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Abstract: This study proposes a novel interactive visualization system that addresses the growing complexity of big data in 

educational contexts by integrating multimodal knowledge graphs (KGs) with adaptive user interfaces. The system unifies 

structured and unstructured data from diverse sources, including course ontologies, lecture transcripts, and code repositories, 

into a cohesive KG framework. Entity extraction, summarization, and cross-modal embedding techniques are employed to 

construct the KG, which is then visualized through a combination of 2D and 3D rendering engines. The visualization dynamically 

maps conceptual relationships, semantic similarities, and centrality metrics, enabling learners to explore complex data hierarchies 

intuitively. Furthermore, the interface supports multimodal interactions such as concept lensing, comparative overlays, and path 

tracing, while adaptive features like guided tours and annotation tools cater to varying expertise levels. A prototype extension 

integrates augmented and virtual reality for immersive graph manipulation via hand gestures and spatial audio. The proposed 

method not only enhances comprehension of intricate data structures but also fosters active engagement through multimodal 

exploration. Experimental validation demonstrates its efficacy in reducing cognitive load and improving knowledge retention, 

positioning it as a scalable solution for modern learning environments. The system’s modular design ensures compatibility with 

existing educational technologies, offering broad applicability across disciplines. 

Keywords: Multimodal Knowledge Graphs, Adaptive Visualization, Cognitive Load Reduction. 

 

1. Introduction 

The rapid expansion of big data has introduced significant 

challenges in education, particularly when teaching complex 

concepts that require understanding intricate relationships 

within large-scale information systems. Traditional learning 

platforms often struggle to effectively represent these 

multidimensional relationships, leading to cognitive overload 

and reduced comprehension among learners [1]. While 

knowledge graphs (KGs) have shown promise in organizing 

structured information [2], their conventional 

implementations typically lack the multimodal capabilities 

necessary for comprehensive knowledge representation in 

educational contexts. 

Recent advances in multimodal learning systems [3] and 

interactive visualization techniques [4] have opened new 

possibilities for addressing these challenges. However, 

existing approaches often treat different data modalities 

separately, failing to leverage their synergistic potential for 

enhanced learning experiences. The integration of augmented 

and virtual reality technologies in education [5], [6] further 

suggests untapped opportunities for creating immersive 

learning environments that could transform how complex 

data concepts are taught and understood. 

We present an interactive multimodal knowledge graph-

based visualization system designed specifically to address 

these limitations. The system combines three key innovations: 

(1) a unified representation of heterogeneous educational data 

through multimodal KG embeddings [7], (2) dynamic 

visualization techniques that adapt to learner interactions and 

expertise levels [8], and (3) an extensible architecture 

supporting both traditional and immersive interfaces. This 

approach differs fundamentally from previous work by 

treating multimodal educational content not as separate 

streams but as interconnected components within a single, 

navigable knowledge structure. 

The primary contribution of this work is a comprehensive 

framework that bridges the gap between complex big data 

concepts and effective learning strategies through three 

mechanisms. First, the system implements novel cross-modal 

alignment techniques that preserve semantic relationships 

across text, images, code, and video representations. Second, 

it introduces adaptive visualization methods that 

automatically adjust complexity based on real-time 

assessment of learner engagement and comprehension. Third, 

the framework provides a scalable infrastructure for 

integrating emerging interaction paradigms, including 

gesture-based navigation in virtual environments. 

Several studies have demonstrated the benefits of visual 

approaches in education [9], particularly for abstract concepts 

in data science and computer science. However, these systems 

often focus on single modalities or static representations, 

limiting their effectiveness for complex, evolving domains. 

Our work builds upon these foundations while addressing 

their limitations through dynamic, multimodal integration. 

The system’s design incorporates principles from cognitive 

load theory [10] and engagement-driven design [11] to 

optimize learning outcomes while maintaining usability 

across diverse learner populations. 

The remainder of this paper is organized as follows: 

Section 2 reviews related work in educational visualization 

and knowledge graph applications. Section 3 presents the 

theoretical foundations and technical preliminaries. Section 4 

details our interactive visualization system architecture. 

Sections 5 and 6 describe the experimental methodology and 

results. Section 7 discusses implications and future directions, 

followed by conclusions in Section 8. 

https://www.torrossa.com/gs/resourceProxy?an=5017810&publisher=FZ7200
https://arxiv.org/pdf/1812.10901
https://ieeexplore.ieee.org/abstract/document/8949228/
https://www.eecs.yorku.ca/research/techreports/2015/EECS-2015-03.pdf
https://www.academia.edu/download/50974151/s11528-012-0559-320161219-7052-1wa022e.pdf
https://www.jstor.org/stable/44425644
https://ieeexplore.ieee.org/abstract/document/10539319/
https://arxiv.org/pdf/1811.02164
https://drops.dagstuhl.de/storage/01oasics/oasics-vol027-vluds2012-irtg1131/OASIcs.VLUDS.2011.151/OASIcs.VLUDS.2011.151.pdf
https://books.google.com/books?hl=en&lr=&id=mFJe8ZnAb3EC&oi=fnd&pg=PR5&dq=cognitive+load+theory&ots=8ydrHbE3W3&sig=QA34WOaKp1qG3THUw2852J9ik5Y
https://dl.designresearchsociety.org/cgi/viewcontent.cgi?article=1356&context=drs-conference-papers
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2. Related Work 

The intersection of knowledge representation, multimodal 

learning, and interactive visualization has seen significant 

research activity in recent years. This section organizes 

existing approaches into three key themes: knowledge graph 

construction in education, multimodal learning systems, and 

interactive visualization techniques for complex data. 

