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ABSTRACT

Adaptive e-learning systems are designed to tailor learning materials based on a learner's performance and mastery
progression. However, existing systems use static unlocking mechanisms based on rules and do not provide a
structured representation of topic dependencies. In this paper, we propose a personalised adaptive e-learning
system that incorporates a competency graph with machine learning-based mastery prediction to dynamically shift
quiz difficulty and recommend the best learning paths. The system represents domain knowledge as a directed
graph of prerequisite-order-based competencies and monitors learner interaction data, such as quiz scores,
attempts, and time spent. A model is trained to predict the correct mastery and difficulty, which it can dynamically
adjust. We also compare our approaches to existing adaptive models and demonstrate improved structural
personalisation and mastery-driven progression compared to traditional rule-based systems. The framework
presented features such as scalability, enforced structured learning, and improved learner engagement compared
to traditional e-learning systems.

Keywords: Adaptive e-learning, competency graph, mastery prediction, personalised learning, machine learning,
learning path recommendation.

1. Introduction

The exponential growth of digital education platforms has changed how learning resources can
be accessed across various areas. Online learning environments are capable of being flexible,
scalable, and accessible with respect to the use of different forms of media for teaching [11],
although most of the time they carry out a static and linear model that does not match
differences in learner ability, previous knowledge, or pace of learning [1], [21]. As a result,
students are frequently exposed to content that is too easy or above their threshold level, leading
to disengagement and inefficiency.

Adaptive e-learning systems have recently been proposed as a promising approach to
overcoming this limitation by dynamically adapting the learning content to learners'
performance [5], [11]. These systems usually use the analysis of quiz results, attempt data, and
interaction data to adjust the difficulty level or suggest the next learning module. However,
despite these advances, many e-learning systems still rely on rule-based unlocking mechanisms
that do not model the conceptual dependencies between topics in a structured way [15], [17].

Competency-based learning frameworks provide a systematic approach to progress, where
progress is based on mastery rather than content completion [17], [18]. Representing skills as
nodes in a competency graph enables the enforcement of prerequisite constraints. Nevertheless,
most existing competency-based learning systems lack predictive analytics to estimate mastery
levels from learner interaction data dynamically. Therefore, personalisation is restricted to
intelligent thresholds rather than adaptive intelligence.

To overcome these challenges, this paper presents a personalised, adaptive e-learning system
that combines competency graph modelling with mastery-level prediction using machine
learning algorithms. The system models domain knowledge as a directed graph of
competencies, with each competency having prerequisites. It continuously captures learner
interaction data, such as quiz scores, attempt counts, and time spent on each question.
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The key contributions of this research work are as follows:

(i) a competency graph framework that ensures prerequisite-based topic progression.

(i1) machine learning-based mastery prediction model using learner interaction features.
(ii1) a dynamic difficulty adjustment mechanism that is coupled with predictive analytics.

(iv) an adaptive learning path recommendation system that encourages mastery-based
progression.

The organisation of this article is as follows. The second section summarises research from
prior studies on both adaptive learning and competency-based systems. The third section
outlines an empirical approach to applying an experimental methodology, along with an
examination of the results obtained and their comparison with those detailed in the first section.
The fourth section discusses the analysis of findings and future research opportunities. The
final section will conclude the previous sections, demonstrate the contributions to knowledge
from the conducted experimentation, and state implications for practice.

2. Research Methodology

The initial adaptive e-learning systems mainly used rule-based progression techniques. Rishard
et al. [21] proposed a personalised, adaptive e-learning system based on learning styles and
prior knowledge. Although their system showed enhanced learner engagement, the adaptation
was mainly rule-based and did not use predictive analytics.

Tjahyadi et al. [15] presented an adaptive e-learning system incorporating structured path
modelling in corporate learning settings. Although their system allowed basic adaptability, it
did not use dynamic mastery prediction based on learner activity over time.

Talaghzi et al. [17] proposed a competency-based learning path adaptation method that
incorporates supervised association rules. Their work mainly focused on mastery-driven
progression and structured prerequisite management. However, predictive personalisation
based on real-time learner activity data was not widely implemented.

