have been 
a contributing factor to the inconsistencies reported in prior stud-
ies [16, 57]. Confounding effects related to the task itself are also a 
major source of these uncertainties [110]. Such limitations obscure 

the effects, leading to theoretical ambiguity and inconsistent find-
ings. By disentangling these factors, we can gain a more precise 
understanding of the contextual factors that genuinely shape visual 
search and the memory of spatial regularities in MR. 

3 Method 
Our study aims to to disentangle the impact of virtual element 
depth, physical environment complexity, and task type on visual 
search performance and spatial regularities memory. Based on prior 
evidence that dual-task contexts significantly increase visual search 
time [45, 46, 110], we hypothesize: 

• [H1] In MR, dual task will significantly impair visual search 
performance. 

Visual search performance in MR is also shaped by the visual 
properties of the surrounding scene. Prior work on perceptual load 
and scene clutter indicates that visually complex backgrounds are 
associated with slower target detection [59, 64]. Thus, we hypothe-
size: 

• [H2] In MR, performing visual search in a visually complex 
physical environment will significantly impair visual search 
performance. 

Additionally, prior studies on 3D visual search suggests that 
virtual element depth can act as a guiding attribute for attention in 
visual search [138], particularly when targets are associated with 
a distinct or cued depth plane [147]. In MR, virtual element depth 
cues can segment the display into separable layers. Consequently, 
we hypothesise: 

• [H3] In MR, presenting virtual elements at different depth 
planes will support visual search. 

Furthermore, the acquisition of spatial regularities during vi-
sual search has been shown to vary in response to dual-task de-
mands, variable depth cues, and environmental complexity. Un-
der dual-task conditions, attentional resources are divided across 
concurrent tasks, and spatial regularity learning is reduced or con-
strained [18, 27]. In contrast, prior evidence suggests that spatial 
regularity learning can still be observed under changes in virtual 
element depth [140] and in dynamic environments [25]. Therefore, 
we hypothesize: 

• [H4] In MR, spatial regularity learning is conditional rather 
than universal: the formation of spatial regularity learning 
will be sensitive to the presence of a dual task, but remain 
robust to variations in virtual element depth and physical 
environment complexity. 

H1–H3 hypothesize main effects for task type, physical envi-
ronment, and virtual depth. In addition to these main effects, we 
also anticipated interaction effects, such that the influence of each 
factor would vary as a function of the others. H4 focuses on the 
conditions under which spatial regularity learning can be formed 
and expressed. To test these hypotheses, we conducted a user study 
using a custom MR application that allowed us to systematically 
control the relevant experimental factors and measure both visual 
search performance and spatial regularity memory. Additionally, 
we employed the NASA-TLX questionnaire to gain insights about 
users’ perceived workload. All study materials and procedures were 
approved by our institution’s ethical review panel. 
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Figure 2: Overview of the contextual cueing task procedure. Each trial displayed a visual search array with one virtual target 
“T” among eleven virtual distractor “L”. Repeated spatial configurations, exemplified at Trial 1 and Trial 101, preserved the 
same spatial arrangement of distractors, with only the target orientation varied across repetitions. Novel spatial configurations, 
exemplified at Trial 26, Trial 51, and Trial 76, were newly generated for each trial. The timeline illustrates how repeated and 
novel spatial configurations appeared across trials. In the experiment, the trial order of repeated and novel spatial configurations 
was randomized. 

3.1 Experimental Task 
The experimental tasks were administered in two sequential phases. 
The first phase consisted of a contextual cueing task [23, 24] that 
involved searching for a virtual target among distractors in 125 trials 
(5 𝑠𝑒𝑡 𝑠 × 25 𝑡 𝑟 𝑖𝑎𝑙𝑠 featuring repeated or novel spatial configurations 
of the virtual elements. The second phase employed a recognition 
task [27, 103] that assessed explicit memory of spatial regularities in 
4 trials. The task required participants to determine if a given spatial 
configuration of virtual elements appeared repeatedly during the 
first phase. We detail these two task in the following subsections. 

3.1.1 Contextual Cueing Task. The task was designed based on the 
contextual cueing paradigm experiment [23, 24], in which partic-
ipants performed a visual search while learning repeated spatial 
configurations. This paradigm allowed us to assess users’ visual 
search performance by measuring their reaction times in locating 
a virtual target. Additionally, by comparing reaction times to re-
peated versus novel spatial configurations, we could also assess 
whether participants memorized spatial regularities. 

The virtual elements were presented on an invisible 6 × 8 grid, 
with each cell measuring 35 cm. The 6 × 8 grid provides 48 po-
tential stimulus locations, offering sufficient variability for con-
structing repeated and novel spatial configurations while being 
consistent with the set sizes typically used in contextual cueing 
paradigms [24, 118, 144]. The cell size of 35 cm ensured adequate 
spacing between virtual elements to avoid visual crowding and 
prevent overlap between neighboring items. On each trial, one vir-
tual target letter “T” and eleven virtual distractor letters “L” were 
randomly placed within the grid, with at most one stimulus per cell. 
This set size of 12 items aligns with standards commonly employed 
in contextual cueing paradigms [24, 113, 144]. Both “T” and “L” 
were randomly rotated to one of four orientations (0◦ , 90◦ , 180◦ 

and 270◦). For the virtual target “T”, the four possible orientations 
were directly mapped to the arrow keys on the keyboard: with the 
down-arrow key relating to a T without any rotation, the left-arrow 
key relating to a T with 90-degree clockwise rotation, the up-arrow 
key relating to a T with 180-degree rotation, and the right-arrow 

key relating to a T with 270-degree clockwise rotation. The ori-
entation discrimination of the virtual target “T” was included to 
reduce guessing responses [24]. Although this manipulation may 
increase cognitive load, it was applied uniformly so that differences 
in performance and perceived workload can be attributed to the 
experimental factors rather than to the orientation-discrimination 
requirement itself. Each trial was separated by an interval of 500 
ms during which no virtual elements were presented, preventing 
visual persistence from the previous trial [47, 74]. 

We used two types of spatial configuration: repeated spatial con-
figurations and novel spatial configurations. Repeated and novel 
spatial configurations were used to assess whether participants 
acquired memory for spatial regularities, which would result in 
faster search times for repeated spatial configurations compared 
to novel spatial configurations [23, 24]. In repeated spatial config-
urations, apart from the orientation of the virtual target “T”, the 
spatial position of the target and the positions and orientations 
of all distractor “L” were kept constant across trials. In novel spa-
tial configurations, each trial presented a newly generated random 
spatial configuration. This manipulation ensured that the repeated 
benefit could not be attributed to low-level feature repetition (e.g., 
an identical target orientation), but rather to the preserved spatial 
arrangement of the target and distractors [116]. 

The task was structured into five sets of twenty-five trials. This 
number was implemented to ensure that the session duration re-
mained manageable and to minimize the risk of participant fatigue. 
Within each set, five repeated spatial configuration trials and twenty 
novel spatial configuration trials were presented in randomized 
order. This proportion of repeated to novel spatial configuration 
trials is consistent with ratios employed in previous CCE experi-
ments [39, 146]. To prevent participants from simply recognizing 
the repeated spatial configurations from the immediately preced-
ing trial, at least two novel spatial configurations were inserted 
between any two repeated spatial configurations. Between sets, a 
three-second interval was provided for rest and attentional reori-
entation. Figure 2 shows an illustrative example of the contextual 
cueing task procedure. 
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Figure 3: Experimental environments. Left: The simple environment with virtual elements that were presented at the same depth, 
consisting of a white desk against a white wall, with only a white keyboard on the desk. Right: The complex environment with 
virtual elements that were presented at different depths, incorporating a monitor, laptop, plush toy, and outdoor background 
scene visible through a window. While our MR system varied the depth at which virtual elements appeared in the different-
depth condition, such variations are difficult to illustrate with 2D images. In 2D, depth manipulations may appear as changes 
in stimulus size. However, changing size of virtual elements does not have the same effects as changing the depth, as depth 
variations require users to refocus their eyes to different depth planes [28, 60, 119]. 

3.1.2 Recognition Task. In the contextual cueing task, faster re-
sponses to repeated spatial configurations compared to novel ones 
indicate more efficient visual search facilitated by memorized spa-
tial regularities. However, such behavioral facilitation alone cannot 
establish whether participants possessed explicit memory of the 
repeated spatial configurations [24, 27]. To clarify this distinction, 
we included a recognition task [24, 27, 103] that directly assessed ex-
plicit memory, allowing us to determine if participants were aware 
of repeating spatial configurations during the contextual cueing 
task. Participants were asked to perform the recognition task three 
seconds following completion of the contextual cueing task. In this 
task, four spatial configurations were sequentially presented in 
random order, consisting of the one repeated spatial configuration 
from the contextual cueing task and three newly generated spatial 
configurations. By introducing three novel spatial configurations 
as distractors, the recognition task reduced the likelihood of false 
positives arising from random guessing. For each spatial configura-
tion, participants were asked to judge whether it was a repeated or 
a novel spatial configuration. 

3.2 Experimental Design 
We conducted a 2 × 2 × 2 within-subject experiment with three 
independent variables: physical environment (simple environment 
vs. complex environment) × virtual object depth (same depth vs. 
different depth) × task type (single task vs. dual task), resulting 
in eight experimental conditions in total. Within each condition, 
repeated and novel spatial configurations were newly generated 
and did not reappear in other conditions. 

3.2.1 Independent Variables. Details of the independent variables 
used in our experiment are presented below: 

Physical environment complexity. We designed two levels of phys-
ical environmental complexity, a simple environment and a com-
plex environment, to simulate how users engage with MR in two 
common contexts. The simple environment condition was used to 
approximate MR use in contexts with reduced visual clutter. In this 
condition, a plain white wall was positioned directly in front of the 
participant’s field of view, providing a simple visual background 
with minimal distractions. To further prevent potential color effects 
on visual search, all equipment, including the keyboard and desk, 
was set uniformly to white (see Figure 3 left). In the complex envi-
ronment, participants were seated at an office desk equipped with a 
laptop and a monitor, simulating the context of a professional work 
setting in MR. To reflect the abundance of objects and vivid colors 
commonly present in real work environments, the experimental 
environment featured a black table, with toys and books positioned 
behind the monitor, and a view of the outdoor scenery through 
the window to increase visual contrast and create a more realistic 
context (see Figure 3 right). 

