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Supporting Relational Knowledge Construction Through LLM-Assisted 
Concept Mapping in Virtual Reality

Fangyuan Cheng , Bingyi Su and Karen B. Chen 

Edward P. Fitts Department of Industrial and Systems Engineering, North Carolina State University, Raleigh, NC, USA 

ABSTRACT 
Virtual reality (VR) is increasingly used to enhance learning, yet its effectiveness in sup
porting conceptual understanding, particularly relational knowledge construction, 
remains underexplored. Relational knowledge construction involves identifying mean
ingful connections among concepts to form coherent representations that support 
knowledge organization, guide interpretation, and facilitate learning transfer. Based on 
a review of the challenges in relational knowledge construction, we proposed concep
tual, relational, and metacognitive scaffolds, upon which we developed CmapVR, an 
immersive learning environment with LLM-supported features to implement the pro
posed scaffolds. A within-subject study (N¼ 16) compared CmapVR with three alterna
tive learning conditions in a science concept learning task. Results showed that 
CmapVR supported more extensive and higher-quality relational knowledge construc
tion than the other conditions, resulted in lower extraneous cognitive load, and was 
preferred by participants over browsing in VR. We discussed factors that may have 
contributed to these outcomes and provided insights for integrating LLMs into 
VR-based learning environments.
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1. Introduction

Virtual reality has shown effectiveness in enhancing learning, owing to its unique learning affordances, 
including immersive three-dimensional visualizations, interactive experiences, and embodiment (Kilteni 
et al., 2012; McGowin et al., 2021). These affordances make VR particularly effective for visualizing 
learning objects that are otherwise difficult to perceive, such as scale and sizes (Cheng et al., 2024) and 
microscopic phenomena (Ferretti et al., 2021), or for providing embodied learning experiences that pro
mote understanding and engagement, such as virtual field trips and simulated laboratories (McGowin 
et al., 2021). A growing body of research has also begun to examine how VR can support conceptual 
understanding. Conceptual understanding refers to the active construction of meaning from informa
tion. It often involves higher-order cognitive processes, including reasoning, inference generation, and 
knowledge integration. For example, Lisle et al. (2021) demonstrated that VR can support sensemaking, 
where individuals actively construct coherent interpretations from distributed information.

In line with this direction, this study focused on relational knowledge construction as a critical com
ponent of conceptual understanding. Relational knowledge construction refers to the process by which 
learners identify, articulate, and organize meaningful connections among concepts, transforming iso
lated facts into coherent knowledge structures (Halford et al., 2010; Jonassen et al., 1993). This process 
is particularly salient in science learning, where understanding how concepts are causally, hierarchically, 
and functionally interconnected is essential for explaining phenomena, drawing inferences, and trans
ferring knowledge to novel problems (National Research Council, 2007). As such relational connections 
accumulate and become organized over time, they form stable, long-term mental representations known 
as schemas (Anderson, 1994; Rumelhart, 1980). The richness and coherence of individuals’ schemas 
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can shape their ability to perform higher-order cognitive tasks (Anderson, 2018; D. Liu et al., 2025b; 
Varga et al., 2020). Both schemas and the process of their formation can be externalized through con
cept maps (J. D. Novak & Ca~nas, 2006; Urdiales-Ibarra et al., 2018), which are visual representations 
where concepts are depicted as nodes and their relationships as labeled links (J. D. Novak & Gowin, 
1984). Concept maps thus serve as an assessment tool for knowledge construction, providing measur
able indicators of the quantity and quality of relational connections learners have formed.

The affordances of VR, such as spatial representation and embodied interaction, position it as a 
promising medium for facilitating relational knowledge construction. First, by situating information in 
a three-dimensional environment, VR can leverage learners’ spatial memory to help encode, organize, 
and retrieve conceptual relationships. Prior research indicates that spatial experience can strengthen 
memory traces by providing additional retrieval cues (Ekstrom & Hill, 2023; Maidenbaum et al., 2024; 
Mastrogiuseppe et al., 2019). Second, VR’s immersive and interactive nature supports embodied cogni
tion by enabling learners to physically navigate and manipulate conceptual representations, which prior 
research suggests can enhance understanding and knowledge retention (Johnson-Glenberg et al., 2016; 
Khorasani et al., 2023; Skulmowski & Rey, 2018).

Despite these potential benefits, conceptual understanding tasks in VR also introduce additional 
challenges, such as elevated cognitive load that reduced learners’ ability to draw inferences (Juliano 
et al., 2022) and perceptual distractions that interfere with conceptual integration (Makransky et al., 
2021). These findings suggest that deliberate scaffolding mechanisms and information design may be 
necessary to facilitate such tasks effectively. One promising approach to addressing these challenges is 
the integration of large language models (LLMs), which can provide targeted scaffolding to help learn
ers access and process information. LLMs, trained on large text corpora, demonstrate strong capabilities 
in natural language understanding, relational reasoning, and structured information generation 
(Ali et al., 2024). By embedding LLM-based scaffolding within immersive environments, learners can 
receive context-sensitive support for clarifying concepts, identifying potential relationships, and evaluat
ing connections (Garc�ıa-M�endez et al., 2025). Such support may reduce the cognitive demands of infor
mation retrieval and relational reasoning. However, limited research has examined how LLM-based 
scaffolding can be integrated into VR to support knowledge construction, particularly with regard to 
helping learners identify, comprehend, and retain conceptual relationships.

This study is guided by two aims. The first aim is to design and implement a VR-based learning 
environment that integrates LLM-based scaffolding to support relational knowledge construction. The 
second aim is to evaluate the proposed system by addressing two research questions (RQs): RQ1. How 
does the proposed system affect relational knowledge construction performance, cognitive load, usabil
ity, and user preference compared to existing learning tools? RQ2. How do users interact with and 
respond to the proposed system? To address these questions, the research team developed CmapVR, a 
VR-based learning environment with integrated LLM-based scaffolding and conducted a within-subject 
study comparing it with three existing learning tools. Findings indicated that CmapVR supported learn
ers in constructing more extensive and higher-quality conceptual relationships than the comparison 
tools, while also imposing lower extraneous cognitive load. Drawing on these findings, this study high
lights the factors underlying these outcomes and offers design insights for integrating LLMs into 
VR-based learning environments, as well as key usability challenges of such systems.

2. Related works

2.1. Virtual reality for conceptual understanding

Conceptual understanding refers to the process of constructing meaningful interpretations of informa
tion and the relationships among ideas. It typically transcends perceptual-level cognition and involves 
more complex mental activities, such as drawing inferences, identifying relationships, and integrating 
information (Alexander, 2016; Kyllonen, 2020; Radvansky & Copeland, 2004). Conceptual understand
ing underlies various tasks in immersive environments, such as sensemaking (Lisle et al., 2021), data 
analysis (Skarbez et al., 2019), and problem solving (Araiza-Alba et al., 2021).
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Prior studies have demonstrated that VR can support conceptual understanding. For example, Lui 
et al. (2023) demonstrated that immersive simulations can support scientific reasoning by enabling 
learners to iteratively generate, test, and revise scientific models more effectively than in desktop-based 
environments. Naki�c et al. (2025) found that VR-based adaptations of Bebras logic tasks, which are 
short problem-solving puzzles, improved students’ logical and computational reasoning by spatially 
externalizing problem structures. Ghali et al. (2017) found that VR can foster intuitive inductive rea
soning by helping learners detect relational patterns through assistance strategies. In addition, VR can 
support conceptual understanding by fostering cognitive or motivational factors such as spatial memory 
(Cimadevilla et al., 2023; Hong et al., 2026), attention allocation (C. Liu et al., 2025a), and self-efficacy 
(Ahn & Noh, 2025), or by eliciting affective states conducive to cognitive processing, such as curiosity 
and flow (Schutte, 2020).