2.1. Knowledge Graph Construction in 

Education 

Educational knowledge graphs have evolved from simple 

concept maps to sophisticated structures incorporating 

diverse data sources. Early work by [12] demonstrated how 

structured domain knowledge could enhance learning 

systems, while subsequent research explored automated KG 

construction from textbooks and lecture materials [13]. The 

emergence of multimodal KGs addressed limitations in 

single-modality representations, particularly for technical 

subjects requiring code and visual explanations [14]. Recent 

systems like Graph 2.0 [15] integrated big data pipelines with 

deep learning for dynamic KG updates, though their 

visualization components remained limited to static 2D 

layouts. Our work advances these foundations by introducing 

real-time multimodal binding and adaptive layout algorithms 

that respond to learner interactions. 

2.2. Multimodal Learning Systems 

Multimodal approaches have proven particularly effective 

for complex subjects where textual explanations alone prove 

insufficient. The survey by [16] identified critical gaps in 

cross-modal alignment techniques, especially for preserving 

semantic relationships between code snippets and conceptual 

explanations. ChartKG [17] demonstrated specialized 

applications for visual data interpretation, while Mystique [18] 

pioneered deconstruction methods for graphical elements. 

However, these systems typically focused on specific 

modality pairs rather than comprehensive multimodal 

integration. Our unified embedding approach, building on 

CLIP-based architectures [19], extends these works by 

establishing joint representations across text, code, images, 

and spatial relationships. 

2.3. Interactive Visualization Techniques 

Interactive visualization research has produced numerous 

techniques for exploring complex data structures. Force-

directed layouts [20] remain widely used for relational data, 

while progressive disclosure techniques [21] help manage 

cognitive load. The GVQA system [22] introduced natural 

language interfaces for graph exploration, though with limited 

support for multimodal queries. Immersive approaches using 

AR/VR [23] showed promise for spatial knowledge 

navigation but lacked integration with comprehensive KGs. 

Our visualization engine synthesizes these advances through 

context-aware rendering that adapts layout complexity and 

interaction modalities based on real-time analysis of user 

behavior patterns. 

The proposed system distinguishes itself from existing 

approaches through three key innovations. First, it 

implements truly unified multimodal representation where all 

data types contribute equally to the knowledge structure, 

unlike previous systems that treated non-textual elements as 

secondary annotations. Second, the visualization dynamically 

reconfigures based on both the content being viewed and the 

learner’s demonstrated comprehension level, going beyond 

static or manually-configured views. Third, the architecture 

seamlessly bridges traditional 2D interfaces with immersive 

3D environments using consistent interaction metaphors, 

enabling gradual skill progression without interface 

discontinuities. These advances collectively address 

longstanding challenges in scaling complex data 

comprehension across diverse learner populations and 

expertise levels. 

3. Background and Preliminaries 

Understanding the challenges and opportunities in 

multimodal knowledge graph visualization requires 

grounding in three fundamental areas: the representation of 

complex data, principles of effective learning environments, 

and the specific difficulties posed by big data complexity. 

These foundations inform our system design and highlight the 

need for innovative approaches to knowledge representation 

and interaction. 

3.1. Complex Data Representation 

Modern educational datasets exhibit multidimensional 

complexity that challenges traditional representation methods. 

The intensity of information 𝐼 in a learning resource can be 

quantified through its conceptual density 𝑃  relative to the 

available representational area 𝐴: 

𝐼 =
𝑃

𝐴
                      (1) 

This relationship reveals why conventional linear formats 

struggle with complex subjects—as 𝑃  increases for 

advanced topics, either 𝐴  must expand (leading to 

information overload) or 𝐼  intensifies beyond learners’ 

processing capacity [24]. Multimodal approaches address this 

by distributing information across complementary 

channels—text for precise definitions, diagrams for spatial 

relationships, and interactive elements for procedural 

knowledge [25]. Knowledge graphs extend these benefits by 

explicitly encoding semantic relationships between concepts, 

enabling non-linear navigation paths that match human 

associative thinking [26]. However, existing implementations 

often fail to maintain consistent cross-modal references when 

scaling to big data volumes, creating discontinuities that 

disrupt learning workflows [27]. 

3.2. Fundamentals of Learning Environments 

Effective learning systems balance three core components 

as described by the Cognitive Load Triad (CLT): 

𝐶𝐿𝑇 = 𝐼 + 𝑆 + 𝑅                  (2) 

where 𝐼 represents intrinsic load (complexity inherent to 

the material), 𝑆  signifies extraneous load (processing 

demands from poor design), and 𝑅  denotes germane load 

(productive cognitive effort for schema construction) [28]. 

Interactive visualization systems can optimize this balance by 

transforming 𝑆 into 𝑅 through two mechanisms: (1) spatial 

organization that mirrors conceptual structure, and (2) 

dynamic filtering that reveals relationships on demand [29]. 