Virtual element depth. We manipulated the placement of vir-
tual objects under two depth conditions (same depth vs. different 
depth) to investigate how spatial positioning of virtual elements 
influences visual search and the memory of spatial regularities. 
For the same depth condition, both virtual elements “L” and “T” 
were presented at 350 cm from the participant on a single depth 
plane. For the different depth condition, each stimulus was pre-
sented at a randomly assigned depth plane between 300 and 450 cm. 
These depth values were selected guided by previous studies on 
human depth perception of virtual objects [30, 127]. For repeated 
spatial configurations, depth-plane assignments were fixed across 
occurrences within each condition. For novel spatial configurations, 
depth planes were newly randomized on each trial. 
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Task type. We implemented two task conditions: a single-task 
condition and a dual-task condition. The single-task condition rep-
resented a pure visual search scenario. The dual-task condition 
incorporated a concurrent auditory task to simulate dual-task sit-
uations that users may often face when engaging with MR. For 
the single-task condition, participants completed the contextual 
cueing task followed by the recognition task. For the dual-task 
condition, participants performed the contextual cueing task while 
concurrently monitoring auditory tones [27, 76, 126]. Two pure 
sine tones were used: a low tone at 440 Hz corresponding to the 
musical note A4 and a high tone at 880 Hz corresponding to the 
musical note A5, which form a standard octave pair. This pair is 
easily distinguishable and has been widely adopted in auditory 
research [85, 87]. Each tone lasted 250 ms, with an interval of one 
second between tones. Participants counted the number of high 
tones within each set and ignored low tones. At the end of each 
set, they entered the total number of high tones via the keyboard. 
During the recognition task, the procedures were the same in both 
conditions, and the participants completed only the recognition 
responses. 

3.2.2 Dependable Variables. After completing the experimental 
tasks, we collected four categories of data to evaluate task perfor-
mance and user perceptions. The details of each dependent variable 
are described below: Reaction times. In the contextual cueing task, 
reaction times served as a direct indicator of search efficiency. We de-
fined reaction times separately for correct and incorrect responses. 
We defined correct responses as pressing the arrow key match-
ing the target’s orientation, and incorrect responses as any other 
keypress. We recorded reaction time on each trial. For trials with 
correct responses, reaction time was the interval between stimulus 
onset and the correct keypress. For trials with an incorrect initial 
response, we recorded only the number of erroneous keypresses, 
until a correct response, and the corresponding reaction times were 
excluded from data analyses. We calculated the difference in re-
action times between repeated and novel spatial configurations 
within each condition to assess spatial regularity memory. 

Keypress accuracy. We defined correct responses as keypresses 
that matched the target’s orientation, and we calculated the ac-
curacy for each condition as the proportion of correct responses 
relative to the total number of trials completed by a given partici-
pant. Combined with reaction times, this measure offered a more 
comprehensive assessment of visual search performance. 

Recognition error rate. We assessed explicit memory for spatial 
regularities in the recognition task. We considered the error rates 
in distinguishing repeated from novel spatial configurations as 
index of explicit memory of spatial layouts, with lower error rates 
reflecting stronger recognition. 

Perceived workload. We assessed perceived workload with the 
NASA-TLX questionnaire, which includes six subscales: mental 
demand, physical demand, temporal demand, performance, effort, 
and frustration. We analyze the individual NASA-TLX subscale 
scores to provide an estimate of perceived workload under eight 
experimental conditions (2 𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝑒𝑛𝑣𝑟 𝑖𝑜𝑛𝑚𝑒𝑛𝑡 𝑐𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 × 
2 𝑣𝑖𝑟 𝑡𝑢𝑎𝑙 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑑𝑒𝑝𝑡 ℎ × 2 𝑡 𝑎𝑠𝑘𝑡𝑦𝑝𝑒𝑠 ). 

3.3 Experimental Setup 
The experiment was implemented using a custom MR application 
in Unity 6000.1.0f1 and deployed on a Meta Quest 3 headset. The 
system integrated the physical environment with overlaid virtual 
elements (see Figure 3). An invisible 6 × 8 grid was anchored at the 
center of the participant’s starting position when the task began. 
Virtual elements were rendered stereoscopically within the headset. 
A keyboard connected to the headset was used for orientation 
responses, and the application automatically logged reaction times, 
response key and task events. Each trial proceeded only after the 
participant pressed the correct key corresponding to the orientation 
of the virtual target “T”. We conducted the study in a quiet room 
(5𝑚 × 6𝑚) with only one participant and one experimenter present. 

3.4 Participants 
We recruited twenty-four participants (M = 12, F = 12) aged between 
21 and 29 (M = 24.38, SD = 2.16) for the study. This sample size is 
consistent with standards in HCI research [15]. All participants had 
normal or corrected-to-normal vision. 

3.5 Procedure 
Our study followed a within-subject design in which each partici-
pant completed all eight conditions. To mitigate sequence effects, 
the order of conditions was counterbalanced using a Latin square. 

Upon participants’ arrival at the laboratory, we introduced the 
study procedures and answered their questions. After confirming 
their understanding and willingness to participate, participants 
signed the consent form. Subsequently, participants completed a 
demographic questionnaire collecting data on their age, gender, 
and prior experience with MR. 

To ensure that participants understood the task, they completed 
a tutorial which introduced the task procedures and allowed them 
to practice before the formal experiment. In the tutorial, partici-
pants completed one practice set under the single task condition, 
which comprised twenty-five contextual cueing task trials and one 
recognition task trial, followed by an equivalent practice set under 
the dual task condition. The training phase was intended to famil-
iarize participants with the procedures and was excluded from the 
statistical analyses. If participants remained uncertain about the 
task, we provided additional explanations and extra practice trials. 
All spatial configurations of target and distractors in the tutorial 
practice trials were excluded from the main experiment. 

During the formal experiment phase, participants completed the 
contextual cueing task followed by the recognition task under all 
eight conditions. Upon completing both tasks within a condition, 
participants filled out the NASA-TLX questionnaire to assess the 
subjective workload. Flexible breaks were offered between condi-
tions, and participants proceeded once they felt adequately rested. 

At the end of the study, we conducted a semi-structured inter-
view to gain supplementary insights into their experience during 
the study. The total duration of the study was 120 minutes per 
participant. The complete process is illustrated in Figure 4. 
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Figure 4: Overview of the experimental procedure, consisting of a 15-minute briefing session, a 90-minute main experiment 
composed of eight randomized conditions separated by rests, and a 15-minute debriefing phase with interview and discussion. 

3.6 Data Analysis 
We used Linear Mixed-Effects Models (LMMs), Generalized Linear 
Mixed-Effects Models (GLMMs), and Cumulative Link Mixed Mod-
els (CLMMs) to model the effects of experimental factors on the 
dependent variables. We applied LMMs to reaction times, as they al-
low continuous responses to be modelled while accounting for both 
fixed effects of experimental factors and random effects associated 
with participants. We used GLMMs with a logit link function to 
analyze accuracy, which followed a binary distribution, enabling us 
to model accuracy while incorporating random intercepts for partic-
ipants. We employed CLMMs to examine the subjective workload 
ratings of each subscale of the NASA-TLX questionnaire, as they 
are specifically designed for the ordinal data analysis [22]. To iso-
late the effects of our independent variables on the different spatial 
configurations, we also conducted Tukey-adjusted pairwise compar-
isons between conditions for the combined and individual spatial 
configurations. These comparisons allowed us to assess whether 
the effects of the independent variables were robust across con-
figurations or emerged only under specific spatial configurations. 
All pairwise comparisons were based on the estimated marginal 
means (EMMs) derived from the respective LMM or GLMM model 
fits [63, 100]. 

4 Results 
We collected a total of 24,728 responses (8 𝑐𝑜𝑛𝑑𝑖𝑡 𝑖𝑜𝑛𝑠 × 5 𝑠𝑒𝑡 𝑠 × 
25 𝑡 𝑟 𝑖𝑎𝑙 𝑠 × 24 𝑝𝑎𝑟 𝑡 𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝑠 + 𝑖𝑛𝑐𝑜𝑟 𝑟 𝑒𝑐𝑡 𝑟 𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑠 ) in the contextual 
cueing task and 768 (24 𝑝𝑎𝑟 𝑡 𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝑠 ×8 𝑐𝑜𝑛𝑑𝑖𝑡 𝑖𝑜𝑛𝑠 ×4 𝑡 𝑟 𝑖𝑎𝑙𝑠 ) in the 
recognition task. Responses with reaction times shorter than 100 
ms were treated as accidental key presses and excluded [71], leaving 
24,727 records for the contextual task. We retained all recognition 
task responses as they met the inclusion criteria. 

4.1 Visual Search Performance 
4.1.1 Linear Mixed-Effects Model for Reaction Times. We analyzed 
log-transformed reaction times using LMMs, following the common 
approach in cognitive psychology and HCI to reduce skewness 
and approximate normality [6, 7]. The fixed effects comprised of 
physical environment complexity, virtual element depth, task type 
and spatial configurations, together with their interactions. Random 
intercepts were included to capture individual variability across 
participants. The reference condition was the combination of the 

simple environment, same-depth virtual elements, a single-task 
setting, and novel spatial configurations. The intercept represents 
the mean log reaction times in the reference condition. 

