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The increasing availability of data from digital learning environments has created new
opportunities to analyse and predict learning performance using artificial intelligence.
Learning analytics enables the extraction of meaningful behavioural patterns from
temporal data to support data-driven educational decision-making. This study
proposes learning analytics—driven framework for predicting short-term performance
outcomes using ensemble machine learning models. The framework is evaluated on
a dataset consisting of 1,334 temporal observations, integrating performance
indicators, activity intensity measures, volatility metrics, and temporal lag features to
capture both instantaneous and sequential learning behaviours. Five machine
learning models—Decision Tree, Random Forest, Gradient Boosting, XGBoost, and
a Voting Ensemble—are systematically compared using Accuracy, Precision, Recall,
and F1-score as evaluation metrics. The experimental results show that the Decision
Tree model achieves the highest F1-score of 0.546, while the Voting Ensemble model
attains a balanced performance with an accuracy of 0.510 and an F1-score of 0.502,
indicating stable classification behaviour across performance improvement and
decline classes. Feature importance analysis reveals that short-term performance
change indicators and recent activity intensity are the most influential factors in
determining subsequent performance outcomes. Although predictive accuracy
remains moderate due to the dynamic and volatile nature of temporal performance
trajectories, the proposed framework demonstrates the potential of interpretable,
learning analytics—driven ensemble models to support early performance tendency
detection and adaptive learning interventions in dynamic learning environments.

Keywords Learning Analytics, Ensemble Machine Learning, Student Performance Prediction,
Temporal Behaviour Modelling, Artificial Intelligence in Learning

Introduction

The rapid expansion of digital learning environments has led to an
unprecedented growth in educational data generated through online learning
platforms, learning management systems, and intelligent tutoring systems.
These data provide valuable opportunities to analyse learning behaviours,
monitor academic progress, and support data-driven decision-making in
education [1]. However, despite the availability of large-scale educational data,
many institutions still rely on retrospective evaluation methods that identify
learning problems only after performance deterioration has already occurred [2].

Learning analytics has emerged as a prominent research area that focuses on
collecting, measuring, and analyzing learner data to understand and optimize
learning processes and environments [3]. By leveraging learning analytics,
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educators and institutions can gain insights into student engagement, learning
behaviour, and performance trajectories, enabling more proactive and
personalized educational interventions [4]. In recent years, artificial intelligence
(Al) and machine learning techniques have been increasingly integrated into
learning analytics to enhance predictive capabilities and automate the
identification of at-risk learners [5].

Prior studies on student performance prediction have explored a wide range of
machine learning approaches, including logistic regression, decision trees,
support vector machines, and neural networks [6], [7]. These models have
demonstrated promising results in predicting academic outcomes using features
such as demographic attributes, assessment scores, and interaction logs from
learning management systems [8]. More recent research has shifted toward
ensemble learning methods, such as Random Forest and Gradient Boosting,
which combine multiple learners to improve robustness and generalization
performance [9].

In parallel, temporal modelling has gained increasing attention in learning
analytics research. Sequential models incorporating time-dependent features,
lag variables, and behavioural transitions have been shown to capture learning
dynamics more effectively than static feature representations [10], [11]. Deep
learning architectures, including recurrent neural networks and long short-term
memory (LSTM) models, have also been applied to model learning sequences
and engagement patterns [12]. Despite these advances, many existing studies
focus primarily on maximizing predictive accuracy, often at the expense of
interpretability and practical applicability in real educational settings [13].

Although ensemble machine learning and temporal learning analytics have
shown strong potential, several research gaps remain. First, existing studies
frequently emphasize overall prediction accuracy without adequately
addressing the inherent uncertainty and volatility of short-term performance
outcomes in dynamic learning environments [14]. As a result, model
performance is often overestimated, and limited attention is given to balanced
classification behaviour across different performance states.

Second, many performance prediction frameworks rely on static or aggregated
features, which fail to fully exploit short-term behavioural changes and temporal
dependencies that are critical for understanding learning progression [15]. The
integration of short-term performance change indicators, volatility measures,
and lag-based features remains underexplored, particularly within interpretable
ensemble learning frameworks.