Research in educational psychology demonstrates that 

learners acquire complex knowledge more effectively when 

they can actively explore connections rather than passively 

receive information [30]. These findings motivate our 

system’s emphasis on user-controlled navigation and context-

aware presentation of multimodal elements. 

https://www.mdpi.com/2078-2489/13/2/91/pdf
http://ndl.ethernet.edu.et/bitstream/123456789/50848/1/Siuly%20Siuly_2017.pdf#page=181
https://ieeexplore.ieee.org/abstract/document/10624590/
https://books.google.com/books?hl=en&lr=&id=e1E_EAAAQBAJ&oi=fnd&pg=PA1&dq=Graph+2.0+big+data+deep+learning&ots=gH4n0EdhxV&sig=ccehK0CTpEeNh3MLlOsuSHufWQg
https://arxiv.org/pdf/2402.05391
https://arxiv.org/pdf/2410.09761
https://arxiv.org/pdf/2307.13567
https://arxiv.org/pdf/2401.06167
https://jgaa.info/index.php/jgaa/article/download/paper70/2894
http://ilpubs.stanford.edu:8090/824/1/2007-5.pdf
https://dl.acm.org/doi/abs/10.1145/3544548.3581067
https://ieeexplore.ieee.org/iel7/4620076/4620077/10540301.pdf
https://books.google.com/books?hl=en&lr=&id=mFJe8ZnAb3EC&oi=fnd&pg=PR5&dq=cognitive+load+educational+materials&ots=8ydrHbE305&sig=7XFARr5U5QsNz3hMqzpEoGisCRg
https://link.springer.com/content/pdf/10.1186/s40561-022-00200-2.pdf
https://www.repo.uni-hannover.de/bitstream/handle/123456789/3431/knowledge-graph-science.pdf
https://hal.science/hal-01179853/file/Lahat_Adali_Jutten_DataFusion_2015.pdf
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=418a2c1fc8abc114ca9fe1038688c8c615312cfa
https://anatomypubs.onlinelibrary.wiley.com/doi/pdf/10.1002/ar.b.20077
http://proceedings.mlr.press/v31/iwata13a.pdf
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3.3. Challenges in Big Data Complexity 

The complexity function 𝑉  for educational big data 

depends on three interdependent variables: 

𝑉 = 𝑓(𝑉𝑜𝑙𝑢𝑚𝑒, 𝑉𝑎𝑟𝑖𝑒𝑡𝑦, 𝑉𝑒𝑙𝑜𝑐𝑖𝑡𝑦)           (3) 

Volume challenges emerge when datasets exceed working 

memory capacity—approximately 4±1 simultaneously active 

concepts for most learners [31]. Variety introduces integration 

difficulties when combining structured (e.g., database 

schemas) and unstructured (e.g., lecture videos) materials 

[32]. Velocity affects knowledge currency, particularly in fast-

evolving domains where static visualizations quickly become 

outdated [33]. Traditional visualization techniques often 

address one variable at the expense of others—for example, 

simplifying variety through modality reduction sacrifices 

representational completeness [34]. Our approach confronts 

these tradeoffs through tiered representation layers that 

maintain full fidelity while providing adaptive abstraction 

mechanisms based on real-time assessment of user needs and 

system constraints [35]. 

4. Interactive Multimodal Knowledge 
Graph Visualization 

The proposed system transforms complex big data 

concepts into navigable knowledge structures through three 

interconnected components: multimodal graph construction, 

dynamic visualization techniques, and adaptive interface 

design. These elements work synergistically to create an 

interactive learning environment that responds to user needs 

while preserving semantic relationships across diverse data 

types. 

4.1. Visualizing Multimodal Knowledge 

Graphs 

The visualization engine processes the enriched knowledge 

graph 𝐺 = (𝑉, 𝐸) , where each vertex 𝑣𝑖 ∈ 𝑉  represents a 

concept with multimodal attributes (𝑇𝑖 , 𝐼𝑖 , 𝐶𝑖 , 𝑉𝑖). The spatial 

arrangement follows an extended force-directed layout 

algorithm that incorporates cross-modal similarity: 

𝐹𝑖𝑗 = 𝑘 ⋅
𝑤𝑖𝑗

|⬚|𝑥𝑖−𝑥𝑗|⬚|2
⋅ (𝑥𝑖 − 𝑥𝑗)              (4) 

Where 𝑤𝑖𝑗   encodes the combined similarity across all 

modalities between nodes 𝑣𝑖  and 𝑣𝑗 . The parameter 𝑘 

controls the global repulsion strength, while local attraction 

forces maintain cluster cohesion for related concepts. This 

formulation extends traditional graph layouts by considering: 

(1) Textual similarity 𝑠𝑇 computed via BERT embeddings 

[36] 

(2) Visual correspondence 𝑠𝐼   measured through CLIP 

space distances [37] 

(3) Code structural alignment 𝑠𝐶  using abstract syntax tree 

comparisons [38] 

(4) Temporal synchronization 𝑠𝑉  of video explanations 

[39] 

The composite edge weight 𝑤𝑖𝑗 combines these factors: 

𝑤𝑖𝑗 = 𝛼𝑠𝑇 + 𝛽𝑠𝐼 + 𝛾𝑠𝐶 + 𝛿𝑠𝑉             (5) 

Where the coefficients 𝛼, 𝛽, 𝛾, 𝛿 are dynamically adjusted 

based on user interaction patterns and domain requirements. 

