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Figure 1: Augmented reality + BIM-assisted electrical outlet installation workflow with native-language (L1) guidance. Left:
AR-assisted outlet installation with workspace detection and translated instructions. Middle: AR visualizations of outlet
placement, wire pose estimation, and device alignment, with L1 instructions to reduce bilingual switching. Right: Experimental
setup (top) and installation panel (bottom).

Abstract
Augmented Reality (AR) interfaces integrated with Building In-
formation Modeling (BIM) are increasingly used to support con-
struction training and on-site tasks. Existing AR+BIM research has
largely emphasized visual augmentation and spatial guidance, with
limited attention to linguistic accessibility as a user interface de-
sign factor. This gap is significant in the U.S. construction industry,
where many workers are native Spanish speakers who routinely
interact with technical systems in a second language. This paper
investigates how user interface language influences performance
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and cognitive workload in AR+BIM-assisted construction train-
ing. We conducted a controlled study in which Spanish-speaking
participants completed a multi-step electrical installation and mod-
ification task using identical AR+BIM interfaces presented in either
Spanish (L1) or English (L2). In addition to completion time and pro-
cedural accuracy, we evaluated subjective workload, usability, and
performance variability while accounting for individual bilingual
language differences. By framing language as an interaction vari-
able in XR interface design, we introduce a linguistically grounded
perspective for evaluating AR instructional systems. We show that
first- and second-language interfaces influence performance consis-
tency and cognitive strategy use during AR-assisted construction
tasks. This highlights the importance of considering language when
designing and evaluating multilingual AR+BIM interfaces.
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1 Introduction
Augmented Reality (AR) systems integrated with Building Infor-
mation Modeling (BIM) have emerged as effective interfaces for
construction training, assembly guidance, and on-site retrofitting
workflows [6, 51]. Research in augmented and extended reality has
primarily focused on spatial registration accuracy, visualization
fidelity, interaction techniques [32], safety, and task performance
optimization [19]. These advances have demonstrated measurable
gains in efficiency [25], reduced errors [61], and improved training
transfer across a variety of construction scenarios [2, 69]. Most of
this work, however, has examined spatial presentation and interac-
tion techniques. Despite the inherently multimodal nature of AR
[44], relatively little research has experimentally examined how
interface language—whether presented in an AR user’s first (L1)
or second language (L2) affects task performance and cognitive
demand [41, 49]. Language is a key factor in shaping how users un-
derstand tasks, influencing performance, cognitive workload, and
other operational factors, particularly due to bilingual switching
costs arising from users’ alternation between their first and second
languages during task execution [10].

In the United States, Hispanic workers comprise a substantial
portion of the construction workforce, and many are native Spanish
speakers with varying degrees of English proficiency. Despite this,
safety documentation, technical specifications, and digital training
systems are often provided primarily in English. When AR systems
deliver procedural guidance in L2, workers must simultaneously
manage bilingual switching [30], interpret domain-specific termi-
nology, and perform physically grounded tasks in real time. This
simultaneous demand increases the risk of errors, compromises
safety, and slows task completion as workers divide their atten-
tion between understanding instructions and executing actions
[21]. AR systems and workflows are often evaluated using frame-
works grounded in human–computer interaction and cognitive
load theory, showing that poorly designed overlays, cluttered in-
terfaces, or excessive information density can increase extraneous
cognitive load and subsequently degrade task performance [7, 16].
Language itself utilizes a separate processing channel that also
consumes working memory. Comprehension in an L2 typically in-
volves slower lexical retrieval, greater attentional demands, and,
sometimes, implicit translation before actions can be executed [29].
In time-sensitive or safety-critical workflows, these additional cog-
nitive demands can reduce efficiency and increase performance

variability, even if AR visual augmentation and interaction design
are optimized. We aim to answer the following research questions:
RQ1: Does interface language (L1 Spanish v. L2 English) influence
task performance in an AR-assisted construction task?
RQ2: Do individual language background factors moderate perfor-
mance and workload outcomes within the L2 group?
RQ3: Does interface language affect perceived cognitive workload
during AR-assisted construction tasks?
RQ4: How do outcomes from the AR L1/L2 group compare to
those from prior AR studies in which instruction language was not
experimentally manipulated?

This work makes four primary contributions. First, we identify
interface language as a measurable factor in AR systems by examin-
ing how first- and second-language instruction influences task per-
formance, consistency, and perceived demand beyond conventional
AR usability metrics. Second, we present a controlled experiment on
L1 and L2 AR interfaces, measuring their effects on task outcomes
and user experience. Third, by integrating standardized bilingual
measures (BSWQ [53], SILL [50], BLP [5], LEAP-Q [40]) into AR
evaluation, we examine how individual language background and
strategy use contribute to differences in AR task performance (Fig-
ure 1). Finally, we show that language-related factors contribute
to differences in AR interaction outcomes beyond interface design
and task characteristics. These findings highlight the importance
of bilingual user characteristics in multilingual AR+BIM systems.

2 Related Work
Prior research has examined AR+BIM systems for supporting proce-
dural guidance, training, and task execution in construction work-
flows. Studies in cognitive science and human performance show
that language processing and working memory strongly influence
how individuals understand and carry out multi-step instructions.
Linguistic UI accessibility has received limited attention as a human
factor in AR instructional systems.

