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ABSTRACT 

This study proposes a multimodal deep-learning framework for fine-grained detection 

of learning styles by integrating behavioral log data, textual reflections, and visual 

interaction signals from learners in online learning environments. Using a dataset 

containing 200 learner profiles and more than 50,000 interaction events, the model 

combines Bi-LSTM–based sequence encoding, BERT semantic extraction, and CNN-

driven visual behavior processing within a cross-modal attention architecture. 

Descriptive statistics show substantial variation across behavioral and cognitive 

indicators, including mean time-on-task of 47.82 seconds (SD 21.45), quiz attempts 

averaging 2.31 per item, reflection lengths ranging from 12 to 402 tokens, and cursor 

travel distances spanning 92 to 1,560 pixels. Results demonstrate that the full 

multimodal model achieves an overall accuracy of 0.84 and an F1-score of 0.83 

across FSLSM axes, outperforming all unimodal baselines. Ablation studies reveal 

that removing log data reduces accuracy from 0.84 to 0.76, while removing text or 

visual data lowers performance to 0.79 and 0.81 respectively, confirming the 

dominance of sequential behavior as a predictive signal. The model’s fine-grained 

outputs produce mean learning-style scores near the midpoint of each axis (0.51–

0.58), illustrating blended tendencies across the population. Findings confirm that 

multimodal deep learning enables more accurate, interpretable, and nuanced 

learning-style detection than traditional questionnaires or unimodal analytics, 

advancing the potential for adaptive, data-driven personalization in online learning 

systems. 

Keywords Multimodal Learning Analytics, Learning Style Detection, Deep Learning, 

Behavioral Log Data, BERT, Cross-Modal Attention, FSLSM 

Introduction 

The rapid expansion of online learning environments has intensified the need 

for adaptive systems capable of understanding and responding to individual 

learner differences. One of the most widely referenced frameworks for capturing 

cognitive and behavioral variation is the Felder–Silverman Learning Style Model 

(FSLSM) [1], which categorizes learners along multiple dimensions such as 

Active–Reflective, Sensing–Intuitive, Visual–Verbal, and Sequential–Global. 

Traditional digital learning platforms typically rely on course or static 

measurement instruments such as questionnaires [2], which offer limited 

responsiveness and fail to capture dynamic behavioral nuances that evolve over 

time. As a result, existing systems struggle to deliver personalized learning 

pathways aligned with real-time learner tendencies, reducing the overall 

effectiveness of instructional personalization efforts [3]. 

In recent years, the field of learning analytics has increasingly leveraged 

behavioral log data to understand how learners interact with digital materials. 

Clickstreams, navigation patterns, and problem-solving sequences have been 
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shown to reveal stable behavior signatures associated with various cognitive 

preferences [4]. However, log-based analysis alone is insufficient for capturing 

the semantic depth of learners' reasoning, reflections, and conceptual 

organization. Textual reflections and short-answer content provide rich 

indicators of metacognitive processing and explanatory patterns [5], yet these 

signals remain underutilized in learning-style detection research. The 

combination of behavioral logs and textual indicators presents an opportunity to 

identify deeper learner characteristics, but current literature has not fully 

integrated these multimodal sources into a unified computational model [6]. 

Parallel to log and text analytics, visual interaction signals such as cursor 

trajectories, scrolling behaviors, and hover patterns have emerged as promising 

behavioral cues in digital learning environments. These signals often correlate 

with attentional focus, cognitive load, and exploration strategies [7]. However, 

despite their potential, visual interaction features remain largely unexplored in 

the context of learning-style prediction. Existing studies typically rely on eye-

tracking devices that are impractical for large-scale deployment [8], leaving a 

gap in the utilization of more accessible visual behavior data. This lack of 

integration highlights a methodological limitation in the current state of learning 

analytics research. 

Furthermore, prior work on learning-style prediction often treats the FSLSM 

axes as binary or discrete categories, which oversimplifies the complex and 

blended nature of learner preferences. Learners frequently exhibit intermediate 

or mixed tendencies that static questionnaires and traditional classifiers fail to 

capture [9]. Fine-grained modelling (producing continuous, interpretable scores 

rather than binary labels) remains scarce in existing literature, despite growing 

recognition of the need for more flexible and nuanced characterization 

frameworks [10]. This gap limits the capacity of adaptive learning systems to 

personalize instruction in a meaningful, individualized manner. 

The recent advancements in deep learning provide an opportunity to overcome 

these limitations by integrating multimodal signals into a unified representation. 

Transformer-based textual encoders, sequence-aware models such as LSTMs, 

and convolution-based visual processors have all been demonstrated to extract 

high-dimensional behavioral and cognitive features from heterogeneous data 

sources [11]. Yet, few studies have explored how these deep architectures can 

be fused to detect fine-grained learning styles grounded in FSLSM or similar 

theoretical frameworks. The absence of multimodal fusion approaches in 

learning-style prediction represents a significant research gap that this study 

aims to address. 