However, other studies suggest that VR can impair conceptual understanding performance (Mayer 
et al., 2023), due in part to heightened distraction, elevated cognitive load, or a mismatch between per
ceptual and conceptual structures. For example, Juliano et al. (2022) found that VR visualizations can 
elevate cognitive load, reducing learners’ ability to draw inferences. Makransky et al. (2021) reported 
that immersive VR can introduce perceptual distractions that interfere with tasks requiring conceptual 
integration and analytical reasoning. Furthermore, compared to traditional displays, VR can impede the 
processing of textual information due to limitations in field-of-view, visual stability, and display ergo
nomics (Kazemi & Lee, 2024; Novotny & Laidlaw, 2024; Rzayev et al., 2021; Sultana & Alam, 2024), 
which may in turn affect cognitive task performance. Despite these findings, no clear consensus has 
emerged on VR’s effectiveness in supporting conceptual understanding. This suggests that VR’s impact 
may be shaped by specific design features, such as how immersive environments structure information, 
support interaction, and scaffold learners’ information processing, rather than by the medium alone.

2.2. Relational knowledge, schemas, and concept maps

Relational knowledge, a fundamental component of conceptual understanding, refers to how concepts, 
events, or phenomena are connected within a domain. Relational knowledge enables learners to con
struct coherent interpretations of complex information. Through cognitive processes such as compre
hension and reasoning, learners construct relational knowledge by linking isolated pieces of 
information into interconnected knowledge structures (Kintsch, 1998). Over time, these structures sta
bilize into schemas, mental representations that organize and coordinate patterns of information or 
action (Iran-Nejad, 1987; McVee et al., 2005; Varga et al., 2020). Given this study’s focus on declarative 
knowledge, we adopt a working definition of schemas as organized mental representations that capture 
how information, such as concepts, is interconnected within a domain. Schemas play a pivotal role in 
mediating cognitive and learning processes (Iran-Nejad, 1987). They can help learners attain deeper 
understanding, organize knowledge, draw inferences, and transfer knowledge across contexts by apply
ing abstract structures (Hajian, 2019; Meylani, 2024). The concepts, relationships, and overall organiza
tion within a schema can collectively reveal how learners construct and integrate domain knowledge. 
Because schemas are internal mental representations, they are often studied through external represen
tations (Ausubel, 1963). Concept maps are particularly well suited for this purpose, as they externalize 
schema structures through nodes and labeled links. They enable researchers to evaluate learners’ under
standing of a topic by examining both the quantity and quality of the relationships constructed in the 
maps (Markham et al., 1994). Beyond their use as an assessment tool, concept maps can also support 
knowledge construction by helping learners visually organize conceptual relationships (Moon et al., 
2011; J. D. Novak, 1990b, 1995; Tan et al., 2017) and recognize the broader context of individual ideas 
(J. D. Novak & Ca~nas, 2006). This approach is exemplified by digital concept-mapping environments 
such as CmapTools (Ferreira et al., 2012).

2.3. LLMs in supporting conceptual understanding

Large language models (LLMs) are increasingly applied to tasks requiring conceptual understanding, 
helping users transform large volumes of unstructured information into organized and interpretable 
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forms. For example, they can summarize complex content, reorganize scattered ideas, generate explana
tions for abstract concepts, and prompt users to compare, connect, and elaborate on ideas (Lam et al., 
2024; Suh et al., 2023), thereby functioning as cognitive scaffolds for integrating information into 
coherent knowledge structures. Prior studies have explored how LLMs can facilitate conceptual under
standing through summarization (Suh et al., 2023; Yen & Zhao, 2024), reorganization (Y. Liu et al., 
2025c; Suh et al., 2023), and content generation (Jiang et al., 2023; Wu et al., 2022; R. Zhang et al., 
2024; Z. Zhang et al., 2023). A growing body of research has also examined the integration of LLMs 
with VR to support conceptual understanding. Existing work has primarily focused on adaptive explan
ations and guidance (e.g., Domenech et al., 2024), agent-based interaction (e.g., Liu et al., 2024), and 
personalized feedback (e.g., Gianni et al., 2025). However, it remains unclear how LLM-based scaffold
ing can support learners in identifying, organizing, and evaluating conceptual relationships in VR.

3. System design

To inform the system design, this study drew on literature documenting recurring challenges in rela
tional knowledge construction. The identified challenges were used to derive scaffolding needs, which 
were subsequently instantiated as LLM-driven features in the proposed system.

3.1. Scaffolds with conceptual, relational, and metacognitive support

Recurring challenges in relational knowledge construction have been identified in the concept mapping 
literature. Concept mapping requires learners to identify concepts, establish meaningful relationships 
among them, and organize these into a coherent structure, making it a representative task for relational 
knowledge construction. First, learners often struggle to understand concept meanings, particularly 
when identifying core concepts, interpreting unfamiliar terms, or distinguishing between closely related 
ideas. Insufficient conceptual clarity increases cognitive load and leads to vague or inaccurate proposi
tions (A. Ca~nas et al., 2015). Second, learners frequently face difficulties constructing relational struc
tures, especially when managing multiple connections simultaneously (J. D. Novak & Ca~nas, 2007). 
This relational complexity can cause learners to rely on superficial associations or omit important con
nections (J. D. Novak, 1990a; Schwendimann, 2023). Third, concept map construction places substantial 
metacognitive demands on learners, who must monitor coherence, identify errors or missing links, and 
assess the completeness of their representations (A. J. Ca~nas & Novak, 2006; J. D. Novak & Ca~nas, 
2004). Without external feedback or self-assessment skills, learners may fail to detect gaps or inaccura
cies in the map (Kinchin et al., 2000).

To address these challenges, we proposed a scaffolding framework comprising conceptual, relational, 
and metacognitive supports tailored to relational knowledge construction (Table 1). Specifically, con
ceptual scaffolds provide definitions, examples, and clarifying prompts that strengthen learners’ under
standing of key concepts and reduce the cognitive effort required to interpret unfamiliar information. 
Relational scaffolds help learners establish accurate connections by automatically identifying potentially 
related concepts and offering multiple relationship types through which two concepts may be linked. 
These supports reduce the burden of relational search and support learners in constructing coherent 
and rich propositional networks. Finally, metacognitive scaffolds, including focus questions and 

Table 1. Scaffolding types and design features.
Scaffolding types Description Design features

Conceptual scaffold Provides essential conceptual information to 
help learners understand key ideas before 
forming relationships.

� Definitions of the concept 
� Examples or clarifying explanations of the 

concept
Relational scaffold Supports learners in identifying and 

constructing accurate relationships between 
concepts.

� Automatically generates links between 
related concepts 

� Multiple relational framings
Metacognitive scaffold Helps learners monitor and refine their maps 

through reflection and evaluation.
� Focus questions to guide learning process 
� Self-evaluation questions to assess 

understanding

4 F. CHENG ET AL.



self-evaluation prompts, guide learners in monitoring their understanding, identifying inconsistencies 
or missing links, and refining the overall structure of their map.

3.2. System description

Building on these scaffolds, this study introduces CmapVR, an immersive VR environment that sup
ports relational knowledge construction through LLM-enhanced concept mapping. The system integra
tes a spatial canvas for concept map construction with a learning dashboard (Figure 1).