Third, while deep learning models have demonstrated strong representational
power, their complexity and lack of transparency pose challenges for adoption
in educational contexts, where explainability and actionable insights are
essential for instructors and decision-makers [16]. There is therefore a need for
learning analytics—driven Al approaches that balance predictive capability,
interpretability, and practical relevance.

To address these gaps, this study proposes learning analytics—driven
framework for predicting short-term performance outcomes using ensemble
machine learning models. The proposed approach integrates performance
indicators, activity intensity measures, volatility metrics, and temporal lag
features to capture both instantaneous and sequential learning behaviours.
Rather than focusing solely on maximizing prediction accuracy, this study
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emphasizes balanced classification behaviour and interpretability to support
early performance tendency detection. The contributions of this study are
threefold:

The development of a temporal, learning analytics—driven feature framework; a
comprehensive comparison of individual and ensemble machine learning
models; and the provision of interpretable insights into key behavioural factors
influencing performance dynamics.

Literature Review

Learning Analytics in Digital Education

Learning analytics has emerged as a key research area in educational data
mining, focusing on the systematic analysis of learner-generated data to
understand and improve learning processes and outcomes [17]. Early studies
in learning analytics emphasized descriptive and diagnostic approaches, such
as monitoring learner engagement and summarizing academic performance
[18]. With the widespread adoption of online learning platforms, learning
analytics has progressively evolved toward predictive approaches that aim to
anticipate learning outcomes and support timely interventions [19].

Several empirical studies demonstrate that learning analytics can effectively
identify behavioural patterns related to student engagement, persistence, and
academic success by leveraging interaction logs, assessment records, and
activity traces from learning management systems [20], [21]. These findings
underline the importance of behavioural and temporal features in modelling
learning processes, particularly in environments characterized by continuous
learner interaction.

Machine Learning for Student Performance Prediction

Machine learning techniques have been extensively applied to predict student
performance and academic outcomes. Studies employing decision trees, neural
networks, and other supervised learning models report promising predictive
results when applied to structured educational datasets [22], [23]. However,
performance is highly dependent on feature representation and data quality.

Recent research has shifted toward ensemble learning techniques, such as
bagging, Random Forest, and Gradient Boosting, which aim to improve
robustness and generalization capability [24], [25]. Empirical evidence suggests
that ensemble-based models frequently outperform single classifiers in
performance prediction tasks, particularly when dealing with heterogeneous and
noisy educational data [26].

Temporal Modelling and Sequential Learning Behaviour

Learning is inherently a temporal process in which current performance is
influenced by prior learning experiences and behavioural patterns.
Consequently, temporal modelling has gained increasing attention in learning
analytics research [26], [27]. Studies incorporating time-dependent features,
such as lag variables and short-term behavioural changes, demonstrate
improved predictive performance compared to static feature representations
[28].

Sequential learning models, including recurrent neural networks and long short-
term memory (LSTM) architectures, have been employed to capture complex
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learning trajectories and engagement dynamics [23], [26]. Despite their strong
representational power, such deep learning models often suffer from limited
interpretability and high computational complexity, which restrict their practical
adoption in educational settings [29].

Interpretability and Practical Adoption of Al in Learning

Interpretability is a critical requirement for Al-based systems in education, as
predictive outcomes must be understandable and actionable for instructors and
educational stakeholders [30]. Several studies emphasize that highly accurate
but opaque models may hinder trust and limit real-world adoption.

To address this challenge, recent research has advocated for interpretable
machine learning models and ensemble approaches combined with feature
importance analysis [31]. Such methods provide a balance between predictive
performance and transparency, enabling the identification of key behavioural
factors influencing learning outcomes. Comprehensive surveys further highlight
the need for interpretable, learning analytics—driven Al frameworks that support
practical educational decision-making [32].