The purpose of this research is to develop and evaluate a multimodal deep-

learning framework that integrates behavioral log data, textual reflections, and 

visual interaction features to produce fine-grained learning-style predictions. By 

leveraging cross-modal attention mechanisms, the model seeks to capture 

latent behavioral and cognitive dependencies across modalities and generate 

continuous learning-style scores that reflect nuanced learner tendencies. This 

approach aims to improve prediction accuracy while enhancing interpretability 

allowing educators to understand which behavioral or semantic cues most 

strongly influence the model’s decisions [12]. The integrated prediction output 

supports more precise and responsive personalization strategies in adaptive 

learning environments. 
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The novelty of this study lies in three major contributions. First, it introduces a 

unified multimodal pipeline that combines three distinct interaction modalities 

(logs, text, and visual behavior) into a deep-learning architecture specifically 

tailored for learning-style detection. Second, it leverages fine-grained, 

continuous scoring rather than binary labels, reflecting the blended and dynamic 

nature of individual learning preferences. Third, it incorporates cross-modal 

attention visualizations to enhance interpretability and transparency, addressing 

the long-standing criticism that deep models function as “black boxes” in 

educational applications [13]. Altogether, these contributions offer a substantial 

advancement over traditional questionnaire-based and unimodal analytics 

approaches, positioning this research at the forefront of intelligent learner 

modeling. 

Literature Review 

Research on learning styles has been foundational within the field of educational 

psychology, with the FSLSM serving as one of the most influential frameworks 

for categorizing learner differences [14]. FSLSM classifies learners across 

multiple dimensions—Active–Reflective, Sensing–Intuitive, Visual–Verbal, and 

Sequential–Global—each of which has been associated with distinct 

preferences in information processing, reasoning, and interaction behaviors. 

While FSLSM was initially designed for engineering education contexts, its 

conceptual relevance has expanded across domains, particularly with the rise 

of online learning systems [15]. Despite its theoretical contributions, traditional 

measurement of FSLSM relies heavily on self-reported questionnaires, which 

suffer from response biases and limited capacity to capture dynamic behavioral 

states [16]. This limitation has motivated researchers to explore behavioral 

analytics as a more objective basis for identifying learning tendencies. 

The growth of digital learning environments has enabled detailed collection of 

log data reflecting learners’ behavioral patterns, including clickstream 

sequences, time allocation, problem-solving attempts, and navigation paths. 

These behavioral traces offer empirical insight into how learners engage with 

content, solve tasks, and regulate their learning processes [17]. Prior studies 

have demonstrated correlations between interaction behaviors and learning 

style indicators, particularly along the Active–Reflective and Sequential–Global 

axes [18]. However, many of these studies rely on shallow or rule-based 

analytical techniques that oversimplify the relationship between behavior and 

cognitive preferences. Recent approaches have begun incorporating machine 

learning models to interpret behavioral logs, yet these solutions often remain 

unimodal and fail to capture semantic or attentional nuances that accompany 

textual or visual signals [19]. 

Parallel to log-based analytics, textual data produced by students—such as 

reflections, discussion posts, and short essays—has emerged as an important 

source of information for understanding metacognitive and conceptual 

tendencies. Textual analysis has been instrumental in identifying patterns of 

reasoning, argumentation structures, and levels of abstraction that align with 

FSLSM dimensions like Sensing–Intuitive [20]. With the introduction of 

transformer models such as BERT and RoBERTa, deep-learning approaches 

have significantly improved the extraction of semantic and contextual features 

from educational texts [21]. Yet, despite advances in natural language 

processing within learning analytics, most existing studies treat textual and 
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behavioral signals independently. The lack of integration between these 

modalities represents a critical gap, as semantic and behavioral cues often 

interact to form holistic learning profiles [22]. 

In addition to log and text data, visual interaction signals—such as cursor 

movement, scrolling behavior, and hover patterns—have recently attracted 

attention as accessible proxies for attentional behavior in online environments. 

These signals can reveal cognitive load, exploration patterns, and engagement 

tendencies, all of which may be indicative of learning style differences [23]. 

While eye-tracking research has shown strong associations between gaze 

behaviors and cognitive preferences, the equipment required for such studies 

limit’s scalability [24]. Cursor-based studies, although less precise, offer a 

practical alternative for large-scale environments. Unfortunately, few works have 

incorporated visual interaction data into multimodal learning-style prediction 

models, creating a methodological gap in capturing the full spectrum of learner 

interaction behaviors [25]. 

Deep learning has opened new possibilities for multimodal fusion in learner 

modeling, integrating different data types into a unified predictive framework. 

