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Abstract

Predicting student performance is crucial for timely educational interventions, yet most existing approaches
primarily focus on statistical pattern learning that may not fully reflect the underlying factors associated with
academic success. This limitation can hinder their ability to support effective, evidence-based strategies. To ad-
dress this challenge, we propose Cavat, a novel framework that integrates Causality-inspired feature selection
via ensemble voting with attention-based representation learning. Cavat first constructs a consensus graph by
aggregating multiple causal discovery algorithms (PC, FCI, GES) through a weighted voting mechanism, and
uses it to identify features potentially relevant to student outcomes. It then employs a dual-branch neural ar-
chitecture for multi-task prediction: a multi-head attention module learns interpretable representations from
these selected features, while a parallel 1D CNN captures broader statistical patterns from the full feature set.
The two representations are combined to leverage complementary perspectives for prediction. Extensive experi-
ments show that Cavat outperforms strong baselines by 5.5% on exam score prediction and 4.0% on performance
classification. In addition, the framework provides insights into feature importance through attention analysis,
offering a more interpretable perspective for understanding student performance. These results demonstrate
the potential of combining causality-inspired structure learning with representation learning for building more
robust and informative educational prediction models.
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1. Introduction

Student performance prediction is a cornerstone of modern educational research. Accurate forecasting
of academic outcomes empowers educators to identify at-risk students early, deploy targeted interven-
tions, and ultimately reduce failure rates [1]. Beyond individual student support, these predictive
models are critical for optimizing resource allocation, informing evidence-based policymaking, and
advancing personalized learning at scale [2]. In an era of increasing educational digitalization, such
capabilities are essential for enhancing teaching quality, streamlining administration, and fostering
more equitable and efficient education systems.

The technical foundation for this work lies in Educational Data Mining (EDM), which applies ad-
vanced analytical techniques to diverse educational datasets [3]. Data from online platforms, institu-
tional databases, and blended learning environments are mined to uncover patterns that can refine
instructional strategies and policy [4]. While traditional machine learning methods such as Artificial
Neural Networks and Support Vector Machines (SVM) have shown promise [4, 5, 6], they often rely
on manual feature engineering, which can limit their ability to capture complex, high-dimensional
interactions in student data. Deep learning offers a powerful alternative with its capacity for auto-
matic feature representation [7, 8], yet its potential to incorporate more structured and interpretable
modeling in EDM remains underexplored.

This challenge highlights two key limitations in existing EDM systems. First, a heavy reliance on cor-
relational patterns may lead to the identification of relationships that do not generalize well across dif-
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ferent contexts, potentially limiting their usefulness for intervention and decision-making [9]. Second,
manual feature engineering may overlook latent pedagogical factors, introducing biases that can hin-
der effective personalization. Incorporating structured information about feature relationships, such as
those derived from causal discovery methods [9], together with the representation learning capabilities
of deep models [7], presents a promising direction for improving both robustness and interpretability.

To address this challenge, we propose Cavat, a novel framework that integrates causality-inspired
feature selection via attention-based representation learning. Our approach begins by constructing
a consensus graph through a weighted voting mechanism that aggregates multiple causal discovery
algorithms (PC, FCI, GES), aiming to provide a more stable estimation of feature relationships. Based
on this graph, we identify a subset of features that are potentially relevant to student outcomes.

We then design a dual-branch neural architecture to capture complementary feature perspectives.
A multi-head attention mechanism learns representations from the selected features, modeling their
interactions in a context-dependent manner, while a parallel 1D Convolutional Neural Network (CNN)
captures broader statistical patterns from the full feature set. By fusing these representations, our
multi-task learning framework simultaneously predicts both continuous exam scores (regression) and
categorical performance levels (fail/pass/distinction).

Our contributions are summarized as follows:

« We propose a hybrid framework that integrates ensemble-based causal discovery with deep learn-
ing, introducing a weighted voting mechanism to obtain a more stable estimation of feature
relationships.

« We design a dual-branch neural architecture that captures complementary feature perspectives,
combining representations derived from causality-inspired feature selection and global statistical
patterns to improve both performance and interpretability.

« We demonstrate the effectiveness of Cavat through extensive experiments. Our model consis-
tently outperforms strong baselines by 5.5% on exam score prediction and 4.0% on student per-
formance classification. Ablation studies further validate our design choices, and our analysis
provides insights into feature importance under different predictive scenarios.