2.1 AR and BIM for Construction
Emerging technologies such as Building Information Modeling and
Augmented Reality are increasingly being adopted in the architec-
ture, engineering, and construction industry to support visualiza-
tion, coordination, and on-site decision-making [47, 51]. BIM pro-
vides a structured digital representation of building components and
project information, enabling stakeholders to access spatial, geomet-
ric, and semantic data throughout the project lifecycle [3, 42, 70]. As
BIM adoption has grown, research has examined additional ways
to make this information available to on-site workers [6, 23, 58, 59].
This is important during construction, inspection, and retrofitting,
where understanding the locations of hidden or planned building
components is essential [15, 25, 57, 69]. AR systems can effectively
display BIM information on construction sites and in buildings [25].
Integrating AR+BIM into training and on-site tasks enables embod-
ied, hands-free interaction with contextually embedded data. This
enhances the environment’s affordances [17, 48], expands percep-
tual capabilities [18], sense-making [65], and supports leveraging
principles of 4E Cognition [9, 46] to reduce cognitive load and
strengthen worker engagement with the work site [67].
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Figure 2: Using an AR+BIM L1 headset to guide an electrical outlet wiring and installation task. (1) The testing apparatus for
the experiment overlaid with the augmented view behind the wall, (2) the participant aligns the AR-guided placement on the
wall; (3) AR guidance supports cutting the drywall opening for the outlet box; and (4) the participant installs the electrical
box following the AR instructions. The AR system provides both spatial guidance and L1 instructions to assist with accurate
placement and step-by-step completion of the installation procedure.

Unlike tablet-based or screen-mediated instruction, AR delivers
procedural guidance spatially registered to physical components
in the environment. This means a worker receiving step-by-step
wiring instructions sees those instructions anchored to the actual
outlet box, stud location, or wire run in their field of view, eliminat-
ing the need to shift attention between a handheld screen and the
task surface. Prior work in AR+BIM has demonstrated the potential
of these systems to support tasks such as layout verification [32], as-
sembly guidance [38], inspection [71], progress monitoring [19, 56],
and construction training. For example, AR interfaces [7] have been
shown to improve task efficiency and reduce errors [2, 61] and re-
duce cognitive and physical demands during retrofitting training
procedures when compared with traditional blueprint-based docu-
mentation. In many AR-supported workflows, spatial guidance is
augmented with textual instructions, labels, or verbal cues [39, 55].
For example, AR can project step-by-step assembly instructions
onto components, overlay wiring diagrams on electrical panels,
display part numbers directly on structural elements, highlight
connection points through sensor-based alerts, and provide voice
prompts to guide maintenance and safety procedures [6]. Effective
language use is crucial on these platforms and often overlooked in
AR+BIM systems, as clear textual or verbal instructions directly af-
fect how workers interpret, execute, and coordinate complex tasks.

2.2 Language Processing and Working Memory
Research in bilingualism and cognitive science has examined how
individuals process and manage multiple languages during complex
tasks. Bilingual language processing involves simultaneously acti-
vating both language systems, requiring cognitive control to use the
target language and suppress processing and interference from the
non-target language(s). A key phenomenon is the Bilingual Switch
Cost [30], the cognitive cost of switching between languages or
tasks, often reflected in slower responses or reduced accuracy [29].
This effect shows the connection between language control and
executive functions [21]. Computational theories consider factors
such as task type (linguistic vs. non-linguistic) and switching de-
mands (difficulty or frequency) to explain how bilingualism affects
cognitive processing [34]. Several theories and models have been
proposed to explain bilingual language processing, including the

Visual World Paradigm (VWP) [33], the Inhibitory Control Model
(ICM) [21], and Bilingual Interactive Activation (BIA and BIA+)
[11, 12]. Additional frameworks relevant to bilingual task perfor-
mance include code-switching theories, additive vs. subtractive
bilingualism [28], and the Developmental/Modified Interdepen-
dence Hypothesis (Interdependence Theory) [26].

These models propose that bilingual switching costs arise from
the need to regulate competing lexical systems [29] and manage
language selection during tasks involving multiple languages [21].
Working memory is crucial in this process since understanding
language and completing tasks rely on the same mental resources.
Such memory models of language comprehension propose that
language informationmust bemaintainedwhile it is integratedwith
task goals and environmental cues [22]. L2 processing may require
more attention and working memory than L1 processing [45]. This
is especially valid when users must understand instructions while
performing spatial or procedural tasks.

2.3 Language Accessibility in XR Interfaces
Language barriers often create challenges in theworkforce. Goodrum
et al. [20] found that these barriers contribute to higher rates of
injury and death among Hispanic workers [54]. Dong and Plat-
ner [13] further showed that Spanish-speaking workers are more
likely to perform hazardous tasks [14] while often struggling to
understand instructions, hazards, and safety warnings because of
limited English proficiency [43]. These barriers create a disconnect
in the mental models required for effective communication between
workers and employers [36], leading to fewer career opportunities,
lower average earnings, limited training opportunities, and conse-
quently fewer role models for Spanish-speaking workers in the built
environment [64]. Recent advances in speech and text translation
have substantially improved multilingual communication through
automated speech recognition [4], optical character recognition
[62], machine translation [60], and natural language processing
[35]. Supported by large multilingual datasets [1, 72], these deep
learning approaches now enable increasingly accurate real-time
translation.
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Figure 3: Experimental setup and materials used in the study. (Left) Workspace for the construction task. (Center) Tools,
hardware, and components provided. (Right) Experimental apparatus.