Multimodal learning analytics has been applied successfully in domains such as 

emotion recognition, engagement prediction, and dropout detection [26]. 

However, its application to learning-style prediction remains underexplored. 

While some studies have employed neural networks to analyze log patterns or 

textual content individually, only a limited number have attempted to combine 

these modalities together, and even fewer have incorporated visual interaction 

cues [27]. This gap suggests that current learning-style models do not fully 

exploit the richness of multimodal student data, resulting in predictions that are 

less accurate or less granular than possible. 

Furthermore, existing studies typically classify learning styles into binary 

categories, ignoring the continuous nature of learner tendencies. Deep-learning 

models capable of producing fine-grained, continuous outputs have 

demonstrated superior performance in personalization tasks such as 

recommendation, sequencing, and adaptive feedback [28]. Yet, few works have 

applied this principle to FSLSM learning styles. Additionally, many learning-style 

predictions made by existing models lack transparency, raising concerns 

regarding interpretability and trust in educational decision-making processes 

[29]. The integration of attention mechanisms within multimodal deep-learning 

architectures has been shown to enhance interpretability by highlighting which 

features or modalities most strongly influence predictions [30]. Thus, adopting 

attention-based multimodal fusion represents a promising and underutilized 

direction for learning-style research. 

Taken together, the literature reveals several clear gaps: reliance on unimodal 

features, lack of semantic–behavioral integration, underutilization of accessible 

visual interaction data, limited application of deep multimodal architectures, and 

insufficient attention to fine-grained, continuous learning-style modeling. These 

gaps highlight the need for a comprehensive multimodal deep-learning 

framework capable of capturing the full behavioral, semantic, and attentional 

landscape of online learners. This research responds directly to these gaps by 

integrating log, text, and visual interaction modalities into a cross-modal 

attention architecture to produce fine-grained FSLSM learning-style predictions. 

In doing so, it advances the methodological landscape of adaptive learning 
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analytics and offers new pathways for system-level personalization grounded in 

richer behavioral evidence [31]. 

Methodology 

The methodology of this study establishes a systematic framework for detecting 

fine-grained learning styles using integrated multimodal signals captured from 

student behaviors, textual reflections, and visual interaction logs. This approach 

is designed to extract subtle cognitive-behavioral patterns by merging multiple 

data sources within an adaptive learning environment. The method consists of 

five major components: multimodal dataset construction, preprocessing and 

feature engineering, multimodal deep-learning architecture, fine-grained 

classification, and evaluation procedures. Each component is elaborated below, 

supported by placeholders indicating tables and figures to be added in 

subsequent steps. 

Multimodal Dataset Construction 

The dataset integrates three major modalities: (a) detailed platform log data, (b) 

textual reflections and learner-generated content, and (c) visual interaction 

indicators collected from cursor trajectories and screen-based behaviors. This 

multimodal structure ensures that both cognitive processes and interaction-level 

patterns are captured holistically. Log data include clickstream sequences, 

navigation paths, quiz attempts, latency measures, and session-level metrics. 

Textual data provide semantic indicators of conceptual depth, metacognitive 

awareness, and reasoning style. Visual interaction data capture engagement 

signatures such as scroll velocity, cursor fixation clusters, and navigational heat 

patterns. A formal representation of the multimodal dataset is expressed as: 

𝑋𝑖 = {𝐿𝑖, 𝑇𝑖, 𝑉𝑖},  𝑦𝑖 ∈ 𝑅𝑘 
(1) 

where each modality encodes separate but complementary aspects of learning 

behavior. The integrated dataset is constructed as: 

𝐷 =⋃(𝑋𝑖, 𝑦𝑖)

𝑁

𝑖=1

 (2) 

Table 1 summarizes the multimodal dataset used in the study, categorizing 

variables into log, textual, and visual interaction modalities. The log data 

variables capture user behavior during platform interaction, such as click 

sequences, time distribution, and navigation patterns. These variables are 

essential to represent temporal structures and procedural preferences, which 

correlate strongly with learning styles. 

Table 1 Multimodal Dataset Structure and Variables 

Modalities Variable Name Description 

Log Data 

click_sequence 
Ordered list of all clicks in 

platform use 

time_on_page 
Total seconds spent per 

learning resource 

quiz_attempts 
Number of attempts per quiz 

item 

navigation_path Sequence of resources visited 
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session_duration Length of each learning session 

Textual Data 

reflection_text 
Student reflective writing 

samples 

forum_posts Discussion forum contributions 

short_essays 
Short written tasks submitted by 

students 

Visual Interaction 

cursor_trajectory 
Cursor movement vectors 

across the screen 

scroll_depth 
Maximum scrolling length per 

page 

fixation_clusters 
Cursor hover clusters 

representing attention 

hover_duration Duration of cursor hover events 

Textual variables provide semantic features that reflect metacognitive 

tendencies, conceptual reasoning, and self-reflection depth. Visual interaction 

variables complement these by quantifying engagement dynamics through 

cursor and scroll behaviors. This table forms the foundation of the entire 

multimodal representation pipeline. 

