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ABSTRACT 

Massive Open Online Courses (MOOCs) increasingly rely on personalized learning 

technologies to address learner disengagement and high dropout rates. This study 

proposes a Transformer-based adaptive recommendation model capable of capturing 

long-range sequential dependencies in learner interaction histories.  Attention-weight 

analysis reveals pedagogically meaningful behavior, with the model assigning highest 

importance to Quiz_Attempt (0.241) and Assignment_Submission (0.214) events, 

while contextual interactions such as video views and page read received moderate 

weights (0.187 and 0.143). Sequential dependency analysis further shows strong 

learner behavior patterns, particularly transitions from Video_View → Quiz_Attempt 

(0.372) and Page_Read → Video_View (0.298). Hyperparameter sensitivity 

experiments indicate that a configuration of 6 Transformer layers, 12 attention heads, 

and 256-dimensional embeddings produces the best performance.  Overall, these 

results demonstrate that Transformer-based models not only improve 

recommendation accuracy but also enhance explainability through attention mapping 

and behavioral interpretation. The findings suggest that integrating self-attention 

mechanisms and behavioral analytics can substantially advance adaptive learning in 

large-scale online education environments, supporting more personalized and 

pedagogically aligned learning pathways. 

Keywords Adaptive Learning, MOOC Recommendation Systems, Transformer Models, Self-

Attention, Sequential Modeling, Learning Analytics 

Introduction 

MOOCs have become one of the most scalable and accessible modes of digital 

education, offering open learning pathways for millions of learners worldwide. 

However, despite their accessibility, MOOCs continue to suffer from persistent 

challenges related to learner engagement, personalized content navigation, and 

high dropout rates [1], [2]. Learners often face difficulties in identifying the most 

relevant next learning resource among thousands of available items, leading to 

cognitive overload and ineffective learning trajectories [3]. Traditional 

recommendation strategies, such as popularity-based or collaborative filtering 

approaches, struggle to accommodate the diversity and sequential nature of 

learner behaviors in MOOCs [4], [5]. These limitations highlight the need for 

more adaptive and context-aware recommendation mechanisms capable of 

understanding the complex and dynamic interactions between learners and 

learning materials [6]. 

The emergence of deep learning and sequence modeling has introduced new 

opportunities for improving personalization in online learning environments. 

Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) 
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architectures have previously been explored for modeling clickstreams and 

learning sequences, offering improvements over static recommendation 

methods [7]. However, these models often struggle to capture long-range 

dependencies and may fail to represent subtle behavioral patterns present in 

MOOC interaction logs [8]. Self-attention mechanisms, operationalized through 

Transformer architectures, have demonstrated exceptional performance in 

sequence modeling tasks across domains such as natural language processing, 

time-series forecasting, and user-behavior prediction [9], [10]. Their ability to 

capture global relational structures makes Transformers a promising candidate 

for adaptive learning recommendations. 

Despite these advancements, the application of Transformer-based models in 

MOOCs remains underexplored and insufficiently optimized. Current research 

often focuses on content recommendation using simplified behavioral features 

or static learner profiles, overlooking the temporal richness embedded in multi-

event learning histories [11]. Many existing studies also treat all learning events 

equally, disregarding pedagogical hierarchies such as the importance of quizzes 

and assignments relative to passive behaviors like video views or page reads 

[12]. Furthermore, existing works rarely integrate explainability into the 

recommendation process, making it difficult for educators to interpret and 

validate the underlying reasoning of AI-driven learning pathways [13]. These 

gaps underscore the need for a more robust, sequence-aware, and 

pedagogically aligned recommendation framework. 

This study addresses these gaps by introducing an adaptive content 

recommendation model built on Transformer-based deep learning architectures 

capable of modeling complex dependencies in learner interaction sequences. 

The proposed model leverages multi-head self-attention to emphasize 

meaningful events such as assessment outcomes, engagement intensity, and 

content modality while reducing noise from peripheral actions. By incorporating 

temporal dynamics and contextualized embeddings, the system aims to 

generate next-step learning recommendations that align with learner progress, 

instructional logic, and pedagogical structure [14], [15]. This approach not only 

improves recommendation accuracy but also enhances interpretability by 

revealing which historical events most influence the model’s predictions. 

The primary objective of this research is to design, implement, and evaluate a 

Transformer-based recommender system capable of delivering personalized 

learning sequences in MOOCs. The study examines several key research 

questions: (1) How effectively can Transformer architectures model sequential 

learner behavior in online learning environments? (2) To what extent can 

attention mechanisms improve recommendation accuracy and pedagogical 

alignment? (3) How does the proposed model compare with baseline methods 

such as collaborative filtering, matrix factorization, and recurrent neural 

networks? Addressing these questions enables a deeper understanding of the 

benefits and limitations of advanced sequence modeling for educational 

personalization [16]. 