3.2.1. LLM-based features
The scaffolds described earlier are operationalized through a set of LLM-based features. Conceptual 
scaffolds take the form of LLM-generated “Definitions” and “Examples” attached to each concept node 
(ⓐ), providing learners with essential background knowledge. Relational scaffolds support the con
struction and refinement of connections through two mechanisms. First, the system automatically con
nects concept pairs with strong semantic associations based on predefined criteria (ⓑ). Second, upon 
manually linking two concepts, a relationship panel presents four structured prompts (ⓒ): 
“Relationship” (R), “Compare”(C), “Integrate” (I), and “Infer” (F), guiding learners to explore different 
relational interpretations and strengthen propositional coherence. Each prompt draws on fine-tuned 
LLM outputs aligned with its intended cognitive process. For example, selecting “Compare” generates a 
structured comparison of the two concepts across predefined dimensions. Generated content is inte
grated into the current map context (ⓓ). Metacognitive scaffolds prompt learners to monitor, evalu
ate, and regulate their understanding throughout map construction. Focus questions (ⓔ) tailored to 
the topic encourage learners to reflect on the clarity and completeness of their emerging knowledge 
structures (e.g., How do signal transduction pathways influence gene regulation and downstream cellu
lar processes?). Self-evaluation questions (24D5) guide learners to assess individual propositions, iden
tify missing or incorrect connections, and evaluate the overall coherence of their map (e.g., Which 
statement correctly describes the relationship between DNA structure and RNA processing? A. RNA 
processing modifies RNA molecules that are transcribed from DNA. B. RNA processing alters the 
chemical structure of DNA. C. DNA structure is determined by RNA processing.). Additionally, 

Figure 1. The user interface of CmapVR with a conceptual user silhouette overlaid. A user engages with concept map 
construction, with the support of a set of LLM-based features (ⓐ-ⓙ).
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learners can expand the map by generating concepts related to a selected concept (ⓖ), or to all existing 
concepts (ⓗ). It also supports content refresh (ⓙ), allowing LLM-generated output to be updated in 
real time.

3.2.2. Interaction design
The system utilizes hand-based gesture interactions. Learners can use pinch gestures to select panels 
and activate buttons, and touch-and-release gestures to reposition panels. Text input via a virtual key
board allows learners to enter relationships directly into the panel (ⓘ).

4. User study

A within-subject experiment was conducted to examine the effects of CmapVR on the relational know
ledge construction of science concepts by comparing it with three other learning conditions.

4.1. Experimental design

4.1.1. Experimental conditions
This study compared CmapVR with three alternative conditions: (1) an immersive concept map con
struction environment with a web browser in VR (VR_browse; Figure 2a); (2) CmapTools with an 
LLM-driven conversational interface (ChatGPT-4o, OpenAI) on a desktop computer (D_chat; 
Figure 2b); and (3) CmapTools with a web browser on a desktop computer (D_browse; Figure 2c). 
CmapTools, a concept mapping software developed by the Institute for Human and Machine Cognition 
(Ferreira et al., 2012) was selected for the desktop conditions for its widespread use in educational con
texts and core concept mapping capabilities, such as connecting nodes and specifying propositions 
through labeled links. VR_browse replicated CmapVR’s layout and interaction design but replaced 
LLM-based features with web browsing for information retrieval. To minimize distractions from ads 
and irrelevant content, DuckDuckGo Lite (https://lite.duckduckgo.com/lite/) served as the search engine 
in both VR_browse and D_browse conditions. To ensure each condition adequately supported the task, 
D_chat permitted multi-turn interactions with the AI for query refinement, while participants in 
VR_browse and D_browse could freely search and explore various web pages to gather relevant 
information.

4.1.2. Task and procedure
Upon providing written informed consent, participants completed a demographic questionnaire. The 
task required participants to construct a concept map for a given scientific topic using their assigned 
tool (“condition”). Scientific concepts were used as learning materials to contextualize the relational 
knowledge construction task. To ensure comparability across conditions, eight concepts were pre- 

Figure 2. Overview of the experiment procedure.
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selected for each topic from four distinct scientific disciplines to minimize cross-topic interference 
(Appendix A). The order of topics and conditions was counterbalanced across participants using a 
Latin square design. Pre- and post-tests of relational knowledge construction were administered before 
and after each condition, along with a cognitive load survey. In each test, participants diagramed rela
tionships among the assigned concepts on paper. Participants were instructed to establish as many 
meaningful connections as possible and to explicitly describe each relationship rather than simply link
ing concepts. Lastly, participants completed a user experience survey and a semi-structured interview 
after all conditions (Figure 2).

4.1.3. Measures
The study measured performance, cognitive load, preference, usability, interaction behavior, and user 
feedback. Relational knowledge construction performance was assessed by comparing pre- and post-test 
concept maps. Two relationship types were used to evaluate performance (Figure 3): “a” denotes a 
proposition (a labeled link) reflecting reasoning between concepts; “b” denotes a crosslink connecting 
different branches of the map, reflecting knowledge integration across subtopics. For instance, 
“biogeochemical cycles” may be linked to “carbon sequestration” within one branch, while “greenhouse 
effect” may be linked to “population dynamics” within another. A crosslink connecting “carbon seques
tration” and “population dynamics” across these branches requires learners to recognize that long-term 
carbon storage affects atmospheric carbon levels, which in turn influences ecosystem-wide population 
changes. Based on the literature, both the quantity and quality of relationships (propositions and cross
links) are valid indicators of knowledge construction outcomes (Wallace & Mintzes, 1990). Established 
criteria (Schwendimann, 2023; Appendix A) were applied to assess relationship quantity and quality.

Cognitive load was measured using a questionnaire adapted from Krieglstein et al. (2023; 
Appendix B), assessing intrinsic, extraneous, and germane load. User experience comprised preference, 
assessed with a 7-point Likert scale (7¼ highest rating), and perceived usability, assessed with the 
System Usability Scale (SUS; Lewis, 2018; Appendix B).

Participants’ interaction behavior in CmapVR was analyzed to examine scaffold feature usage. 
Interaction logs were automatically recorded throughout each CmapVR session via a C# logging script 
tracking button-click behaviors. A semi-structured interview captured users’ perceptions of each tool 
and challenges encountered (Appendix C).

4.1.4. Apparatus
A head-mounted display (Meta Quest 3, Meta) was used for CmapVR and VR_browse conditions. Both 
virtual environments were developed and rendered using Unity Engine (2022.3.19f) with hand tracking 
via the Meta XR Interaction SDK. In both desktop conditions, participants used a MacBook Pro with 
32GB of memory. All LLM-based conditions used ChatGPT-4o (OpenAI) with identical system prompt 
configurations. CmapVR additionally employed scaffold-specific task prompts (See full prompts in 
Supplemental Materials), accessed via the OpenAI API with outputs delivered within the corresponding 
interface components.

Figure 3. Example concept maps constructed by a participant (P5) in the pretest (left) and post-test (center). The right 
panels provide definitions of propositions and crosslinks, with representative examples highlighted in the maps.
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4.1.5. Participants
Sixteen higher education students (9 females, 7 males) aged between 22 and 31 years (M¼ 26.31, 
SD¼ 3.33) participated in the study. Informed consent, approved by the Institutional Review Board of 
North Carolina State University (IRB protocol number 28025), was obtained from all participants. 
Participants reported their familiarity with VR (M¼ 2.46, SD¼ 0.97) on a 5-point scale (1¼ very 
unfamiliar, 3¼ neither familiar nor unfamiliar, 5¼ very familiar), indicating a moderate level of 
unfamiliarity. They also reported usage frequency (M¼ 1.4, SD¼ 0.97) on a 7-point scale (1¼ once a 
year, 4¼ once a week, 7¼more than once per day), suggesting infrequent use. Participants’ familiarity 
with LLMs was higher (M¼ 3.23, SD¼ 1.01), and their usage frequency was M¼ 5.36 (SD¼ 1.36), indi
cating usage around “several times a week.”

4.2. Data analysis

4.2.1. Hypotheses
The following hypotheses were developed to guide the analysis: CmapVR is expected to outperform the 
other three conditions in relational knowledge construction (H1), as its scaffolds provide structured 
support while VR’s spatial and embodied affordances further facilitate information processing; 
CmapVR’s structured scaffolding is expected to result in lower cognitive load than VR_browse (H2); 
CmapVR is expected to receive higher preference ratings than the other three conditions (H3); 
CmapVR is expected to yield higher usability than VR_browse (H4.a), while the desktop conditions are 
expected to outperform both VR conditions given participants’ greater familiarity with desktop interfa
ces (H4.b).