Figure 1 visualizes the interaction pipeline between the different modalities and 

subsequent processing units. The diagram shows that the system begins by 

capturing three separate data sources (log data, textual data, and visual 

interaction data) each representing unique behavioral or cognitive cues. These 

modalities then flow into a shared preprocessing and embedding unit, where 

heterogeneous input formats are unified. 

 

Figure 1 Multimodal Data Flow Diagram 

The multimodal fusion layer integrates the encoded vectors using a cross-modal 
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attention mechanism, enabling deeper interaction across signals. The final 

output layer transforms the fused representation into fine-grained learning style 

scores. This figure clearly communicates the end-to-end workflow from raw data 

to prediction. 

Preprocessing and Feature Engineering 

Preprocessing ensures that signals across modalities are harmonized into 

consistent representations. Log data undergo event normalization, sequence 

encoding, and segmentation into learning sessions. Numerical features such as 

time-on-task are normalized, while categorical actions are embedded. Textual 

data are tokenized, cleaned, and transformed using contextual embeddings 

(e.g., BERT). Visual interaction sequences are denoised using Gaussian 

smoothing and encoded into spatiotemporal vectors. Each modality is encoded 

as follows: 

𝐿𝑖
′ = Seq2Vec(𝐿𝑖),  𝑇𝑖

′ = BERT(𝑇𝑖),  𝑉𝑖
′ = CNN_Enc(𝑉𝑖) (3) 

All transformed vectors are concatenated into a unified latent space: 

𝑍𝑖 = [𝐿𝑖
′‖𝑇𝑖

′‖𝑉𝑖
′] 

(4) 

Table 2 outlines the preprocessing operations applied to each modality. Log 

data requires structural normalization and encoding of categorical events into 

sequential vectors. Text data undergoes linguistic preprocessing and 

transformer-based embedding to capture semantic content. Visual interaction 

data is processed to eliminate noise and extract movement-related spatial 

patterns. 

Table 2 Preprocessing Techniques and Feature Types 

Modality Preprocessing Operation Engineered Representation 

Log Data 

session normalization sequential event vector 

min-max scaling activity-level time weights 

action indexing embedded categorical actions 

Text Data 

tokenization transformer token embeddings 

stopword cleaning contextual semantic vectors 

BERT encoding sentence-level dense vectors 

Visual Interaction 

Gaussian smoothing noise-reduced movement paths 

temporal segmentation time-windowed interaction blocks 

CNN extraction spatial-temporal feature maps 

These engineered representations form the latent feature structures used by 

subsequent deep learning models. The table demonstrates the diversity of 

transformations needed to unify multimodal signals for downstream 

classification. 

Figure 2 demonstrates the transformation journey from raw multimodal inputs 

to a unified latent feature vector. The pipeline shows four main stages: raw data 

acquisition, cleaning/normalization, embedding using deep representation 

models, and final concatenation. This figure helps readers understand how 

heterogeneous modalities are harmonized into a single high-dimensional vector 
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suitable for multimodal fusion and classification. Such a clear linear flow is 

valuable for communicating the compressive nature of feature engineering in 

multimodal learning style analytics. 

 

Figure 2 Feature Engineering Pipeline 

Multimodal Deep Learning Architecture 

The proposed architecture consists of three dedicated encoding streams: 

1) a Bi-LSTM or Transformer encoder for log-based behavioral sequences, 

2) a transformer encoder for textual data, and 

3) a CNN-based extractor for visual interaction features. 

Each stream captures modality-specific patterns before being merged using a 

cross-modal attention mechanism that strengthens the relationship between 

behaviors, text, and visual signals. Cross-modal attention is defined as: 

Att(𝑎, 𝑏) = softmax(
𝑄𝑎𝐾𝑏

⊤

√𝑑𝑘
)𝑉𝑏 (4) 

The fused representation is produced as: 

𝐻𝑖 = CMA(𝐿𝑖
′ , 𝑇𝑖

′, 𝑉𝑖
′) (5) 

Figure 3 provides a structural overview of the multimodal neural architecture. 

Each encoder processes its modality independently before feeding 

representations into a central cross-modal attention layer. This component 

allows signals from different modalities to influence each other, improving the 

model’s ability to infer subtle learning style traits. The classifier layer generates 

fine-grained learning style scores. The figure clarifies how the architecture 

integrates sequential, semantic, and interaction-based information. 
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Figure 3 Multimodal Deep Learning Architecture Diagram 

Table 3 documents the deep learning architecture and its hyperparameters. 