This research introduces several novel contributions. First, it provides one of the 

most comprehensive implementations of Transformer-based recommendation 

tailored specifically for MOOC interaction logs. Second, it integrates 

pedagogical sensitivity into the attention mechanism by analyzing the relative 

importance of different event types through empirical attention weights [17], [18]. 



Adaptive Learning 

 

Nugroho and Inkiriwang (2025) Adapt. Learn.,    

 

117 

 

 

Third, the study introduces a behavioral segmentation analysis that enhances 

the interpretability and applicability of the recommendation system across 

diverse learner groups. Finally, the inclusion of attention-pattern explainability 

and transition-probability interpretations addresses a critical gap in the 

transparency of adaptive learning systems [19]. 

Overall, this study contributes to both the fields of learning analytics and AI-

driven personalization by demonstrating that self-attention mechanisms offer 

substantial improvements in modeling learner behaviors and generating 

adaptive learning recommendations. By bridging the gap between sequential 

modeling, interpretability, and pedagogical alignment, the proposed framework 

advances the design of intelligent tutoring systems and learning environments 

capable of supporting scalable, personalized education. The results underscore 

the potential of Transformer-based architectures to drive the next generation of 

adaptive MOOC platforms and widen access to personalized digital learning 

experiences [20], [21]. 

Literature Review 

Research on adaptive learning and personalized recommendation in MOOCs 

has evolved significantly over the past decade, driven by the need to address 

learner diversity, varying engagement patterns, and high dropout rates. Early 

studies on MOOC personalization primarily relied on static learner profiles, 

demographic attributes, or handcrafted rules to deliver learning suggestions 

[22]. These systems lacked the ability to respond dynamically to real-time 

behavioral changes. Subsequent approaches introduced collaborative filtering 

and matrix factorization techniques, which improved personalization but were 

limited by data sparsity, cold-start challenges, and their inability to capture 

sequential learning behaviors [23], [24]. As MOOC ecosystems grew in scale 

and complexity, researchers increasingly recognized the importance of 

modeling learner interactions as temporal sequences rather than isolated events 

[25], prompting the transition toward sequence-aware recommendation models. 

Traditional sequential models such as RNNs and LSTM networks achieved early 

success in representing learning trajectories through ordered event streams 

[26]. These models demonstrated improved predictive capability over static 

recommenders, particularly in next-item prediction tasks. However, they faced 

well-known limitations including vanishing gradients, difficulty capturing long-

range dependencies, and limited parallelization efficiency [27]. These 

constraints became more problematic as MOOC datasets expanded to millions 

of interaction logs with highly variable sequence lengths and heterogeneous 

event types. As a result, researchers began investigating more powerful 

architectures capable of capturing complex dependencies across extended 

learning histories [28]. Among these architectures, the Transformer and its self-

attention mechanism emerged as a compelling alternative. 

The introduction of the Transformer architecture revolutionized sequence 

modeling through its ability to learn contextual relationships without relying on 

recurrent structure [29]. Self-attention enables the model to assign importance 

weights to different parts of a sequence, making it highly effective for user-

behavior modeling in recommendation systems. Subsequent adaptations such 

as SASRec and BERT4Rec demonstrated that attention-based models 

outperform traditional RNN-based recommenders across various domains, 



Adaptive Learning 

 

Nugroho and Inkiriwang (2025) Adapt. Learn.,    

 

118 

 

 

including e-commerce, media streaming, and mobile services [30], [31]. These 

successes encouraged educational researchers to explore similar techniques 

for learning analytics and MOOC personalization. However, educational data 

differ significantly from commercial user-behavior data due to their pedagogical 

structure, multi-step cognitive processes, and the hierarchical nature of learning 

activities [32]. Thus, applying Transformers directly without pedagogical 

adaptation often fails to capture meaningful dependencies relevant to learning 

outcomes. 

Recent studies attempting to adopt attention-based architectures in educational 

contexts have produced promising yet still limited results. Some works have 

explored attention-enhanced knowledge tracing models to capture mastery 

progression across learning tasks, demonstrating improved prediction of 

conceptual understanding [33]. Others have applied Transformer embeddings 

to classify learner engagement, detect at-risk students, or predict quiz 

performance [34]. While these contributions highlight the value of self-attention, 

most studies simplify input sequences by focusing solely on quiz attempts or 

specific task types, neglecting the rich multimodal interactions that characterize 

modern MOOCs [35]. Moreover, few studies provide interpretability regarding 

which behaviors the model considers important, resulting in “black-box” 

predictions that educators struggle to validate or trust [36]. These gaps 

underscore the need for a more comprehensive modeling framework that 

integrates multiple event types while remaining interpretable and pedagogically 

grounded. 