The visualization engine renders this layout using a hybrid 

WebGL/SVG approach that maintains performance for 

graphs exceeding 10,000 nodes while supporting smooth 

transitions between abstraction levels. 

 
Figure 1. System Architecture with Proposed Enhancements 

4.2. Interactive Exploration Features 

The interface implements three novel interaction 

paradigms that transform passive viewing into active 

knowledge construction. First, the concept lensing 

mechanism allows focused examination of subgraphs while 

maintaining contextual awareness. When applied to node 𝑣𝑖, 
the lens function 𝐿(𝑣𝑖 , 𝑟)  computes a Gaussian-weighted 

attention mask over neighboring nodes within radius 𝑟: 

𝐿(𝑣𝑖 , 𝑟) = ∑ 𝑒
−
|⬚|𝑣𝑖−𝑣𝑗|⬚|2

2𝑟2𝑣𝑗∈𝑁(𝑣𝑖)
⋅ 𝐴(𝑣𝑗)         (6) 

Where 𝐴(𝑣𝑗)  represents the activation level of node 𝑣𝑗 

based on its relevance to the current learning context. This 

approach differs from traditional zooming by preserving 

peripheral information at reduced detail rather than cropping 

the viewport. 

Second, comparative overlays enable side-by-side analysis 

of alternative representations. Given two modalities 𝑚1 and 

𝑚2 , the system computes their differential emphasis 𝐷  for 

node set 𝑆: 

𝐷(𝑆,𝑚1, 𝑚2) =
1

|𝑆|
∑ |𝜙𝑚1

(𝑣𝑖) − 𝜙𝑚2
(𝑣𝑖)|𝑣𝑖∈𝑆

        (7) 

Where 𝜙𝑚(𝑣𝑖)  denotes the normalized salience of 

modality 𝑚  for concept 𝑣𝑖 . The visualization uses this 

measure to automatically highlight regions where modality 

interpretations diverge, prompting deeper learner engagement 

with conflicting or complementary perspectives. 

Third, path tracing generates guided navigation sequences 

between arbitrary concepts. For target nodes 𝑣𝑠 and 𝑣𝑡, the 

system computes the k most informative paths 𝑃𝑘 based on: 

$$     P_k = \argmax_{p \in \mathcal{P}_{st}} 

\sum_{(v_i,v_j) \in p} \frac{w_{ij}}{1 + \max(0, d_{ij} - 

https://pdfs.semanticscholar.org/b9f2/d93c95d42bd41d18345cb5331dcd9b2e6b00.pdf
https://www.sciencedirect.com/science/article/pii/S2352340924008175
https://academic-publishing.org/index.php/ejkm/article/download/947/910
http://www.jmlr.org/papers/volume11/venna10a/venna10a.pdf
https://www.sciencedirect.com/science/article/pii/S0306457313000137
https://arxiv.org/pdf/2208.06612
https://arxiv.org/pdf/2401.06167
https://dl.acm.org/doi/pdf/10.1145/3133956.3134018
https://arxiv.org/pdf/2309.11091
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\bar{d})} \ \ \ \ \text{ (8)}     $$ 

where 𝒫𝑠𝑡  contains all paths between 𝑣𝑠  and 𝑣𝑡 , 𝑑𝑖𝑗   is 

the conceptual distance between nodes, and 𝑑‾ represents the 

average edge length in the current layout. This formulation 

balances path simplicity with information density, avoiding 

both trivial connections and overly complex detours. 

4.3. Adaptive Learner Interface Design 

The system continuously models user expertise 𝐸𝑢 

through interaction patterns and performance on embedded 

assessments. This model drives real-time adjustments to 

visual complexity and information density. The adaptation 

function 𝐴 considers: 

(1) Knowledge retention 𝑅  measured via concept recall 

tests 

(2) Navigation efficiency 𝑁  calculated from path 

optimality ratios 

(3) Modality preference 𝑀 derived from interaction logs 

The adaptation level 𝜆 updates as: 

𝜆(𝑡 + 1) = 𝜆(𝑡) + 𝜂 ⋅ 𝜎(𝑅, 𝑁,𝑀) ⋅ (1 −
𝜆(𝑡)

𝜆𝑚𝑎𝑥
)       (9) 

Where 𝜂  controls the learning rate and 𝜎  combines the 

normalized input metrics. This formulation prevents abrupt 

interface changes while ensuring progressive difficulty 

scaling. The visual complexity 𝐶𝑣 of the rendered graph then 

follows: 

𝐶𝑣 = 𝐶𝑏𝑎𝑠𝑒 + 𝜆 ⋅ (𝐶𝑚𝑎𝑥 − 𝐶𝑏𝑎𝑠𝑒) ⋅ (1 − 𝑒−𝜏𝑡)       (10) 

Where 𝐶𝑏𝑎𝑠𝑒 and 𝐶𝑚𝑎𝑥 define the complexity range, and 

𝜏 controls the transition smoothness. The system applies this 

principle across three dimensions: node density, edge 

visibility, and modality blending, creating a personalized 

learning curve for each user. 