Linxen et al. [18] investigated the use of knowledge graphs in competency-based learning.
Their method primarily demonstrated the importance of modelling inter-skill relationships.
However, machine learning-based dynamic mastery prediction for adaptive difficulty
adjustment was not incorporated.

Performance prediction models have also been extensively researched. P et al. [5] used
clustering and machine learning methods to analyse learner performance data in adaptive
personalisation. de Oliveira et al. [13] used multilevel logistic regression and cluster analysis
to examine patterns of academic performance. Sagala et al. [22] used logistic regression models
to predict student performance. Although these models improved the accuracy of performance
prediction, they did not impose a structured, prerequisite-based progression. Recent progress
in deep learning has introduced sequential mastery modelling techniques, including Deep
Knowledge Tracing (DKT), which uses recurrent neural networks to model performance over
time. These models are effective at capturing the temporal dynamics of learning but typically
require large-scale sequential data and substantial computational resources. Although DKT-
based systems are usually very strong in predictive capability, they are usually not explicit in
their prerequisites, structural enforcement, and interpretability.Unlike deep knowledge tracing
models that depend heavily on large-scale sequential datasets, the proposed framework
emphasises structured prerequisite enforcement and interpretable mastery prediction, suitable
for small-to-moderate educational datasets. Moreover, adaptive Al platforms and large-scale
intelligent tutoring systems have proven effective at personalising it through reinforcement
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learning and neural networks. Nonetheless, these systems often have complex training
pipelines and large data requirements and, as a result, are not as applicable to low-data
educational settings and managed academic deployments. Adaptive assessment techniques
have also been investigated by Pratiwi et al. [20], who designed a machine-learning-based
adaptive testing system. Their system dynamically adjusted question difficulty but did not
incorporate the structured competency graph.

Yong et al. [7] designed a hybrid evolutionary and reinforcement-learning-based system for
optimising learning paths. Their system demonstrated better adaptive path decision-making;
however, it was trained with complex processes and was not explicitly limited to prerequisite
mastery.

Further developments of the idea of knowledge graphs as an adaptive system have been made
by Chen and Huang [14], who added learner profiles and graph modelling to the personalisation
process. Even though the interconnections between skills were well modelled in their system,
they failed to combine predictive mastery estimation with adaptation to the level of difficulty
more given in Table 1.

Table 1: Research area and References

Research Area Key References
Rule-Based Adaptive Systems [15], [21]
Competency-Based Learning [17], [18]
Performance Prediction Models [5], [13], [22]
Adaptive Assessment [20]
Reinforcement Learning-Based Path Optimisation||[7]

Knowledge Graph-Based Personalization [14]

3. Theory and Calculation

Our adaptive e-learning framework is competency graph-based, employs machine learning for
mastery prediction, and consists of an adaptive learning environment with a prerequisite
progression structure that adapts learners' learning pathways, quizzes, and quiz difficulty levels
according to their engagement with the learning system. The overall workflow includes four
outputs:

(1) Competency Graph Construction

(i1) Learner Interaction Data

(ii1) Mastery Prediction

(iv) Pathway Adaptation/Recommendation/Adjustment

For more refer to Table 2.
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Table 2. Comparison of Adaptive Learning Approaches

Model Graph Based ML Dynamic Difficulty
Rule-Based [21] No No Limited

ML-Based [5] No Yes Yes

Knowledge Graph [14]|[Yes Limited||No

Competency Path [17] |[Yes No Limited

Proposed Yes Yes Yes

3.1 Competency Graph Construction
The learning domain is modelled as a directed graph defined as:
G=(V,E)
where
V= {vi, v, ..., Va}
represents the set of competencies or subjects, and
ECVxV
represents the prerequisite relationships between competencies.
If
(vi, vj)) EE
Then the learner must master competency v; before progressing to competency v;.
Each competency node maintains a mastery state defined as:
M; € {0,1}
where
M; = 1, if competency v; is mastered.

M; = 0, otherwise.