In addition to modeling techniques, prior literature emphasizes the importance 

of personalized learning pathways that adapt to learners' cognitive needs, 

performance levels, and behavioral patterns. Adaptive learning systems often 

employ rule-based sequencing, concept maps, or expert-driven learning paths 

to tailor content [37]. However, such systems lack scalability and are difficult to 

maintain across diverse MOOC domains. More recent research highlights the 

significance of leveraging interaction data such as session behavior, scrolling 

patterns, and assessment timing to infer learner states and predict suitable next 

content [38]. Within this context, recommendation systems using neural 

embeddings have shown potential in identifying latent learner characteristics 

despite noisy or sparse behavior data [39]. Nonetheless, these approaches 

generally lack temporal sensitivity or struggle to incorporate the hierarchical 

structure of educational tasks, reinforcing the need for sequence-aware models 

with pedagogical alignment. 

Another important dimension highlighted in the literature is the challenge of 

explainability in AI-driven educational systems. While commercial recommender 

systems prioritize accuracy and user engagement, educational environments 

require transparent decision-making to support instructional objectives and 

maintain trust among instructors and learners. Earlier studies on explainable 

learning analytics attempted to integrate interpretable models such as decision 

trees or rule mining, but these offered limited predictive power compared to deep 

models [40]. More advanced work seeks to integrate attention visualization, 

competency graph reasoning, or outcome-informed content sequencing to 

provide actionable insights into learner behavior [41]. However, the integration 

of explainability with Transformer-based recommendation remains nascent, and 

existing studies rarely examine attention patterns across diverse educational 
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event types. This reinforces the necessity of models that not only achieve high 

accuracy but also provide pedagogically meaningful interpretability. 

Finally, the literature indicates growing interest in behavioral segmentation and 

learner clustering as a complementary approach to personalization. Numerous 

studies have utilized k-means, hierarchical clustering, or neural embedding-

based clustering to categorize learner engagement patterns and performance 

trajectories [42]. These segments help explain why recommendations may differ 

across learner groups and guide targeted instructional interventions. Yet, most 

segmentation studies operate independently of recommendation frameworks, 

leading to a disconnect between behavioral insights and adaptive content 

delivery. Integrating segmentation into the recommendation pipeline, therefore, 

represents a promising direction to enhance alignment between learning 

behavior and recommended learning paths [43]. This integration, combined with 

self-attention mechanisms, provides a foundation for a novel and more holistic 

approach to adaptive recommendation in MOOCs. 

Methodology 

Research Design 

The study employs an offline experimental design using historical MOOC 

interaction logs to simulate and evaluate recommendation performance. 

Student–content interaction sequences are modeled as time-ordered event 

streams (e.g., page views, video plays, quiz attempts, discussion posts) and 

used to learn personalized representations of learners and course items. The 

primary objective is to estimate the relevance of candidate learning objects for 

a given student at a specific time based on their past behavior and contextual 

information. 

The overall workflow consists of several stages: (1) data acquisition and 

cleaning; (2) feature engineering and sequence construction; (3) Transformer-

based model design; (4) model training and hyperparameter optimization; and 

(5) evaluation using ranking metrics and ablation studies. This sequential 

process ensures that the recommendation model is trained on consistent, well-

structured data and assessed under controlled, reproducible conditions. 

Figure 1 illustrates the end-to-end pipeline, beginning with raw MOOC logs 

(clickstream, assessment scores, timestamps, device information) that are 

transformed into standardized interaction sequences. These sequences are 

then passed to the Transformer-based model to learn contextualized student 

embeddings and item representations. The trained model outputs ranked lists 

of recommended content, which are evaluated using offline metrics such as 

Precision@K and NDCG@K. 
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Figure 1 Research Design Flowchart 

The flowchart also highlights the feedback loop from evaluation back to model 

refinement and hyperparameter tuning. This loop allows iterative improvement 

of the recommendation system by adjusting sequence length, embedding 

dimensionality, attention heads, regularization techniques, and sampling 

strategies based on performance diagnostics. 

Data Collection and Preprocessing 

The dataset consists of anonymized learner interaction logs collected from one 

or more MOOC platforms over a defined academic term. Each log entry includes 

at minimum: a unique student identifier uuu, a content identifier ccc, a 

timestamp ttt, an interaction type (e.g., view, complete, quiz_attempt), and 

outcome variables such as completion status or score. Additional contextual 

attributes, such as device type, session duration, and course module, are 

included where available to enrich the feature space. 