Research Methodology

This study adopts a quantitative research design using learning analytics—driven
machine learning framework to predict short-term performance outcomes. As
illustrated in figure 1 (Research Workflow), the proposed methodology follows a
structured pipeline that integrates data collection, preprocessing, feature
engineering, model development, performance evaluation, and interpretability
analysis. Historical learning-related data are first collected to capture
performance indicators, activity intensity, and temporal variations. The
preprocessing stage addresses data quality and consistency through missing
value handling, categorical encoding, and normalization, ensuring that the
dataset is suitable for supervised learning.
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Figure 1 Research Workflow

Following preprocessing, informative learning analytics features are
constructed to represent short-term performance changes, behavioural
dynamics, and temporal dependencies. These features are used to train
supervised classification models that distinguish between performance
improvement and decline outcomes. Model performance is evaluated using
multiple classification metrics to ensure balanced and reliable assessment. To
enhance transparency and practical relevance, the workflow incorporates an
interpretability stage that analyses feature importance and model behaviour,
enabling the extraction of actionable insights. Overall, the research workflow
presented in figure 1 provides a systematic and reproducible framework that
balances predictive capability and interpretability for Al-driven performance
analysis in educational contexts.

Dataset and Data Preprocessing

The dataset used in this study consists of 1,334 temporal observations collected
from a digital learning—related environment, where each observation represents
a time-dependent performance snapshot. The dataset contains numerical
indicators capturing multiple dimensions of learning behaviour, including
performance states, activity intensity, and volatility-related characteristics. The
temporal nature of the data enables the modelling of short-term performance
tendencies by incorporating historical dependencies and sequential behavioural
patterns.

Data preprocessing is conducted through a multi-stage procedure to ensure
data quality and temporal integrity. First, the dataset is chronologically ordered
based on its time index to preserve the sequential structure required for
temporal analysis. Second, missing values arising from the construction of lag-
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based features are removed to prevent information leakage and maintain data
consistency across observations. Third, all variables are retained in their
numerical form, as the selected machine learning models operate effectively on
continuous-valued features and do not require categorical encoding in this
context. Finally, the processed dataset is partitioned into training and testing
subsets using a stratified splitting strategy, ensuring that the class distribution
between performance improvement and decline outcomes remains balanced
across both subsets. This approach supports robust model evaluation and
reduces bias in performance assessment.

Feature Engineering

To capture both instantaneous and sequential learning behaviours, multiple
categories of features are systematically constructed from the raw dataset.
Performance indicators, including open, high, low, and close values, are used
to represent different performance states within a given time interval, enabling
the models to capture intra-period variation and performance range. Activity
intensity is represented by Volume USDT, which serves as a proxy for the
magnitude of learner engagement or interaction intensity within each time
window.

Short-term performance dynamics are further modelled through a set of derived
features designed to quantify relative change and volatility. These include
return, which measures the proportional performance change between
consecutive time steps; open_close diff, which captures intra-interval
performance movement; and high_low_spread, which reflects short-term
volatility. To explicitly model temporal dependencies, lag-based features are
incorporated, including close_lag1, close_lag2, and volume_lag1, allowing the
models to learn from recent historical patterns and behavioural transitions. The
target variable is defined as a binary performance outcome, indicating whether
performance improves or declines in the subsequent time step. This formulation
emphasizes early detection of short-term performance tendencies, rather than
long-term outcome prediction, thereby aligning the modelling approach with
real-time learning analytics and timely intervention objectives.

Machine Learning Models

Five machine learning models are employed in this study to evaluate predictive
performance and robustness across different learning paradigms, while
balancing interpretability and predictive capability.

The Decision Tree model is selected for its interpretability and ability to capture
non-linear relationships between learning analytics features and performance
outcomes. The model recursively partitions the feature space by selecting splits
that maximize node purity. For classification tasks, impurity is measured using
the Gini index, defined as:

K
Gim’:l—Zp,% (1)
k=1

pi represents the proportion of samples belonging to class k in a given node.

Random Forest is an ensemble learning method based on bagging, where
multiple decision trees are trained on bootstrapped subsets of the training data.
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The final prediction is obtained through majority voting across all trees:
9 = mode{hy (), hy (x), .., hy ()} (2)

h:(x) denotes the prediction of the t-th decision tree and T is the total number
of trees.