Table 1 presents the regression coefficients (𝐵 ) from the LMM fit, 
along with their standardized regression coefficients (𝛽 ), standard 
errors (SE), t-values, and p-values. Positive 𝐵 values correspond to 
longer reaction times, suggesting increased difficulty in locating 
the target and negative 𝐵 values correspond to shorter reaction 
times, reflecting more efficient target search relative to the refer-
ence condition. 𝛽 denotes the effect size estimated by the LMM [9]. 
The variance of the random intercept was 0.023, with a standard 
deviation of 0.15. The residual variance was 0.232, with a standard 
deviation of 0.48. We found that reaction times were significantly 
longer in the complex environment relative to the simple envi-
ronment (𝐵 = 0.157, 𝛽 = 0.305, SE = 0.014, t(23971) = 11.138, p = 
9.65E−29). We observed a significant increase in reaction time for 
virtual elements presented at different depths (𝐵 = 0.047, 𝛽 = 0.091, 
SE = 0.014, t(23971) = 3.333, p = 8.6E−4). We found that repeated spa-
tial configurations reduced reaction time (𝐵 = −0.218, 𝛽 = −0.425, 
SE = 0.022, t(23971) = −9.824, p = 9.79E−23), demonstrating a facili-
tation effect of repetition. Contrary to prior work [35, 95], we find 
that the main effects of dual-task presence was not significant. 

When the complex environment was combined with virtual 
elements presented at different depths, the coefficient was negative 
and significant (𝐵 = −0.056, 𝛽 = −0.110, SE = 0.02, t(23971) = 
−2.838, p = 4.54E−3), indicating a sub-additive cost, whereby the 
combined increase in reaction times was smaller than the sum 
of the increases produced by the complex environment and the 
different-depth condition individually. Additionally, we find that 
the repetition benefit was reduced in the complex environment 
(𝐵 = 0.063, 𝛽 = −0.122, SE = 0.032, t(23971) = 1.985, p = 4.71E−2) and 
when virtual elements were presented at different depths (𝐵 = 0.063, 
𝛽 = −0.123, SE = 0.031, t(23971) = 2.008, p = 4.47E−2). No other 
two-way interactions were statistically significant. For the higher-
order interactions, a significant three-way interaction emerged 
when participants encountered repeated spatial configurations in a 
complex environment with virtual elements that were presented 
at different depths (𝐵 = −0.138, 𝛽 = −0.268, SE = 0.045, t(23971) = 
−3.091, p = 2.0E−3). The remaining three-way interaction and the 
four-way interaction were not significant. 
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Table 1: Results of the linear mixed-effects model predicting log reaction time (ms) from environmental complexity, virtual 
depth, and task type, with random intercepts for participants. The results showed that both complex environments and 
virtual elements presented at different depths significantly increased response times, while repeated spatial configurations 
significantly facilitated faster responses. The significant two-way interactions indicated sub-additive joint effects of the complex 
environment and different-depth virtual elements, and a reduced repeated-configuration benefit under complex-environment 
and different-depth conditions. A significant three-way interaction was observed among environment complexity, virtual 
depth, and spatial configuration type. 

Parameter 𝐵 𝛽 Std. Error t(23971) p-value 

(Intercept) 7.175 -0.145 0.032 222.915 2.62E-46*** 
Complex Environment 0.157 0.305 0.014 11.138 9.65E-29*** 
Different Depth 0.047 0.091 0.014 3.333 8.6E-4*** 
Dual Task 0.013 0.025 0.014 0.934 3.5E-1 
Repeated Configuration -0.218 -0.425 0.022 -9.824 9.79E-23*** 
Complex Environment × Different Depth -0.056 -0.110 0.020 -2.838 4.54E-3** 
Complex Environment × Dual Task 0.016 0.030 0.020 0.786 4.32E-1 
Different Depth × Dual Task 0.009 0.017 0.020 0.445 6.56E-1 
Complex Environment × Repeated Configuration 0.063 0.122 0.032 1.985 4.71E-2* 
Different Depth × Repeated Configuration 0.063 0.123 0.031 2.008 4.47E-2* 
Dual Task × Repeated Configuration 0.029 0.056 0.031 0.912 3.62E-1 
Complex Environment × Different Depth × Dual Task 0.044 0.085 0.028 1.559 1.19E-1 
Complex Environment × Different Depth × Repeated Configuration -0.138 -0.268 0.045 -3.091 2.00E-3** 
Complex Environment × Dual Task × Repeated Configuration -0.011 -0.021 0.045 -0.243 8.08E-1 
Different Depth × Dual Task × Repeated Configuration 0.062 0.120 0.044 1.400 1.63E-1 
Complex Environment × Different Depth × Dual Task × Repeated Configuration 0.033 0.065 0.063 0.530 5.96E-1 

Note. B denotes unstandardized regression coefficients, and 𝛽 denotes standardized regression coefficients. 
Significance: * p < .05, ** p < .01, *** p < .001. 

4.1.2 Pairwise Comparisons of Reaction Times. We first analysed 
the main effect of each factor on reaction times, using model-based 
EMMs from LMM computed across combined spatial configurations. 
For task type, dual-task reaction times did not differ significantly 
from single-task reaction times only in the simple environment 
with virtual elements at the same depth. In all other combinations 
of physical environment complexity and virtual element depth, the 
dual-task condition yielded significantly longer reaction times. For 
virtual depth, reaction times differed significantly between same-
depth and different-depth presentations across all combinations of 
task type and physical environmental complexity. For physical envi-
ronmental complexity, reaction times in the complex environment 
were significantly longer than in the simple environment across 
all combinations of task type and virtual depth. The details of the 
pairwise comparisons between combined spatial configurations are 
provided in Table 6 of Appendix A. 

Figure 5 illustrates mean reaction times with their standard error 
across the eight experimental conditions. We can see that mean 
reaction times were markedly slower in the complex environment 
compared to the simple environment. With respect to virtual el-
ement depth, mean reaction times were generally longer when 
virtual elements were presented at different depths compared to 
the same depth, except in the single-task condition of the complex 
environment, where different depth was marginally faster. While 
the difference between dual-task and single-task conditions was 
relatively modest, a substantial increase in mean reaction times for 
dual-task compared to single-task was observed in the complex 

environment with different depth. In general, the shortest mean 
reaction times occurred in the simple environment under single 
task with same depth, whereas the longest mean reaction times 
were observed in the complex environment under dual task with 
different depth. 

We then conducted pairwise comparisons restricted to novel 
spatial configurations. Dual-task reaction times were significantly 
longer than single-task reaction times in the complex environment 
for both the same-depth condition and the different-depth con-
dition. The contrast between the same-depth condition and the 
different-depth condition was non-significant only in the complex 
environment under single-task performance and significant in all 
other combinations of task type and physical environment complex-
ity. Finally, reaction times were significantly longer in the complex 
environment than in the simple environment across all combina-
tions of task type and virtual depth. The details of the pairwise 
comparisons between novel spatial configurations are provided in 
Table 7 of Appendix A. 

Finally, we conducted pairwise comparisons for repeated spatial 
configurations. We found that the dual-task condition yielded sig-
nificantly longer reaction times than the single-task condition in the 
different-depth condition in both the simple environment and the 
complex environment. The contrast between the same-depth and 
different-depth conditions was significant across all combinations 
of task type and environment. With respect to physical environment 
complexity, the difference between simple and complex environ-
ments was non-significant only in the single-task different-depth 
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Figure 5: Bar plots for the mean reaction times (ms) of correct trials across three experimental factors: (a) task type, (b) virtual 
element depth, and (c) physical environment complexity. Statistical significance was assessed using pairwise comparisons of 
estimated marginal means with Tukey-adjusted p-values. Asterisks denote significant pairwise comparisons (* p < .05, ** p < .01, 
*** p < .001). 

condition. In all other combinations of task type and virtual depth, 
reaction times were significantly longer in the complex environ-
ment than in the simple environment. The details of the pairwise 
comparisons between repeated spatial configurations are provided 
in Table 8 of Appendix A. 

Figure 6 illustrates the mean reaction times with their standard 
errors across task type, physical environment complexity, virtual 
element depth, and spatial configuration. For novel spatial con-
figurations, the highest mean reaction time was observed in the 
complex environment under dual-task conditions with different 
depth, whereas the lowest mean reaction time occurred in the sim-
ple environment under single-task conditions with same depth. For 
repeated spatial configurations, the highest mean reaction time was 
found in the complex environment under dual-task conditions with 
different depth, while the lowest mean reaction time was observed 
in the simple environment under single-task conditions with same 
depth. 

4.1.3 Generalized Linear Mixed-Effects Model for Keypress Accu-
racy. We calculated the keypress accuracy as the proportion of 
incorrect key presses relative to the total number of keypresses. 
We analyzed it using a binomial GLMM with a logit link, where 
each trial was coded as either a correct response or an incorrect 
response. The fixed effects consisted of physical environment com-
plexity, virtual element depth, task type, and spatial configurations, 
together with their interactions. We included random intercepts 
for participants to account for stable differences in error tendency 

across individuals. The reference condition was defined as the sim-
ple environment, same-depth virtual elements, a single-task setting, 
and novel spatial configurations, such that the intercept reflects the 
log-odds of correct responses under this condition. 

Table 2 reports the effects of the experimental factors from the 
GLMM on keypress on keypress accuracy. Positive unstandard-
ized regression coefficient (𝐵 ) indicate higher accuracy, whereas 
negative 𝐵 correspond to lower accuracy relative to the reference 
condition. Odds ratios (OR) denotes the effect size estimated by the 
GLMM [9]. The variance of the random intercept was 1.181, with a 
standard deviation of 1.087. Compared to the simple environment, 
participants committed significantly more errors in the complex 
environment (𝐵 = −0.660, OR = 0.716, SE = 0.186, z = -3.559, p 
= 3.73E−4). Main effects of virtual element depth, task type and 
spatial configurations were not statistically significant. 

In terms of interactions, repeated spatial configurations signifi-
cantly mitigated the detrimental effect of complex environments 
(𝐵 = 1.115, OR = 1.289, 𝑆 𝐸 = 0.464, z = 2.402, p = 1.63E−2). At 
higher orders, neither the three-way nor the four-way interactions 
yielded significant effects. 

4.1.4 Pairwise Comparisons of Keypress Accuracy. We first com-
pared the keypress accuracy, based on model-based EMMs from 
GLMM computed across combined spatial configurations. Dual-
task performance did not differ significantly from single-task per-
formance in any condition. Moreover, keypress accuracy in the 
different-depth condition did not differ significantly from that in 
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Figure 6: Bar plots for the mean reaction times (ms) of correct trials across three experimental factors: (a) task type, (b) virtual 
element depth, and (c) physical environment complexity, examined separately for novel and repeated spatial configurations. 
Statistical significance was assessed using pairwise comparisons of estimated marginal means with Tukey-adjusted p-values. 
Asterisks denote significant pairwise comparisons (* p < .05, ** p < .01, *** p < .001). 

