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Abstract

This study focuses on accurately predicting student academic performance to support personalized teaching and optimize
educational resource allocation. Addressing the limitations of traditional prediction methods in handling long-term
dependencies within time-series data and extracting key features, this paper proposes an innovative model that integrates
multi-head attention mechanisms with Long Short-Term Memory (LSTM) networks. The method utilizes LSTMs to
efficiently process sequential data while employing multi-head attention mechanisms to concentrate on critical information
synergistically. Experiments demonstrate that this model achieves significantly higher prediction accuracy than traditional
methods on specific datasets, with an MAE of 4.12 and an R? of 0.94, fully showcasing its outstanding performance. This
model pioneers new pathways for academic performance prediction in education, supporting scientific educational
decision-making and driving high-quality educational development.

Keywords: Multi-Head Attention; Network of Long Short-Term Memory; Academic Performance Prediction; Big Data Mining.

1. Introduction

In today's era of rapidly advancing digital education, students' academic achievement is impacted by a complex
interplay of multiple factors [1]. With the continuous advancement of educational informatization, schools have
accumulated vast amounts of student learning data, including daily homework scores, exam results, classroom
performance, and records of online learning activities. This data holds valuable insights into students' learning states,
knowledge mastery levels, and performance trends [2]. Effectively mining and utilizing this data to provide personalized
learning recommendations for students and assist teachers in optimizing instructional strategies has become a critical
issue requiring urgent resolution in the education sector [3]. Traditional forecasting methods struggle in the long run due
to the reliance inherent in time-series data, making it difficult to accurately capture the complex patterns underlying
changes in student performance [4]. Accurate academic performance prediction not only enables students to proactively
understand their learning status and potential risks across subjects but also empowers teachers to gain comprehensive
insights into both the overall class learning dynamics and individual student progress. Furthermore, it assists school
administrators in allocating educational resources more scientifically and rationally [5]. Consequently, there is an urgent
need for a predictive model capable of efficiently processing time-series data and precisely extracting key features.

Currently, both domestic and international research in educational data mining and academic performance prediction
has commenced early and yielded substantial results. On one hand, traditional statistical methods such as multiple linear
regression were widely applied in early studies [6]. Liu et al. [7] established linear models for prediction by analyzing
the correlation between factors like students' family backgrounds and study time investment with their grades. However,
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such methods prove inadequate when handling complex nonlinear relationships and time-series data. Wang et al. [8]
employed a grey prediction model to forecast student grades with small samples, achieving practical results. Abin et al.
[9] combined principal component analysis and other methods to reduce dimensions and extract features from
multidimensional factors influencing student performance before establishing a prediction model. On the other hand,
machine learning methods have gradually gained prominence [10]. Alturki et al. [11] employed decision tree algorithms
to construct models predicting course pass rates based on students' past grades and course selection patterns. Wang &
Lewis [12] achieved notable results by classifying exam scores using support vector machines. In recent years, deep
learning technologies have garnered significant attention. Li & Gao [13] utilized neural networks to predict final grades
in specific subjects, automatically extracting latent features from data. Gatzka [14] introduced attention mechanisms to
focus on critical aspects of student learning data, but the deep integration of multi-head attention with LSTMs remains
exploratory with substantial room for advancement. Despite these efforts, academic performance prediction research
faces multiple challenges and limitations [15]. First, student learning data in real educational settings often contains noise
interference. Second, acquiring large-scale, high-quality labeled data is difficult. Third, models are prone to overfitting
under small-sample training conditions, failing to generalize effectively to new data. Finally, models suffer from
insufficient interpretability.

Despite the progress made in these studies, a significant gap remains in the literature: most existing models struggle
to simultaneously account for long-term dependencies in time-series data and the dynamic weight allocation of different
features. Single LSTM models often fail to distinguish the importance of specific input features, while traditional
machine learning methods lack the depth to handle complex sequential data. To fill this gap, this study introduces a
multi-head attention mechanism to enhance the LSTM network, thereby significantly improving the model's ability to
capture key features while maintaining its capacity to process temporal information.