4.2.2. Data analysis methods
Two researchers independently counted and scored the propositions and crosslinks in the pre- and 
post-tests, blind to condition assignment. Inter-rater reliability was assessed using Cohen’s kappa for 
each performance measure (Lombard et al., 2002), as both the scoring criteria and procedure are condi
tion-independent, yielding: proposition count (j ¼ 0.94), crosslink count (j ¼ 0.91), proposition qual
ity (j ¼ 0.83), and crosslink quality (j ¼ 0.83), indicating almost perfect agreement (Landis & Koch, 
1977). Any remaining discrepancies were resolved through discussion. For the collected data (perform
ance, cognitive load, preference ratings, and SUS scores), normality was assessed via the Shapiro-Wilk 
test, followed by one-way repeated-measures ANOVA with Tukey’s post hoc tests or the Friedman test 
with Nemenyi-Wilcoxon comparisons for normally and non-normally distributed data, respectively. To 
control for familywise error, Holm-Bonferroni correction was applied across the four performance out
comes and across the three cognitive load subscales separately (Bender & Lange, 2001). Sensitivity ana
lysis for repeated-measures ANOVA indicated the design was powered to detect effects of at least 
Cohen’s f ¼ 0.305 (g2 ¼0.085), suggesting adequate sensitivity for medium-sized but not smaller 
effects. Effect sizes were reported as partial eta squared (g2

p) for ANOVA and Kendall’s W for 
Friedman tests, with 95% confidence intervals (CI) estimated via the noncentral F distribution and 
bootstrapping (1,000 samples), respectively. Effect size benchmarks followed Cohen (2013) for g2

p (0.01, 
0.06, 0.14), and Tomczak and Tomczak (2014) for Kendall’s W (0.10, 0.30, 0.50), indicating small, 
medium, and large effects, respectively. To examine whether usability ratings may have confounded 
performance, repeated-measures correlations (Bakdash & Marusich, 2017) were conducted between SUS 
scores and each of the four performance outcomes.

For interaction behaviors, the total number of button clicks was logged and categorized according to 
the feature activated: Definition and Example (ⓐ; conceptual scaffold), Generating Relationship and 
Relational Framings (ⓑ and ⓒ; relational scaffold), and Focus Questions and Self-evaluation Questions 
(ⓓ and ⓔ; metacognitive scaffold), and Others. Others captured operational interactions, including 
closing panels, navigating back, and deleting. Clicks included both entry-level feature activation and 
subsequent interactions within feature panels, such as refreshing content or selecting options. Each fea
ture’s usage was expressed as a proportion of the participant’s total button clicks. Due to a technical 
issue, one participant’s log data was lost, leaving 15 participants for this analysis.
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Semi-structured interview responses were analyzed using a thematic coding approach. Prior to cod
ing, a codebook was developed based on the interview protocol, identifying an initial set of themes 
grounded in the key topics covered during the interviews. The transcripts were pre-segmented into 
units prior to coding, with each segment defined as a complete response to a single interview question. 
Each researcher then independently coded all interview transcripts using the codebook, working from 
the same pre-segmented units. Inter-rater reliability was assessed using Cohen’s kappa (j) separately 
for each theme, yielding j ¼ 0.78 overall (range across themes: [0.62, 1.00]), which indicates substantial 
agreement.

5. Results

5.1. Performance

There was a statistically significant difference across conditions in the increase in the number of propo
sitions from pretest to post-test (v2(3) ¼ 19.10, p< 0.001, W¼ 0.42, 95% CI [0.27, 0.68]; Figure 4). 
CmapVR (M¼ 5.40, SD¼ 2.50) had significantly more increase in proposition count, outperforming 
VR_browse (M¼ 1.00, SD¼ 2.03, p< 0.001), D_chat (M¼ 1.80, SD¼ 2.42, p< 0.01), and D_browse 
(M¼ 1.93, SD¼ 2.46, p< 0.01). There was also a significant difference in the increase in crosslink 
counts (v2(3) ¼ 22.93, p< 0.001, W¼ 0.51, 95% CI [0.28, 0.79]). CmapVR (M¼ 2.13, SD¼ 1.55) had 
significantly more increase than VR_browse (M¼−0.47, SD¼ 1.25, p< 0.001) and D_chat (M¼ 0.33, 
SD¼ 1.05, p< 0.05). Although numerically greater than D_browse (M¼ 0.53, SD¼ 0.92), the difference 
did not reach statistical significance (p¼ 0.053). These results indicate that CmapVR fostered more con
cept relationships and stronger knowledge connections across subtopics.

There was a significant difference across conditions in the increase in the proposition’s quality scores 
(F (3,42) ¼ 18.52, p< 0.001, g2

p ¼ 0.57, 95% CI [0.39, 1.00]). CmapVR (M¼ 17.40, SD¼ 9.01) showed 
significantly greater increase than VR_browse (M¼ 1.87, SD¼ 4.55, p< 0.001), D_browse (M¼ 4.33, 
SD¼ 6.18, p< 0.001), and D_chat (M¼ 4.40, SD¼ 6.21, p< 0.01). There was also a significant differ
ence across conditions in the increase in crosslink quality scores (v2(3) ¼ 19.21, p< 0.001, W¼ 0.43, 
95% CI [0.23, 0.69]), with CmapVR (M¼ 5.13, SD¼ 5.69) showed significantly greater increase than 
VR_browse (M¼−1.87, SD¼ 4.03, p< 0.01) and D_chat (M¼ 0.13, SD¼ 2.26, p< 0.05). This suggests 
that CmapVR helped users construct fewer generic relationships between concepts.

5.2. Cognitive load

There was a significant main effect of conditions on overall cognitive load (F (3,42) ¼ 9.37, p< 0.001, 
g2

p ¼ 0.40, 95% CI [0.19, 1.00]; Figure 5). Post-hoc comparisons revealed that VR_browse (M¼ 5.20, 
SD¼ 1.0) induced significantly higher overall cognitive load than CmapVR (M¼ 4.53, SD¼ 0.85, 
p< 0.05) and D_chat (M¼ 4.04, SD¼ 0.69, p< 0.01). D_chat induced significantly lower cognitive load 

Figure 4. Results of relational knowledge construction performance across four conditions. In each plot, the box repre
sents the interquartile range (IQR), the center line indicates the median, and the plus symbol (þ) denotes the mean. 
Whiskers indicate the minimum and maximum values. Significant pairwise differences are denoted by asterisks 
(�p< 0.05, ��p< 0.01, ���p< 0.001).
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than D_browse (M¼ 4.81, SD¼ 0.82, p¼ 0.01). For the subscales, significant differences in extraneous 
load were found across conditions (F (3,42) ¼ 12.33, p< 0.001, g2

p ¼ 0.47, 95% CI [0.26, 1.00]). Post- 
hoc comparisons revealed that VR_browse (M¼ 4.76, SD¼ 1.72) induced significantly higher extrane
ous load than CmapVR (M¼ 3.58, SD¼ 1.94, p< 0.01) and D_chat (M¼ 2.62, SD¼ 1.10, p< 0.001). 
D_chat induced significantly lower extraneous load than D_browse (M¼ 4.33, SD¼ 1.39, p< 0.001). 
Although intrinsic cognitive load differed significantly across conditions (F (3,42) ¼ 3.82, p< 0.05, g2

p 
¼ 0.21, 95% CI [0.03, 1.0]), post-hoc comparisons revealed no significant pairwise differences. No sig
nificant differences in germane load were observed across conditions (F (3,42) ¼ 0.33, p¼ 0.80).

5.3. Preference

A Friedman test revealed a significant effect of condition on user preference ratings (v2(3) ¼ 28.42, 
p< 0.001, W¼ 0.63, 95% CI [0.51, 0.86]; Figure 6). Post-hoc Wilcoxon signed-rank tests (Bonferroni- 

Figure 5. Results of cognitive load across four conditions. In each plot, the box represents the interquartile range (IQR), 
the center line indicates the median, and the plus symbol (þ) denotes the mean. Whiskers indicate the minimum and 
maximum values. Significant pairwise differences are denoted by asterisks (�p< 0.05, ��p< 0.01, ���p< 0.001).