Recent advances in large language models (LLMs) [63, 73] and
neural speech translation have improved the accuracy and flexibil-
ity of real-time multilingual communication tools [52]. Platforms
such as Microsoft Azure AI Translator (Azure Cognitive Services),
OpenAI’s GPT-based language models, and Google Cloud Transla-
tion provide APIs for speech recognition, machine translation, and
text generation across dozens of languages. These services integrate
with XR frameworks, including the HoloLens 2 Cognitive Services
API, enabling real-time transcription and translation of spoken or
written instructions displayed as spatial overlays or audio feedback
in augmented reality environments [31]. Using augmented reality
[68], translated text and audio feedback can be presented to users,
improving situational awareness and transparency [41]. Users must
interpret spatial information, instructions, and interface elements
while interacting with immersive environments [37]. Prior VR/AR
research focused on second-language learning [10, 27] and has ex-
plored real-time speech translation, captioning, and multilingual
interface design to support communication and comprehension in
collaborative and training settings [49, 66]. Bilingual language pro-
cessing creates cognitive demands that can affect task performance.
However, language accessibility in AR+BIM interfaces remains un-
derexplored, particularly for construction training and field tasks.

3 Methodology
This section describes the study design and presents our hypotheses.
We outline the software systems and materials used in the study,
which are available for review and replication (Supplement).

3.1 Participants
This study recruited 24 Spanish-speaking non-expert participants
(19 male, 5 female; age 18–45 years, 𝑀 = 25.9, 𝑆𝐷 = 10.9). Par-
ticipants had normal or corrected-to-normal vision, reported no
sensory or motor impairments, and had no history of virtual reality-
related sickness. They were recruited from a large southeastern
U.S. university and represented diverse academic backgrounds. El-
igibility required Spanish as the participant’s first language (L1),
defined by (a) Spanish age of acquisition (AoA) before three years,
(b) self-reported Spanish as the dominant language at home, and (c)

a LEAP-Q proficiency balance score indicating Spanish dominance
or near-balance. All participants completed the study.

To address RQ4, the results are compared with a prior cohort
study that used the same apparatus, installation task, NASA-TLX,
and SUS instruments [57]. That study included 66 non-expert stu-
dents (45 male, 20 female, 1 other gender; age 18–45 years, 𝑀 =

19.62, 𝑆𝐷 = 1.99) whowere not screened for first language and were
assigned to AR or Paper instruction conditions without linguistic
control. Two participants (one from each condition) were excluded
because they did not complete the study. This cohort serves as
the RQ4 baseline, enabling comparison of workload and usability
outcomes between language-controlled and uncontrolled AR co-
horts to evaluate whether interface language explains variation
previously attributed to interface or task factors (Table 1).

Table 1: Summary of experimental conditions.

Condition Language Medium Cohort Sample

L1 Spanish AR Spanish (L1) HoloLens 2 AR Current 𝑛 = 12
L2 English AR English (L2) HoloLens 2 AR Current 𝑛 = 12
AR Uncontrolled Uncontrolled HoloLens 2 AR Prior 𝑛 = 33
Paper Uncontrolled Uncontrolled Printed Instructions Prior 𝑛 = 33

3.2 Study Design
In a controlled laboratory experiment, participants investigated the
impact of bilingual switching in an AR+BIM augmentation for built-
environment retrofitting tasks. Participants completed a structured
electrical installation procedure using an AR guidance system that
provided step-by-step instructions and visual augmentations. The
primary independent variable was the user interface (UI) language,
defined by the availability and use of L1 (the participant’s native
language, Spanish) or L2 (English) guidance within the AR interface.
Participants were randomly assigned to one of two experimental
conditions: L1 (𝑛 = 12) or L2-bilingual switching (𝑛 = 12). The total
sample comprised 24 participants. Given the sample size, the study
should be considered exploratory and was primarily intended to
estimate the magnitude and direction of potential effects rather
than to provide high statistical power between conditions.
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A between-subjects design was used to compare the effects of
the two language conditions on task performance, instruction com-
prehension, and cognitive workload during the procedural training
task while minimizing learning and carryover effects between con-
ditions. A within-subjects design was not adopted because repeated
exposure to the installation workflow and AR interface could im-
prove performance through practice and familiarity, making it more
difficult to attribute observed differences to the language condi-
tion alone. The experimental task consisted of a two-stage GFCI
electrical outlet installation: (1) replacement and rewiring of an
existing outlet and (2) installation of a new junction box and outlet.
Throughout the task, the AR system provided spatially registered
instructions, tool identification cues, and step-by-step procedural
guidance aligned with the physical wall apparatus.

Before beginning the task, participants watched a two-minute
video outlining the study’s purpose and providing a general overview
of retrofitting a structure, its benefits, and the task procedure. They
also received a verbal explanation of the relevant building compo-
nents, drywall, wall studs, PVC piping, wiring, and electrical outlets,
and training on how to use their assigned AR system. The video
and instructions did not reference the study groups or prior study.
This training minimized potential differences in prior experience
with AR or construction tasks.