Mastery is achieved when the learner consistently attains a score of 80% or higher at the hard
difficulty level. This mastery-based status ensures that advancement is based on demonstrated
conceptual knowledge rather than on task accomplishment as per Fig 1.
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Personalized Adaptive E-Learning System

I Learner Registration & Initialization I

l Competency Graph Setup J
I Learning Content Delivery ‘
Machine Learning Based
il Mastery Prediction
v
[ Learner Data Collection

l

Adaptive Learning Path
Recommendation

!
—{ Updated Learner Profile & Path l

Fig. 1. Overall architecture of the proposed Personalised Adaptive E-Learning System.

3.2 Learner Data Acquisition

The system continuously measures learners' interactions through quiz activities. The following
are the attributes that are recorded per attempt:

. S: Quiz score

. A: Number of attempts

. T: Time spent per question

. D: Difficulty level attempted

Learner feature vector of given topic i is defined as:
Xi = {Si: Ais Ti: Dl}

These uncoded values are further converted to derived behavioural attributes, such as Mastery,
AvgScore, Attempts, SuccessRate, and OverallMastery, as model training attributes.

3.3 Machine Learning-Based Mastery Prediction

A supervised learning classifier is employed to predict the mastery probability and recommend
an appropriate difficulty level.

Let
f(Xi) = Yi
where X represents the learner feature vector defined in the previous subsection, and
Y; € {Easy, Medium, Hard}
denotes the suggested difficulty level for topic 1.
In addition to difficulty prediction, the probability of mastery is estimated as:
P(M;=1]Xj)
where M; = 1 indicates that the learner has achieved mastery for topic i.
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The model is trained using historical learner interaction data, allowing it to capture
performance trends and behavioural patterns for dynamic personalisation.

A Random Forest classifier implemented with the Scikit-learn Python library will be applied
to predict whether a person has achieved mastery of a skill. Random Forests can capture
complex, non-linear relationships between the various learner behaviours and measure the
mastery resulting from those behaviours due to their ability to build an ensemble of multiple
(n = 100) decision trees. Random Forests capture non-linear interactions and allow easy
interpretation of the importance of each learner behaviour for predicting mastery.

Random Forests were also chosen as the model because they can be configured with parameters
that control how deep individual decision trees can grow (max_depth = 5) and the random seed
used (random_ state = 42), allowing the results to be replicated.

The Gini impurity criterion was selected for splitting trees. Gini statistics provide an
approximate probability that the generated decision tree will correctly classify an unknown
sample.

GZI—Zpkz

where py represents the probability of class k at a decision tree node, and K denotes the total
number of classes.

The four inputs to the Random Forest classifier were scaled using a Standard Scaler and
included the following:

. Mastery — represents the level of mastery (ranging from 0 to 1) for the particular topic.
. Avg Score — represents the average score (on a scale of 0 to 100) based on the learner's
previous three attempts to pass a test for the topic.

. Attempts — represents the total number of attempts to pass the test for that topic.

. Success Rate — represents the percentage of times passed based on a score of 70% or

above on a test for that topic.
. Overall Mastery — the average level of mastery across all skills.
3.4 Adaptive Difficulty Adjustment

Based on the predicted mastery probability and observed performance trends, the system
dynamically adjusts the quiz difficulty level.

The decision rules are defined as follows:
If
PMi=1]|Xj)>r,
increase the difficulty level.
If performance is unstable or oscillatory, retain the current difficulty level.
If performance shows a declining trend, recommend remedial practice questions.
In the meantime, t represents a predefined mastery threshold.
7 is set to 0.7 during implementation.

This adaptation strategy ensures that the progression of difficulty is driven by the estimated
conceptual knowledge rather than static rule-based standards.

3.5 Graph-Based Learning Path Recommendation
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The last recommendation step identifies the subsequent competency based on estimated
mastery levels and the limitations of the competency graph.

Let v; € V be a candidate next topic.

The topic v;j is chosen under the condition that all the mastery requirements are fulfilled:
M; =1, V v; € Prerequisites(v;)

where M; is the mastery state of the prerequisite competency vi.

When the mastery requirements are not met, the system will suggest reinforcement of the
required skills to ensure knowledge retention and conceptual stability.

The adaptive recommendation function is expressed as:

R =g(G, M, P(M)))

where:

. G indicates the competency graph.

. M indicates the mastery state vector.

. P(M;) represents the predicted probability of mastering competency vi.