Figure 6. Results of user experience across four conditions. In each plot, the box represents the interquartile range 
(IQR), the center line indicates the median, and the plus symbol (þ) denotes the mean. Whiskers indicate the minimum 
and maximum values. Significant pairwise differences are denoted by asterisks (�p< 0.05, ��p< 0.01, ���p< 0.001).
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corrected) showed that participants preferred CmapVR (M¼ 5.93, SD¼ 1.14) significantly more than 
VR_browse (M¼ 2.29, SD¼ 1.73, p< 0.01). Participants also preferred D_chat (M¼ 6.07, SD¼ 1.21) 
over VR_browse (p< 0.05), and D_browse (M¼ 4.50, SD¼ 1.09) over VR_browse (p< 0.05).

5.4. Usability

A Friedman test revealed significant differences in usability across conditions (v2(3) ¼ 36.55, p< 0.001, 
W¼ 0.76, 95% CI [0.50, 0.96]). D_chat (M¼ 79.5, SD¼ 14.2) was rated significantly higher than 
VR_browse (M¼ 29.5, SD¼ 12.3, p< 0.01) and CmapVR (M¼ 56.8, SD¼ 13.0, p< 0.05). CmapVR was 
rated significantly higher than VR_browse (p¼ 0.05). Additionally, D_browse (M¼ 71.1, SD¼ 15.9) 
was rated significantly higher than VR_browse (p< 0.01). No significant correlations were found 
between usability and the increase in proposition count (r(41) ¼ 0.061, p¼ 0.696, 95% CI [−0.244, 
0.355]), proposition quality (r(41) ¼ 0.017, p¼ 0.915, 95% CI [−0.285, 0.315]), crosslink count (r(41) ¼
0.076, p¼ 0.626, 95% CI [−0.229, 0.368]), or crosslink quality (r(41) ¼ 0.053, p¼ 0.737, 95% CI 
[−0.252, 0.348]). This suggested that no meaningful relationship between usability and performance 
was detected in this sample.

5.5. Interaction logs

To examine participants’ engagement with CmapVR’s scaffold features, interaction logs were analyzed 
to capture scaffold usage frequency (Figure 7). Relational scaffolds accounted for the largest share of 
interactions (M¼ 51.3%), with relational framings (M¼ 34.7%, SD¼ 15.8%) being the most frequently 
used feature, followed by automatically generated relationships (M¼ 16.6%, SD¼ 7.0%). Conceptual 
scaffolds were the second most used (M¼ 14.7%), driven primarily by Definition interactions 
(M¼ 12.8%, SD¼ 10.8%), while Example use was minimal (M¼ 1.8%, SD¼ 2.6%). Metacognitive scaf
folds were the least used (M¼ 8.9%), with self-evaluation questions (M¼ 7.3%, SD¼ 16.1%) used more 

Figure 7. Distribution of interaction counts across features in CmapVR for each participant, expressed as a percentage 
of total button clicks.
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frequently than focus questions (M¼ 1.6%, SD¼ 2.6%). The remaining interactions fell under Others 
(M¼ 25.2%, SD¼ 10.4%). Substantial individual variation was evident. Notably, P9 devoted 58.9% of 
interactions to self-evaluation questions while, eight participants (P2–3, P5, P7, P10–12, P15) recorded 
no metacognitive scaffold use throughout the session. P2 and P10 had the highest proportions of rela
tional framing interactions (59.0% and 52.3%, respectively), while P5 recorded no relational framing 
interactions, distributing evenly across definitions, auto-generated relationships, and others (33.3% 
each).

5.6. Interview responses

5.6.1. CmapVR facilitated spatial presentation, embodied interaction, immersion, and focus
Participants identified four ways CmapVR’s VR features supported knowledge construction. First, VR 
enhanced task engagement (3/16; hereafter n/16). P3, P11, and P15 noted that VR’s novelty and virtual 
setup made the experience more interesting and engaging. Second, VR’s immersive nature helped par
ticipants focus on the task (4/16). P8 noted that “VR makes it harder to get distracted because you’re 
more immersed in the environment, whereas with a desktop the surrounding space is more open and it’s 
easier to lose focus.” P6 added that desktop’s easy access to other web pages posed a greater distraction 
risk. Third, VR’s three-dimensional layout helped participants build and retain a clearer mental image 
of their concept map (5/16). P5 noted that VR’s spatial structure made the map easier to recall, and P3 
described it was “more intuitive than 2D.” P9 also noted that “[VR] somehow formed a sense of space in 
my memory. I could roughly recall what the map looked like, which words were in which positions, and 
which words they were connected to.” P1 described using spatial positioning as a memory strategy, 
adjusting concept placements to build a mental image. Finally, participants valued VR’s active, hands- 
on interaction (3/16). P1 noted that being in VR “creates an urge to try rearranging things,” whereas in 
a 2D interface, “there’s no such impulse.” P15 added that interacting physically with content, such as 
“wanting to grab and manipulate things,” encouraged deeper engagement with the material. P2 empha
sized that being able to “continuously drag and move these concepts” felt more direct and helped them 
lay out groupings naturally.

5.6.2. LLM-Based features freed up cognitive resources for knowledge construction
Participants reported that CmapVR’s LLM-based features reduced cognitive effort by facilitating infor
mation retrieval, multi-concept management, and knowledge exploration (7/16). First, LLM-based fea
tures reduced the burden of information retrieval. P6 noted that CmapVR presented information in 
structured modules, eliminating the need to craft prompts: “to get the same information on a desktop, I 
would probably need to prompt many times, whereas here I only need to click a button.” P7 pointed out 
that browser search is inherently sequential, requiring users to look up one concept at a time and 
manually trace connections, making it ill-suited for integrating eight interrelated concepts simultan
eously. By contrast, in CmapVR, “AI has already done a lot of that for you.” P5 and P9 noted that 
CmapVR’s LLM-based features were well-aligned with the task goal: “almost every part of the system 
directly provided relationships, so the information it gave was consistent with what the task actually 
needed.” (P5). Beyond information retrieval, CmapVR’s LLMs also helped participants discover previ
ously unconsidered connections. P5 noted that when using ChatGPT directly, “you tend to only ask 
about things you’ve already thought of,” whereas a system that automatically generates related concepts 
“leads you to learn more and broader content just by clicking through.”

By offloading retrieval and organization to the AI, participants felt they could devote more cognitive 
resources to understanding and retaining the conceptual structure (3/16). P3 noted that AI “skips the 
filtering step” that browser search requires. P13 noted that LLM-generated connections reduced the 
effort of relationship construction, allowing them to focus on evaluating and supplementing the pro
vided links rather than generating them from scratch. P2 similarly commented that with CmapVR, “all 
you need to do is to find the relationships between concepts and remember what it looks like.”
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5.6.3. Trust judgment of information across tools
Participants’ trust in retrieved information varied across tools and was shaped by source visibility, 
information consistency, and presentation format. Several participants expressed greater trust in 
LLM-generated content (5/16), primarily due to AI’s ability to synthesize information. P7 described AI 
output as “a prepared meal” compared to browser results, which are “raw ingredients that still need to 
be cooked.” P10 and P15 observed that while browsers may present conflicting accounts, AI unified per
spectives by synthesizing across sources. P2 noted that browser-based maps were more error-prone, 
given the difficulty of piecing together fragmented information under time pressure. Others expressed 
higher trust in browser-based sources due to their visibility and traceability (3/16). P6 and P11 noted 
that browsers allow users to judge source credibility directly, whereas LLMs may hallucinate. P13 rea
soned that browser content is “less likely to be obviously wrong” given its grounding in established 
websites.

Several participants adopted a more calibrated stance (5/16). For some, trust was contingent on task 
purpose. P5 argued that for initial concept learning, broad understanding matters more than precision, 
making AI sufficiently trustworthy. P3 described a pragmatic approach, searching only when in doubt 
and treating the browser as a verification tool for “confirming whether a connection makes sense.” 
Presentation format also shaped participants’ trust. P6 noted that CmapVR’s structured, complete pres
entation suggested a well-designed system, reducing hallucination concerns and making information 
feel more trustworthy. P9 echoed this, noting that CmapVR’s “relatively fixed and clearly defined out
puts” felt more dependable than more variable responses from the chatbot in D_chat.