Participants completed pre- and post-study questionnaires on
a computer using Qualtrics. These questionnaires collected demo-
graphic information and assessed familiarity with AR and construc-
tion. They measured language expertise, skill, and fluency, as well
as system usability and perceived task workload. The study was
approved by the University of Central Florida Institutional Review
Board (STUDY00006983). For safety, none of the wiring partici-
pants handled was connected to power, and all drywall cutting
and drilling were performed by the study administrator or used
markings provided by participants.

A reusable wall apparatus was constructed for this study (Fig-
ures 1 and 2). The structure simulated a realistic retrofit installation
scenario while protecting participants and existing infrastructure,
enabling repeated experiments. It contained pre-installed wiring
and embedded pipes within the wall cavity that participants had
to identify and avoid during installation planning (Figure 3). The
experimental procedure consisted of two tasks. In the first, par-
ticipants replaced an existing lower-left outlet with a GFCI outlet
by removing the faceplate and outlet, identifying line, load, and
ground wires, and preparing connections using pigtails and twist-
on connectors. In the second, participants installed a new outlet on
the right side of the wall by locating a vertical stud and selecting
a mounting position approximately 12 inches above the drywall
base. Using AR augmentation, participants identified and marked
the stud location with painter’s tape, marked the outlet position,
and outlined the drywall section for removal to accommodate the
junction box and drilling clearance. To reduce study duration and
preserve apparatus reusability, final drilling and electrical wiring
were not performed for all participants to minimize material use
and cost. The tasks are summarized in Table 2.

Table 2: Brief description of required tasks.

Task Description

1–2 Locate and identify all required tools and materials
(electric drill, jab saw, Phillips screwdriver, painter’s
tape, safety gloves, stud finder, wires/connectors, GFCI
outlet, junction box, mounting screws).

3 Turn off the power at the breaker box by switching
off the marked breaker.

4 Twist preparation step: Using the AR instructions,
identify the electrical wires and begin twisting the
appropriate pairs of wires together with connectors
to prepare the wiring configuration before proceeding
with the outlet installation.

5 Locate the ideal vertical stud using AR augmentation.
6 Using AR guidance, identify the target installation

location for the new outlet on the right side of the
wall (approximately 12 inches above the base and 5–
10 inches from the right edge).

7 Mark the center height of the junction box and the
AR-indicated stud edge on the wall using a pencil.

8–9 Mark the corners of the drywall section to be removed
with pencil and tape, connecting them with straight
lines to outline the cutout area.

10 Verify there is sufficient clearance in the wall opening
for the drill to reach the mounting points; if necessary,
slightly enlarge the opening. Inform the study admin-
istrator once adequate space is confirmed.

3.3 AR System
An AR+BIM software system was extended for this study to sup-
port language changes. Participants used a Microsoft HoloLens 2
head-worn display (FoV: 52° diagonal, resolution: 1440 × 936 per
eye, refresh rate: 60 Hz) with hand tracking. The AR application was
developed in Unity (2020.3.34f1) using the Microsoft Mixed Reality
Toolkit. BIM data were designed in Revit 2023 and imported into
Unity as an FBX file to digitally replicate the experimental appara-
tus. The AR system provided interactive guidance during retrofit
activities by displaying virtual elements, instructions, and task cues
(Figures 4 and 5). Before each session, virtual models were aligned
with the physical wall using a pre-positioned QR code. The code
was scanned 100 times to estimate average position and rotation,
followed by manual fine-tuning by the study administrator when
needed. Low-opacity virtual models revealed hidden structural com-
ponents while reducing visual clutter, providing hands-free access
to building information. This supported installation planning, re-
duced measurement requirements, and highlighted critical details.

We designed the system to support bilingual language manipu-
lation by presenting identical procedural content in either Spanish
(L1) or English (L2), depending on the participant’s assigned condi-
tion. All Spanish interface instructions were translated by a fluent
Spanish-language expert and independently reviewed for accuracy,
clarity, and consistency with the English version. Participants could
interact with these instructions through a toggleable menu placed
about 0.4 meters in front of their heads. The menu adjusted its posi-
tion if it moved more than 60 degrees from the user’s forward gaze.
A ‘Pin’ button at the top-left of the menu lets participants lock it in
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Figure 4: Side-by-side AR UI comparison: Spanish (L1, top)
and English (L2, bottom), both showing step-by-step instruc-
tions for removing an old faceplate during outlet installation.

place. When pinned, they could move the menu’s position, rotation,
and size using one or both hands. Before starting the installation
task, participants completed a training session lasting up to three
minutes. During this time, they practiced pinning, adjusting, and
unpinning the menu. Participants could finish this training early if
they felt sufficiently confident.

3.4 Procedure
Participants first reviewed the consent form and provided informed
consent. They were assigned a participant ID and study condition,
then completed pre-study digital questionnaires. These question-
naires collected demographic information, screened for physical
limitations, and assessed prior experience with AR, VR, BIM, and
construction practices. Participants also completed two baseline
language measures: the Language Experience and Proficiency Ques-
tionnaire (LEAP-Q) and the English-Spanish Bilingual Language
Profile (BLP). After receiving task and safety instructions, partici-
pants completed AR calibration and began the experimental session,
which lasted approximately 30–45 minutes.