Table 2: Results of the generalized linear mixed-effects model predicting keypress accuracy from environmental complexity, 
virtual element depth, task type, and configuration type, with random intercepts for participants. The results showed that 
accuracy was significantly reduced in the complex environment. The only significant interaction emerged between the dual-task 
condition and repeated spatial configurations. 

Parameter 𝐵 OR Std. Error z value p-value 

(Intercept) 4.509 61.577 0.272 16.556 1.44E-61*** 
Complex Environment -0.660 0.716 0.186 -3.559 3.73E-04*** 
Different Depth 0.219 1.027 0.224 0.979 3.28E-01 
Dual Task -0.299 0.898 0.199 -1.502 1.33E-01 
Repeated Configuration -0.483 0.975 0.281 -1.721 8.53E-02 
Complex Environment × Different Depth -0.229 0.931 0.272 -0.844 3.99E-01 
Complex Environment × Dual Task 0.267 1.055 0.251 1.067 2.86E-01 
Different Depth × Dual Task -0.047 0.975 0.295 -0.158 8.75E-01 
Complex Environment × Repeated Configuration 0.088 1.013 0.349 0.251 8.02E-01 
Different Depth × Repeated Configuration 0.190 1.035 0.432 0.440 6.60E-01 
Dual Task × Repeated Configuration 1.115 1.289 0.464 2.402 1.63E-02* 
Complex Environment × Different Depth × Dual Task -0.109 0.986 0.362 -0.302 7.63E-01 
Complex Environment × Different Depth × Repeated Configuration 0.256 1.157 0.537 0.477 6.33E-01 
Complex Environment × Dual Task × Repeated Configuration -0.704 0.910 0.560 -1.256 2.09E-01 
Different Depth × Dual Task × Repeated Configuration -0.832 0.882 0.643 -1.293 1.96E-01 
Complex Environment × Different Depth × Dual Task × Repeated Configuration 0.651 1.085 0.791 0.823 4.10E-01 

Note. 𝐵 denotes unstandardized regression coefficients, and OR denotes odds ratios. 
Significance: * p < .05, ** p < .01, *** p < .001. 
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Figure 7: Bar plots for the mean error rates (%) for keypress accuracy across three experimental factors: (a) task type, (b) virtual 
element depth, and (c) physical environment complexity. Statistical significance was assessed using pairwise comparisons of 
estimated marginal means with Tukey-adjusted p-values. Asterisks denote significant pairwise comparisons (* p < .05, ** p < .01, 
*** p < .001). In both the different-depth and same-depth conditions, error rates were significantly higher in complex than in 
simple environments for both single-task and dual-task conditions. No other significant comparisons were found. 

the same-depth condition in any condition. However, keypress ac-
curacy in the complex environment was significantly lower than 
in the simple environment across all combinations of task type 
and virtual depth. The details of the pairwise comparisons between 
combined spatial configurations are provided in Table 9 of Appen-
dix A. 

Figure 7 illustrates the mean keypress error rates with their stan-
dard errors across the eight experimental conditions. The mean 
error rates were higher in the complex than in the simple environ-
ment, while the effects of virtual element depth and task type were 
comparatively modest. The lowest mean error rate was recorded in 
the simple environment under single task with different depth. The 
highest mean error rate in the complex environment under dual 
task with different depth. 

Then, we compared keypress accuracy for novel spatial config-
urations. The comparison between the dual-task and single-task 
conditions was not significant in any combination of virtual element 
depth, and physical environment complexity. The contrast between 
the different-depth condition and the same-depth condition was 
also not significant in any combination. With respect to physical 
environment complexity, keypress accuracy in the complex envi-
ronment was significantly lower than in the simple environment in 
all combinations of task type and virtual element depth. The details 
of the pairwise comparisons between novel spatial configurations 
are provided in Table 10 of Appendix A. 

Finally, we compared keypress accuracy for repeated spatial con-
figurations. The comparison between the dual-task and single-task 
conditions was not significant in any combination of virtual element 
depth, and physical environment complexity. The contrast between 
the different-depth condition and the same-depth condition was 
also not significant in any combination. Regarding physical environ-
ment complexity, keypress accuracy in the complex environment 
was significantly lower than in the simple environment only in the 
same-depth dual-task condition, and was not significantly differ-
ent between environments in the other conditions. The details of 
the pairwise comparisons between novel spatial configurations are 
provided in Table 11 of Appendix A. 

Figure 8 illustrates the mean keypress error rates with their 
standard errors across task type, physical environment complexity, 
virtual element depth, and spatial configuration. For novel spatial 
configurations, the highest mean error rate was observed in the 
complex environment under dual-task conditions with different 
depth, whereas the lowest mean error rate occurred in the simple 
environment under single-task conditions with different depth. For 
repeated spatial configurations, the highest mean error rate was 
in the complex environment under single-task conditions with 
different depth, while the lowest mean error rate was observed 
in the simple environment under dual-task conditions with same 
depth. 
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Figure 8: Bar plots for the mean error rates (%) across three experimental factors: (a) task type, (b) virtual element depth, and (c) 
physical environment complexity, examined separately for novel and repeated spatial configurations. Statistical significance was 
assessed using pairwise comparisons of estimated marginal means with Tukey-adjusted p-values. Asterisks denote significant 
pairwise comparisons (* p < .05, ** p < .01, *** p < .001). 

4.2 Spatial Regularity Memory 
For the contextual cueing task, we conducted pairwise comparisons 
based on the model-based EMMs from LMM to examine whether 
reaction times in the novel spatial configurations were greater 
than those in the repeated spatial configurations. A significant 
result would indicate that repeated spatial configurations facilitated 
faster visual search, indicating memorisation of spatial regularities. 
Across all conditions, participants responded significantly faster 
to repeated spatial configurations as compared to novel spatial 
configurations, suggesting that they exploited spatial regularities 
to improve search efficiency. The results of pairwise comparisons 
are detailed in Table 3. Additional plots are provided in Figure 10 
of Appendix D. 

To examine whether participants’ memory for spatial regular-
ities was explicit or implicit, we administered a recognition task. 
Figure 9 illustrates participants’ mean error rates in the recognition 
task when distinguishing repeated from novel spatial configura-
tions. Overall, the mean error rates ranged between 30% and 45%, 
indicating relatively low accuracy in this task. The lowest mean 
error rate was observed in the simple environment under single 
task with different depth, whereas the highest mean error rate was 
recorded in the complex environment under dual task with different 
depth. 

4.3 Perceived Workload 
We used a CLMM to investigate responses for each sub-scale in 
the NASA-TLX questionnaire. The fixed effects of the CLMM con-
sisted of physical environment complexity, virtual element depth 
and task type, together with their interactions. Random intercepts 
were included for participants to to capture variability across in-
dividuals. We also reported Nagelkerke’s pseudo-𝑅 2 as an index 
of overall effect size for the CLMM. It is a likelihood-based index 
that rescales Cox–Snell’s 𝑅 2 to the 0–1 range and reflects the im-
provement in fit of the full model over a random-intercept null 
model [82]. The results indicates that under the dual-task condi-
tion, participants reported significantly higher ratings of mental 
demand (Estimate = 2.601, SE = 0.546, Nagelkerke’s pseudo-𝑅 2 = 
0.400, p = 1.88E−6), physical demand (Estimate = 2.242, SE = 0.6116, 
Nagelkerke’s pseudo-𝑅 2 = 0.248, p = 2.46E−4), temporal demand 
(Estimate = 2.466, SE = 0.570, Nagelkerke’s pseudo-𝑅 2 = 0.301, p = 
1.5E−5), effort (Estimate = 2.979, SE = 0.562, Nagelkerke’s pseudo-
𝑅 2 = 0.437, p = 1.15E−7), frustration (Estimate = 3.238, SE = 0.662, 
Nagelkerke’s pseudo-𝑅 2 = 0.337, p = 1.00E−6), and performance 
(Estimate = 1.781, SE = 0.569, Nagelkerke’s pseudo-𝑅 2 = 0.176, p 
= 1.75E−3). The detailed participant-level random effects for the 
CLMMs are reported in Table 12 of Appendix B. In contrast, neither 
physical environmental complexity nor virtual element depth, nor 
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Table 3: Results of pairwise model-based estimated marginal means from LMM comparing novel versus repeated spatial 
configurations, reported separately for physical environment complexity, virtual depth, and task type. Positive estimates 
indicate longer reaction times for novel relative to repeated spatial configurations. 

Condition Result 

Environment Depth Task Type Estimate 𝑡 (23349) 𝑃adjusted Cohen’s 𝑑 

Simple Environment Same Depth Single Task 0.218 9.824 4.89E-23*** 0.454 
Simple Environment Same Depth Dual Task 0.190 8.575 5.25E-18*** 0.394 
Simple Environment Different Depth Single Task 0.155 7.005 1.27E-12*** 0.323 
Simple Environment Different Depth Dual Task 0.065 2.930 1.70E-03** 0.135 
Complex Environment Same Depth Single Task 0.156 6.925 2.24E-12*** 0.323 
Complex Environment Same Depth Dual Task 0.138 6.194 2.98E-10*** 0.286 
Complex Environment Different Depth Single Task 0.230 10.317 3.33E-25*** 0.479 
Complex Environment Different Depth Dual Task 0.117 5.262 7.19E-08*** 0.244 

Significance: * p < .05, ** p < .01, *** p < .001. 

Figure 9: Bar plots of the mean recognition error rates (%) with standard errors. The left panel shows results for the same-depth 
condition, and the right panel shows results for the different-depth condition. Within each panel, error rates are separated by 
physical environment complexity and task type. Higher error rates indicate greater difficulty in distinguishing repeated from 
novel spatial configurations. 

the interactions showed significant effects on any of the individ-
ual NASA-TLX sub-scales. The detailed mean perceived workload 
scores are reported in Table 13 of Appendix B. 