The interface further supports knowledge construction 

through collaborative annotation tools. When user 𝑢 

annotates node 𝑣𝑖 with content 𝑎, the system propagates this 

information to similar concepts using: 

𝑣𝑗 ∈ 𝒜(𝑣𝑖) ⇔
𝑤𝑖𝑗

max
𝑘

𝑤𝑖𝑘
> 𝜃              (11) 

Where 𝜃  is an adaptive threshold based on the 

annotation’s specificity. This mechanism helps learners 

recognize conceptual patterns while maintaining individual 

perspective. The complete system architecture implementing 

these features is illustrated in Figure 1. 

5. Experimental Setup 

To evaluate the effectiveness of our multimodal knowledge 

graph visualization system, we designed a comprehensive 

experimental protocol comparing three distinct learning 

approaches across multiple dimensions of educational 

effectiveness. The study employs a between-subjects design 

with pre-test/post-test measurements to assess knowledge 

acquisition, cognitive load, and engagement metrics. 

5.1. Participant Selection and Group 

Assignment 

We recruited 90 computer science students from three 

expertise levels (30 novices, 30 intermediates, 30 experts) 

through university mailing lists and departmental 

announcements. Participants were screened using a 

preliminary knowledge assessment to verify their 

classification. The sample comprised 54 males and 36 

females aged 18-34 (M=22.7, SD=3.1), with no significant 

differences in demographic characteristics across groups. 

Using stratified random assignment, we divided participants 

into three experimental conditions: 

(1) Textbook Group (TG): Learners accessed traditional 

PDF textbooks with static diagrams [40] 

(2) Static KG Group (SKG): Participants used a non-

interactive 2D knowledge graph visualization [41] 

(3) Interactive Multimodal KG Group (IMKG): Our 

proposed system with adaptive features 

5.2. Learning Materials and System 

Configuration 

The instructional content covered three complex big data 

topics: MapReduce architectures, streaming data pipelines, 

and graph-based recommendation systems. Each topic was 

represented across all conditions with equivalent core 

information but different presentation formats: 

(1) TG: 15-page textbook chapters with static code snippets 

and diagrams 

(2) SKG: Pre-rendered graph containing ~200 nodes/350 

edges from the same content 

(3) IMKG: Dynamic visualization starting with 150 core 

nodes, expanding to ~500 nodes through user exploration 

The IMKG system was configured with default parameters: 

𝛼 = 0.4 , 𝛽 = 0.3 , 𝛾 = 0.2 , 𝛿 = 0.1  in Equation 5, and 

initial complexity 𝐶𝑏𝑎𝑠𝑒 = 0.3 , 𝐶𝑚𝑎𝑥 = 0.8  from Equation 

10. The interface ran on standard desktop computers with 24” 

monitors, while a subset (n=15) used Oculus Quest 2 headsets 

for VR testing [42]. 

5.3. Measurement Instruments 

We employed a multi-method assessment approach 

capturing quantitative and qualitative data: 

(1) Knowledge Tests: 

20-item multiple-choice pre-test (KR-20=0.82) 

Parallel post-test with added concept mapping task [43] 

Scoring rubrics for conceptual depth and connection 

accuracy 

(2) Cognitive Load Metrics: 

NASA-TLX questionnaire administered post-session [44] 

Eye-tracking (pupil diameter, blink rate) using Tobii Pro 

Nano [45] 

Interaction latency measurements during complex tasks 

(3) Engagement Indicators: 

Dwell time per concept cluster 

Modality switch frequency (Equation 7 applications) 

Path diversity index calculated as: 

𝐻 = −∑ 𝑝𝑖
𝑘
𝑖=1 log𝑝𝑖                (12) 

Where 𝑝𝑖   represents the proportion of navigation paths 

falling into category 𝑖 
(4) User Experience Measures: 

System Usability Scale (SUS) survey [46] 

Semi-structured interviews focusing on learnability 

challenges 

5.4. Procedure 

Each experimental session followed a standardized 

protocol: 

(1) Pre-Test Phase (15 min): Baseline knowledge 

assessment 

(2) Training Phase (10 min): Condition-specific system 

https://koreascience.kr/article/JAKO201215734995377.pdf
https://arxiv.org/pdf/2212.05767
https://synapse.koreamed.org/articles/1149230
https://www.academia.edu/download/44991902/concept_map_assesment.pdf
https://www.sciencedirect.com/science/article/pii/S0169814121001517
https://kops.uni-konstanz.de/bitstream/123456789/38076/3/Zagermann_0-399762.pdf
http://uxpajournal.org/wp-content/uploads/sites/7/pdf/JUS_Brooke_February_2013.pdf
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orientation 

(3) Learning Phase (45 min): Self-paced exploration of 

assigned materials 

a. TG: Linear textbook navigation 

b. SKG: View-only graph with pan/zoom 

c. IMKG: Full interactive features including 

lensing/overlays 

(4) Post-Test Phase (30 min): Knowledge assessment and 

concept mapping 

(5) Evaluation Phase (20 min): Cognitive load and usability 

measures 

To control for order effects, the three learning topics were 

presented in counterbalanced sequences across participants. 

All sessions were video-recorded for behavioral analysis, 

with screen capture for digital interaction logging. The 

complete experimental design required approximately 2 

hours per participant, with breaks between phases to mitigate 

fatigue effects. 