The experiment included two sequential retrofit tasks using a
test wall apparatus. Participants wore work gloves, and no tools
or wiring were connected to live electricity. In Task 1, participants
replaced a standard outlet with a GFCI outlet by removing the outlet
and wall plate, identifying the wiring configuration, disconnecting
existing wires, and installing the new outlet. In Task 2, participants
planned installation of a second GFCI outlet by identifying the in-
stallation location, marking the cutout area, and verifying clearance

Figure 5: Side-by-side example of bilingual wiring instruc-
tions in the AR system for a complex wire installation step.

for future mounting and drilling. Following prior outlet installation
studies, the procedure emphasized realistic task interactions while
maintaining safety; participants did not perform higher-risk drilling
or keyhole saw operations. After completing the tasks, participants
completed four post-task questionnaires: the System Usability Scale
(SUS) [8], the NASA Task Load Index (NASA-TLX) [24], and two
language-related instruments (BSWQ and SILL).

3.5 Measures
Primary outcome measures focused on task effectiveness under
bilingual AR instruction. Four bilingual background measures were
included to contextualize the Bilingual Switching Cost. LEAP-Q
characterized participants’ language history and self-reported pro-
ficiency, while the English-Spanish Bilingual Language Profile as-
sessed relative language dominance. The BSWQ measured indi-
vidual differences in bilingual switching, and the SILL captured
self-reported language-learning strategies. Perspective-corrected
photos of the apparatus were collected after each experiment to
qualitatively evaluate task performance, including stud locations
(Step 5), outlet placement (Steps 6–8), and cutout size and errors
(Steps 9–10). Task completion timestamps were manually recorded
using a custom Python script to calculate durations, and critical
errors preventing task progression were documented. The SUS and
NASA-TLX assessed perceived usability and workload across five
dimensions: mental, physical, and temporal demands, effort, and
performance. Retaining comparable task performance measures,
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SUS, and NASA-TLX metrics allows evaluation of whether differ-
ences across AR cohorts are attributable to interface language rather
than AR UI characteristics alone.

3.6 Hypotheses
For this experiment, our hypotheses focus on how interface lan-
guage influences training consistency, cognitive workload, and task
performance during AR-assisted construction tasks. Specifically,
we examine whether providing instructions in participants’ first
language (L1) reduces cognitive load and variability in task execu-
tion compared with second-language (L2) instruction, and whether
this affects overall task completion time.
(1) Performance: H1a: Participants receiving instructions in L1
(Spanish) will demonstrate shorter task completion times than those
receiving instructions in L2 (English) (RQ1). H1b: Participants re-
ceiving L1 instruction will commit fewer procedural errors than
those receiving L2 instruction (RQ1). H1c: Performance variability
will be lower in the L1 condition than in the L2 condition (RQ1).
(2) Language Effects (Individual Differences): H2a: Greater L2
dominance (BLP) will be associated with reduced task time and
lower workload in the L2 condition (RQ2). H2b: Higher bilingual
switching (BSWQ) will correlate with reduced performance penal-
ties under L2 instruction (RQ2). H2c: Strategic language learning
behaviors (SILL) will moderate L2 task efficiency (RQ2).
(3) Cognitive Workload: H3: Participants in the L2 condition
will report higher NASA-TLX scores compared to participants in
the L1 condition (RQ3). (4) Cross-Study Comparison: H4: Per-
formance and workload outcomes in the current AR cohort will
differ from those observed in prior AR studies, suggesting that inter-
face language may account for variance in task efficiency, usability,
and perceived workload that was previously attributed to general
system usability or task difficulty (RQ4).

4 Results
4.1 Explanatory value of the language measures
To characterize participants’ bilingual background and identify the
most informative language-related predictors for subsequent anal-
yses, we computed statistics, internal consistency estimates, and
intercorrelations for the LEAP-Q, BLP, BSWQ, and SILL measures.
The sample (𝑛 = 24) reflected a largely balanced bilingual pro-
file with high proficiency in both languages, but with substantial
individual variability in dominance and language experience.

Table 3: Summary of bilingual profile measures and reliabil-
ity estimates. Full variable table in the Supplement.
Instrument Main finding
LEAP-Q Participants showed high proficiency in both English (𝑀 = 9.56) and Spanish

(𝑀 = 9.40), with greater current exposure to English.
BLP Overall language dominance was near balanced (𝑀 = 2.23).
BSWQ Moderate levels of language switching were reported (𝑀 = 2.81).
SILL Participants reported moderate-to-high strategy use overall (𝑀 = 3.24, 𝛼 = .92).

LEAP-Q responses (Table 3) indicated very early acquisition of
Spanish (𝑀 = 0.92, 𝑆𝐷 = 1.32) and later acquisition of English
(𝑀 = 6.54, 𝑆𝐷 = 3.64). Self-rated proficiency was high in both
languages (Spanish:𝑀 = 9.40, 𝑆𝐷 = 1.00; English:𝑀 = 9.56, 𝑆𝐷 =

0.77), and proficiency balance was close to zero (𝑀 = 0.15, 𝑆𝐷 =

1.42), indicating broadly comparable proficiency across languages.
Current exposure was somewhat higher for English (𝑀 = 7.48,
𝑆𝐷 = 1.67) than for Spanish (𝑀 = 5.37, 𝑆𝐷 = 1.96), resulting in a
modest English-leaning exposure balance (𝑀 = 2.11, 𝑆𝐷 = 2.01).