To better present the significant effects of the experimental fac-
tors on the dependent variables, Table 4 summarises the significant 
main effects on reaction times, keypress accuracy, and perceived 
workload, and Table 5 summarises the significant interaction effects 
on these measures. 

4.4 Qualitative Result 
The qualitative insights obtained from our post-experiment in-
terview provides supplementary perspectives to our quantitative 
findings. We examined potential effects of the equipment, asking 
whether participants encountered any discomfort or difficulties 
when using the MR headset or keyboard. All participants confirmed 
that they did not experience such difficulties. 

We then asked participants to identify the conditions under 
which it was easiest or most difficult to conduct visual search. 

Twenty-one participants (87.5%) out of twenty-four participants 
reported that conducting visual search was easiest in the simple en-
vironment under single-task condition with virtual elements being 
presented at same depth, whereas only three participants (12.5%) 
considered the simple environment with single task and different 
depth to be the most difficult. Seventeen participants (70.83%) per-
ceived the combination of complex environment, dual task, and 
different depth as the most challenging condition for visual search. 

We also asked our participants to elaborate on the sources of 
interference during the visual search task. Fourteen participants 
(58.33%) highlighted environmental complexity, with one mention-
ing that the clutter in the complex environment substantially in-
creased the difficulty of locating the virtual target “T”. Nine par-
ticipants (37.5%) emphasized task type as the primary source of 
interference, with four participants (16.67%) noting that it was “im-
possible” to divide attention between two tasks, as the secondary 
auditory task disrupted the visual search process and sometimes 
even caused them to “forget” about searching for the virtual target 
“T”. Only one participant indicated that the placement of virtual 
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Table 4: Summary of significant main effects on reaction times, keypress accuracy, and perceived workload. 

Condition Reaction Times Keypress Accuracy Perceived Workload 

Complex environment ↑ ↓ – 
Different depth ↑ ↓ – 
Dual task – – ↑ 
Repeated configuration ↓ – – 
Note. An orange upward arrow (↑) indicates an increase relative to the baseline condition, a blue downward arrow (↓) indicates a decrease relative to the baseline condition, and – 
indicates that no substantial effect was observed. 

Table 5: Summary of significant interaction effects on reaction times, keypress accuracy, and perceived workload. 

Condition Reaction Times Keypress Accuracy Perceived Workload 

Complex Environment × Different Depth ↓ – – 
Complex Environment × Repeated Configuration ↑ – – 
Different Depth × Repeated Configuration ↑ – – 
Dual Task × Repeated Configuration – ↑ – 
Complex Environment × Different Depth × Repeated Configuration ↓ – – 
Note. Arrows indicate the direction of the estimated interaction coefficient in the mixed-effects models. An orange upward arrow (↑) denotes a positive interaction estimate (i.e., 
a larger outcome than expected from the additive main effects), a blue downward arrow (↓) denotes a negative interaction estimate, and – denotes no statistically significant 
interaction. 

objects at different depth levels was the primary factor affecting 
on the visual search performance. It is worth noting that all par-
ticipants consistently acknowledged that the dual-task condition 
substantially hindered the visual search performance. 

We further examined how different factors influenced memory 
for spatial regularities. Thirteen participants (54.17%) reported that 
spatial configurations were easiest to remember in the simple en-
vironment with single task and same depth, seven participants 
(29.17%) selected the simple environment with single task and dif-
ferent depth, and four participants (16.67%) pointed to the complex 
environment under single-task conditions. Regarding the most diffi-
cult scenarios, thirteen participants (54.17%) identified the complex 
environment with dual task and different depth, followed by six 
participants (25%) who selected the complex environment with dual 
task and same depth. 

When asked about the main factors influencing memory of spa-
tial regularities, fifteen participants (62.5%) identified task type, 
eight participants (33.33%) pointed to environmental complexity, 
and only one participant emphasized the role of virtual object depth. 
Seven participants (29.17%) noted that virtual elements were pre-
sented at different depth enhanced the sense of three-dimensionality 
in the simple environment, thereby facilitating memory. However, 
in the complex environment, the abundance of objects caused depth 
cues to hinder rather than facilitate the perceptibility of repeated 
spatial configurations. Opinions on environmental complexity were 
more divided: Two participants (8.3%) reported that the arrange-
ment of physical objects in the complex background provided cues 
that supported memory formation. Six participants (25%) reported 
no noticeable differences in their ability to retain repeated spa-
tial configurations between the complex and simple environments. 
In contrast, the remaining participants (66.7%) indicated that the 
excessive amount of visual information made it difficult to retain re-
peated spatial configurations. Notably, all participants unanimously 
agreed that they were unable to explicitly recall the exact layout 

of repeated spatial configurations, though many reported a vague 
sense of familiarity with certain displays. Additional details of par-
ticipants’ responses are provided in Appendix C. 

5 Discussion 
The aim of this research is to understand how physical environment 
complexity, virtual element depth, and task type influences visual 
search and spatial regularity memory in MR. Overall, our findings 
demonstrate that these factors shape user performance and expe-
rience in distinct ways. Based on the LMM, GLMM, and CLMM 
results, the secondary auditory task did not have a significant main 
effect on visual search performance. Therefore, H1 was not sup-
ported, even though the secondary auditory task was perceived 
as the most demanding condition. In contrast, our results show 
that complex environments have the most adverse effects on visual 
search task, consistent with H2. However, they were not perceived 
to significantly increase workload. Contrary to H3, different depths 
of virtual elements had a significant and negative main effect on 
visual search performance. In addition, virtual elements at different 
depths did not significantly increase perceived workload. These 
findings suggest a need to balance user perceptions with objective 
performance measures in visual MR tasks, such that MR solutions 
are optimized for both better user experience and user performance. 
Our pairwise comparison results also indicate that different combi-
nation of factors may exert unique effects on novel and repeated 
spatial configurations. This highlights the need to design around 
contextual factors when expecting MR use in familiar and unfamil-
iar layouts. Reaction times were significantly slower for repeated 
than for novel spatial configurations in all conditions, indicating 
that H4 was not supported. The low accuracy in the recognition 
task and participants’ reports in the post-experiment interviews 
suggest that spatial regularity memory is primarily implicit. 
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5.1 Effect of Task Type, Physical Environment 
Complexity, and Virtual Element Depth on 
Visual Search 

The LMM and GLMM results indicated that the secondary auditory 
task did not have a significant main effect on visual search perfor-
mance, diverging from prior reports of reduced visual performance 
in dual-task experiment [35, 95]. Therefore, H1 is not supported. We 
speculate that this discrepancy may arise because prior studies fo-
cused on isolated factors and did not consider how multiple factors 
jointly shape dual-task costs. However, despite LMM results show-
ing no significant global interaction effects between task type and 
the other independent variables, the follow-up pairwise compar-
isons indicate that task type influences visual search performance 
at specific combinations of physical environment complexity and 
virtual element depth. Specifically, although the secondary auditory 
task did not have a significant effect on visual search reaction times 
in simple environments with same-depth virtual elements, it had 
a statistically significant, but small-to-moderate effect, in visually 
complex environments under both the same-depth (Cohen’s d = 
0.078, p = 1.73E-02) and different-depth conditions (Cohen’s d = 
0.287, p = 2.55E-18), and in simple environments where virtual ele-
ments were presented at the different depth (Cohen’s d = 0.140, p = 
1.82E-05). This may be caused by differences in visual characteristics 
of virtual elements compared to physical objects—making the vir-
tual target relatively easy to locate in visually simple environments, 
even when performing a secondary task. However, as complexity 
increases through physical clutter and the need to refocus across 
different virtual element depths, the search task becomes more 
difficult, and the addition of a secondary task further taxes limited 
cognitive resources [89, 109]. These results suggest that when MR 
applications are intended for use in complex real-world settings 
and require the distribution of virtual content across different depth 
planes, additional care is warranted to mitigate the heightened risk 
of dual-task interference. For instance, in MR simulations for ex-
cavation training [5, 81], where virtual pipelines, exclusion zones, 
and grade lines are rendered across multiple depths, the system 
should defer non-urgent status notifications to prevent dual-task 
interference with visual search. 

Moreover, our pairwise comparisons for novel spatial config-
urations indicate that the secondary auditory task significantly 
slowed reaction times only in complex environments under both 
the same-depth (Cohen’s d = 0.060, p = 4.17E-02) and different-
depth conditions (Cohen’s d = 0.169, p = 8.47E-09), although the 
effect size was small in magnitude. This suggests that the higher 
perceptual and attentional load incurred by visually complex en-
vironments, combined with the uncertainty in visually searching 
unfamiliar configurations can exacerbate challenges introduced by 
a secondary task. In contrast, for repeated spatial configurations, 
the secondary auditory task significantly slowed reaction times 
only when virtual elements were presented at different depths, in 
both simple (Cohen’s d = 0.234, p = 6.08E-05) and complex environ-
ments (Cohen’s d = 0.404, p = 5.84E-12). This may be because part 
of the search is offloaded to memory for familiar layouts, so the 
limiting factor shifts from overall scene complexity to how easily 
these regularities can be retrieved and applied in three dimensions. 
When virtual elements are presented at different depths, exploiting 

repeated spatial configurations requires binding spatial relations 
across depth planes, which makes it harder for participants to use 
the learned spatial regularities. Consequently, the dual-task cost 
appears primarily in the different-depth condition. These findings 
imply that MR application designers need to consider not only how 
easily users can locate targets from the immediate visual scene, but 
also how effectively targets can be located by relying on memory 
for consistent spatial regularities. 

Additionally, although the LMM and GLMM analyses revealed 
no significant main effect of the secondary auditory task on visual 
search performance, subjective reports were strikingly consistent 
but contrasting: interview responses indicated that all participants 
perceived the dual-task condition as substantially impairing visual 
search. NASA-TLX responses similarly exhibited increased work-
loads across all individual sub-scales for the dual-task condition 
when compared to single-task condition. This divergence highlights 
the need to balance users’ subjective experience with objective per-
formance to ensure both usability and effectiveness. The result 
also highlight that assessments of MR applications should not rely 
exclusively on objective indicators such as reaction times or ac-
curacy. Subjective measures of workload, comfort, and perceived 
usability are equally critical for capturing the full spectrum of user 
experience. 