Gradient Boosting constructs models sequentially, where each new weak
learner corrects the residual errors of the previous ensemble. At iteration m, the
model update is expressed as:

Fn(x) = Fp_1(x) + ymhm (x) (3)

h,, (x) is the newly trained weak learner and y,,, denotes the learning rate.

XGBoost extends gradient boosting by incorporating regularization to control
model complexity. The objective function optimized by XGBoost is given by:

L= z Iy, 7)) + Z Q(fi) (4)
- X

[(y;, ;) represents the loss function and Q(f) is the regularization term.
Voting Ensemble

The Voting Ensemble combines predictions from multiple base classifiers using
majority voting. For a binary classification task, the ensemble decision is defined
as:

N

9 = arg Crer%g‘)i}z I(h;(x) = ¢) (5)

j=1

I(-) is the indicator function and N is the number of base classifiers.

The inclusion of both individual models and ensemble-based approaches
enables a comprehensive comparison between interpretable classifiers and
more complex ensemble techniques, allowing the study to assess trade-offs
between predictive performance, robustness, and interpretability within learning
analytics—driven framework.

Model Training and Evaluation

Model training is performed using the training subset of the dataset, while
evaluation is conducted on a held-out testing subset to assess generalization
performance. A stratified splitting strategy is applied to ensure that the class
distribution of performance improvement and decline outcomes remains
consistent across both subsets. This approach mitigates sampling bias and
enables a fair comparison of predictive performance across models.

Model effectiveness is evaluated using four widely adopted classification
metrics: Accuracy, Precision, Recall, and F1-score. Accuracy measures the
overall proportion of correctly classified instances, while Precision and Recall
provide class-sensitive evaluation by quantifying false positive and false
negative behaviour, respectively. The F1-score, defined as the harmonic mean
of Precision and Recall, is emphasized as the primary evaluation metric, as it
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offers a balanced assessment of predictive performance, particularly in
scenarios involving class imbalance or asymmetric misclassification costs. This
metric is especially relevant for short-term performance prediction tasks, where
both missed detections and false alarms may lead to suboptimal educational
interventions.

To further examine model behaviour beyond aggregate metrics, confusion
matrix analysis is employed, with particular focus on the Voting Ensemble
model. The confusion matrix enables detailed inspection of true positive, true
negative, false positive, and false negative predictions, thereby revealing class-
wise prediction tendencies and potential bias toward specific outcome
categories. This analysis provides deeper insight into how models respond to
different performance states and supports a more nuanced interpretation of
classification results.

Feature Importance and Interpretability Analysis

To enhance model transparency and support practical adoption, feature
importance analysis is conducted using ensemble-based importance scores
derived from tree-based models. This analysis quantifies the relative
contribution of each learning analytics feature to the final prediction outcomes,
enabling identification of the most influential indicators within the predictive
framework.

Particular emphasis is placed on examining the roles of short-term performance
change indicators, activity intensity measures, and temporal lag features, as
these variables capture behavioural dynamics and recent learning history. By
analysing feature importance rankings, the study provides empirical evidence
on how recent performance fluctuations and engagement patterns influence
subsequent performance tendencies.

Incorporating interpretability analysis ensures that the proposed framework
aligns with the practical requirements of Al in learning environments, where
predictive outputs must be explainable and actionable. The resulting insights
enable educators and decision-makers to better understand underlying
performance drivers, facilitating informed instructional adjustments and timely
learning interventions.

Result

Dataset Characteristics and Feature Overview

This study utilizes a total of 1,334 observations derived from learning analytics—
driven temporal dataset. Table 1 presents the description of features employed
in the predictive modelling process. The features include performance
indicators, activity intensity measures, volatility metrics, and temporal lag
variables, which collectively capture both instantaneous and sequential learning
behaviours.