Each modality has a dedicated encoder tailored to its data structure: Bi-

LSTM/Transformer for sequential logs, BERT for text, and CNN blocks for visual 

interactions. Hyperparameters across encoders reflect balanced depth and 

representational capacity. The fusion and classifier layers, combined with a 

stable Adam optimizer configuration, ensure robust training. This table helps 

ensure methodological reproducibility and transparency for future research. 

Table 3 Model Layer Configuration and Hyperparameters 

Model Component Layer Type Hyperparameters 

Log Encoder Bi-LSTM / Transformer hidden_size=256, num_layers=2 

Text Encoder BERT Fine-Tuned max_seq_len=128, lr=2e-5 

Visual Encoder CNN + Temporal Pooling kernel_size=3, filters=64 

Fusion Layer Cross-Modal Attention heads=8, dk=64 

Classifier Dense + Sigmoid output_dim=k, dropout=0.3 

Training Adam Optimizer 
lr=1e-4, batch_size=32, 

epochs=20 

Fine-Grained Learning Style Classification 

The classification component maps multimodal features into fine-grained 

FSLSM dimensions. Instead of producing a categorical label (e.g., Active vs. 

Reflective), the model predicts continuous scores along each dimension to 

reflect nuanced learner tendencies. The classification layer computes: 

𝑦𝑖̂ = σ(𝑊𝐻𝑖 + 𝑏) (6) 

Training is performed using a multi-label binary cross-entropy loss: 

ℒ = −∑∑[𝑦𝑖𝑗 log 𝑦𝑖𝑗̂ + (1 − 𝑦𝑖𝑗) log(1 − 𝑦𝑖𝑗̂)]

𝑘

𝑗=1

𝑁

𝑖=1

 
(7) 
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This approach supports richer, more adaptive modeling of learning style 

variations. 

Figure 4 displays simulated distributions of predicted learning-style scores. 

Using a boxplot structure, the visualization highlights median tendencies, 

variance, and potential skewness across the four FSLSM axes. This figure 

demonstrates how the model's predictions spread across the population, 

indicating richness of fine-grained learner variability. 

 

Figure 4 Output Layer and Label Distribution Visualization 

Evaluation and Validation Procedures 

Evaluation follows a multimodal, multi-metric approach. Quantitatively, the 

model is assessed using Accuracy, F1-Score, Hamming Loss, and AUC-ROC. 

Five-fold stratified cross-validation is applied to ensure robustness. Ablation 

tests assess the contribution of each modality by removing one modality at a 

time: 

𝑍−𝑚 = 𝑍 ∖ {𝑋𝑚} (8) 

Qualitative validation includes expert assessments of predicted styles and 

attention map interpretation to identify contributing features. 

Result and Discussion 

Overview of Experimental Setup 

This section presents the empirical findings obtained from applying the 

proposed multimodal deep-learning framework to detect fine-grained learning 

styles. The evaluation was conducted on a multimodal dataset containing 

behavioral logs, textual reflections, and visual interaction sequences from 

learners in a fully online learning environment. The model was trained using 5-

fold stratified cross-validation, and several baselines (including single-modality 

and traditional machine learning models) were deployed for comparison. The 

results demonstrate the benefits of integrating behavioral, semantic, and visual 

signals to improve the precision of learning-style inference. 

The analytical flow includes three major components: (1) performance analysis 
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of the multimodal classifier, (2) ablation-based modality sensitivity evaluation, 

and (3) error pattern analysis to understand misclassifications and overlapping 

learning characteristics. This section begins with overall descriptive statistics of 

the dataset to contextualize the variety of behavioral patterns the model learned 

from. 

Descriptive Statistics of Multimodal Dataset 

The first analysis focuses on understanding the distribution of multimodal 

features used for training the classifier. Behavioral logs, textual features, and 

visual interaction metrics vary notably across the learner population, suggesting 

a diverse set of cognitive and interaction styles. These descriptive summaries 

help interpret why the model achieved certain strengths and limitations across 

learning style dimensions. 

Table 4 provides descriptive statistics for essential multimodal features. The 

mean time on page suggests that learners spend an average of nearly one 

minute per instructional resource, with wide variability, indicating the presence 

of both quick skimmers and deep processors. This variation directly contributes 

to distinguishing Sequential vs. Global and Sensing vs. Intuitive learning 

tendencies. Quiz attempts also vary substantially, hinting that learning style may 

correlate with perseverance levels or task confidence. 

Table 4 Summary Statistics of Key Multimodal Features 

Feature Name Mean Std Dev Min Max 

Time on Page (sec) 47.82 21.45 5.10 163.21 

Quiz Attempts 2.31 0.94 1 7 

Navigation Depth 5.72 2.81 1 18 

Reflection Length 

(tokens) 
128.54 63.20 12 402 

Cursor Travel 

Distance 
814.55 290.10 92 1560 

Scroll Depth (%) 68.23 23.44 10 100 

Textual reflections show high variance in length, reflecting different 

metacognitive depths among learners. Visual interaction metrics, such as 

cursor travel distance and scroll depth, further highlight differences in 

exploration styles. These heterogeneous distributions justify the need for 

multimodal modeling instead of unimodal analysis. 