5.6.4. Learning strategies across tools
Different conditions shaped participants’ engagement with the conceptual material, leading them to 
adopt different learning strategies.

Sequential, definition-first lookup in browser-based conditions (7/16). Participants typically began 
by looking up each concept individually before attempting to identify relationships in browser-based 
conditions. P11 described the process: “first look up the definition of each term separately, then search 
for pairs of concepts together to see if they appear in the same results.” P13 and P15 reported that after 
clarifying definitions, they drew on prior knowledge to hypothesize relationships, searching further only 
when a connection seemed implausible. However, participants noted limitations of this strategy when 
managing eight interrelated concepts. P5 and P7 noted that browser search is “inherently one concept at 
a time,” making it difficult to build complex, multi-directional relationships. The VR_browse condition 
introduced additional friction: P2 noted that navigating web pages in VR was slow, making the process 
even more laborious. Faced with the same challenge, P8 narrowed their strategy to focus on terms they 
were least certain about.

Structure-led, relation-first exploration in CmapVR (6/16). Rather than building understanding 
bottom-up from definitions, participants began by surveying the relational structure as a whole. P2, 
P11, and P15 noted that they first used CmapVR’s automatically generated relationships to connect 
concepts into a draft network, which served as a scaffolded starting point for further exploration. P13 
echoed this, noting that: “I would first look at the connections the system provided, and if they seemed 
reasonable, I would note them down and then supplement them with my own understanding.” P5 
described using the density of connections as an orienting heuristic: “I would look at which concepts 
had the most connections, as those tended to be the central ones that linked everything else together, so 
from the very beginning I knew which concepts were most important.” P5 further noted that generated 
connections made unfamiliar concepts feel more approachable by linking them to known ones.

Batch input and conversational synthesis in D_chat. The conversational AI interface on the desk
top enabled a streamlined retrieval strategy (3/16). P8 described inputting all eight concepts at once 
and requesting a unified explanation of their relationships. P9 noted this allowed them to focus on 
broader theoretical connections rather than information retrieval. However, P6 noted that the chat 
interface’s open-ended nature meant output quality depended heavily on query framing, requiring more 
judgment to direct the conversation toward task-relevant information. Additionally, receiving multiple 
concept comparisons in a single output could feel overwhelming (P5).
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5.6.5. Interactional and physical burdens in VR
Participants in both VR conditions reported interactional and physical burdens that disrupted know
ledge structuring. First, the virtual keyboard was the most commonly cited source of frustration (6/16). 
P2, P5-7, and P11 noted that typing errors were frequent and difficult to correct. Second, participants 
found window switching and information comparison cumbersome in VR_browse (3/16). P11 pointed 
out that “if you want to compare two concepts or their relationships, you have to switch tabs back and 
forth, and it’s nowhere near as fast as using a mouse.” P1 also noted that cursor imprecision in VR 
made tab switching and dragging effortful. Third, participants encountered difficulties with gesture- 
based selection and object movement (5/16). P5 attributed this to VR’s three-dimensional nature, not
ing that “dragging things back and forth and selecting targets were both difficult, and a lot of time was 
spent on basic operations rather than searching for knowledge itself.” P15 similarly remarked that “the 
overall operational feel was still not very clear,” while P7 noted that limited VR familiarity added diffi
culty. Lastly, physical discomfort also contributed to reduced fluency (3/16). P8 and P9 reported neck 
discomfort from the headset’s weight during extended use, and P15 noted hand fatigue from continu
ous movement.

5.6.6. Suggestions for system improvement and visions of an ideal learning tool
Participants offered suggestions for CmapVR (5/16), primarily regarding information density and input 
efficiency. P15 recommended progressive information disclosure to reduce reading fatigue: “start by 
showing less content, and let users expand to see more if they want.” P1 suggested automatic spatial 
structure generation to reduce manual arrangement effort. P6 proposed a curved display wall to 
improve peripheral visibility without requiring physical movement. P2, P5, P7, and P13 requested an 
integrated chat interface for queries beyond the system’s existing prompts. Participants also anticipated 
richer interaction (P2, P4) and media modalities (P7).

Participants envisioned ideal systems for concept learning tasks (8/16), with VR–AI integration 
regarded as a promising direction (6/16). P6 described an ideal in which “VR handles the intuitive pres
entation of the overall structure and relationship map, while LLM provides a convenient way to quickly 
input, double-check, or view more details.” Notably, some participants distinguished contexts in which 
different tools would be most appropriate (3/16). P9 noted that for familiar topics, desktop-based AI 
would be sufficient, but for “a set of terms with no prior concept at all,” CmapVR would be preferable 
because “it presents relationships and explanations in a more integrated and accessible way.” P11 echoed 
this, stating that for unfamiliar topics, “the structured support provided by VR combined with AI would 
be more helpful.” P5 further suggested that CmapVR may be particularly well-suited for informal learn
ing contexts such as science outreach or self-directed exploration.

6. Discussion

6.1. Factors contributing to the enhanced performance in CmapVR

CmapVR outperformed the three alternative conditions across most performance metrics, yielding 
greater gains in proposition and crosslink quantity and quality. The crosslink advantage over D_browse 
was not statistically significant but followed the same direction, and the overall pattern supports H1. 
These results suggest that CmapVR not only facilitated broader conceptual exploration but also sup
ported more precise and complex relational representations. The following analysis examines the factors 
underlying these findings.

6.1.1. Enhanced information access supported broader relational knowledge exploration
Participants generated more propositions in CmapVR, indicating enhanced exploration and retention 
of inter-conceptual relationships. First, CmapVR facilitated learners’ broader structural exploration as 
they built upon an existing relational foundation as opposed to constructing connections from scratch. 
Automatically generated connections served as an orienting heuristic, allowing participants to use con
nection density and distribution to identify central concepts and navigate unfamiliar material (P11, 
P15). This also supported the discovery of unanticipated connections: observing the network’s structural 
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properties encouraged learners to explore previously unconsidered relationships, such as linking isolated 
concepts to established clusters (P5). This process ultimately broadened the scope of conceptual 
exploration.

Furthermore, CmapVR’s interface design and LLM-driven information generation enhanced infor
mation access, helping learners construct more conceptual relationships. Unlike other tools, which 
require users to formulate queries, navigate tabs and pages, and extract relevant content, CmapVR’s 
LLM-based features, particularly structured relational framing, enabled learners to surface connections 
through direct, single-click interactions. Information retrieval with minimal effort enabled learners to 
more quickly identify more relationships across concepts. This is particularly valuable when construct
ing an integrated map across eight interrelated concepts (P7), where cumulative retrieval costs become 
substantial, and lowering this cost at each step helps learners to sustain exploratory engagement.

6.1.2. Structured relational scaffolding supported more precise proposition construction
CmapVR also yielded greater gains in proposition quality, indicating that learners formed more precise 
and well-articulated relational statements. One likely contributor was the structured information pro
vided by LLM-based relational framings. Their task relevance was evidenced by interview data (P5–6, 
P9) and interaction logs, which recorded the highest activation rate among all scaffold types. These 
framings helped mitigate oversimplification by generating relational statements that captured conceptual 
nuances, preventing incomplete or overly generic propositions such as “related to” (Schwendimann, 
2023). In browser-based conditions, learners often stopped short of articulating the precise nature of a 
confirmed relationship, as doing so required additional searches and cognitive effort to synthesize infor
mation across sources. Moreover, relational framings exposed learners to multiple relational perspec
tives across comparative, integrative, and inferential dimensions. Unlike D_chat, where relational 
information was generated in response to user-initiated queries and thus constrained by how questions 
were posed, CmapVR systematically presented multiple relational framings for the same concept pair in 
parallel. These framings could be complementary, each illuminating a distinct aspect of the relationship, 
enabling participants to draw selectively across them to construct richer, more precisely articulated 
propositions. Interview data further revealed that participants valued the system’s capacity to pre-organ
ize relational content into well-formed propositional statements (P2-3, P5, P13), which were more read
ily processed than the raw information returned by browser search or the extended responses in 
D_chat.