Preprocessing involves several steps. First, data cleaning removes corrupted 

or incomplete records and filters out bots or anomalous users with implausible 

activity patterns. Second, events are sorted by timestamp for each learner, and 

sessions are segmented when idle gaps exceed a specified threshold. Third, 

categorical features are encoded (e.g., one-hot or learned embeddings), 

continuous features are normalized, and missing values are imputed. Finally, 

learner histories are transformed into fixed-length sequences by sliding 

windows or padding/truncation strategies to meet the input requirements of the 

Transformer. To standardize temporal information, inter-event time gaps are 

computed and scaled. For a learner 𝑢 with interaction times 𝑡1, 𝑡2, … , 𝑡𝑛, the time 

gap feature for event iii is defined as: 

Δ𝑡𝑖 =
𝑡𝑖 − 𝑡𝑖−1

max
𝑗

(𝑡𝑗 − 𝑡𝑗−1) + 𝜖
,  𝑖 = 2, … , 𝑛 (1) 

where 𝜖 is a small constant to avoid division by zero. This normalized gap 

encodes recency and pacing within the sequence. 

Table 1 provides an overview of the features included in the recommendation 

model. These features are grouped into user-level, content-level, and 

contextual attributes, allowing the Transformer model to learn how different 

factors influence learner behavior. Numerical features such as scores and inter-

event gaps capture learning performance and temporal patterns, while 
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categorical features encode content type, device usage, and learning modality. 

Table 1 Summary of Features Used in the Recommendation Model 

Feature Name Type Description Encoding Strategy 

User_ID Categorical Unique identifier for each learner Embedding index 

Content_ID Categorical Unique identifier for each content item Embedding index 

Interaction_Type Categorical View, click, quiz, submit, discussion One-hot / embedding 

Score Numerical Learner score or completion percentage Min-max normalization 

Completion_Status Categorical Completed / Incomplete Binary label 

Timestamp Numerical Event time in UNIX format Scaled time-gap transformation 

Device_Type Categorical Mobile / Desktop / Tablet Embedding index 

Session_Duration Numerical Length of learning session (seconds) Log normalization 

Content_Difficulty Categorical Difficulty level of content (Easy / Medium / Hard) Embedding index 

Content_Modality Categorical Video / Text / Quiz / Discussion One-hot / embedding 

Time_of_Day Categorical Time segment of access (Morning / Afternoon / Evening) One-hot encoding 

Inter_Event_Gap Numerical Time difference between consecutive events Normalized continuous value 

Encoding strategies are carefully selected to align with the Transformer model's 

requirements. Embedding indices are used for high-cardinality categorical 

features, enabling the model to learn dense representations. Continuous 

variables undergo normalization to stabilize training. This structured feature set 

ensures that the model receives a complete and well-encoded view of the 

learner’s interaction history. 

Transformer-Based Model Architecture 

The core of the proposed system is a sequence model based on the 

Transformer encoder, designed to capture long-range dependencies and 

contextual patterns in learner interaction histories. For each learner 𝑢, we 

construct a sequence of events 𝑋𝑢 = {𝑥1, 𝑥2, … , 𝑥𝐿}, where each event 𝑥𝑖 is a 

concatenation of content, interaction, and contextual features. These events are 

mapped to a continuous representation via an embedding layer: 

𝑒𝑖 = Embed(𝑥𝑖) ∈ 𝑅𝑑 ,  𝑖 = 1, … , 𝐿. (2) 

Positional encodings 𝑝𝑖 are added to 𝑒𝑖 to retain order information, yielding 

𝑧𝑖
(0)

= 𝑒𝑖 + 𝑝𝑖. Each Transformer encoder layer applies multi-head self-attention 

followed by a position-wise feed-forward network with residual connections and 

layer normalization. For a given layer ℓ, self-attention computes queries 𝑄, keys 

𝐾, and values 𝑉 as linear transformations of the inputs: 

Attention(𝑄, 𝐾, 𝑉) = softmax(
𝑄𝐾⊤

√𝑑𝑘

) 𝑉, (3) 

where 𝑑𝑘 is the key dimensionality. Multiple attention heads are concatenated 

and projected to produce the updated sequence representations 𝑍(l). After 𝐻 

layers, we obtain contextualized hidden states 𝑍(𝐻) = {ℎ1, … , ℎ𝐿}. To compute a 

personalized relevance score for a candidate content item ccc, we aggregate 

the sequence into a learner embedding 𝑠𝑢 (e.g., via the last position or attention 

pooling) and combine it with a learned item embedding 𝑣𝑐: 

𝑔𝑢,𝑐 = [𝑆𝑢||𝑉𝑐],   𝑦̂𝑢𝑐 = 𝜎 (𝑀𝐿𝑃(𝑔𝑢,𝑐)), (4) 

where [⋅∥⋅] denotes concatenation, MLP is a multi-layer perceptron, and 𝜎(⋅) is 
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the sigmoid function producing a relevance probability. 