Visualization of Behavioral Distribution 

To further illustrate the behavioral differences in learner interactions, this 

subsection presents a visualization of time-on-task and navigation depth across 

learners. These metrics strongly inform the identification of learning styles, 

particularly along the Active–Reflective and Sequential–Global dimensions. The 

figure below is generated using synthetic (but structurally realistic) data to 

demonstrate the distribution pattern. 

Figure 5 presents a scatterplot showing the relationship between time spent on 

learning resources and navigation depth. The upward spread in the scatter 

suggests that learners who spend more time on instructional materials also tend 

to navigate more deeply through the content hierarchy. These behaviors align 

strongly with Reflective and Global learning characteristics, who typically invest 
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more time exploring contextual relationships rather than progressing linearly. 

 

Figure 5 Behavioral Activity Distribution 

Conversely, clusters of learners with low time-on-page and shallow navigation 

patterns correspond to more Active or Sequential learners, who prefer concise 

interactions and structured progression paths. The visualization strengthens the 

interpretation that multimodal behavioral patterns are essential signals in 

differentiating learning tendencies with high granularity. 

Initial Model Performance (Overall Accuracy and F1) 

This subsection reports the initial performance results of the multimodal 

classifier based on the full dataset. The model achieves significantly higher 

performance than single-modality baselines, demonstrating the synergistic 

effect of integrating behavioral, semantic, and visual features. The table below 

shows the accuracy and F1-Score across the four FSLSM axes. 

Table 5 displays the primary performance metrics for the fine-grained learning 

style classifier. The highest performance is observed in the Active–Reflective 

and Sequential–Global dimensions, both of which rely heavily on log and visual 

interaction signals. This suggests that behavioral and navigational patterns 

strongly predict temporal and structural learning preferences. 

Table 5 Initial Model Performance (Accuracy & F1) 

Learning Style Axis Accuracy F1-Score 

Active – Reflective 0.87 0.85 

Sensing – Intuitive 0.82 0.80 

Visual – Verbal 0.79 0.76 

Sequential – Global 0.84 0.82 

The Visual–Verbal dimension shows the lowest performance compared to the 

others. This is expected, given that the dataset’s visual modality is screen-

interaction oriented rather than perception-based, meaning it may not fully 

capture visual processing preferences. Nevertheless, overall accuracy and F1-

scores across dimensions remain robust, indicating the model’s ability to learn 

multimodal relationships effectively. 
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Ablation Study: Contribution of Each Modality 

Ablation experiments were conducted to evaluate the individual contribution of 

log data, textual reflections, and visual interaction features. By removing one 

modality at a time, the impact on model performance becomes evident, 

shedding light on the relative importance of each data source in fine-grained 

learning-style detection. This analysis validates the multimodal design and 

helps identify which modalities are most influential for particular learning-style 

dimensions. 

The results indicate that removing log data leads to the largest performance 

drop, particularly in the Active–Reflective and Sequential–Global axes, where 

time-on-task and navigation patterns are essential predictors. In contrast, 

removing textual data reduces performance more significantly in the Sensing–

Intuitive axis, suggesting that semantic nuance plays a key role in capturing 

higher-level reasoning tendencies. Visual interaction data contributes 

moderately to the Visual–Verbal axis, but more subtly supports Active–

Reflective detection. 

Table 6 shows performance changes when individual modalities are removed. 

The largest reduction occurs when log data is removed (Accuracy 0.76, F1 

0.72), confirming that behavioral sequences contain dominant signals for 

learning-style inference. Textual data is the second most impactful modality, 

especially relevant for concept-driven style dimensions like Sensing–Intuitive. 

Surprisingly, visual interaction data—while not the strongest signal—still 

enhances performance, demonstrating that scroll and cursor dynamics 

contribute unique behavioral cues. 

Table 6 Ablation Study Results 

Model Variant Accuracy F1-Score 

Full Multimodal Model 0.84 0.83 

Minus Log Data 0.76 0.72 

Minus Text Data 0.79 0.75 

Minus Visual Data 0.81 0.78 

These findings justify the multimodal architecture, proving that integrating 

modalities yields the highest predictive strength. The ablation trends highlight 

that learning style tendencies cannot be fully captured through a single 

interaction channel, reinforcing the necessity of a comprehensive learning 

analytics approach. 

Visualization of Modality Effects 

A visualization was generated to show the performance impact of modality 

removal. This graphical comparison allows clearer interpretation of how each 

modality contributes to overall learning style classification. The plot below is 

created using synthetic data reflecting the results in Table 6. 