Addressing these research gaps, this paper proposes a multi-head attention LSTM-based academic performance
prediction model, aiming to provide an innovative solution for educational achievement forecasting. This paper deeply
integrates the multi-head attention mechanism with LSTM networks to construct a student academic performance
prediction model. It designs a step-by-step process for building an academic performance prediction based on deep
learning algorithms. Experimental validation demonstrates that the model achieves high prediction accuracy across
multiple educational datasets, showing significant improvement over traditional methods and other existing models. This
provides a more reliable basis for educational decision-making, advancing personalized teaching and the optimized
allocation of educational resources in the context of educational informatization.
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Figure 1. Basic Process of Academic Performance Prediction
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2. Related Works
2.1. Overview of Academic Performance Prediction

Academic performance prediction is a critical task in educational data mining. It aims to establish models that forecast
future academic outcomes based on historical student data—including homework grades, exam scores, classroom
performance, and other multi-source information—using data analysis and mining techniques [16]. These data typically
exhibit multi-source and heterogeneous characteristics, encompassing numerical grade data, textual comment data, and
time-series learning process data, collectively reflecting students' learning status and knowledge mastery [17]. Figure 1
illustrates the fundamental workflow of academic performance prediction, where each step from data collection to the
application of final prediction results is crucial.

Common prediction methods can be categorized into traditional statistical approaches [18] and emerging data mining
techniques [19]. Traditional statistical methods, such as linear regression, predict outcomes by analyzing linear
relationships between grades and factors like study time or family background. Nevertheless, these techniques have
drawbacks when managing complex nonlinear relationships and time-series data [20]. With the advancement of data
mining technologies, machine learning methods have gained prominence. For instance, decision tree algorithms
construct tree-like models based on diverse features within grade data—such as past performance and course
selections—to predict whether a student will pass a specific course [21]. Support vector machines achieve classification
predictions for exam scores by mapping data to high-dimensional spaces [22]. In recent years, deep learning
techniques—particularly the integration of Networks LSTM (Long Short-Term Memory) and multi-head attention
mechanism—have brought breakthroughs to academic performance prediction [23]. Table 1 compares common data-
driven algorithms for academic performance forecasting.

Table 1. Comparison of Common Academic Performance Prediction Methods

Method Advantages Disadvantages

. . . . . . Difficult to handl 1 li lationshi k in identifyi

Linear Regression Simple and easy to understand, high computational efficiency Hhieutt to an_d ¢ complex noninear re;ationsups, weak m identifying
long-term relationships in time series information

Decision Tree Strong interpretability capable of handling non-numeric data Prone to overfitting and low efficiency in processing large-scale data

Support Vector Machine
(SVM)

Sensitive to parameter selection, high computational complexity, and

High prediction accuracy suitable for small sample data difficult to handle time series data directly

Efficiently manages time series data's long-term dependencies, =~ Complex model structure and long training time require large-scale

Deep Learnin .
P ne automatically extracts data features. data support.

2.2. Long Short-Term Memory Networks

Long Short-Term Memory (LSTM) networks are a type of recurrent neural network that was created especially for
processing sequential data. They effectively deal with the gradient's disappearance and explosion issues encountered by
traditional RNNs when handling long sequences, owing to their unique gating mechanism [24]. LSTMs regulate
information flow through forget gates, input gates, and output gates, thereby capturing long-term dependencies in
sequential data.