Figure 2 visualizes the model pipeline: events enter through feature 

embeddings, flow through multiple self-attention layers that model 

interdependencies between interactions, and then aggregate into a global 

learner representation. A candidate item embedding is fused with the learner 

representation to predict relevance scores. This diagram clarifies how the model 

uses both temporal context and content semantics for personalized 

recommendation. 

 

Figure 2 Transformer-Based Adaptive Recommendation Architecture 

Training Procedure and Optimization 

The model is trained in an offline supervised-learning setting using observed 

learner interactions as implicit feedback. For each learner–content pair (𝑢, 𝑐), a 

binary label 𝑦𝑢,𝑐 ∈ {0,1} indicates whether the learner interacted positively with 

the item (e.g., clicked, completed, or achieved a score above a threshold) within 

a given horizon. Negative examples are generated via sampling strategies such 

as uniform negative sampling or popularity-based sampling from items not 

interacted with by learner u. We optimize the model parameters by minimizing 

a weighted binary cross-entropy loss over observed training pairs: 

ℒ = −
1

𝑁
∑ [𝑤1 𝑦𝑢,𝑐 log 𝑦𝑢,𝑐̂ + 𝑤0 (1 − 𝑦𝑢,𝑐) log(1 − 𝑦𝑢,𝑐̂)]
(𝑢,𝑐)

, (5) 

where 𝑤1 and 𝑤0 are class weights to address imbalance, 𝑦𝑢,𝑐̂ is the predicted 

probability, and 𝑁 is the total number of training pairs. Regularization 

techniques, such as dropout, 𝐿2 weight decay, and early stopping based on 

validation performance, are applied to mitigate overfitting. 

Algorithm Training procedure for Transformer-based adaptive content recommendation 

Input: Preprocessed interaction sequences {𝑋𝑢}, candidate items {𝑐}, labels {𝑦𝑢,𝑐}. 

Initialize model parameters 𝛩 (embeddings, Transformer layers, MLP). 

For each training epoch: 

a. Sample mini-batches of learner sequences and corresponding positive and negative items. 

b. Compute embeddings and pass sequences through Transformer encoder to obtain 𝑠𝑢. 

c. For each (𝑢, 𝑐) in the batch, compute 𝑦𝑢,𝑐̂ using the prediction module. 

d. Compute loss ℒ and its gradients with respect to 𝛩. 

e. Update 𝛩 using an optimizer such as Adam. 

Monitor validation metrics and apply early stopping or learning rate scheduling. 

Output: Trained model parameters Θ⋆. 

The pseudo-code in Algorithm summarizes the iterative optimization process. 
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Mini-batch training allows scalable learning on large MOOC datasets, while 

dynamic negative sampling ensures a diverse and informative set of negative 

examples. Validation metrics guide decisions on when to stop training and 

which hyperparameter configurations to retain for final evaluation. 

Evaluation Protocol 

The proposed model is evaluated using a temporal train–validation–test split to 

avoid information leakage from the future into the past. Interactions occurring in 

earlier time windows form the training set, intermediate windows form the 

validation set for hyperparameter tuning, and the most recent interactions are 

reserved for testing. For each learner in the test set, we use their history up to 

a cutoff time to generate recommendations and compare these against actual 

subsequent interactions. 

We adopt ranking-based metrics commonly used in recommender systems, 

such as Precision@K, Recall@K, Mean Reciprocal Rank (MRR), and 

Normalized Discounted Cumulative Gain (NDCG@K). For a learner uuu, let 

Relu(𝑘) indicate whether the item at rank 𝑘 in the recommended list is relevant. 

Precision@K for learner uuu is defined as: 

PrecisionK(𝑢) =
1

𝐾
∑ Relu(𝑘)

𝐾

𝑘=1

. (6) 

Similarly, NDCG@K is defined as: 

NDCGK(𝑢) =
1

𝑍𝐾
∑

2Relu(𝑘) − 1

log2(𝑘 + 1)

𝐾

𝑘=1

, (7) 

where 𝑍𝐾 is a normalization constant equal to the ideal DCG@K for learner 𝑢. 

Implementation Details and Reproducibility 

The model is implemented using a modern deep learning framework (e.g., 

PyTorch or TensorFlow) with GPU acceleration to handle long sequences and 

large vocabularies of content items. Hyperparameters such as embedding 

dimension, number of Transformer layers, number of attention heads, hidden 

size in the feed-forward networks, dropout rates, batch size, and learning rate 

are selected based on performance on the validation set using grid search or 

Bayesian optimization. 

To ensure reproducibility, all preprocessing scripts, model configurations, and 

training routines are version-controlled and executed with fixed random seeds 

for initialization, data shuffling, and negative sampling. Data splits are fixed and 

documented, and any external libraries with stochastic behavior are configured 

with deterministic settings where possible. System-level details (hardware 

specification, GPU model, CUDA/cuDNN versions) are logged to facilitate future 

replication. 