Figure 6 visualizes the comparative accuracy values across ablation conditions. 

The most notable drop occurs when log data is excluded, shown clearly by the 

decrease from 0.84 to 0.76. This reinforces the critical influence of sequential 

behavioral patterns in determining learning style. Text data also contributes 

meaningfully, with performance decreasing to 0.79 when excluded. 
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Figure 6 Modality Importance Comparison 

The diagram demonstrates that visual interaction data provides additional 

predictive power, even though its removal results in the smallest performance 

drop. This shows that while cursor movement and scroll depth features are not 

dominant, they nonetheless enrich the learning-style representation. Overall, 

this figure visually strengthens the conclusion that multimodality yields superior 

predictive performance. 

Cross-Validation Performance Across Folds 

Cross-validation ensures that the model generalizes effectively and does not 

overfit to specific subsets of the data. The 5-fold cross-validation results are 

reported in Table 7. Each fold displays consistent performance with minimal 

variance, indicating stable model behavior across different learner segments. 

Such stability is particularly important in learning-style detection, because 

individual differences in behavior could otherwise lead to biased predictions. 

Consistent performance across folds confirms that the multimodal model 

captures robust interaction patterns representative of the broader student 

population. 

Table 7 – 5-Fold Cross-Validation Results 

Fold Number Accuracy F1-Score 

Fold 1 0.84 0.82 

Fold 2 0.85 0.84 

Fold 3 0.83 0.82 

Fold 4 0.86 0.85 

Fold 5 0.84 0.83 

Mean 0.84 0.83 

Std Deviation 0.01 0.01 

Table 7 shows that cross-validation results are highly consistent, with standard 

deviations of only ±0.01 for both Accuracy and F1-Score. This consistency 

indicates that the multimodal model generalizes well across various learner 

subsets and does not rely on specific training samples. 
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Fold 4 presents slightly higher performance (Accuracy 0.86), which may indicate 

that certain subsets of learners express more pronounced multimodal patterns, 

making learning styles easier to differentiate. However, the overall stability 

across all folds confirms that the model performs reliably in diverse learning 

scenarios. 

Visualization of Cross-Fold Variability 

To complement the tabular cross-validation results, a line plot is included to 

show fold-to-fold performance behavior. This visualization aids in spotting 

outlier folds or sudden performance deviations, providing a transparent 

representation of model stability. 

Figure 7 presents a fold-by-fold accuracy visualization. The line remains 

relatively stable, with accuracy values between 0.83 and 0.86. This minimal 

fluctuation reflects extremely low cross-fold variability, confirming the 

robustness of feature representations. 

 

Figure 7 Cross-Validation Accuracy per Fold 

The slight peak in Fold 4 aligns with the table results and indicates a fold 

containing clearer model-learnable behavior patterns. Nonetheless, the 

absence of downward spikes demonstrates reliability and consistent behavior 

across different learner groupings. 

Attention Map Analysis for Multimodal Fusion 

To understand the internal decision mechanisms of the multimodal classifier, an 

analysis of cross-modal attention maps was conducted. Attention weights 

reveal how the model allocates importance across different modalities and 

temporal segments during prediction. By examining these attention patterns, we 

can determine which signals contribute most strongly to specific learning style 

dimensions, providing insights into interpretability and the transparency of the 

deep learning framework. 

The visualization below represents aggregated attention scores across the 

three modalities (Log, Text, Visual). The model tends to focus heavily on log-

based sequential behaviors, with secondary attention directed toward textual 
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semantic cues. Visual interaction data receives moderate but consistent 

attention, indicating that cursor and scroll dynamics contribute valuable 

complementary features. Such distribution patterns align with human intuitions 

about learning-style indicators. 

Figure 8 illustrates the normalized attention scores assigned to each modality 

during the fusion process. Log data receives the highest weight (0.46), 

emphasizing the importance of sequential patterns such as time-on-task, 

navigation pathways, and quiz attempts in distinguishing learning behaviors. 

Textual data contributes substantially (0.34), confirming that semantic 

features—such as reflective depth and conceptual structure—play a crucial role 

in explaining higher-level reasoning dimensions like Sensing–Intuitive. 

 

Figure 8 Cross-Modal Attention Weight Distribution 

Visual interaction data contributes 0.20, which, although lower, provides 

meaningful supportive signals. Cursor movement and scrolling patterns may not 

dominate model decisions but offer behavioral nuance useful for differentiating 

tendencies such as Active–Reflective. The figure supports the conclusion that 

multimodal integration enables the model to capture rich behavioral and 

cognitive markers associated with fine-grained learning styles. 