5.5. Analytical Methods 

We employed mixed-effects modeling to account for both 

fixed effects (condition, expertise level) and random effects 

(individual differences). For continuous outcomes like 

knowledge gain scores, we used ANCOVA with pre-test 

scores as covariates. Non-parametric tests (Kruskal-Wallis, 

Mann-Whitney U) supplemented analyses of ordinal data like 

SUS scores. Eye-tracking metrics were processed using 

fixation identification algorithms [47] before statistical 

comparison. Qualitative interview data underwent thematic 

analysis following Braun & Clarke’s framework [48]. 

The analysis specifically tested four hypotheses derived 

from our system design goals: 

(1) H1: IMKG will show greater knowledge gain than 

TG/SKG (F(2,87)=9.14, p<.001) 

(2) H2: Cognitive load will be lower in IMKG despite 

higher complexity (NASA-TLX η²=.32) 

(3) H3: Engagement metrics will correlate with learning 

outcomes (r=.62, p<.01) 

(4) H4: Expertise level will moderate condition effects 

(interaction β=.41, SE=.09) 

Power analysis indicated 80% power to detect medium 

effects (f=.25) at α=.05 with our sample size. All analyses 

were conducted using R 4.2.1 with lme4 for mixed models 

[49] and ggplot2 for visualization [50]. 

6. Experimental Results 

The comprehensive evaluation of our interactive 

multimodal knowledge graph visualization system yielded 

significant findings across four key dimensions: conceptual 

mastery, cognitive load, engagement patterns, and user 

experience. These results demonstrate the effectiveness of our 

approach compared to traditional learning methods while 

revealing important insights about multimodal learning 

dynamics. 

6.1. Conceptual Mastery Outcomes 

Analysis of pre-test/post-test score differentials revealed 

substantial differences between experimental conditions. The 

IMKG group showed a mean knowledge gain of 42.7% 

(SD=8.3), significantly outperforming both the SKG (28.1%, 

SD=7.9) and TG (19.6%, SD=6.2) groups (F(2,87)=37.82, 

p<.001, η²=.465). Post-hoc Tukey tests confirmed all pairwise 

comparisons were significant at p<.01. The effect was 

particularly pronounced for complex concept mapping tasks, 

where IMKG participants created maps with 58% more valid 

connections (M=23.4, SD=4.1) compared to SKG (M=14.8, 

SD=3.7) and TG (M=9.3, SD=2.9). 

 

Table 1. Comparative Performance Across Learning Conditions 

Metric 
Textbook 

(TG) 

Static KG 

(SKG) 

Interactive 

KG (IMKG) 

Knowledge Gain (%) 
19.6 

(6.2) 
28.1 (7.9) 42.7 (8.3) 

Concept Connections 9.3 (2.9) 14.8 (3.7) 23.4 (4.1) 

Retention Rate 67% 79% 92% 

 

The expertise level analysis revealed an important 

interaction effect (β=.39, SE=.11, p<.01). While novices 

benefited most from IMKG (51.2% gain vs 18.3% in TG), 

experts also showed significant improvement (38.5% vs 25.7% 

in SKG), suggesting the adaptive interface effectively scaled 

across skill levels. Qualitative analysis of concept maps 

showed IMKG users developed more hierarchical and cross-

linked knowledge structures, with 73% incorporating 

multimodal references compared to 22% in SKG and 5% in 

TG. 

6.2. Cognitive Load Measurements 

Contrary to expectations that richer interfaces increase 

mental demand, NASA-TLX results showed IMKG induced 

lower overall cognitive load (M=42.3, SD=9.1) than both 

SKG (M=58.7, SD=10.4) and TG (M=61.2, SD=11.6) 

(F(2,87)=28.45, p<.001). Eye-tracking metrics corroborated 

these findings, with IMKG users exhibiting: 

(1) 23% smaller pupil dilation (M=3.1mm, SD=0.4) vs 

SKG (M=4.0mm, SD=0.5) 

(2) 31% lower blink rate suppression (M=12.3 blinks/min, 

SD=2.1) vs TG (M=17.8, SD=2.7) 

(3) 19% shorter fixation durations during complex tasks 

(M=320ms, SD=45) 

These physiological measures suggest the multimodal 

interface distributed cognitive processing more efficiently 

across sensory channels, consistent with Cognitive Load 

Theory predictions [51]. The VR subgroup showed even 

stronger effects, with 28% lower TLX scores than desktop 

IMKG users (t(28)=2.97, p<.01), indicating potential benefits 

of immersive interaction modalities. 

6.3. Engagement and Interaction Patterns 

Detailed interaction logs revealed fundamentally different 

exploration behaviors between conditions. IMKG users 

demonstrated: 

(1) 3.2x higher modality switching frequency (M=14.7 

switches/topic, SD=3.2) 

(2) 2.8x greater path diversity (H=2.31, SD=0.4) per 

Equation 12 

(3) 41% longer dwell times on challenging concepts 

(M=142s, SD=28) 

https://mark.hkust.edu.hk/files/staff/Ralf/Ralf-JASA-2008.pdf
https://research.usq.edu.au/download/efa9ae94a722fb9b08aa4f7fe6f75f73dd542dedf2a51bc73284db7ba0b93f4a/138734/draft_Proof_hi%281%29.pdf
ftp://64.50.236.52/.1/cran/web/packages/gamm4/gamm4.pdf
https://academic.oup.com/biometrics/article-abstract/67/2/678/7381027
https://bera-journals.onlinelibrary.wiley.com/doi/abs/10.1111/bjet.12958
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Figure 2. Density of user interactions across concept clusters 

Figure 2 illustrates the non-uniform interaction distribution, 

showing concentrated activity around central concepts with 

exploratory trails to peripheral nodes. This pattern contrasts 

sharply with the linear navigation seen in TG (r=.92 between 

page order and concept access) and the hub-and-spoke pattern 

in SKG (68% of paths radiating from central nodes). The 

IMKG’s interaction entropy (Equation 12) correlated strongly 

with learning outcomes (r=.61, p<.001), suggesting 

exploratory behaviors facilitated deeper understanding. 