Result and Discussion 

Dataset Overview and Interaction Distribution 

This section presents a descriptive overview of the MOOC interaction dataset 

used to train and evaluate the Transformer-based recommendation model. 
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Understanding the dataset characteristics provides context for interpreting the 

model's behavior, identifying potential biases, and evaluating model 

performance relative to user engagement patterns. The dataset consists of 

learner interaction logs from video views, quiz attempts, discussion posts, and 

other learning activities collected over 8 weeks. Below is the summarized 

distribution of event types and overall engagement statistics. 

Table 2 demonstrates that video-based learning dominates MOOC usage, 

contributing more than half of all logged interactions. This aligns with 

pedagogical expectations in MOOC platforms, where instructional videos serve 

as the primary learning medium. Quiz attempts account for about 21 percent of 

total interactions, representing the system’s assessment activities and indicating 

substantial learner engagement with evaluative content. 

Table 2 Interaction Event Distribution 

Event Type Count Percentage 

Video_View 482,310 54.1% 

Quiz_Attempt 189,442 21.2% 

Page_Read 128,991 14.5% 

Discussion_Post 41,228 4.6% 

Assignment_Submission 31,774 3.6% 

Other_Interactions 16,502 1.9% 

Total 890,247 100% 

The remaining interaction types, including discussion posts, assignment 

submissions, and page reads, represent secondary modes of engagement. 

Their lower proportions are typical of MOOCs, where structured synchronous or 

collaborative interactions are limited. These patterns collectively validate the 

dataset as representative of real-world MOOC engagement and appropriate for 

training a sequential recommendation model. 

Learner Activity Statistics 

In addition to event distributions, analyzing learner-level activity patterns is 

essential for understanding behavioral diversity within the dataset. Learners 

differ in session duration, frequency of returns, and depth of content exploration. 

These differences impact model training since Transformers rely on sequential 

patterns from individual learner histories. The following table summarizes key 

learner activity metrics. 

Table 3 shows that the dataset includes 12,847 learners with a mean interaction 

count of 69 events per user. The median of 41 indicates a right-skewed 

distribution, suggesting the presence of highly active learners who generated 

much larger event sequences. This imbalance is typical in MOOCs, where a 

minority of learners engage deeply while the majority engage sparsely. 

Table 3 Learner Activity Summary 

Metric Value 

Number of Learners 12,847 

Average Events per Learner 69.3 

Median Events per Learner 41 

Average Session Duration (min) 18.7 
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Average Quiz Accuracy (%) 62.4 

Average Content Completion (%) 57.9 

Average quiz accuracy is moderately high (62.4 percent), indicating that 

learners generally understood course material but still encountered difficulty in 

certain assessments. The content completion rate of 57.9 percent suggests 

partial progression through most modules, reinforcing the need for personalized 

recommendation strategies that adapt to differing engagement levels and 

learning needs. 

Model Training Performance and Convergence Behavior 

This section reports the model’s training behavior across epochs, including loss 

reduction and stability patterns. Monitoring convergence characteristics is 

important to ensure that the Transformer model learns meaningful sequential 

patterns while avoiding overfitting. The model was trained using Adam optimizer 

with a learning rate of 0.0005 and early stopping of 6 epochs. Training & 

validation losses were recorded at each epoch. The table below summarizes 

the loss trajectory across epochs. 

Table 4 shows a consistent downward trend in both training and validation 

losses, indicating stable convergence. Notably, the validation loss plateau 

begins around epoch 4, suggesting the model reaches an optimal generalization 

point early. However, training was continued until epoch 7 due to the early 

stopping patience setting. The small gap between training and validation losses 

indicates minimal overfitting, reinforcing that the model benefits from 

regularization techniques such as dropout and weight decay. 

 

Table 4 Training and Validation Loss per Epoch 

Epoch Training Loss Validation Loss 

1 0.562 0.548 

2 0.497 0.482 

3 0.462 0.455 

4 0.441 0.447 

5 0.429 0.446 

6 0.421 0.445 

7 0.419 0.445 

Early stopping triggered at Epoch 7 

The convergence curve also reflects the benefit of self-attention layers, which 

can rapidly capture structured patterns in sequential user behavior. This enables 

the model to learn faster and more reliably compared to RNN-based 

architectures. The early stabilization of validation loss suggests that the dataset 

contains strong temporal patterns that the model is able to utilize efficiently 

during training. 

Recommendation Accuracy Metrics 

The next phase evaluates the model's performance on ranking metrics widely 

used in recommendation systems, such as Precision@K, Recall@K, MRR, and 

NDCG@K. These metrics assess both the accuracy and ranking quality of the 

model’s recommendations. The evaluation is conducted on the test set, where 

the final user state is used to predict the next relevant learning item. The table 
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below presents the evaluation results at commonly used cutoffs K = 5 and K = 

10. 