The LMM results also indicates that physical environment com-
plexity had a significant effect on visual search performance, with 
complex environments markedly slowing participants’ reaction 
times (𝛽 = 0.305, p = 9.65E-29). While expected and aligned with 
H2, this result presents a key consideration for designing MR ap-
plications across different environmental contexts. For example, 
collaborative office spaces with no furniture and just whiteboards 
may exhibit less visual complexity, allowing for MR applications 
with more involved searching interactions. In contrast, navigation 
applications deployed in busy streets with pedestrians and cars 
require careful design that constrains both virtual element depth 
and task complexity. 

An additional insight from our LMM analysis suggest that when 
virtual elements were presented at different depths, participants 
required more time to complete visual search, which is contrary 
to H3. The LMM results also indicates an interesting significant 
interaction effect, where varying virtual element depth can miti-
gate the negative impact of complex environments on visual search 
reaction times (𝛽 = 0.110, p = 4.54E-3). A possible explanation is that 
visual interference in complex environments stems from clutter 
that causes targets and distractors to be grouped together based on 
similarity and proximity [54, 55]. When depth cues are introduced, 
they provide segmentation information, creating clearer boundaries 
between foreground and background and thereby reducing inter-
ference. However, In simple environments, there is relatively little 
clutter to segment, so additional depth variation does not offer sub-
stantial segmentation benefits. Instead, it requires participants to 
distribute attention across multiple depth planes, increasing the ef-
fort needed to locate the target and ultimately slowing visual search. 
This divergence suggests that virtual element depth functions as 
a double-edged sword. In simple environments, depth should be 
regarded both as a resource for conveying spatial structure and as 
a constraint when efficiency is critical. In complex environments, 
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MR applications can leverage depth cues to reduce interference and 
support more efficient target detection. 

The pairwise comparisons of reaction times to combined spatial 
configurations with different virtual element depths across all levels 
of physical environment complexity and task type provides further 
context. These post-hoc analysis reveal presenting virtual elements 
at different depths significantly reduced reaction times only in the 
complex environments under the single-task condition (Cohen’s d 
= -0.098, p = 2.91E-03), albeit with a small effect size. In contrary, 
in the complex environment under the dual-task condition, virtual 
elements presented at different depths yielded significantly longer 
reaction times than virtual elements presented at the same depth 
(Cohen’s d = 0.110, p = 7.47E-04). This may because the combination 
of a visually complex environment and a concurrent auditory task 
already consumes substantial cognitive resources, and processing 
virtual elements at different depths additionally requires integrating 
binocular disparity [92, 94, 124], perspective cues [38, 122], and fo-
cal adjustments [61, 130] to determine the target’s location, thereby 
intensifying competition for limited cognitive resources [49, 131] 
and slowing responses. 

In visual search, speed is not the only critical measure, and 
accuracy is equally important. In many cases, rapid but erroneous 
selections, such as clicking on an incorrect icon and then correcting 
it, consume more time than slower but accurate target identification. 
This led us to question how contextual factors in MR influence 
visual search accuracy. 

The GLMM results showed that complex environments signifi-
cantly reduced the target search accuracy (OR = 0.716, p = 3.73E-04), 
potentially due to clutter that obscured targets and distractors. In 
contrast, although presenting virtual elements at different depths 
slowed search speed, it did not significantly reduce accuracy. Simi-
larly, adding a dual task had no significant effect on accuracy. These 
findings suggest that MR applications can tolerate depth variation 
and moderate multitasking without significantly compromising 
accuracy, but designers should be cautious in cluttered physical 
settings where visual confusion is most likely. For example, in a 
classrooms with multiple posters, charts, and student activity, vir-
tual learning materials should be presented with simplified, highly 
distinctive cues to facilitate efficient information search. In contrast, 
in controlled study environments such as quiet self-study rooms 
with only desks and a few papers, MR application can place virtual 
element at different depths to enhance information density and add 
concurrent tasks (e.g., interactive questions) to enrich the learning 
experience. 

5.2 Effect of Task Type, Physical Environment 
Complexity, and Virtual Element Depth on 
Memory for Spatial Regularities 

Our LMM results indicate a significant main effect of spatial con-
figurations on visual search performance. This is further supported 
by our pairwise comparisons between repeated and novel spatial 
configurations, which demonstrates that participants successfully 
exploited spatial regularities to accelerate search in all conditions. 
This finding is inconsistent with H4 and with prior studies suggest-
ing that dual-task demands suppress the formation and expression 

of spatial regularity learning [27]. One possible explanation con-
cerns the number and variety of repeated spatial configurations 
used in earlier work. Many of these studies employed a large set of 
distinct repeated spatial configurations, significantly increasing the 
complexity of learning spatial regularities. In such studies, partici-
pants may not have been given sufficient opportunity to register 
the different repeated spatial configuration. As such, the absence 
of the spatial regularity learning may be misattributed to a specific 
experimental factor rather than to insufficient opportunities for 
learning. These results highlight the need for future work to deter-
mine whether a failure to observe spatial regularity learning is due 
to an insufficient number of repetitions of repeated spatial configu-
rations, or whether it reflects a genuine impact of the experimental 
conditions. 

Additionally, our post-hoc pairwise comparisons reveal differ-
ences in the degree to which different spatial configurations influ-
ence visual search times across the different experimental condi-
tions. Notably, minimal effect was observed in simple environments, 
where virtual targets were presented at different depths and a sec-
ondary task was present (Cohen’s d = 0.135, p = 1.70E-03). We 
speculate that, in different-depth settings, spatial regularity learn-
ing requires encoding the depth relations between virtual elements. 
Complex environments provide abundant contextual cues that sup-
port such higher-order binding, whereas simple environments offer 
few contextual cues, making bindings fragile. The dual task fur-
ther taxed working memory, straining capacity for encoding and 
consolidating these relational structures. This implies that MR ap-
plications can enhance spatial regularity learning by anchoring 
virtual elements to physical objects in the environment. For exam-
ple, a virtual TV guide may be aligned with the edge of a physical 
television screen, and a speech-assistant notification could appear 
near the speaker. Such consistent spatial associations enable users 
to acquire and exploit spatial regularities more intuitively. 

Although spatial regularities facilitated faster search, partici-
pants consistently reported being unable to recall repeated spatial 
configurations during the interview. Taken together with the high 
error rates in the recognition task, these findings suggest that the ac-
quisition of spatial regularities relied primarily on implicit memory 
rather than explicit memory. These results highlight the importance 
of repetition and consistency in MR spatial layouts, allowing users 
to benefit from spatial regularities even when explicit memory is 
limited. 

The LMM results also showed that complex environments sig-
nificantly reduced the facilitation effect of repeated spatial config-
urations (𝛽 = 0.122, p = 4.71E-2). The presence of numerous, and 
potentially salient, physical objects draws attentional resources [29] 
away from virtual targets and makes it harder for participants to 
exploit repeated spatial configurations during search. In addition, 
users exhibited significantly slower search times to repeated spatial 
configurations with virtual elements at different depths (𝛽 = 0.123, 
p = 4.47E-2). When complex environments were combined with 
different-depth conditions, the facilitation effect of repeated spatial 
configurations was restored and even enhanced (𝛽 = -0.268, p = 
2.00E-3). A likely explanation is that depth cues stratified virtual 
and physical elements, making target–distractor configurations 
emerge more distinctly from clutter and thereby supporting the use 
of spatial regularities. These results indicate that MR applications 
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can enhance spatial regularity learning by aligning virtual content 
with the depth structure of the real environment, thereby minimiz-
ing interference from physical clutter and facilitating more efficient 
search. For instance, in a learning setting, virtual annotations or 
immediate prompts can be attached to notebooks or the desktop 
surface, while virtual search results or learning supplementary 
materials can be placed at farther depth levels near the monitor. 
Such spatial organization helps users distinguish between “nearby 
task-relevant information” and “distant reference information”. By 
aligning virtual content with the depth structure of the real en-
vironment, users can rely on familiar spatial anchors to organize 
virtual information, which in turn simplifies visual search. 

In addition, our GLMM results suggest that repeated spatial con-
figurations reduced the negative impact of dual-task demands on ac-
curacy (OR = 1.289, p = 1.63E-02). Repeated configurations increase 
the robustness of MR interactions in dual task contexts, enabling 
users to maintain accuracy even when attention is divided. This 
indicates that when multitasking in MR applications is unavoidable, 
maintaining stable and easily learnable spatial regularities, such 
as preserving the same spatial layout of virtual elements across 
contexts, can mitigate performance costs imposed by multitasking 
demands. 

5.3 Implications Beyond MR 
As interactions with many digital user interfaces often involve 
visual search [14, 91], it is important to consider our findings in 
broader HCI contexts. Variable depth cues are common in 3D mod-
elling applications and games [80], and the placement of interface 
elements can aid or hinder search based on users’ prior experiences 
with similar layouts [115]. For example, a desktop 3D interior de-
sign study might evaluate whether distributing interface elements 
across depth improves visual search and editing efficiency. Different 
interface layouts may be tested, where modelling tools and visual 
aids are placed in varying depths—such as keeping key parameters 
in a near-camera panel while embedding context-sensitive controls 
and labels as floating widgets anchored to objects in the 3D scene. 
If the study repeatedly uses the same room template and highly 
similar editing tasks, users may appear to search more efficiently 
over time because they learn the recurring depth-structured place-
ment of tools and cues. With repeated exposure, novices can learn 
not only where controls are located on the screen but also which 
depth plane they typically occupy, while experts may benefit ear-
lier if these conventions match prior CAD workflows. In this case, 
improved visual search performance may reflect familiarity with a 
recurring depth-based layout rather than the causal effect of the 
layout manipulation itself. 