BLP scores (Table 3) showed a similar pattern. Mean global Eng-
lish (𝑀 = 91.64, 𝑆𝐷 = 24.14) and Spanish (𝑀 = 89.41, 𝑆𝐷 = 19.67)
scores were comparable, while the weighted dominance index was
near zero (𝑀 = 2.23, 𝑆𝐷 = 40.74) with substantial dispersion, sup-
porting its use as a continuous predictor. BSWQ scores indicated
moderate code-switching (𝑀 = 2.81, 𝑆𝐷 = 0.62), and SILL scores
showed moderate strategy use (𝑀 = 3.24, 𝑆𝐷 = 0.56), with cog-
nitive strategies highest (𝑀 = 3.82, 𝑆𝐷 = 0.58). Reliability was
strongest for composite measures: BLP proficiency scales showed
good internal consistency (English: 𝛼 = .84, Spanish: 𝛼 = .83),
BSWQ reliability was modest (𝛼 = .63), and SILL reliability was ex-
cellent (𝛼 = .92). BSWQ subscales, particularly controlled switching
(𝛼 = .44), were less reliable and interpreted cautiously. Correlation
analysis showed strong association between BLP dominance and
LEAP-Q proficiency balance (𝑟 = .75), suggesting overlap in dom-
inance measurement. LEAP-Q exposure balance was moderately
related to BLP dominance (𝑟 = .44) and proficiency balance (𝑟 = .65).
BSWQ and SILL scores showed weak-to-moderate relationships
with dominance measures. These results (Table 3) support treating
the language questionnaires as complementary rather than inter-
changeable. We use LEAP-Q primarily for participant characteriza-
tion; BLP-weighted dominance as the principal dominance/balance
predictor; BSWQ total as the primary switching measure; and SILL
overall as the primary strategy measure in subsequent analyses as
the primary language-related explanatory variables.

Figure 6: Mean cutout area by condition with 95% confidence
intervals. The ES (L1) condition showed lower variance.

4.2 Effects of L1 versus L2 interface on
performance and experience

Figure 6 presents the mean cutout area (cm2) by condition, with er-
ror bars representing 95% confidence intervals. The four conditions
(EN, ES, Paper, and AR) are compared using the cutout areas shown
in Figure 7. Cutout area did not differ significantly between the Eng-
lish condition (𝑀 = 210𝑐𝑚2, 𝑆𝐷 = 25𝑐𝑚2) and Spanish condition
(𝑀 = 225𝑐𝑚2, 𝑆𝐷 = 25𝑐𝑚2), Welch’s 𝑡 (15.15) = −1.64, 𝑝 = 0.121.



SUI ’26, October 10–11, 2026, Bari, Italy Kider et al.

Figure 7: Examples of participant cutouts for the L1, L2 and Paper groups. Cutout areas are highlighted. The cutouts by the
Paper participants were noticeably more irregular and somewhat varied for L2, which would be more difficult to patch.

The ES (L1) condition exhibited lower variability than the other con-
ditions, suggesting more consistent cutout performance, whereas
the Paper condition showed greater variability across participants.

To examine whether bilingual language experience predicts spa-
tial selection behavior, we analyzed the relationship between cutout
area and three language measures: BLP dominance, BSWQ switch-
ing frequency, and SILL strategy use. Pearson correlations and
simple regressions, conducted separately for L1 Spanish and L2
English participants, showed that only SILL strategy use was sig-
nificantly associated with cutout area for L2 participants (𝑟 = .62,
𝑝 = .031), indicating that participants who reported greater use of
language learning strategies selected larger visual regions to cutout.
No significant relationships were observed for L1 participants or
for BLP dominance and BSWQ switching measures.

To test whether these relationships differed across language
groups, we fit a linear model including language condition and in-
teractions with each language measure. The model was significant
overall (𝐹 (7, 16) = 3.07, 𝑝 = .030, 𝑅2 = .57). Strategy use (SILL over-
all) positively predicted cutout area (𝛽 = 27.69, 𝑝 = .024), but this
effect differed significantly between language groups (𝛽 = −40.82,
𝑝 = .014), indicating that the relationship between strategy use and
spatial selection was stronger for L2 participants. Switching fre-
quency also showed a significant interaction with language group
(𝛽 = 31.04, 𝑝 = .042). Bilingual dominance (BLP) was not associated
with cutout area (𝑝 = .64). A direct comparison of mean cutout
area between L1 and L2 groups revealed no significant difference
(𝑡 (15.15) = −1.64, 𝑝 = .121), suggesting that the observed effects

Table 4: Relationships between language measures and
cutout area. Pearson correlations are shown separately for
L1 and L2 participants.

Predictor L1 r L1 p L2 r L2 p

BLP Dominance 0.07 .827 -0.34 .274
BSWQ Switching 0.19 .561 -0.48 .113
SILL Strategy Use -0.35 .270 0.62 .031

Interaction Model (cutout area ∼ language measures × condition)

SILL Overall 𝛽 = 27.69 𝑝 = .024
SILL × Condition 𝛽 = −40.82 𝑝 = .014
BSWQ × Condition 𝛽 = 31.04 𝑝 = .042
BLP Dominance 𝑝 = .637 (ns)

L1 vs L2 Cutout Area 𝑡 (15.15) = −1.64 𝑝 = .121 (ns)

reflect individual differences in language experience rather than
overall group differences (Table 4).