2. Related Work

Educational Data Mining (EDM) has extensively studied student performance prediction, evolving from
traditional statistical models to deep learning and hybrid systems. While these methods have achieved
strong predictive performance, most of them primarily focus on learning statistical patterns from data,
with limited incorporation of structured feature relationships.

Early studies employed statistical and classical machine learning models to identify predictive fac-
tors. Regression analysis highlighted key academic and demographic variables [10], while classifiers
such as Decision Trees [11, 1], SVM [12, 13, 14], KNN [13, 15], and Naive Bayes [12] achieved moderate
to high accuracy using structured features [16, 17]. However, these methods rely on manual feature
engineering and struggle with complex, non-linear patterns. Deep learning significantly improved
predictive performance by learning representations from high-dimensional and sequential data. RNN-
based models (e.g., LSTM, BiLSTM) capture temporal learning dynamics [18, 19, 20], while DNNs and
attention mechanisms model heterogeneous features and salient signals [21, 22, 23]. GNN-based ap-
proaches further exploit relational structures in student-knowledge interactions [24, 25, 26]. Despite
achieving strong performance, these models are typically black-box and lack interpretability, while
also overlooking issues such as class imbalance.

Moreover, Knowledge tracing (KT) [27], a central task in learner modeling, aims to estimate a
learner’s evolving latent knowledge state from a sequence of learning interactions and to predict future
performance. Deep Knowledge Tracing [28] employs recurrent neural networks to capture temporal
dependencies directly from student interaction histories. For example, SAKT [29] and AKT [30], use at-
tention mechanisms to identify relevant prior interactions and incorporate contextual or psychometric
information, improving both predictive performance and interpretability. Recent work explores hybrid
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Figure 1: An overview of the Cavat framework, detailing the flow from robust causal discovery to multi-task
prediction.

and ensemble methods to further boost performance. Ensemble models (e.g., Gradient Boosting, XG-
Boost) improve robustness [31, 32], while hybrid approaches combine optimization techniques such as
TLBO [4] and genetic algorithms [33] with traditional classifiers. More recent systems integrate deep
learning, imbalance handling (e.g., SMOTEENN), and interpretability tools like SHAP [34].

While these methods have achieved strong predictive performance, most of them primarily focus
on learning statistical patterns from data and Knowledge tracing primarily focus on fine-grained, se-
quential question-level knowledge-state estimation. In contrast, incorporating structured information
about feature relationships remains relatively underexplored in EDM. This motivates our work, which
aims to integrate structure learning with representation learning to improve both robustness and in-
terpretability.

3. Method

This section details the architecture of Cavat, our proposed framework for student performance pre-
diction. As illustrated in Figure 1, our methodology follows four key stages: (1) estimating feature
relationships using a voting-based ensemble of causal discovery algorithms; (2) learning feature rep-
resentations through a dual-branch neural network; (3) fusing the learned representations; and (4)
performing multi-task prediction based on the fused representation.

3.1. Voting-Based Causal Discovery Framework

The goal of this component is to estimate structured relationships among features that can provide
useful inductive bias for downstream learning. However, individual causal discovery algorithms such
as the Peter-Clark (PC) [35] algorithm, the Fast Causal Inference (FCI) [35] algorithm and the Greedy
Equivalence Search (GES) [36] algorithm are known to be sensitive to hyperparameters, dataset char-
acteristics, and violations of their underlying assumptions. As a result, relying on a single method may
lead to unstable or inconsistent structure estimation. At a high level, PC, FCI, and GES infer graph-
ical structures among observed variables, but they differ in how they search for such structures and
in the assumptions they make. PC and FCI are constraint-based methods: they begin with a densely
connected graph and remove edges when conditional-independence tests indicate that two variables



become independent after conditioning on other variables. PC generally assumes causal sufficiency,
meaning that no relevant latent common causes are omitted, whereas FCI relaxes this assumption
and represents uncertainty caused by possible latent confounders through partially oriented edges.
In contrast, GES is a score-based method that greedily adds and removes edges to optimize a model-
selection score over equivalence classes of directed acyclic graphs. These methods commonly rely on
assumptions such as acyclicity, the causal Markov condition, and faithfulness, and their results can be
affected by finite samples and the choice of independence tests or scoring functions. Consequently, we
treat their outputs as estimated structural hypotheses that provide an inductive bias for representation
learning, rather than as definitive evidence of causal effects.