Moreover, understanding how the placement of virtual elements 
can better support visual search is vital for many applications, as 
design choices about where information appears, can either guide at-
tention efficiently or impose additional visual search costs [135, 136]. 
The relationship between virtual element depth and physical en-
vironment complexity can also extend to other HCI contexts. For 
example, in in-vehicle head-up displays, designers may present vir-
tual cues such as navigation guidance, hazard alerts, or speed-limit 
information within the driver’s forward view while the driver simul-
taneously processes a visually complex road scene. In demanding 

environments such as dense traffic, complex intersections, or poor 
visibility, the road scene can be visually cluttered, and critical cues 
may compete with background objects and motion for attention. 
In such contexts, distributing cues across depth planes can help 
visually separate them from the background and from one another, 
supporting faster target detection. For instance, designers could 
render the most urgent alerts (e.g., collision or hazard warnings) on 
a nearer depth plane, while placing lower-urgency guidance (e.g., 
navigation prompts) on a slightly farther plane, so that critical cues 
stand out without visually crowding the forward view. 

Furthermore, our study suggests that HCI evaluations should 
consider not only objective performance measures but also users’ 
subjective experience, as subjective costs can reveal trade-offs that 
are not captured by performance metrics alone. 

6 Limitations and Future Work 
We acknowledge that our study has several limitations. First, the 
physical environment in our study was controlled and remained 
constant, whereas MR applications in real-world use often occur in 
dynamic and variable contexts [65]. For example, users may interact 
with MR while walking or when switching between home and office 
settings. Such environmental variability may undermine the stabil-
ity of regularity cues and alert the visual search process [141, 142]. 
Future work needs to examine how spatial regularities are learned 
and exploited under more naturalistic and dynamic environments. 

Second, our study provides insights on the effects of MR factors 
specific to physical environment complexity, virtual element depth, 
dual-task presence, and spatial regularities on visual search perfor-
mance. However, other potentially relevant factors were standard-
ized, such as virtual element color and size, to minimize potential 
confounding factors. In real-world MR applications, virtual ele-
ments often vary in color, size, and shape. For instance, navigation 
arrows may be much larger than textual prompts, and educational 
applications may include vividly colored models that strongly con-
trast with their surroundings. These factors may influence visual 
search efficiency and spatial regularity memory. However, exam-
ining all relevant factors was beyond the scope of this paper and 
future research is needed to examine the potential influence of 
additional factors on visual search efficiency and spatial regularity 
memory in MR. 

Third, we based our sample size on prior visual search [19, 74] 
and related HCI studies [15]. However, we acknowledge that an a 
priori power analysis would have provided us with a more rigorous 
basis for determining the required sample size. 

7 Conclusion 
In this work, we investigated the effects of physical environment 
complexity, virtual element depth, and dual-task presence on vi-
sual search performance and spatial regularity memory in MR. In 
contrast to prior work, our findings indicate that the interference 
from a secondary tone-counting task on visual search in MR was 
dependent on environmental and virtual element depth. Further-
more, differences between participants’ objective and subjective 
assessments underscore the need to balance efficiency with user 
experience. The differing factor effects for novel and repeated spa-
tial configurations also highlight the need to address both efficient 
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target localisation in the immediate visual scene and the effective 
exploitation of memory for consistent spatial regularities in MR in-
terface design. Although memory for spatial regularities is implicit, 
it can significantly facilitate visual search. Our results also highlight 
the need to distinguish absences of spatial regularity learning due 
to limited repetitions from those caused by the experimental ma-
nipulations. Our findings contribute towards better understanding 
of visual search and spatial regularity memory in MR by disentan-
gling the respective influences of physical environment complexity, 
virtual element depth and task demands. 
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A Supplementary Tables of Pairwise Comparisons 

Table 6: Pairwise comparisons of estimated marginal means of log reaction times across combined spatial configurations, 
separately for task type, virtual depth, and physical environmental complexity. Positive estimates indicate longer reaction 
times in Level 1 relative to Level 2. 

Comparison Condition Result 

Level 1 Level 2 Environment Depth Task Type Estimate 𝑡 (23349) 𝑃adjusted Cohen’s 𝑑 

Task type comparisons 
Dual Task Single Task Simple Environment Same Depth – 0.027 1.748 8.05E-02 0.057 
Dual Task Single Task Simple Environment Different Depth – 0.067 4.287 1.82E-05*** 0.140 
Dual Task Single Task Complex Environment Same Depth – 0.038 2.381 1.73E-02* 0.078 
Dual Task Single Task Complex Environment Different Depth – 0.138 8.737 2.55E-18*** 0.287 

Depth comparisons 
Different Depth Same Depth Simple Environment – Single Task 0.078 4.981 6.38E-07*** 0.162 
Different Depth Same Depth Simple Environment – Dual Task 0.118 7.536 5.03E-14*** 0.245 
Different Depth Same Depth Complex Environment – Single Task -0.047 -2.977 2.91E-03** -0.098 
Different Depth Same Depth Complex Environment – Dual Task 0.053 3.372 7.47E-04*** 0.110 

Environment comparisons 
Complex Environment Simple Environment – Same Depth Single Task 0.188 11.890 1.65E-32*** 0.391 
Complex Environment Simple Environment – Same Depth Dual Task 0.198 12.629 1.93E-36*** 0.412 
Complex Environment Simple Environment – Different Depth Single Task 0.063 3.975 7.05E-05*** 0.130 
Complex Environment Simple Environment – Different Depth Dual Task 0.133 8.483 2.33E-17*** 0.277 

Significance: * p < .05, ** p < .01, *** p < .001. 

Table 7: Pairwise comparisons of estimated marginal means of log reaction times across novel spatial configurations, separately 
for task type, virtual depth, and physical environmental complexity. Positive estimates indicate longer reaction times in Level 1 
relative to Level 2. 

Comparison Condition Result 

Level 1 Level 2 Environment Depth Task Type Estimate 𝑡 (23349) 𝑃adjusted Cohen’s 𝑑 

Task type comparisons 
Dual Task Single Task Simple Environment Same Depth – 0.013 0.930 3.50E-01 0.027 
Dual Task Single Task Simple Environment Different Depth – 0.022 1.570 1.18E-01 0.046 
Dual Task Single Task Complex Environment Same Depth – 0.029 2.040 4.17E-02* 0.060 
Dual Task Single Task Complex Environment Different Depth – 0.081 5.760 8.47E-09*** 0.169 

Depth comparisons 
Different Depth Same Depth Simple Environment – Single Task 0.047 3.333 8.61E-04*** 0.097 
Different Depth Same Depth Simple Environment – Dual Task 0.055 3.955 7.69E-05*** 0.115 
Different Depth Same Depth Complex Environment – Single Task -0.010 -0.691 4.90E-01 -0.020 
Different Depth Same Depth Complex Environment – Dual Task 0.043 3.036 2.40E-03** 0.089 

Environment comparisons 
Complex Environment Simple Environment – Same Depth Single Task 0.157 11.138 9.65E-29*** 0.325 
Complex Environment Simple Environment – Same Depth Dual Task 0.172 12.221 3.04E-34*** 0.358 
Complex Environment Simple Environment – Different Depth Single Task 0.100 7.123 1.09E-12*** 0.208 
Complex Environment Simple Environment – Different Depth Dual Task 0.160 11.328 1.14E-29*** 0.332 

Significance: * p < .05, ** p < .01, *** p < .001. 
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Table 8: Pairwise comparisons of estimated marginal means of log reaction times across repeated spatial configurations, 
separately for task type, virtual depth, and physical environmental complexity. Positive estimates indicate longer reaction 
times in Level 1 relative to Level 2. 

Comparison Condition Result 

Level 1 Level 2 Environment Depth Task Type Estimate 𝑡 (23349) 𝑃adjusted Cohen’s 𝑑 

Task type comparisons 
Dual Task Single Task Simple Environment Same Depth – 0.042 1.490 1.37E-01 0.087 
Dual Task Single Task Simple Environment Different Depth – 0.112 4.010 6.08E-05*** 0.234 
Dual Task Single Task Complex Environment Same Depth – 0.047 1.640 1.00E-01 0.097 
Dual Task Single Task Complex Environment Different Depth – 0.194 6.890 5.84E-12*** 0.404 

Depth comparisons 
Different Depth Same Depth Simple Environment – Single Task 0.110 3.904 9.49E-05*** 0.228 
Different Depth Same Depth Simple Environment – Dual Task 0.180 6.447 1.16E-10*** 0.375 
Different Depth Same Depth Complex Environment – Single Task -0.085 -2.981 2.88E-03** -0.176 
Different Depth Same Depth Complex Environment – Dual Task 0.063 2.249 2.45E-02* 0.132 

Environment comparisons 
Complex Environment Simple Environment – Same Depth Single Task 0.219 7.746 9.90E-15*** 0.456 
Complex Environment Simple Environment – Same Depth Dual Task 0.224 7.993 1.38E-15*** 0.466 
Complex Environment Simple Environment – Different Depth Single Task 0.025 0.888 3.75E-01 0.052 
Complex Environment Simple Environment – Different Depth Dual Task 0.107 3.810 1.40E-04*** 0.222 

Significance: * p < .05, ** p < .01, *** p < .001. 

Table 9: Pairwise comparisons of estimated marginal means for keypress accuracy across combined spatial configurations, 
separately for task type, virtual depth, and environmental complexity. Odds ratios greater than 1 indicate higher accuracy in 
Level 1 relative to Level 2. 