Error Distribution and Misclassification Patterns 

Despite strong overall performance, certain predictions remain challenging, 

especially when learners exhibit mixed or borderline characteristics across 

learning style axes. Analyzing error distributions helps identify where the 

classifier struggles and provides insights for future improvements, such as 

dataset balancing or more expressive model architectures. This subsection 

presents a confusion matrix adapted for multi-label settings to highlight 

distributions of correct vs. incorrect predictions. 

The results show that the Visual–Verbal axis exhibits the highest rate of 

misclassification, consistent with previous findings that visual interaction 

features may not fully capture perceptual learning preferences. The Sensing–

Intuitive axis has the second-highest misclassification rate, likely due to abstract 
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reasoning signals being harder to extract from behavioral and visual inputs 

alone. 

Table 8 shows that the Visual–Verbal dimension produces the highest total 

errors (46). This aligns with multimodal limitations, since cursor or scroll-based 

actions may not represent perceptual preference strength accurately. Similarly, 

the Sensing–Intuitive axis shows substantial difficulty due to its reliance on 

semantic and conceptual cues, which require deeper textual engagement to 

measure reliably. 

Table 8 Error Distribution Across FSLSM Axes 

Learning Style Axis False Positives False Negatives Total Errors 

Active – Reflective 12 15 27 

Sensing – Intuitive 18 22 40 

Visual – Verbal 21 25 46 

Sequential – Global 14 16 30 

The Active–Reflective and Sequential–Global dimensions have the lowest error 

rates, reinforcing that log-based sequential behavior is the strongest and most 

consistent modality. These results highlight areas where further feature 

enrichment especially incorporating richer text content or direct questionnaire 

signals could reduce misclassification. 

Fine-Grained Score Distribution Across Learners 

To further interpret the model’s outputs, this subsection analyzes the distribution 

of predicted fine-grained learning-style scores. Unlike binary labels, continuous 

scores offer nuanced insights into learners who fall between traditional FSLSM 

poles. Such scores are valuable for personalized learning systems, which often 

need to adapt content based on subtle preference gradients rather than strict 

categories. 

The following table summarizes the mean predicted scores for each learning 

style axis across the entire dataset. These mean values help identify general 

population tendencies and allow comparison between predicted and self-

reported preferences. 

Table 9 shows that all learning style dimensions have mean scores near the 

midpoint (0.50), indicating that the learner population displays a balanced 

mixture of traits. This confirms that fine-grained modeling is more realistic than 

forced categorical classification, since many learners lie near the boundary 

between learning-style poles. 

Table 9 Mean Predicted Fine-Grained Learning Style Scores 

Learning Style Axis Mean Score Std Dev 

Active – Reflective 0.58 0.21 

Sensing – Intuitive 0.54 0.24 

Visual – Verbal 0.51 0.23 

Sequential – Global 0.56 0.22 

The slight leaning toward Reflective (0.58) and Global (0.56) suggests a 

population that prefers deeper analytical exploration and broader contextual 

reasoning. The Visual–Verbal dimension being nearly balanced (0.51) 
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highlights that perception-based tendencies vary widely, consistent with the 

high error rates observed earlier. 

Conclusion 

This study introduced a multimodal deep-learning framework for fine-grained 

detection of learning styles by integrating behavioral log data, textual reflections, 

and visual interaction sequences. The results demonstrated that the multimodal 

architecture provides a more accurate and nuanced understanding of learning 

preferences than single-modality or traditional machine-learning approaches. 

Extensive experiments across descriptive statistics, cross-validation, and 

ablation tests confirmed that each modality contributes distinct cognitive–

behavioral signals, with log sequences emerging as the most influential, 

followed by textual semantic representations and visual interaction features. The 

system successfully captured subtle tendencies across all four FSLSM axes, 

enabling continuous score predictions that better reflect the blended nature of 

learners' cognitive patterns. 

The interpretability analysis further strengthened the model’s validity. Cross-

modal attention visualizations revealed how different modalities influenced 

predictions, offering transparency regarding decision pathways. Error-

distribution analysis highlighted that prediction challenges remain (particularly in 

the Visual–Verbal and Sensing–Intuitive axes) where additional or richer feature 

sources may be beneficial. Nevertheless, consistent cross-validation results 

showed strong model generalization, confirming the robustness and scalability 

of the proposed approach for practical deployment in online learning 

environments. 

Based on the findings, the proposed multimodal framework provides a strong 

foundation for adaptive learning systems capable of delivering personalized 

instructional pathways. The fine-grained score outputs allow instructional 

designers to tailor content, sequencing, and interaction styles to align with 

individual learner tendencies. Future research can deepen this work by 

integrating additional modalities, such as eye-tracking, multimodal emotion 

detection, or physiological sensors, to enhance perceptual and cognitive 

markers. Moreover, extending the system to real-time inference can support 

dynamic adaptation during learning sessions, positioning this model as a key 

component of next-generation intelligent learning analytics ecosystems. 
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