Table 1 Dataset Description

Feature Description Type

open Opening performance indicator Numeric
high Maximum performance indicator Numeric
low Minimum performance indicator Numeric
close Closing performance indicator Numeric
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Volume USDT Activity intensity indicator Numeric
return Performance change rate Numeric
high_low_spread Performance volatility Numeric
open_close_diff Intra-period performance change Numeric
close_lag1 Previous performance (t-1) Numeric
close_lag2 Previous performance (t-2) Numeric
volume_lag1 Lagged activity intensity Numeric

The distribution of performance outcome classes is shown in Table 2. The
dataset exhibits a nearly balanced class distribution, with 668 instances of
performance improvement and 664 instances of performance decline. This
balance reduces the risk of classification bias and supports reliable model
evaluation.

Table 2 Class Distribution of Performance Outcomes

Class Samples Description
1 668 Performance Improvement
0 664 Performance Decline

Temporal Performance Trend Analysis

The temporal evolution of the performance indicator is illustrated in figure 2. The
figure presents daily performance observations along with a 14-day moving
average to smooth short-term fluctuations. Several periods of heightened
volatility and regime shifts are observable throughout the timeline.

Daily Performance
14-day Moving Average

1.75

1.50

1.25 A

1.00 A

0.75

Performance Indicator

0.50

0.25 A

T T T T T T T T
2018-07 2019-01 2019-07 2020-01 2020-07 2021-01 2021-07 2022-01
Time

Figure 2 Performance trend over time with daily observations and a 14-day moving
average smoothing

The pronounced variability observed in figure 2 highlights the dynamic nature of
performance trajectories and provides empirical justification for incorporating
short-term change indicators and temporal lag features into the predictive
framework.

Model Performance Comparison

The predictive performance of all machine learning models is summarized in
table 3 and visually compared in figure 3. Evaluation metrics include Accuracy,
Precision, Recall, and F1-score.

Table 3 Model Performance Comparison
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Model Accuracy Precision Recall F1-score
Decision Tree 0.539 0.540 0.552 0.546
Random Forest 0.513 0.515 0.515 0.515
Gradient Boosting 0.521 0.527 0.440 0.480
XGBoost 0.494 0.496 0.470 0.483
Voting Ensemble 0.510 0.505 0.505 0.502
0.5 1
0.4
z
S 0.3
i
i
[°%
0.2
0.1 1
0.0 -
o&
. -0{‘“
a"‘c’\

Figure 3 Model performance comparison using F1-score

Among individual classifiers, the Decision Tree model achieves the highest F1-
score. The Voting Ensemble model provides more balanced performance
across both classes, indicating improved stability in noisy temporal prediction
tasks.

Confusion Matrix Analysis

To further examine classification behaviour, figure 4 presents the confusion
matrix of the Voting Ensemble model.

73.0

72.5
57

70.0

67.5

Actual

-65.0

-62.5
59

-60.0

-57.5

Predicted

Figure 4 Confusion matrix of the Voting Ensemble model
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The model correctly identifies 76 instances of performance decline and 59
instances of performance improvement. Although misclassifications are
present, the distribution of errors remains relatively balanced, indicating no
severe bias toward either outcome class.

Feature Importance Analysis

The contribution of individual features to model predictions is illustrated in figure
5, which displays the top-ranked learning analytics indicators based on feature
importance scores.

0.12 4

0.10 4

0.08

0.06

0.04

Importance Score

0.02

0.00 -

return
n_close_diff
cdose_lagz2
low

close

high

open

volume_lagl

Volume USDT

ope
high_low_spread

Figure 5 Top feature importance of learning analytics indicators

Short-term  performance change measures, particularly return and
open_close_diff, emerge as the most influential features. Lagged activity
intensity and volatility-related features also play a significant role, emphasizing
the importance of recent behavioural patterns and temporal dependencies in
performance prediction.

Discussion

This study investigates the effectiveness of learning analytics—driven ensemble
machine learning models for predicting short-term performance outcomes in a
temporal learning context. The results demonstrate that, while overall predictive
accuracy remains moderate, the proposed framework is capable of capturing
meaningful behavioural patterns and performance tendencies from historical
data.