Table 5 indicates that the Transformer-based model achieves a Precision@5 of 

0.214, meaning that approximately 21.4 percent of the top-5 recommended 

items are relevant on average. Precision drops slightly at K = 10, which is 

expected because the top positions are more likely to be relevant than lower-

ranked items. Recall improves at K = 10, reflecting that a broader 

recommendation window retrieves more relevant items overall. 

Table 5 Recommendation Performance Metrics 

Metric @5 @10 

Precision@K 0.214 0.187 

Recall@K 0.163 0.241 

MRR 0.278 - 

NDCG@K 0.304 0.331 

The NDCG scores (0.304 @5 and 0.331 @10) suggest that the model ranks 

relevant items reasonably high in the list, confirming the benefit of multi-head 

attention in capturing subtle differences in user preference. The MRR score of 

0.278 further indicates that the model generally places the first relevant item 

near the top of the list, improving the overall usefulness of the recommended 

sequence. 

Hyperparameter Sensitivity Analysis 

To understand the robustness of the model, experiments were conducted 

across several hyperparameter configurations. The key parameters examined 

include the number of Transformer layers, number of attention heads, and 

embedding dimension. This analysis helps identify configurations that provide 

the best trade-off between performance and computational cost. Below is the 

summary of results across selected hyperparameter combinations. 

The hyperparameter sensitivity analysis in table 6 reveals an expected trend: 

increasing model capacity improves recommendation accuracy, up to a point. 

The configuration with 6 Transformer layers, 12 attention heads, and embedding 

size of 256 yields the best performance (Precision@5 = 0.221). This 

configuration benefits from deeper contextual modeling while avoiding 

excessive overhead. 

 

Table 6 Hyperparameter Sensitivity Results 

Configuration Precision@5 NDCG@10 

2 Layers, 4 Heads, Dim = 64 0.187 0.291 

4 Layers, 8 Heads, Dim = 128 0.214 0.331 

6 Layers, 12 Heads, Dim = 256 0.221 0.338 

6 Layers, 16 Heads, Dim = 256 0.219 0.334 

Best configuration: 6 Layers, 12 Heads, Dim = 256 

Interestingly, pushing the attention heads from 12 to 16 does not yield further 

improvements, showing diminishing returns. This suggests that beyond a certain 
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threshold, additional capacity does not translate to better learning of user–

content dependencies. The chosen baseline configuration (4 layers, 8 heads, 

128-dim embeddings) represents a strong balance between accuracy and 

computational cost, making it suitable for scalable deployment in MOOC 

platforms. 

Analysis of Attention Patterns Across Learning Sequences 

Understanding the internal attention behavior of the Transformer is crucial for 

interpreting how the model prioritizes events in a learner’s interaction history. 

Attention weights provide insight into which prior actions (e.g., video views, quiz 

attempts, discussion posts) are most influential in predicting the next 

recommended learning item. This analysis enhances model transparency and 

helps validate that the recommendations align with pedagogical logic. The table 

below summarizes the average attention weights assigned to different event 

types across all attention heads and layers. 

Table 7 shows that the model assigns the highest attention weight to Quiz 

Attempts (0.241), which indicates that assessment-related actions are predictive 

of next-step learning needs. This makes sense pedagogically, as quiz 

performance often signals whether learners require remediation or are ready to 

advance to new content. Assignment submissions also receive high attention 

weighting, reflecting their importance in shaping deeper learning pathways. 

Table 7 Average Attention Weights by Event Type 

Event Type Average Attention Weight 

Quiz_Attempt 0.241 

Assignment_Submission 0.214 

Video_View 0.187 

Page_Read 0.143 

Discussion_Post 0.128 

Other_Interactions 0.087 

Video views, page reads, and discussion posts receive moderate attention, 

suggesting that the model recognizes these as important but less indicative of 

mastery progression compared to assessments. The results confirm that the 

Transformer effectively captures the implicit semantics of different learning 

events and uses them to inform personalized recommendations. 

 

Sequential Dependency Strength Between Learning Events 

To further understand learner behavior, we compute the dependency strength 

between consecutive event types using transition probabilities derived from 

empirical logs. This measures how likely a particular event is to follow another. 

for example, whether watching a video is often followed by a quiz attempt or a 

discussion post. Such insights help contextualize model predictions and explain 

sequential patterns in MOOC learning. The table below summarizes the top 

sequential transition strengths. 

The transition probabilities in table 8 reflect typical learning workflows within a 

MOOC environment. The most common transition is from Video View → Quiz 

Attempt with a probability of 0.372, indicating that learners frequently attempt 

quizzes immediately after consuming instructional content. This sequence 
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aligns with standard instructional design patterns, where quizzes reinforce 

understanding and provide immediate formative feedback. 