4.3 System Usability
We compared perceived usability and cognitive load between partic-
ipants interacting with the system in English and Spanish. Results
showed no significant differences between groups for either usabil-
ity (𝑡 (22) = 1.28, 𝑝 = .21) or overall cognitive load (𝑡 (22) = 0.99,
𝑝 = .34). Mean SUS scores were slightly higher in the English
condition (𝑀 = 3.58, 𝑆𝐷 = 1.16) than in the Spanish condition
(𝑀 = 2.92, 𝑆𝐷 = 1.38). The TLX scores were somewhat higher for
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Table 5: Usability and cognitive load results showing compar-
isons between English and Spanish participants and regres-
sion models predicting usability and cognitive load (TLX).
Group comparison

Measure English Mean (SD) Spanish Mean (SD) t(22) p Cohen’s d

SUS 3.58 (1.16) 2.92 (1.38) 1.28 .21 0.52
TLX Total 3.71 (0.55) 3.32 (1.25) 0.99 .34 0.40

Regression predictors

Predictor SUS 𝛽 p TLX 𝛽 p

Language group (Spanish) -0.53 .32 -0.52 .18
BLP dominance 0.018 .078 0.012 .114
BSWQ switching -0.49 .29 0.16 .64
SILL strategies 0.59 .28 0.42 .29
LEAP proficiency balance -0.29 .34 -0.43 .063

English (𝑀 = 3.71, 𝑆𝐷 = 0.55) than Spanish (𝑀 = 3.32, 𝑆𝐷 = 1.25),
though this difference was not statistically significant. Effect sizes
were small-to-moderate (Cohen’s 𝑑 = 0.52 for SUS and 𝑑 = 0.40 for
TLX), suggesting that language condition produced only modest
differences in perceived usability and cognitive load (Table 5).

We also examined whether individual language characteristics
predicted usability and cognitive load. Regression analyses showed
a marginal positive relationship between bilingual language domi-
nance and perceived usability (𝛽 = 0.018, 𝑝 = .078), suggesting that
stronger language dominance was associated with slightly higher
usability ratings. Proficiency balance showed a marginal negative
relationship with TLX (𝛽 = −0.43, 𝑝 = .063), indicating lower
cognitive load among participants with more balanced proficiency.
Correlation analysis showed a trend toward higher cognitive load
among participants reporting greater language-learning strategy
use (𝑟 = .38, 𝑝 = .067). Strong associations among TLX subscales,
particularly effort and frustration (𝑟 = .82, 𝑝 < .001), indicate that
these components contributed substantially to reported workload
(Table 5). SUS and TLX results are visualized in Figure 8 alongside
prior language-uncontrolled groups [57].

Post-questionnaire analysis showed comparable usability and
workload between the AR and paper interfaces. System Usabil-
ity Scale scores did not differ significantly between L1 (𝑀 = 2.92,
𝑆𝐷 = 1.38) and Paper (𝑀 = 3.50, 𝑆𝐷 ≈ 1.2, 𝑝 = 0.539), or between
L2 (𝑀 = 3.58, 𝑆𝐷 = 1.16) and Paper (𝑝 = 0.996). NASA-TLX scores
showed no significant differences between L1 and Paper, with only
the L2 versus Paper effort subscale reaching significance (𝑝 = 0.045);
other TLX measures were not significant. These findings suggest
comparable usability and workload across interface modalities, al-
though the higher L2 effort rating (L2 vs. Paper:𝑀 = 5.00 vs. 4.25,
𝑝 = 0.045) may reflect additional cognitive demands associated
with second-language processing.

5 Discussion
Our findings show that interface language is one factor influencing
AR task performance, with effects that emerge primarily through
performance consistency and user-specific language characteristics.
The results provide partial support for our hypotheses.
• H1a (Task completion time; RQ1): Not supported. No statistically
significant differences in task completion time were observed.

• H1b (Procedural errors; RQ1): Not supported. Error rates did not
significantly differ between L1 and L2 interface conditions.

Figure 8: SUS and NASA-TLX subscale scores, normalized to a
0–1 scale, for the current study’s L1 and L2 conditions and the
prior cohort’s AR and Paper conditions. All raw scores were
min-max normalized within their respective instrument’s
scale range (SUS: 0–100 → 0–1; TLX subscales: 0–100 → 0–1)
to allow direct visual comparison across instruments and
cohorts on a single axis.

• H1c (Performance variability; RQ1): Supported. Participants in
the L1 condition exhibited lower variability and more consistent
spatial outcomes than those in L2.

• H2a (L2 dominance BLP; RQ2): Partially supported. Greater
L2 dominance showed directional trends toward improved L2
performance and reduced workload, though effects were modest
and not uniformly significant across measures.

• H2b (Switching frequency BSWQ; RQ2): Partially supported.
Bilingual switching frequency showed limited correlation with
performance and a minor moderating role in this task context.

• H2c (Language strategies SILL; RQ2): Supported. Strategic lan-
guage behaviors significantly moderated L2 performance, with
evidence of compensatory strategies influencing spatial deci-
sions.

• H3 (NASA-TLX differences; RQ3): Not supported. No significant
differences in perceived workload were found between L1 and
L2 conditions for these tasks.



SUI ’26, October 10–11, 2026, Bari, Italy Kider et al.

• H4 (Comparison to prior cohort; RQ4): Supported. The RQ4
comparison suggests that language background may contribute
to variance often attributed to system usability, task difficulty,
or workload in AR studies.