3.1.1. Causal Discovery Algorithm

To improve robustness, we adopt an ensemble strategy that integrates multiple causal discovery al-
gorithms. Specifically, we combine PC, FCI, and GES, which offer complementary perspectives on
structure learning, and aggregate their outputs to form a consensus graph. This approach is motivated
by the idea that combining multiple estimators can help reduce method-specific biases and improve
stability. The resulting graph is used as a structural prior to identify a subset of features that are po-
tentially relevant to student outcomes. The focus of this work is not on improving individual causal
discovery algorithms, but on leveraging their aggregated outputs to guide representation learning.

3.1.2. Voting Mechanism

Our voting mechanism synthesizes the outputs of the k = 3 base algorithms (PC, FCI, GES) to construct
a consensus graph G*. The overall procedure is summarized in Algorithm 1. It consists of three stages:
Edge Existence Voting: For each potential edge between variables (X,Y), we count how many al-
gorithms include this edge. An undirected edge is added to G* if the vote count is no smaller than a
threshold 7 (typically [k/2]). Edge Orientation Voting: For each retained edge in G*, we collect votes
for its possible orientations. The orientation with the highest support is assigned if its vote count is
at least Typjent, Where 7gpjent = 7. Conflict Resolution: Since the aggregated graph may still contain
cycles, we further enforce acyclicity by iteratively removing the edge with the weakest support from
each detected cycle.

Through this procedure, the outputs of different causal discovery algorithms are aggregated into a
single consensus graph, which is then used to identify a structured subset of features for downstream
representation learning.

Algorithm 1 Voting Mechanism for Causal Discovery

Require: Graphs {Gy, ..., G}, thresholds 7, 7 jent-
Ensure: Consensus graph G*.
1: Initialize an empty graph G* over all variables.
2: Edge Existence Voting: For each pair (X,Y), add an undirected edge to G* if 2{'(:1 I(X-Y e
G)>r.
3. Edge Orientation Voting: For each edge in G, assign the orientation with maximum votes if the
vote count is 2 Tyrient-
4: Conflict Resolution: Iteratively remove the lowest-voted edge from any cycles in G* until acyclic-
ity is achieved.
5. return G*

3.2. Dual-Branch Feature Representation

Our representation learning framework is designed to capture complementary feature perspectives.
Rather than assuming a strict separation between different types of information, we use a dual-branch
architecture to model both structured feature subsets and broader statistical patterns.



3.2.1. Feature Representation from Selected Features

LetX, € R™ denote the subset of features selected based on the consensus graph. This branch aims to
model interactions among these features. We adopt a multi-head self-attention mechanism to capture
context-dependent relationships.

The attention mechanism enables the model to capture the relative importance of different features
by modeling their interactions within each student’s profile.

The input X, is projected into query (Q), key (K), and value (V) matrices, and the attention output
is computed as:

| QK’

Attention(Q, K, V) = softmax T A\ (1)
d

The final representation H, is obtained via residual connection and layer normalization:

H,. = LayerNorm (X, + MultiHead(Q, K, V)) (2)

3.2.2. Global Feature Representation

In parallel, we model the full feature set X R™ to capture broader statistical dependencies that may
not be fully reflected in the selected subset. We employ a 1D Convolutional Neural Network (CNN),
which is effective at capturing local interactions among features when treated as sequences.

The CNN extracts hierarchical patterns, and its output is combined with the original input via a
residual connection and pooling operation to produce the global representation Hyg:

H, = LayerNorm (X + Linear(Pool(ConvLayers(X)))) (3)

3.3. Representation Fusion and Multi-Task Prediction

Our method can be viewed as introducing structured feature relationships as an inductive bias into
representation learning.

3.3.1. Representation Fusion

To integrate the two representations, we project H, and H into a shared space and combine them
using a weighted sum:
H=g H,+(1-g) Hj @
We set g = 0.5 to ensure a balanced contribution from both branches. This design does not assume
the dominance of either representation, but instead encourages the model to leverage complementary
information from both structured feature subsets and global statistical patterns.

3.3.2. Prediction Layer

We adopt a multi-task learning framework to improve representation quality by jointly optimizing
regression and classification objectives.
Exam Score Prediction (Regression):

n
LMSE = % Z;(fli - »)? (5)
=
Performance Classification:
1 n 3
Lelass = —= Z Z 2k log(Pi,k) (6)
ni3 k=1
Joint Optimization:
& = Pnsk + AL dlass (7)

where A balances the two tasks (set to 0.1 in our experiments).