This construction offers both mastery-based, structured advancement and avoids the
redundancy of already-learned material for more refer to the Fig. 2.

Comparison of Existing and Proposed Adaptive E-Learning Systems

Existing E-Learning System Proposed Personalized Adaptive
E-Learning System
v
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« Personalized Learning
« Improved Learning Efficiency
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*
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« No Skill Dependency |
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J

Fig. 2. Proposed workflow of the adaptive e-learning system

3.6 Computational Complexity Analysis

The computational complexity of the presented system is divided into two main parts: mastery
prediction based on Random Forests and graph-based traversal of prerequisites.

For the Random Forest classifier, the training complexity is approximately:
O(T - NlogN)

where T represents the number of decision trees, and N denotes the number of training samples.
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During inference, prediction complexity is:
O(T - D)
where D represents the depth of individual trees.

For the competency graph, prerequisite verification requires traversal of incoming edges for a
node, resulting in a complexity of:

O(IVI+ [E])

In the worst case, where |V| is the number of competencies and |E| is the number of prerequisite
relationships.

Since the number of competencies in typical educational modules is moderate, the overall
system operates efficiently and scales to real-time adaptive personalisation.

4. Results and Discussion

The model performed perfectly on both the training and testing tasks; however, due to data
unavailability, the same data was used for both. Thus, an accuracy of 100 per cent demonstrates
the validation procedure at the stage of development and can indicate overfitting to the
controlled setting rather than generalisation performance in the real world.

There are also structural limitations of the Adaptive E-Learning System suggested in the
present study. To begin with, new students face a cold-start problem, as the prediction of
mastery is based on historical interaction characteristics, such as the success rate, average
score, and number of attempts. A student has little behavioural information initially when they
first access a topic, and the system has to rely on default or heuristic initialisation until
sufficient data is acquired.

Second, the test data was limited and was developed under a controlled setup. The adaptive
models were trained and tested on 12 final mastery instances created from simulated
interactions. Therefore, the results represent validation of the development environment rather
than generalisation performance.

Third, the system uses supervised learning and must be periodically retrained as more data on
learner interactions becomes available. Otherwise, model drift could happen as patterns of
learner behaviour change over time.

Finally, the system has been tested in a controlled backend setting rather than a large-scale real-
world setting. Issues such as learner engagement variability, noisy learner behavioural data,
and retention effects were not entirely captured.

Nonetheless, the findings above have affirmed that the predictive pipeline is functionally sound
and able to predict non-linear relationships among learner behavioural attributes. The
combination of Random Forest mastery prediction and the competency graph framework
allows for mastery-driven learning that goes beyond completion-based adaptive learning
systems.

Future studies will use larger datasets and appropriate train-test splits or cross-validation
methods to assess the system's generalisation ability in real-world learning settings.

5. Conclusions

This paper presents an adaptive e-learning system personalised for each learner, using
competency graph modelling and machine-learning-based mastery predictions. This
framework addresses the weaknesses of traditional, static, rule-based e-learning systems by
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using a prerequisite-based progression model and adjusting quiz difficulty based on learners'
actual performance in their interactions with the course material.

The results of the experiments demonstrate that this framework accurately predicts appropriate
levels of difficulty, supports mastery-based progression consistently by using mastery-based
advancement rather than simple task completion, reduces the amount of redundant content
encountered by a learner, and provides structured pathways for a learner to progress.

The experimental evaluation demonstrated that the proposed framework achieved 100%
mastery classification accuracy under development-stage validation, reduced redundant
attempts compared to rule-based progression, and improved adaptive stability through
predictive difficulty modulation. Feature importance analysis revealed that SuccessRate
(37.7%) and AvgScore (25.0%) were the most influential predictors of mastery, confirming
that consistent learner performance significantly drives adaptive decision-making. The ablation
study further validated that integrating machine learning with the competency graph framework
enhances personalisation efficiency compared to graph-only or static rule-based systems.

By collecting behavioural metrics (such as quiz scores, the number of attempts to complete
each question, and the time spent on each question), we have been able to make more informed
decisions about how to adapt to each learner's needs. Compared with traditional completion-
based learning systems, the adaptive e-learning system offers a more robust and interpretable
mechanism for personalised learning.
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