Mean performance did not differ significantly between L1 and L2
conditions (H1), but L1 instruction produced more consistent task
performance by reducing variability (H1c). In construction-oriented
AR+BIM applications, where reliable execution is critical, consis-
tency may be as important as improvements in average perfor-
mance. Results also show that language effects depend on individual
bilingual strategies (H2c), even among highly proficient bilinguals.
Because the study used a high-proficiency sample, observed ef-
fects may underestimate those in populations with greater L1/L2
proficiency asymmetry. These findings also inform AR evaluation.
Language background is rarely treated as a controlled variable in
AR studies, yet the RQ4 comparison (H4) demonstrates that it con-
tributes to variability often attributed to interface design or task
complexity. Future AR evaluations should consider brief language
background measures, such as the LEAP-Q short form, to account
for linguistic effects even when language is not the primary focus.

The TLX results show that language affected a specific com-
ponent of workload rather than overall workload. Although total
NASA-TLX scores did not differ between L1 and L2 conditions,
the L2 group showed a small but significant increase in the Ef-
fort subscale relative to the Paper baseline (p = .045). AR-related
ergonomic benefits and language-related processing demands op-
erate on partially independent dimensions. The strong correlation
between effort and frustration (r = .82, p < .001) further indicates
that increased demand was concentrated in a specific workload
component rather than distributed across the TLX subscales.

5.1 Implications for XR Design and Evaluation
Our findings suggest that native-language (L1) support should be
considered a UI design requirement. XR systems should move be-
yond simple language toggles toward adaptive interfaces that incor-
porate individual bilingual profiles and context to tailor instructions
and augmentations. As generative AI enables more widespread
real-time translation, evaluating and integrating multilingual capa-
bilities will be essential for developing dynamic XR interfaces that
accommodate individual language preferences and dialects.

We focused specifically on text-based instructional content be-
cause textual and verbal instructions remain the primary mecha-
nism by which most deployed AR+BIM systems convey procedural
and safety information [6, 39]. Text is the modality in which bilin-
gual switching costs are most directly documented and measured
in the cognitive science literature [29]. Our results characterize the
language-dependent component of AR+BIM instruction specifically,
rather than AR interaction as a whole. In the future, extending AR
3D guidance would help isolate howmuch of the language effect we
observed persists once richer non-linguistic supports are present.

Our contribution is not to show that L1 instruction universally
outperforms L2 instruction, but to establish interface language as
a measurable design variable in AR+BIM systems. Results show
that language effects can emerge even among highly proficient
bilinguals, with L1 instruction producing more consistent spatial
outcomes (H1c) and individual language-management strategies

moderating L2 performance (H2c). AR interfaces should therefore
consider both instruction language and user-specific bilingual char-
acteristics. The LEAP-Q, BLP, BSWQ, and SILL provide a multidi-
mensional view of bilingual experience: proficiency and dominance
characterize language ability, switching reflects habitual language
management, and strategy use captures how users regulate bilin-
gual resources during tasks. These measures explain variability that
may otherwise be attributed solely to AR usability or task difficulty.

The absence of significant differences in completion time (H1a),
procedural errors (H1b), and overall NASA-TLX workload (H3)
should be interpreted in the context of our balanced bilingual
sample rather than as evidence that language has no effect. Prior
bilingual-processing research suggests that language-related costs
are often more apparent in variability and strategy-dependent mea-
sures than in mean performance, particularly among highly profi-
cient bilinguals [22, 31, 48]. The results show that language effects
in AR may be subtle and user-dependent, emerging through con-
sistency and cognitive strategy rather than broad declines in task
performance. Future multilingual AR evaluations should therefore
incorporate measures of bilingual background and strategy use to
better characterize how language interacts with interface design.

5.2 Limitations and Future Work
Several limitations should be considered. First, participants were
highly proficient, largely balanced bilinguals (LEAP-Q self-rated
proficiency: English 𝑀 = 9.56, 𝑆𝐷 = 0.77; Spanish 𝑀 = 9.40,
𝑆𝐷 = 1.00) recruited from a university setting rather than the
construction workforce. This differs from many Spanish-speaking
construction workers, who may have more asymmetric bilingual
experiences, including lower English proficiency and less formal L2
acquisition. Because bilingual processing demands and language-
switching costs vary with proficiency asymmetry [21, 29, 45], ob-
served effects may underestimate differences in populations with
lower L2 proficiency. Future work should validate these findings
with construction workers across broader language backgrounds
and task contexts. Second, this study examined text-based AR in-
struction only; future research should compare text, audio, and
multimodal delivery within the same AR framework. The between-
subjects design reduced language carryover effects but introduced
variability from manual dexterity and prior experience, which fu-
ture studies should control through measures of construction expe-
rience and fine-motor skills.

6 Conclusion
This study highlights an overlooked factor in AR+BIM research:
interface language as an important design consideration in AR
systems. Our results provide initial evidence that the language
of instruction influences performance consistency and cognitive
strategy use, highlighting language as an important factor in multi-
lingual AR interaction. Future research should examine whether
these effects extend to populations with lower L2 proficiency. We
argue for L1-first AR design and for integrating language profi-
ciency, bilingual switching costs, and cognitive load into evaluation.
Without accounting for language, AR systems risk biased results
and reduced accessibility for multilingual users.
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