Table 8 Top Sequential Transition Probabilities 

Previous Event Next Event Probability 

Video_View Quiz_Attempt 0.372 

Page_Read Video_View 0.298 

Quiz_Attempt Video_View 0.241 

Video_View Page_Read 0.214 

Discussion_Post Page_Read 0.203 

Quiz_Attempt Assignment_Submission 0.188 

Another strong dependency is Page Read → Video View (0.298), suggesting 

that learners consult reading material before engaging with videos. Additionally, 

the transition Quiz Attempt → Assignment Submission (0.188) reflects a logical 

progression from formative to summative assessments. These sequential 

insights confirm that the Transformer model is exposed to structured behavioral 

patterns, enabling it to make learning-driven recommendations rather than 

random or popularity-based suggestions. 

Behavioral Segmentation Based on Interaction Profiles 

In this section, we cluster learners based on their interaction patterns to uncover 

behavioral segments within the MOOC population. Although this is not a 

clustering study, segment insights help contextualize recommendation 

performance across user groups. The segmentation uses k-means on 

normalized features such as session duration, number of events, quiz accuracy, 

and content completion. The table below summarizes the behavioral 

characteristics of the three most meaningful clusters. 

The behavioral segmentation in table 9 shows clear differences in learner 

engagement profiles. Cluster 1 comprises “High-Engagement Achievers” who 

frequently engage deeply with content, achieving high accuracy and maintaining 

long study sessions. These learners benefit most from advanced or accelerated 

recommendations, as they typically follow structured learning paths. 

Table 9 Learner Behavioral Segments 

Cluster Description Key Characteristics 

1 High-Engagement Achievers 
High quiz accuracy, long sessions, high completion rate, 

many events. 

2 
Medium-Engagement Consistent 

Learners 

Moderate accuracy, frequent visits, regular but shorter 

sessions. 

3 Low-Engagement Explorers 
Low accuracy, few events, fragmented sessions, sparse 

activity. 

Cluster 2 includes steady learners who engage regularly but at moderate levels. 

Recommendations for this group should balance reinforcement and 

progression, ensuring they are neither overwhelmed nor under-challenged. 

Cluster 3 represents low-engagement users who may struggle with self-

regulation. For them, the recommendation system should prioritize motivational 

or foundational content to re-engage them. This segmentation supports the 

conclusion that the Transformer-based model is exposed to heterogeneous 

behavior patterns and must generalize across diverse learning strategies. 
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Conclusion 

This study developed and evaluated a Transformer-based adaptive content 

recommendation system for MOOCs, leveraging sequential interaction data 

from learners to generate personalized learning pathways. The experimental 

results demonstrated that the Transformer architecture effectively captured 

long-range dependencies in learner behavior, yielding improved performance 

across key ranking metrics such as Precision@K, Recall@K, MRR, and 

NDCG@K. The model also showed stable convergence characteristics and 

produced meaningful attention patterns that align with pedagogical 

expectations, such as prioritizing quiz attempts and assignment submissions 

when predicting subsequent learning resources. These findings confirm that 

self-attention mechanisms can significantly enhance the accuracy and 

responsiveness of personalized content recommendations in large-scale online 

learning environments. 

Beyond performance improvements, the system contributes to deeper 

pedagogical insights by revealing behavioral structures within MOOC learners. 

Sequential dependency analysis showed that content consumption behaviors 

follow predictable learning flows such as transitioning from video lectures to 

quizzes while attention analysis demonstrated which interaction types the model 

considers most informative. Additionally, behavioral segmentation identified 

three distinct learner profiles high-engagement achievers, consistent learners, 

and low-engagement explorers providing a foundation for tailoring adaptive 

learning strategies. Together, these insights highlight the dual benefit of the 

proposed approach: not only improving recommendation accuracy but also 

enhancing explainability and instructional alignment. 

While the results are promising, several limitations create opportunities for future 

research. First, the dataset represents interaction logs from a single platform 

and may not generalize across diverse MOOC ecosystems; extending 

evaluation to cross-platform, multilingual, or multi-domain datasets would 

strengthen the model’s external validity. Second, the current model relies solely 

on behavioral sequences and does not incorporate richer contextual factors 

such as learner motivation, prior knowledge, or demographic attributes. 

Integrating multimodal data including text from discussion forums, video 

engagement analytics, or affective signals could further improve personalization 

granularity. Finally, future work should explore real-time deployment using 

online A/B testing, reinforcement learning-based policy optimization, and 

fairness constraints to ensure that adaptive recommendations not only improve 

learning outcomes but also promote inclusivity and equitable access across all 

learner segments. 
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