4. Experiment

4.1. Dataset

We use the Open University dataset [37]! The dataset is split into 80% training and 20% test sets.

4.2. Baseline and Evaluation Metrics

We compare our proposed model against the following baseline methods, which are widely used in
machine learning tasks: Support Vector Machine (SVM) [38], Multi-Layer Perceptron (MLP) [39],
Decision Tree (DT) [40], Random Forest (RF) [41], XGBoost [42]. Each baseline is trained on
the raw feature set X € R™?, without the causal feature selection and global feature transformation
applied in our model. We evaluate the model’s performance on two tasks: regression (exam score
prediction) and a student performance classification task. For the exam score regression task, we
predict continuous exam scores using the following metrics: Mean Squared Error (RMSE), Mean
Absolute Error (MAE) and R-squared (R?). For the student performance classification task, we use
the following metrics: Accuracy, Precision, Recall, F1 Score.

4.3. Results of Exam Score Prediction Task

Table 1 presents the results for the exam score prediction task. Our proposed model outperforms all
baselines across all metrics, achieving the lowest RMSE and MAE and the highest R?, achieving 5.5%
performance improvement compared to the best baselines. This indicates that the combination of
causal and global feature representations captures patterns relevant to exam score prediction.

Table 1

Regression Task Results for Exam Score Prediction
Method RMSE| MAE| R*?
SVM 18.5 13.2 0.60
MLP 17.8 12.9 0.62
Decision Tree 19.5 15.4 0.54
Random Forest 18.1 13.2 0.58
XGBoost 17.5 13.0 0.62
Cavat 17.0 12.5 0.68

4.4. Results of Student Performance Classification Task

Table 2 presents the results for the student performance classification task. The proposed model
achieves the best performance across all evaluation metrics, including accuracy, precision, recall, and
F1-score, with a 4.0% improvement over the strongest baseline. These results indicate that the pro-
posed framework is effective in distinguishing between fail, pass, and distinction outcomes. While the
MLP and RF baselines also achieve competitive performance, the results suggest that incorporating
structured feature representations can further enhance predictive performance.

4.5. Ablation Study

To assess the contribution of each component in our proposed model, we conduct a comprehensive
ablation study by removing or modifying key modules: (1) the causal feature representation (H,),
(2) the global feature representation (Hyg), and (3) the causal discovery strategy. Specifically, Cavat-
NoCausal removes the causal branch and relies solely on the global representation Hy, while Cavat-
NoGlobal removes the global branch and uses only the representation learned from features identified

'Our used dataset is available at https://www.kaggle.com/datasets/anlgrbz/student-demographics-online-education-dataoulad,
note that we select a subset of the whole dataset in our paper.
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Table 2
Classification Task Results for Student performance

Method Accuracy T Precision? Recall T Fl-score !
SVM 0.69 0.68 0.69 0.68
MLP 0.71 0.70 0.71 0.71
Decision Tree 0.67 0.68 0.67 0.68
Random Forest 0.76 0.75 0.76 0.76
XGBoost 0.83 0.82 0.80 0.81
Cavat 0.87 0.85 0.83 0.84

by causal discovery (H,). In addition, we evaluate three variants using individual causal discovery al-
gorithms without the proposed voting mechanism, namely Cavat-PC, Cavat-FCI, and Cavat-GES.
These variants allow us to examine the impact of different causal structure estimation strategies. Ta-
ble 3 reports the results on both regression and classification tasks. We observe that the full model
consistently outperforms Cavat-NoCausal, indicating that incorporating features identified by causal
discovery provides useful signals for prediction. Meanwhile, the performance gap between Cavat and
Cavat-NoGlobal suggests that modeling broader statistical dependencies from the full feature space
also plays a crucial role. These results support our design choice of combining two complementary
representation perspectives. Furthermore, comparing Cavat with Cavat-PC, Cavat-FCI, and Cavat-
GES, we find that the proposed voting-based causal discovery framework consistently yields better
performance than any single algorithm. Notably, these improvements are consistent across both re-
gression and classification tasks, suggesting that the voting mechanism provides a more robust and
stable estimation of informative feature structures under different prediction objectives. Overall, the
ablation study demonstrates that both representation branches contribute complementary inductive
biases, and that the voting-based causal discovery mechanism further enhances model robustness.

