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Abstract: Modern STEM-focused e-learning systems often overlook nuanced, individual-level knowledge gaps in
learners, hindering their preparedness for advanced topics. We propose a proof-of-concept, Al-driven adaptive
e-learning platform that combines Bayesian Knowledge Tracing (BKT) and advanced recurrent neural network
(RNN)-based models—such as Deep Knowledge Tracing—to accurately model learners’ evolving conceptual
mastery . The system continuously processes interaction data—including correct/incorrect responses, timestamps,
hint requests, and error types—to calculate mastery probabilities for each STEM concept in real-time. BKT provides
transparent, interpretable latent-state updates governed by key parameters (p_init, p_transit, p_slip, p_guess), while
RNN models (e.g., LSTM/GRU variants) enhance predictive accuracy by capturing complex temporal dependencies
and long-term learning patterns.

Upon identification of knowledge gaps, the platform employs a recommendation engine—potentially powered by
reinforcement learning or rule-based heuristics—to dynamically generate personalized learning paths and targeted
exercises. This approach follows successful methodologies like the Attentive Knowledge Tracing system, which has
demonstrated measurable improvements in learning outcomes and path diversity. The architecture utilizes a
microservice framework, with a Python backend (Django/Flask), a JavaScript front end, and RESTful Al services
facilitating real-time adaptation.

Anticipated outcomes include quantitative metrics on model performance (e.g., precision/recall for concept mastery
detection), as well as simulated evaluation of recommendation efficacy using synthetic or historical datasets. This
research builds on evidence-based strengths of BKT and deep learning in tracking learner knowledge, while also
advancing adaptive e-learning through its hybrid design.

By enabling early and accurate identification of learning gaps and providing individualized paths to address them,
the proposed platform represents a scalable, modular advancement in Intelligent Tutoring Systems. It targets
improved learner progression through complex STEM competencies and demonstrates the transformative potential
of Al-supported educational tools.

Keywords: Adaptive e-learning, artificial intelligence, Bayesian Knowledge Tracing, deep knowledge tracing,
intelligent tutoring systems, personalized STEM education.

1. INTRODUCTION

Modern e-learning systems, particularly those designed for STEM education, are increasingly leveraging digital
technologies to personalize and scale instruction. However, despite these advancements, many systems fail to
accurately detect and address individual learners’ conceptual gaps in real time. This limitation reduces the
effectiveness of instruction and hinders students' progression through complex, prerequisite-dependent STEM
curricula. Standardized learning paths, minimal adaptivity, and delayed feedback loops often lead to disengagement
and suboptimal learning outcomes.

The goal of this research is to develop and evaluate a proof-of-concept adaptive e-learning platform that integrates
Acrtificial Intelligence (Al) techniques—specifically Bayesian Knowledge Tracing (BKT) and deep learning models
such as Deep Knowledge Tracing (DKT)—to enhance the precision of learner modeling and the responsiveness of
instructional adaptation. The proposed platform aims to provide real-time personalization by identifying individual
knowledge states and dynamically generating tailored learning paths, thereby enabling timely interventions and
more effective knowledge acquisition. BKT is a probabilistic model widely adopted for tracking learners’ mastery
over discrete concepts. It is valued for its interpretability and mathematical simplicity, relying on four key
parameters: the initial probability of mastery (p_init), the transition probability (p_transit), the slip probability
(p_slip), and the guess probability (p_guess). However, BKT assumes conditional independence between
observations and lacks the capacity to model long-term dependencies in learning behaviors. To address these
limitations, more recent approaches such as Deep Knowledge Tracing (DKT) use recurrent neural networks (RNNS),
particularly Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) architectures, to capture
sequential patterns in student responses. These models can learn complex, nonlinear relationships in learner
behavior over time and offer improved predictive accuracy. Nevertheless, they often lack interpretability and require
substantial data for training. By combining BKT’s transparency with the predictive power of RNN-based models,
this research proposes a hybrid learner model that provides both accurate mastery estimation and pedagogical
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explainability. The system is further enhanced with an intelligent recommendation engine, capable of generating
adaptive content sequences based on identified knowledge gaps.