6.1.3. Systems-Level relational reasoning through integrated scaffold, spatial, and embodied 
support
CmapVR yielded the greatest gains in crosslink quantity and quality, suggesting CmapVR supported 
not only local relational reasoning between concept pairs but also systems-level reasoning across con
ceptual subtopics. This performance may be explained by two mechanisms suggested by participant 
responses. First, participants used automatically generated relationships to survey the conceptual land
scape through a top-down, graph-based approach (P2, P11, P13, P15). This approach appeared to sup
port their identification of connections across branches of the concept map, such as using the 
structural overview to locate conceptual clusters and explore potential links between them (P5). Once a 
potential crosslink was identified, CmapVR allowed learners to connect any two concepts and access 
LLM-generated relational content for that pair, perceived as reducing the effort required to articulate 
cross-topic relationships.

Second, CmapVR situated concept nodes within a three-dimensional spatial environment, enabling 
learners to perceive the overall map structure as a physical landscape. Several participants reported that 
this spatial presentation made the global organization of concepts more salient (P1, P3, P5, P9), helping 
them hold multiple conceptual regions in view and notice structural gaps between distant clusters that 
might otherwise have gone undetected. Furthermore, working in the immersive environment appeared 
to evoke a stronger impulse in some participants to bridge disconnected conceptual regions, which they 
associated with eventually forming crosslinks (P1-2, P15). Physically navigating and manipulating 
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concept nodes was also perceived as deepening their sense of the connective tension between concepts, 
which may have reinforced their mental representation of inter-cluster relationships.

6.1.4. Supporting retention of relational knowledge
CmapVR reduced the need for users to retrieve, filter, or reorganize content, freeing cognitive resources 
for the retention of inter-conceptual relationships. This was reflected in the lower extraneous cognitive 
load reported in CmapVR, partially supporting H2. Extraneous cognitive load refers to mental effort 
arising from the design and presentation of the learning environment rather than from the learning 
content itself. Accordingly, information quality, structure, and interface design were likely key factors 
driving extraneous load differences across conditions. In CmapVR, task-aligned, pre-organized rela
tional content reduced the need to filter information, likely lowering extraneous load compared to 
VR_browse, where participants navigated unstructured web content to identify relevant relationships. 
Similarly, D_chat’s conversational interface enabled retrieval of synthesized, query-specific responses in 
a single interaction, reduced information-seeking effort compared to D_browse and VR_browse. 
Additionally, the lower cognitive load in D_chat relative to VR_browse may partly reflect participants’ 
greater familiarity with conversational LLM interfaces (M¼ 3.23) compared to VR (M¼ 2.46). 
However, CmapVR’s LLM-based features may have offset extraneous load from VR unfamiliarity, as its 
structured interface reduced the need for website navigation and text input, both of which participants 
found particularly demanding in VR. By minimizing irrelevant information management, CmapVR 
enabled learners to dedicate more cognitive resources to encoding and consolidating relational struc
tures, likely contributing to greater proposition and crosslink retention in the post-test.

Furthermore, by lowering information access costs, CmapVR provided sufficient conceptual content 
for spatial memory mechanisms to engage. By contrast, the absence of such content in VR_browse left 
learners with little relational material to spatially organize or manipulate, which may have limited the 
extent to which VR’s affordances could be leveraged. In CmapVR, participants reported that the three- 
dimensional layout supported formation of a clearer mental image of the concept map (P3, P5, P9), 
with some actively using spatial positioning as a deliberate memory strategy (P1). This pattern is con
sistent with research suggesting that three-dimensional environments can strengthen memory encoding 
by binding content to spatial location cues (Ekstrom & Hill, 2023; Maidenbaum et al., 2024; 
Mastrogiuseppe et al., 2019). Moreover, manipulable conceptual content may also have encouraged 
embodied interaction: participants described an urge to rearrange concepts, reposition nodes, and 
organize groupings through direct manipulation (P1, P15). Grounded in embodied cognition theory 
(Castro-Alonso et al., 2024), such interactions with external representations may reinforce formation of 
corresponding mental structures, potentially contributing to greater retention of relationships.

6.2. Using LLMs to support conceptual understanding in VR

Participants reported significantly higher preference ratings and usability scores for CmapVR than VR_ 
browse, partially supporting H3 and fully supporting H4.a, suggesting LLM-based scaffolding’s potential 
to improve both learning performance and user experience in VR. The design and evaluation of 
CmapVR revealed four considerations regarding the use of LLMs in VR.

6.2.1. Modularizing scaffolds as LLM-based functions in VR
A key design principle of CmapVR is modularizing cognitive scaffolds into discrete, task-aligned 
LLM-based functions. Rather than providing a general-purpose conversational interface, CmapVR decom
posed the scaffolding process into targeted functions, each addressing a specific cognitive demand: defini
tions and examples for conceptual understanding, structured relational framings for proposition 
construction, and focus and self-evaluation questions for metacognitive regulation. Based on these findings, 
this modular approach offered two advantages in VR. First, it reduced interaction overhead in prompt for
mulation, as learners could trigger scaffolding through direct manipulation rather than natural language 
queries. This reduced the need for text entry and may have lowered the cognitive load of prompt formula
tion. Second, these functions could be flexibly embedded within the spatial environment as interactive mod
ules, enabling richer interface structures that could shape learners’ cognitive processes and strategies. In 
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CmapVR, this enabled AI-generated relationships to be displayed directly along concept links, supporting a 
relation-first exploration strategy for navigating the conceptual landscape. These findings suggest that 
embedding LLMs in VR can regulate cognitive effort and shape learners’ cognitive processes.

However, the LLM-based functions were not used evenly. Metacognitive scaffolding accounted for 
only 8.9% of interactions, and eight of fifteen participants with available logs recorded no metacognitive 
use, indicating that the present findings primarily support the effectiveness of the conceptual and rela
tional scaffolds. This pattern may reflect the self-regulatory demands of metacognitive engagement, 
which some learners may not spontaneously initiate in immersive environments. How to better support 
metacognitive engagement in immersive contexts remains an open question for future research. One 
possibility is to implement context-aware functions that proactively deliver metacognitive support when 
learners may benefit from reflective engagement.

6.2.2. Influence of interface design on bias toward LLM-generated content
Participants’ bias toward LLM-generated content depended not only on information source but on how 
that information was presented within the interface. CmapVR’s structured, modular presentation, which 
delivered relational content in clearly defined, context-specific formats, reduced hallucination concerns 
and increased perceptions of the system as reliable and well-designed (P6, P9). This contrasts with 
open-ended conversational interfaces such as D_chat, where variable response length and format intro
duced greater uncertainty about information quality. These findings suggest that interface design may 
shape users’ perception and trust of AI-generated content. While structured presentation can foster 
productive engagement, it may also inadvertently suppress critical evaluation of AI-generated content. 
Future designs should therefore incorporate explicit prompts encouraging users to verify AI-generated 
content, ensuring that interface-induced trust does not come at the cost of epistemic vigilance.

6.2.3. LLM-Backed functions as a prerequisite for realizing VR’s spatial and embodied affordances
The findings suggest that VR’s spatial and embodied affordances, while theoretically beneficial for know
ledge construction, are contingent on the availability of accessible information. VR_browse’s compara
tively poorer performance suggests that immersion and spatial layout alone are insufficient to support 
relational knowledge construction, especially when learners must expend significant effort on information 
retrieval and organization before constructing relational representations. In this context, ready access to 
LLM-backed functions within the spatial interface was a prerequisite for realizing VR’s spatial and embod
ied affordances. This implies that the cognitive value of immersive environments emerges from the inter
play between their affordances and the quality of content they are designed to deliver.