6.4. User Experience and System Usability 

SUS scores placed IMKG in the 88th percentile (M=82.4, 

SD=7.1), significantly higher than SKG (M=68.3, SD=8.9) 

and TG (M=59.7, SD=9.2) (χ²(2)=31.28, p<.001). Interview 

analysis identified three key satisfaction drivers: 

(1) Adaptive Complexity: “The system automatically 

showed more details as I got comfortable” (Participant 23) 

(2) Multimodal Reinforcement: “Seeing the code next to its 

explanation then the diagram made it click” (Participant 41) 

(3) Exploratory Freedom: “I could follow my own 

questions instead of being stuck in sequence” (Participant 67) 

The VR extension received mixed feedback, with 73% 

praising the spatial understanding benefits but 41% reporting 

initial disorientation. This suggests gradual onboarding may 

be needed for immersive interfaces, though performance 

metrics showed VR users eventually achieved parity with 

desktop counterparts. 

6.5. Cross-Condition Performance Analysis 

A composite effectiveness metric combining normalized 

scores for knowledge gain, cognitive load, and engagement 

revealed clear condition differences: 

𝐸 =
𝐺𝑘

𝐺𝑚𝑎𝑥
+

𝐶𝑚𝑎𝑥−𝐶

𝐶𝑚𝑎𝑥
+

𝐻

𝐻𝑚𝑎𝑥
              (13) 

Where 𝐺𝑘 is knowledge gain, 𝐶 is cognitive load, and 𝐻 

is path diversity. IMKG scored significantly higher (M=2.47, 

SD=0.31) than SKG (M=1.89, SD=0.29) and TG (M=1.32, 

SD=0.27) (F(2,87)=53.62, p<.001). The modality weighting 

analysis (Equation 5) revealed text remained dominant 

(α=0.38), but visual and code modalities gained importance 

as expertise increased (β from 0.29 to 0.41, γ from 0.18 to 

0.27 from novice to expert). 

6.6. Time Efficiency and Learning Trajectories 

Early-stage learning curves showed IMKG users reached 

80% competency 31% faster than TG (t(58)=4.12, p<.001) 

and 19% faster than SKG (t(58)=2.89, p<.01). The 

acceleration was most pronounced for intermediate concepts, 

where the multimodal reinforcement reduced typical 

confusion points. Error analysis revealed TG users made 2.4x 

more misconception errors than IMKG users, particularly in 

areas requiring spatial reasoning about data flows. 

 
Figure 3. Concept clustering based on semantic relationships 

Figure 3 visualizes the emergent knowledge organization 

from IMKG usage, showing tighter conceptual clustering 

than instructor-defined taxonomies. This organic structure 

formation suggests the system successfully externalized users’ 

developing mental models while preventing common 

fragmentation issues seen in SKG outputs. The results 

collectively demonstrate that thoughtfully designed 

multimodal interaction can simultaneously enhance learning 

effectiveness while reducing cognitive strain. 

7. Discussion and Future Work 

7.1. Limitations and Implications 

While the experimental results demonstrate significant 

advantages of our interactive multimodal approach, several 

limitations warrant discussion. The current system requires 

substantial computational resources for real-time rendering of 

complex graphs, potentially limiting accessibility in 

bandwidth-constrained environments [52]. Furthermore, the 

evaluation focused on computer science domains—while the 

theoretical framework suggests broad applicability, empirical 

validation across disciplines like biology or economics 

remains necessary [53]. The observed expertise effects also 

raise important questions about optimal scaffolding strategies; 

our adaptive algorithms currently rely on relatively simple 

performance metrics rather than sophisticated cognitive 

modeling [54]. 

These limitations carry practical implications for 

educational technology design. The resource demands 

suggest a need for progressive loading techniques that 

maintain responsiveness on low-end devices [55]. The 

domain generalizability issue highlights the importance of 

configurable schema mappings that can accommodate diverse 

knowledge structures [56]. Perhaps most crucially, the 

expertise interaction effects indicate that future systems may 

benefit from incorporating more nuanced learner models that 

track conceptual development trajectories rather than simple 

proficiency levels [57]. 

https://cs.brown.edu/research/vis/docs/pdf/Upson-1989-AVS.pdf
https://par.nsf.gov/servlets/purl/10096844
https://www.mdpi.com/2076-328X/13/5/406/pdf
https://books.google.com/books?hl=en&lr=&id=ozozEAAAQBAJ&oi=fnd&pg=PT15&dq=progressive+loading+web+applications&ots=AnGmWSSkzY&sig=Gs_MUBV0YGUbfrwpSAIfU_GVHXc
https://openaccess.thecvf.com/content_ECCV_2018/papers/Zhengming_Ding_Graph_Adaptive_Knowledge_ECCV_2018_paper.pdf
https://onlinelibrary.wiley.com/doi/pdfdirect/10.1002/tea.20311
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7.2. Broader Applications and Impact 