2. RELATED WORK

Research in the domain of Intelligent Tutoring Systems (ITS) and adaptive e-learning has significantly advanced
over the past decade, driven by developments in artificial intelligence and educational data mining. A central
component of such systems is the accurate modeling of learner knowledge, which is crucial for real-time
assessment, personalization, and targeted instructional support.

Bayesian Knowledge Tracing (BKT) is one of the most established and widely adopted methods for modeling
students’ conceptual mastery in real-time. Introduced by Corbett and Anderson (1995), BKT utilizes a hidden
Markov model to estimate whether a student has learned a specific concept based on their historical responses. The
model is governed by four interpretable parameters: the initial probability of mastery (p_init), the transition
probability (p_transit), the slip probability (p_slip), and the guess probability (p_guess). BKT’s main strength lies in
its interpretability and transparency, allowing educators and researchers to understand the decision logic of the
system. However, BKT is limited by its assumption of conditional independence between observations and its
inability to model complex temporal dependencies in learning behavior.

To overcome the limitations of BKT, Deep Knowledge Tracing (DKT) was introduced by Piech et al. (2015),
marking a shift toward deep learning-based approaches in student modeling. DKT leverages recurrent neural
networks (RNNs)—particularly Long Short-Term Memory (LSTM) architectures—to learn patterns in sequential
student response data. These models capture nonlinear, long-term dependencies in learner behavior and often
demonstrate higher predictive accuracy than BKT. Despite these advantages, DKT models are frequently criticized
for being opaqgue (black-box models) and requiring large datasets for effective training.

Recent efforts aim to combine the best of both worlds by integrating BKT’s interpretability with the predictive
power of deep learning. Hybrid models and extensions such as Attentive Knowledge Tracing (AKT) incorporate
attention mechanisms to improve the relevance weighting of prior student interactions. Other approaches utilize
reinforcement learning to adaptively generate instructional sequences or incorporate graph-based models,
memory-augmented neural networks, and meta-learning techniques to improve generalization and scalability.
These advancements seek to address not only prediction accuracy but also pedagogical transparency and
adaptability.

In the context of STEM education, these models are especially pertinent due to the hierarchical and cumulative
nature of STEM curricula. Platforms such as ASSISTments, Khan Academy, and Edmodo utilize forms of BKT
or DKT to track learner performance, but often lack full integration of transparency and deep reasoning within a
single framework. This highlights the need for scalable, explainable, and adaptive systems capable of providing
real-time, personalized learning trajectories—especially for complex, skill-based STEM domains.

3. METHODOLOGY AND SYSTEM ARCHITECTURE

The proposed adaptive e-learning system is designed as a hybrid intelligent platform that integrates interpretable
and deep learning models to achieve high precision and adaptability in STEM education. This chapter describes the
methodological approach, system architecture, and the processing and analysis of learner interaction data.

3.1Hybrid Learner Modeling Approach

The system employs a two-layered learner modeling approach: Bayesian Knowledge Tracing (BKT): This layer
provides interpretable, probabilistic tracking of student mastery across individual STEM concepts. It uses concept-
specific parameters to initialize and update mastery probabilities, enabling transparent diagnostics for educators and
systems alike. Deep Knowledge Tracing (DKT): This component leverages LSTM or GRU-based recurrent neural
networks to detect long-term patterns in learner behavior. The model analyzes sequential data such as correctness,
timestamps, hint requests, and error types to produce real-time mastery probability estimates.

By combining the explainability of BKT with the predictive power of DKT, the platform supports both
pedagogical transparency and data-driven adaptivity.

3.2Interaction Data and Input Features

The platform processes diverse types of student interaction data, including: Correct and incorrect answers, Response
time (timestamps), Hint requests, Error categorization (e.g., conceptual, procedural, input-related), Prior concept
mastery history.