6.3. Usability constraints in VR

Both VR-based conditions showed lower usability than the desktop-based condition, supporting H4.b. 
This can be attributed to two key factors. First, participants reported relatively low familiarity with VR 
(M ¼ 2.46, SD ¼ 0.97) and infrequent usage (M ¼ 1.40, SD ¼ 0.97). In contrast, participants were 
more comfortable with conversational LLMs, reporting higher familiarity (M ¼ 3.23, SD ¼ 1.01) and 
more frequent usage (M ¼ 5.36, SD ¼ 1.36). This likely introduced a learning curve despite the pre- 
experiment practices. Second, the most criticized element was mid-air typing, described as “chunky” 
and disruptive to task flow (P6). The difficulty of text entry in VR has been well documented in prior 
research (Z. Liu et al., 2025d; Yildirim & Osborne, 2020). Together, these results suggest that VR still 
presents nontrivial usability challenges, and that reducing the learning curve associated with VR inter
action and improving text-entry mechanisms may enhance the usability of VR-based tools.

Notably, lower usability ratings in VR-based conditions did not correspond to poorer relational 
knowledge construction performance. In CmapVR, interactional friction from VR unfamiliarity and 
text entry did not appear to negate the cognitive benefits of its spatial affordances and LLM-based scaf
folding. This pattern suggests that usability and performance capture distinct aspects of the learning 
experience and should not be treated as interchangeable indicators of system effectiveness. It also sug
gests that usability constraints, while consequential for user experience, may be addressable through 
design iteration without compromising CmapVR’s learning advantages.
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7. Limitations

Several limitations should be acknowledged. First, the learning tasks focused on structured, factual 
STEM content. Caution is therefore warranted when extending these results to less structured or more 
interpretive domains, such as history, ethics, or social science. Future research could further examine 
how CmapVR performs across a wider range of content types to better understand the scope of its 
applicability. Second, the relatively small, college-student sample limits both statistical power and gener
alizability to broader learner populations. Third, although family-wise correction was applied within the 
performance outcomes and cognitive load subscales defined by research hypotheses, the experiment- 
wise error rate across all tested hypotheses was not controlled. Fourth, the study did not independently 
manipulate VR modality and LLM-based support, and the use of different information sources, namely 
web browsers and LLM-based features, may also have introduced differences in the quality, accuracy, 
and ease of use of the information available to participants. Therefore, the findings should be viewed as 
exploratory evidence of CmapVR’s potential benefits rather than as a direct test of the separate or inter
active effects of VR and LLMs. Future research with larger samples and factorial designs should exam
ine how VR, LLM-based scaffolding, and their specific forms of integration contribute to relational 
knowledge construction. Lastly, this study measured immediate post-test performance, and observed 
gains may therefore partly reflect recall of AI-supplied content from LLM-based features such as gener
ated links and relational framings, rather than independently constructed knowledge. Whether these 
gains reflect durable understanding and whether relational knowledge persists, generalizes, or develops 
over time warrants longitudinal investigation.

8. Conclusion

This study investigated the effects of a VR-based learning environment augmented with LLM-based 
scaffolding on supporting relational knowledge construction. This work introduced CmapVR, a 
VR-based learning environment integrating conceptual, relational, and metacognitive scaffolds, and 
evaluated it through a science concept learning experiment with 16 participants, comparing it against 
three alternative learning conditions. Results showed that CmapVR led to greater improvements in 
both the quantity and quality of constructed concept relationships than all other conditions, while also 
inducing lower extraneous cognitive load and eliciting stronger user preference compared to browsing 
in VR. This study identified several factors underlying CmapVR’s performance advantages, including 
enhanced information access, structured relational scaffolding, and the combined support of spatial and 
embodied affordances for systems-level reasoning and knowledge retention. It further discussed how 
modularizing LLM-based scaffolds as discrete functions shaped learners’ knowledge construction proc
esses and served as a prerequisite for realizing VR’s affordances. Despite usability constraints related to 
VR familiarity and text entry, this study demonstrated that LLM-supported VR environments show 
promise for supporting relational knowledge construction while reducing unnecessary cognitive effort.
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Appendix A

Science Concepts and Scoring Rubric for Concept Maps

Table A1. Science concepts for the four topics.
Astronomy Electronic engineering Environmental science Biology

Solar System Circuit Design Food Chains DNA Structure
Gravity and Orbits Control Systems Biogeochemical Cycles Central Dogma
Stars Electromagnetic Fields Ecosystem Restoration Cell Membrane
The Sun’s Structure Power Electronics Greenhouse Effect Mitosis
Quantum Mechanics Signal Processing Biodiversity Protein Phosphorylation Cascades
Stellar Evolution Microcontrollers Trophic Levels Gene Regulation
General Relativity Digital Systems Population Dynamics Signal Transduction Pathways
Event Horizons Embedded Systems Carbon Sequestration RNA Processing

Table A2. Scoring rubric.
Accuracy Score Definition

Excellent 4 Outstanding proposition. Complete and correct. It shows a deep understanding of the relationship between 
the two concepts.

Example: metamorphic rocks can be made from igneous rocks
Good 3 Complete and correct proposition. It shows a good understanding of the relationship between the two 

concepts.
Example: climate exposes minerals

Average 2 Incomplete but correct proposition. It shows partial understanding of the relationship between the two 
concepts.

Example: minerals help geologists
Below Average 1 Although valid, the proposition does not show understanding of the relationship between the two concepts.

Example: water is earth materials
Invalid/inaccurate 0 The proposition is incorrect.

Example: limestone is quartz
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Appendix B

Survey Instruments

Appendix C

Table B1. Cognitive load questionnaire.
Index Type of load Item

Q1 ICL For this task, many things needed to be kept in mind simultaneously.
Q2 ICL This task was very complex.
Q3 GCL I made an effort, not only to understand several details, but to understand the overall context.
Q4 GCL My point while dealing with the task was to understand everything correctly.
Q5 GCL The learning task consisted of elements supporting my comprehension of the task.
Q6 ECL During this task, it was exhausting to find the important information.
Q7 ECL The design of this task was very inconvenient for learning.
Q8 ECL During this task, it was difficult to recognize and link the crucial information.

Note: The abbreviations in the table refer to ICL (Intrinsic Cognitive Load), GCL (Germane Cognitive Load), and ECL (Extraneous Cognitive 
Load).

Table B2. SUS questionnaire.
Index Item

Q1 I am willing to frequently use this learning tool/environment in my daily studies.
Q2 I found the learning tool/environment unnecessarily complex.
Q3 I thought the learning tool/environment was easy to use.
Q4 I think that I would need the support of a technical person to be able to use this learning tool/environment.
Q5 I found the various functions in this learning tool/environment were well integrated.
Q6 I thought there was too much inconsistency in this learning tool/environment.
Q7 I would imagine that most people would learn to use this learning tool/environment very quickly.
Q8 I found the learning tool/environment very cumbersome to use.
Q9 I felt very confident using the learning tool/environment.
Q10 I needed to learn a lot of things before I could get going with this learning tool/environment.

Table C1. Semi-structured interview protocol.
Category Item

Experience Could you tell me what it was like to learn with these tools/environments in general? Which one do you like best?
Expectation Before starting learning, what role did you expect the tools/environments to take? And what role did it actually take 

during the learning process? Did the tools/environments match your expectations?
Usefulness Which function of these tools/environments did you find most useful? Why?
Confusion Do you remember situations in which you found the behavior of any tool/environment confusing or irritating?

Can you describe situations in which the communication worked well and not so well?
Role What role do you want the large-language models (AI) to take during your learning process?
Trust How much do you trust the results from the tools/environments?
Comparison How was the learning experience with each tool/environment different from your workflow of working with a human 

teacher?
Comparison How do you think the learning process in VR differs from the learning process on a desktop?
Supportiveness Do you think the AI feature successfully understands your learning intent and provides sufficient support?
Learning process How did you find that the tools/environments changed the way you learn new concepts? Did you ever adjust your 

learning process / strategy according to the tool’s capabilities?
Which situations of the learning process did require the most support and guidance?

Ideal tool How would you describe an ideal learning tool/environment for learning scientific concepts?
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