The temporal analysis presented in figure 2 highlights the highly dynamic nature
of performance trajectories, characterized by frequent fluctuations and regime
shifts. Such volatility inherently limits the predictability of next-step outcomes
and explains the moderate performance observed across all models. This
finding aligns with real-world learning environments, where performance is
influenced not only by observable behavioural indicators but also by latent
factors such as motivation, cognitive load, and external support that are not
explicitly captured in system logs.

Model comparison results indicate that no single algorithm consistently
dominates across all evaluation metrics. The Decision Tree model achieves the
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highest F1-score among individual classifiers, suggesting that simpler models
may effectively capture dominant patterns in short-term performance changes.
In contrast, ensemble approaches such as Random Forest, Gradient Boosting,
and XGBoost exhibit more conservative performance, reflecting their sensitivity
to noise and rapid temporal transitions.

Although the Voting Ensemble model does not achieve the highest absolute F1-
score, its balanced classification behaviour is particularly noteworthy. The
confusion matrix analysis reveals comparable predictive capability for both
performance improvement and decline classes, indicating reduced classification
bias. In the context of learning analytics, such balanced detection is essential
for early warning systems, where both declining and improving performance
trends must be identified reliably to support timely interventions.

The feature importance analysis provides important interpretative insights into
the underlying learning dynamics. The dominance of short-term performance
change indicators, such as return and open_close_diff, suggests that recent
outcome variations play a critical role in shaping subsequent performance.
Additionally, the significance of lagged activity intensity and volatility-related
features highlights the influence of sequential behavioural patterns and
engagement intensity on learning outcomes. These findings reinforce the core
premise of learning analytics, which emphasizes the value of temporal
behavioural signals over static performance measures.

From an educational perspective, the proposed framework offers practical
implications despite its moderate predictive accuracy. Rather than serving as a
deterministic prediction tool, the model is better positioned as a performance
tendency detection mechanism that can inform adaptive learning strategies and
early intervention policies. By identifying periods of heightened risk or potential
improvement, educational stakeholders can deploy targeted support measures
before substantial performance changes occur.

Overall, the contribution of this study lies not in maximizing predictive accuracy,
but in demonstrating how interpretable, learning analytics—driven Al models can
uncover key behavioural factors influencing performance in dynamic learning
environments. Future research may extend this work by incorporating richer
contextual features, longer temporal dependencies, or deep learning
architectures to further enhance predictive capability and robustness.

Conclusion

This study proposes learning analytics—driven framework for predicting short-
term performance outcomes using ensemble machine learning models. By
integrating performance indicators, activity intensity measures, volatility metrics,
and temporal lag features, the proposed approach captures both instantaneous
and sequential behavioural patterns in a temporal learning context.

Experimental results demonstrate that, although the predictive accuracy
achieved by the models is moderate, meaningful performance tendencies can
still be identified. The comparative analysis shows that individual models such
as Decision Tree achieve competitive performance, while the Voting Ensemble
model provides more balanced classification behaviour across performance
improvement and decline classes. These findings highlight the importance of
model stability and interpretability over solely maximizing accuracy in highly
dynamic and noisy learning environments.
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Feature importance analysis further reveals that short-term performance change
indicators and recent activity intensity play a dominant role in shaping
subsequent performance outcomes. This insight reinforces the central role of
temporal learning analytics in understanding performance dynamics and
supports the use of sequential behavioural features in predictive modelling.

From a practical perspective, the proposed framework is best positioned as a
performance tendency detection tool rather than a deterministic prediction
system. It can support early warning mechanisms and data-informed
interventions by identifying potential performance risks and improvement
opportunities at an early stage. Such capabilities are particularly valuable for
adaptive learning systems and educational decision-making processes.

Future research may extend this work by incorporating richer contextual and
behavioural features, exploring longer temporal dependencies, and applying
advanced deep learning architectures to further enhance predictive robustness.
Overall, this study contributes an interpretable and learning analytics—driven Al
framework that advances the understanding of performance prediction in
dynamic learning environments.
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