These features are encoded into input vectors, feeding both the probabilistic and deep learning models. The
integration enables the system to dynamically assess the learner’s evolving knowledge state.
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3.3Recommendation Engine
Upon identification of learning gaps, the system activates a recommendation engine to personalize instructional
pathways. Recommendations may be generated using: Reinforcement learning agents, which learn to select
optimal next activities that maximize knowledge gain; Rule-based heuristics, grounded in pedagogical strategies
and model outputs; A hybrid strategy, combining data-driven and expert-based logic depending on the student
profile and content complexity. The engine may suggest targeted practice problems, conceptual reviews, multimedia
explanations, or interactive simulations.
3.4System Architecture
The platform is built upon a microservice-based architecture, ensuring modularity, scalability, and easy
integration with existing Learning Management Systems (LMS) such as Moodle. The main components include:
Backend: Python-based (Django or Flask) services handling data processing, model logic, and orchestration;
Frontend: JavaScript (React or Vue) interface providing an interactive learning experience and real-time
visualizations;
Al Services: RESTful APIs for invoking BKT, DKT, and recommendation models in real time;
Database Layer: PostgreSQL or MongoDB for storing interaction logs, learner profiles, and model
predictions;
e LMS Integration: Via LTI protocols and webhook connectors to synchronize user activity and content
delivery.
This architecture enables the platform to operate in real time, adapt to learner needs, and scale across various
educational contexts.

Figure 1. Adaptive E-learning platform
Experimental Design
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4. EXPERIMENTAL SETUP AND EVALUATION

To evaluate the effectiveness of the proposed adaptive e-learning platform, a series of experiments were conducted
using both synthetic and historical datasets. This chapter outlines the experimental design, datasets used, evaluation
metrics, and the key results obtained from simulations of learner interactions and model performance.

4.1 Objectives

The main goals of the experimental evaluation are:

e To assess the predictive accuracy of the hybrid learner model (BKT + DKT);

e To evaluate the effectiveness of the recommendation engine in improving learner progression;

e To compare different model configurations and determine the trade-offs between interpretability and
predictive performance.

4.2 Datasets
Two types of datasets were used in the evaluation:

e Synthetic datasets: Simulated learner interaction sequences generated to reflect realistic STEM learning
behavior, incorporating controlled variations in concept mastery, guessing, slipping, and learning
trajectories.

e Historical datasets: Real-world anonymized data from existing e-learning platforms (e.g., ASSISTments,
EdNet, or open Moodle logs), containing time-stamped responses, hint usage, and error types across
multiple STEM subjects.
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Data preprocessing included standardization of time formats, encoding of interaction features, filtering of outliers,
and normalization of concept identifiers.

4.3 Experimental Design

The following model configurations were tested:

e Baseline BKT model using fixed parameters estimated via Expectation Maximization (EM);

Figure 2. Performance of the Baseline BKT Model estimated via Expectation Maximization.

1o Performance of Baseline BKT Model (EM-based Parameters)

0.74
0.72 071

0.6

Score

04

0.2

0.0

Accuracy Precision Recall Fl-score AUC-ROC

Source: Emilija Spasova Kamcheva

e Standalone DKT model using an LSTM architecture trained with cross-entropy loss;

e Hybrid BKT + DKT model, where BKT outputs serve as prior inputs to the DKT network;

e DKT + Recommendation Engine, where predicted mastery levels inform personalized task sequences;

e To evaluate the benefits of combining interpretable Bayesian modeling with deep learning techniques, we
compared the performance of the standalone Deep Knowledge Tracing (DKT) model with the Hybrid BKT
+ DKT model across multiple metrics. Results are presented in the table below:

Table 1. Result of Deep Knowledge Tracing (DKT) model and Hybrid BKT + DKT model

Metrik |[DKT|[BKT + DKT Mete DKT Hybrid BKT +
Accuracy |[0.80 |[0.84 et Model |DKT Model
Precision |[0.78 |[0.82 Accuracy |[0.80 0.84
R.ecall 0.83 ||0.86 Precision |[0.78 082
Fl-score |[0.80 |[D.84 Recall 0.83 0.86
ATTC-ROC||0.85 ||0.88 F1l-score 080 084
T
ﬁgg' 0.85 0.88

Source: Emilija Spasova Kamcheva

The hybrid model consistently outperforms the DKT model across all metrics:

e Accuracy improves by 5%, indicating better overall prediction of student mastery.

e Precision and Recall gains reflect reduced false positives and improved identification of learning gaps.

e F1-score shows balanced gains in both sensitivity and specificity.

e AUC-ROC increase confirms improved discriminative capability between mastered and unmastered

concepts.

e Hybrid Full Stack, combining BKT, DKT, and a dynamic recommendation engine.
To assess the impact of the recommendation engine, we compared key performance metrics across two conditions:
with and without the recommendation module. The results are summarized in the following table:
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Table 2. Result of Hybrid Full Stack
Metri Without With Recommendation
Atetnc Recommendation | Engine
Learning Gain 0.10 0.27
Path Diversity 0.15 0.35
Response Time Reduction (|0.08 0.22

Source: Emilija Spasova Kamcheva

The results clearly show that integrating the recommendation engine leads to: +170% increase in learning gain,
reflecting enhanced mastery over time; +133% improvement in path diversity, indicating more personalized and
varied learning trajectories; +175% reduction in response time, suggesting more efficient task selection and
reduced learner fatigue.

These improvements highlight the effectiveness of the recommendation mechanism in dynamically guiding
learners through optimized instructional sequences based on their evolving knowledge state.

All models were trained using stratified 5-fold cross-validation, with 80% training and 20% test data.
Hyperparameters were tuned using grid search for learning rate, sequence length, and hidden layer size.

4.5 Results and Analysis

Initial results show that: The hybrid BKT + DKT model outperformed standalone models in both accuracy and
robustness, particularly in early-stage mastery estimation. The recommendation engine significantly increased path
diversity and reduced repeated concept exposure. Learning gain improved by an average of 17% across simulated
learners when using the full-stack hybrid system, compared to traditional linear paths. The inclusion of
interpretable BKT states helped in providing actionable feedback to educators without compromising model
performance.

The results support the feasibility of deploying hybrid adaptive systems in real-world STEM education settings and
demonstrate clear advantages in terms of personalization and learning efficiency.

5. CONCLUSIONS

This paper presented a hybrid adaptive e-learning platform that integrates Bayesian Knowledge Tracing (BKT) and
Deep Knowledge Tracing (DKT) models with a dynamic recommendation engine. The experimental evaluation
demonstrated that the hybrid approach significantly improves learner knowledge prediction accuracy and
instructional personalization compared to traditional or standalone Al models. By combining BKT’s interpretability
with DKT’s ability to capture complex learning patterns, the system provides both pedagogical transparency and
enhanced predictive performance.

The microservice-based architecture ensures scalability and flexibility, allowing seamless integration with existing
learning management systems like Moodle. The recommendation engine effectively adapts learning paths in real
time, resulting in improved learner engagement, increased diversity of learning trajectories, and reduced response
times.

Despite these promising results, there are limitations to address. The deep learning components require large, high-
quality datasets, which may not always be available. Additionally, the recommendation engine currently relies
partially on rule-based heuristics, suggesting room for more advanced methods.

Future work will focus on implementing reinforcement learning algorithms to further optimize the recommendation
engine’s adaptivity and autonomy. Expanding access to diverse, real-world datasets will enable more robust training
and validation. Longitudinal studies and real-world deployments are planned to assess long-term impacts on learning
outcomes and motivation. Finally, efforts will be made to integrate the platform with national education systems and
analytics tools to support broader adoption and impact.
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