Comparison Condition Result 

Level 1 Level 2 Environment Depth Task Type Odds Ratio 𝑧 𝑃adjusted 

Task type comparisons 
Dual Task Single Task Simple Environment Same Depth – 1.295 1.100 2.71E-01 
Dual Task Single Task Complex Environment Same Depth – 1.190 1.076 2.82E-01 
Dual Task Single Task Simple Environment Different Depth – 0.816 -0.885 3.76E-01 
Dual Task Single Task Complex Environment Different Depth – 0.930 -0.409 6.83E-01 

Depth comparisons 
Different Depth Same Depth Simple Environment – Single Task 1.370 1.433 1.52E-01 
Different Depth Same Depth Complex Environment – Single Task 1.238 1.306 1.92E-01 
Different Depth Same Depth Simple Environment – Dual Task 0.863 -0.602 5.47E-01 
Different Depth Same Depth Complex Environment – Dual Task 0.968 -0.186 8.52E-01 

Environment comparisons 
Complex Environment Simple Environment – Same Depth Single Task 0.540 -3.491 4.81E-04*** 
Complex Environment Simple Environment – Different Depth Single Task 0.488 -3.428 6.07E-04*** 
Complex Environment Simple Environment – Same Depth Dual Task 0.496 -3.129 1.76E-03** 
Complex Environment Simple Environment – Different Depth Dual Task 0.556 -2.912 3.60E-03** 

Significance: * p < .05, ** p < .01, *** p < .001. 
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Table 10: Pairwise comparisons of estimated marginal means for keypress accuracy across novel spatial configurations, 
separately for task type, virtual depth, and environmental complexity. Odds ratios greater than 1 indicate higher accuracy in 
Level 1 relative to Level 2. 

Comparison Condition Result 

Level 1 Level 2 Environment Depth Task Type Odds Ratio 𝑧 𝑃adjusted 

Task type comparisons 
Dual Task Single Task Simple Environment Same Depth – 0.742 -1.502 1.33E-01 
Dual Task Single Task Simple Environment Different Depth – 0.708 -1.574 1.15E-01 
Dual Task Single Task Complex Environment Same Depth – 0.969 -0.205 8.38E-01 
Dual Task Single Task Complex Environment Different Depth – 0.829 -1.264 2.06E-01 

Depth comparisons 
Different Depth Same Depth Simple Environment – Single Task 1.245 0.979 3.28E-01 
Different Depth Same Depth Simple Environment – Dual Task 1.189 0.896 3.70E-01 
Different Depth Same Depth Complex Environment – Single Task 0.990 -0.064 9.49E-01 
Different Depth Same Depth Complex Environment – Dual Task 0.847 -1.127 2.60E-01 

Environment comparisons 
Complex Environment Simple Environment – Same Depth Single Task 0.517 -3.559 3.73E-04*** 
Complex Environment Simple Environment – Different Depth Single Task 0.411 -4.450 8.59E-06*** 
Complex Environment Simple Environment – Same Depth Dual Task 0.675 -2.318 2.05E-02* 
Complex Environment Simple Environment – Different Depth Dual Task 0.481 -4.214 2.51E-05*** 

Significance: * p < .05, ** p < .01, *** p < .001. 

Table 11: Pairwise comparisons of estimated marginal means for keypress accuracy across repeated spatial configurations, 
separately for task type, virtual depth, and environmental complexity. Odds ratios greater than 1 indicate higher accuracy in 
Level 1 relative to Level 2. 

Comparison Condition Result 

Level 1 Level 2 Environment Depth Task Type Odds Ratio 𝑧 𝑃adjusted 

Task type comparisons 
Dual Task Single Task Simple Environment Same Depth – 2.262 1.931 5.35E-02 
Dual Task Single Task Simple Environment Different Depth – 0.940 -0.155 8.77E-01 
Dual Task Single Task Complex Environment Same Depth – 1.462 1.337 1.81E-01 
Dual Task Single Task Complex Environment Different Depth – 1.044 0.133 8.94E-01 

Depth comparisons 
Different Depth Same Depth Simple Environment – Single Task 1.506 1.097 2.73E-01 
Different Depth Same Depth Simple Environment – Dual Task 0.626 -1.044 2.97E-01 
Different Depth Same Depth Complex Environment – Single Task 1.548 1.520 1.28E-01 
Different Depth Same Depth Complex Environment – Dual Task 1.106 0.317 7.52E-01 

Environment comparisons 
Complex Environment Simple Environment – Same Depth Single Task 0.564 -1.920 5.48E-02 
Complex Environment Simple Environment – Different Depth Single Task 0.579 -1.491 1.36E-01 
Complex Environment Simple Environment – Same Depth Dual Task 0.364 -2.442 1.46E-02* 
Complex Environment Simple Environment – Different Depth Dual Task 0.644 -1.215 2.24E-01 

Significance: * p < .05, ** p < .01, *** p < .001. 
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B Supplementary Tables of Perceived Workload 

Table 12: Random intercept variance and standard deviation at the participant level for cumulative link mixed models fitted to 
each NASA–TLX subscale. 

Subscale Variance Standard Deviation 

Mental Demand 4.508 2.213 
Physical Demand 23.866 4.885 
Temporal Demand 5.102 2.258 
Performance 6.748 2.597 
Effort 2.978 1.726 
Frustration 20.159 4.490 

Table 13: Mean and Standard deviation (within parenthesis) of the NASA-TLX scores for each sub-scale grouped by Condition. 
The dual-task condition significantly increased subjective workload across all condition 

Condition NASA–TLX (Mean (SD)) 

Environment Depth Task Type Mental Demand Physical Demand Temporal Demand Performance† Effort Frustration 

Simple Environment Same Depth Single Task 39.5 (24.7) 28.5 (22.6) 28.0 (20.9) 31.3 (22.1) 34.2 (20.9) 18.0 (17.1) 
Simple Environment Same Depth Dual Task 62.8 (21.3) 40.8 (26.7) 51.2 (26.3) 42.8 (20.7) 62.3 (19.9) 34.3 (24.3) 
Simple Environment Different Depth Single Task 42.0 (21.8) 31.9 (23.7) 27.8 (21.0) 35.0 (20.1) 39.1 (18.8) 24.7 (19.1) 
Simple Environment Different Depth Dual Task 60.1 (24.0) 40.8 (26.8) 52.7 (27.4) 43.5 (21.8) 58.0 (22.3) 36.2 (26.7) 
Complex Environment Same Depth Single Task 46.5 (24.4) 39.2 (26.7) 33.4 (21.8) 38.0 (22.1) 42.5 (22.3) 31.5 (25.1) 
Complex Environment Same Depth Dual Task 69.3 (19.3) 47.3 (31.6) 50.5 (25.4) 48.1 (21.4) 68.8 (18.0) 43.1 (29.7) 
Complex Environment Different Depth Single Task 54.8 (21.6) 42.0 (26.4) 33.9 (21.8) 40.1 (17.1) 48.6 (21.9) 33.4 (24.9) 
Complex Environment Different Depth Dual Task 74.4 (16.9) 49.1 (31.2) 53.3 (26.4) 48.5 (21.8) 71.8 (15.7) 41.2 (28.2) 

Note. The † Performance sub-scale is labelled from ‘Perfect’ to ‘Failure’, i.e., a lower score is better. 



CHI ’26, April 13–17, 2026, Barcelona, Spain Lefan Lai, Tinghui Li, Zhanna Sarsenbayeva, and Brandon Victor Syiem 

C Supplementary Tables of Qualitative Results 
To complement the quantitative results reported in the main text, the following tables present selected excerpts from the interview data. 

Table 14: Participants reported the easiest condition for finding the target “T”. The simple environment with same depth under 
single-task conditions received the highest number of responses. 

Condition Participants 

Environment Depth Task Type N

Simple Environment Same Depth Single Task 21 
Simple Environment Same Depth Dual Task 0 
Simple Environment Different Depth Single Task 3 
Simple Environment Different Depth Dual Task 0 
Complex Environment Same Depth Single Task 0 
Complex Environment Same Depth Dual Task 0 
Complex Environment Different Depth Single Task 0 
Complex Environment Different Depth Dual Task 0 

Total responses: 24 participants. 

Table 15: Participants reported the hardest condition for finding the target T. The complex environment with different depths 
under dual-task conditions received the highest number of responses. 

Condition Participants 

Environment Depth Task Type N

Simple Environment Same Depth Single Task 0 
Simple Environment Same Depth Dual Task 0 
Simple Environment Different Depth Single Task 0 
Simple Environment Different Depth Dual Task 0 
Complex Environment Same Depth Single Task 0 
Complex Environment Same Depth Dual Task 6 
Complex Environment Different Depth Single Task 1 
Complex Environment Different Depth Dual Task 17 

Total responses: 24 participants. 

Table 16: Participants reported the independent variables with the greatest impact on their ability to find the target T. Environ-
ment was selected most frequently. 

Independent Variable Participants (N) 

Environment 14 
Depth 1 
Task 9 

Total responses: 24 participants. 
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Table 17: Participants reported the easiest condition for remembering repeated spatial configurations. The simple environment 
with same depth under single-task conditions received the highest number of responses. 

Condition Participants 

Environment Depth Task Type N

Simple Environment Same Depth Single Task 13 
Simple Environment Same Depth Dual Task 0 
Simple Environment Different Depth Single Task 7 
Simple Environment Different Depth Dual Task 0 
Complex Environment Same Depth Single Task 0 
Complex Environment Same Depth Dual Task 0 
Complex Environment Different Depth Single Task 4 
Complex Environment Different Depth Dual Task 0 

Total responses: 24 participants. 

Table 18: Participants reported the hardest condition for remembering repeated spatial configurations. The complex environ-
ment with different depths under dual-task conditions received the highest number of responses. 

Condition Participants 

Environment Depth Task Type N

Simple Environment Same Depth Single Task 0 
Simple Environment Same Depth Dual Task 4 
Simple Environment Different Depth Single Task 0 
Simple Environment Different Depth Dual Task 0 
Complex Environment Same Depth Single Task 0 
Complex Environment Same Depth Dual Task 6 
Complex Environment Different Depth Single Task 1 
Complex Environment Different Depth Dual Task 13 

Total responses: 24 participants. 

Table 19: Participants reported the independent variables with the greatest impact on memory for repeated spatial configurations. 
Task type was selected most frequently. 

Independent Variable Participants (N) 

Environment 8 
Depth 1 

Task Type 15 

Total responses: 24 participants. 
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D Additional Figures 

Figure 10: Bar plots of the mean reaction times across task type, environment, and depth conditions for novel and repeated 
spatial configurations. Statistical significance was assessed using pairwise comparisons of estimated marginal means for novel 
versus repeated spatial configurations, with Tukey-adjusted p-values. Asterisks denote significant pairwise comparisons (* p < 
.05, ** p < .01, *** p < .001). 
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