Table 3

Ablation Study Results
Method Exam Score Prediction Student Performance Classification

RMSE | MAE| R*?t |Accuracy ! Precision { Recall 1 F1-score ?

Cavat-NoCausal 18.7 14.0 0.61 0.82 0.80 0.78 0.79
Cavat-NoGlobal 20.9 16.3 0.52 0.80 0.79 0.77 0.78
Cavat-PC 18.6 13.8 0.62 0.83 0.81 0.79 0.80
Cavat-FCI 18.3 13.3 0.64 0.84 0.82 0.81 0.81
Cavat-GES 18.4 13.3 0.63 0.83 0.82 0.81 0.81
Cavat 17.0 12.5 0.68 0.87 0.85 0.83 0.84

4.6. Analysis of Causal Feature Attention Weights

To enhance interpretability, we analyze the attention weights of causal features identified by the voting-
based causal discovery framework (i.e., Region, IMD, Assignment4-6 scores, and Engagement level)
under different prediction settings. The attention weights reflect the relative importance of each causal
feature. By examining these weights, we analyze feature contributions under different prediction set-
tings (e.g., pass vs. distinction). We extract attention scores that are computed viasoftmax (%),
e

where Q,K € R™ are derived from X_.. These scores capture pairwise feature contributions. To ob-
tain class-level feature importance (e.g., “pass” vs. “distinction”), we average attention scores across all
heads and samples within each class, and compute the mean attention weight for each causal feature.
The resulting normalized vector reflects the relative importance of each feature.

We visualize the learned attention weights of the selected features under different prediction set-

tings using bar plots, as shown in Figure 2. The plots present normalized attention weights, computed
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Figure 2: The Learnt Attention Weights of Causal Features for Different Prediction Settings

separately for each class to facilitate comparison. The visualization reveals different patterns of fea-
ture importance across tasks. As shown in Figure 2(a), the attention weights for the “Fail vs. Pass”
setting (where “Distinction” is grouped with “Pass”) are relatively evenly distributed across features.
This suggests that the model leverages multiple features jointly when distinguishing between failing
and passing students. Among them, Assignment5 and Assignment6 receive slightly higher attention,
indicating that these features may play a relatively stronger role in the model’s decision process. In
contrast, background-related variables such as Region and IMD receive comparatively lower attention
in this setting.

In comparison, Figure 2(b) shows a more uneven distribution of attention weights for the “Pass
vs. Distinction” setting. In this case, Region and IMD receive higher attention weights, while assign-
ment scores (Assignment4, Assignment5, Assignment6) and Engagement Level receive lower attention.
This suggests that the model relies more on background-related features when distinguishing higher-
performing students, whereas academic features contribute less prominently in this scenario.

Overall, the attention patterns differ across prediction tasks, indicating that the model adapts its
focus depending on the classification objective. For the pass—fail setting, academic-related features
appear to contribute more strongly, while for the pass—distinction setting, background-related features
receive relatively higher emphasis. These observations provide an interpretable view of how different
feature groups are utilized by the model. It is important to note that attention weights reflect the
model’s internal feature weighting rather than causal effects. Nevertheless, this analysis offers useful
insights into the model’s behavior and highlights how incorporating structured feature selection can
support more interpretable predictions in educational settings.

5. Conclusion

In this paper, we study the problem of improving prediction robustness and interpretability in Educa-
tional Data Mining. We proposed Cavat, a novel framework that integrates Causality-inspired feature
selection via ensemble voting with attention-based representation learning. Our Cavat constructs a
consensus graph that provides a more stable estimation of feature relationships. The dual-branch ar-
chitecture captures both consensus structure feature and statistical patterns from the full feature set
perspectives. Experimental results show Cavat consistently outperforms strong baselines and the abla-
tion studies further validate our design choices. In addition to predictive performance, our framework
provides insights into feature importance through attention-based analysis. The results suggest that
different features (e.g., academic-related and socioeconomic variables) contribute differently under var-
ious prediction settings, offering a more novel perspective for understanding student performance.

For future work, we plan to further investigate more principled strategies for combining and weight-
ing different structure learning methods, as well as exploring more rigorous ways to incorporate causal
assumptions into representation learning.
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