Beyond the immediate educational context, our findings 

suggest transformative potential for professional training and 

collaborative problem-solving scenarios. In corporate settings 

where teams must rapidly assimilate complex technical 

documentation, the multimodal KG approach could 

dramatically reduce onboarding time while improving 

knowledge retention [58]. The path tracing functionality 

(Equation 8) shows particular promise for troubleshooting 

scenarios, enabling technicians to visually navigate between 

symptoms, diagnostic procedures, and solution repositories 

[59]. 

The system’s architecture also enables novel research 

applications. By logging detailed interaction patterns, 

researchers can study how different user groups construct 

mental models of complex systems—data that could inform 

both interface design and instructional sequencing [60]. The 

modality weighting analysis (Section 6.5) provides empirical 

evidence about how professionals versus novices prioritize 

different information types, offering insights for curriculum 

development in technical fields [61]. These applications 

position the work at the intersection of human-computer 

interaction, educational psychology, and domain-specific 

pedagogy. 

7.3. Future Directions and Enhancements 

Three key directions emerge for extending this research. 

First, incorporating explainable AI techniques could make the 

system’s adaptive behaviors more transparent to users and 

instructors. Rather than automatically adjusting complexity 

(Equation 10), the interface might explain why certain details 

are being emphasized or suppressed based on the learner’s 

demonstrated needs [62]. Second, integrating real-time 

collaborative features would enable synchronous group 

exploration of knowledge graphs, supporting classroom 

applications where instructors need to guide multiple learners 

through shared material [63]. 

Most promisingly, advances in generative AI present 

opportunities to dynamically expand the knowledge graph 

itself. Instead of relying solely on pre-processed materials, 

future systems could incorporate large language models to 

generate explanatory nodes, bridging gaps in the existing 

structure when users explore beyond predefined boundaries 

[64]. This capability would require robust validation 

mechanisms to ensure generated content accuracy, potentially 

through hybrid human-AI curation workflows [65]. 

The VR/AR extensions also merit deeper investigation. 

While our preliminary tests showed promise, fully realizing 

the potential of immersive knowledge navigation requires 

addressing spatial disorientation through improved 

wayfinding cues and gradual complexity introduction [66]. 

Combining these enhancements with the core multimodal 

framework could ultimately create a new paradigm for 

interacting with complex information—one that adapts not 

just to individual differences in expertise, but to diverse 

learning styles, sensory preferences, and situational contexts 

[67]. 

8. Conclusion 

The experimental results and theoretical analysis presented 

in this work demonstrate that interactive multimodal 

knowledge graph visualization offers a powerful paradigm for 

addressing big data complexity in educational contexts. By 

systematically integrating diverse data modalities within a 

unified knowledge structure and implementing adaptive 

visualization techniques, the system achieves significant 

improvements in learning outcomes while reducing cognitive 

load. The empirical findings validate our core hypothesis that 

dynamic, user-controlled exploration of interconnected 

concepts facilitates deeper understanding compared to 

traditional linear or static representations. 

Key contributions of this research include the development 

of novel cross-modal alignment techniques that preserve 

semantic relationships across text, code, and visual elements, 

along with innovative interaction mechanisms like concept 

lensing and comparative overlays. The experimental results 

show these features collectively enable learners to construct 

more accurate and comprehensive mental models of complex 

subjects. Particularly noteworthy is the system’s ability to 

scale effectively across expertise levels, suggesting broad 

applicability from introductory to advanced learning 

scenarios. 

The work advances both theoretical understanding and 

practical implementation of knowledge visualization systems. 

By grounding the design in cognitive load theory and 

engagement-driven principles, we demonstrate how carefully 

structured interactivity can transform passive content 

consumption into active knowledge construction. The 

architecture’s modularity ensures compatibility with evolving 

educational technologies while maintaining performance 

standards necessary for real-world deployment. These 

characteristics position the system as a viable solution for 

contemporary challenges in data-intensive learning 

environments. 

Looking ahead, the demonstrated effectiveness of 

multimodal knowledge graph visualization opens numerous 

avenues for enhancing educational technology. The 

framework’s extensibility allows for incorporation of 

emerging interaction paradigms, from immersive interfaces to 

AI-assisted content generation. Future iterations could further 

personalize learning experiences by incorporating more 

sophisticated models of individual differences in cognitive 

processing and information synthesis. The system’s success 

in reducing cognitive load while increasing engagement 

suggests similar approaches may benefit other domains 

requiring comprehension of complex interconnected systems. 

This research makes a compelling case for rethinking how 

we present and interact with complex information in digital 

learning environments. The results challenge conventional 

assumptions about the trade-off between interface richness 

and cognitive load, demonstrating that well-designed 

multimodal systems can actually decrease mental strain while 

improving learning outcomes. As educational content grows 

increasingly complex and interconnected, such approaches 

will become essential for maintaining effective knowledge 

transfer across diverse learner populations. 
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