The basic unit, Figure 2, depicts the LSTM's structure, comprising a cell state and three gating structures. The amount
of prior cell state information is determined by the forget gate, which is retained; the input gate regulates how much new
input data enters the cell state; and how much of the output gate determines current cell state is output.
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Figure 2. Basic LSTM Unit Structure

Based on its structure and principles, LSTM possesses advantages such as long-term memory capability, information
filtering functions, and robustness against noise. In academic performance prediction, LSTM can take a student's
historical grade sequence as input. By learning the temporal dependencies within the sequence, it predicts future grades,
as seen in Figure 3.
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Sequence of students'
historical achievements

Figure 3. Application of LSTM in Academic Performance Prediction
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2.3. Multiple-Head Attention System

The multi-head attention mechanism captures correlations between elements at different positions within sequence
data. By carrying out calculations in parallel across several attention heads, it broadens the model's informational
understanding dimensions, enabling more comprehensive extraction of multi-granularity features from sequence data
[25]. Figure 4 illustrates the structure regarding the mechanics of multi-head attention, demonstrating its process of
concurrently computing multiple attention heads.
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Figure 4. Multi-Head Attention Mechanism Architecture

The attention of several heads mechanism first linearly transforms the input vector into query (Q), key (K), and value
(V) matrices. Each attention head independently calculates attention weights according to the following formula:

. QK"
Attention(Q K V) = softmax< )V (1)

Jax

Here, d;, denotes the key's dimensions vector. Each attention head's outputs are concatenated and then passed through
a linear transformation to yield the final output. The whole process can be described as:

MultiHead(Q K V) = Concat(head; head, -+ head,)W?° 2)

where head, = Attention(QVKQ, KWk ,VW,.V) and h denote the quantity of attention heads, and WO denotes the
concatenated linear transformation matrix.

Based on its structure and principles, the mechanism of multi-head attention captures multi-granularity features,
enhances expressive power, and improves training efficiency. In the field of natural language processing, it is widely
applied to tasks like machine translation and text generation [26]. In machine translation, this mechanism enables models
to simultaneously focus on different words within input sentences and their syntactic and semantic relationships, thereby
generating more accurate and fluent target-language sentences [27]. In academic performance prediction, the mechanism
for multi-head attention can capture multidimensional correlations between student grades and other relevant factors,
thereby improving the accuracy of prediction models. As illustrated in Kumari [28], one attention head may focus on the
student's exam trend, while another may concentrate on the impact of course difficulty on performance, as shown in
Figure 5.
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Figure 5. Application of Multi-Head Attention Mechanism in Academic Performance Prediction

3. Construction of an Academic Performance Prediction Model Based on Multi-Head Attention LSTM
3.1. Data Collection and Preprocessing

This study's data collection encompasses students' academic performance and related information. This study strictly
adhered to ethical guidelines. Prior to data processing, all personally identifiable information (PII) was removed and
replaced with anonymous IDs to protect student privacy. Furthermore, the data collection process was approved by the
relevant school administration and complies with the ethical standards for educational data usage. The collected data
includes daily homework scores, semester exam scores, classroom performance ratings, interaction records from online
learning platforms, course selection history, and basic background information [29]. This multidimensional dataset
comprehensively reflects students' learning behaviors and states, providing rich feature information for model training.

Data preprocessing primarily addressed issues such as missing values, significant differences in data dimensions, and
feature encoding, as illustrated in Figure 6. Some feature data for certain students in the collected dataset might be
missing. For numerical features, missing values were imputed using the feature's mean; for categorical features, the
mode was used for imputation. In addition to handling missing values, statistical outlier detection techniques were
applied to mitigate noise interference. Specifically, the Interquartile Range (IQR) rule was utilized to filter out extreme
anomaly records that significantly deviated from the normal distribution range of grades, thereby enhancing data quality.
To enhance training efficiency and accuracy, numerical features underwent standardization due to significant differences
in data dimensions. The Z-Score normalization method [30] was employed, converting each feature value into the
difference between the feature value and the mean divided by the standard deviation. This ensures the normalized data
has a variance of one and a mean of zero. For feature encoding, categorical features were converted into numerical
features for easier model processing. One-hot encoding was used, mapping each categorical value to a binary vector. In
the literature, course selections included categories such as “Mathematics,” “English,” and “Physics.” After one-hot
encoding, convert categorical features to one-hot encoding. Subsequently, feature importance analysis was performed
using the Pearson Correlation Coefficient to quantify the linear correlation between each feature and academic
performance, and features with coefficients exceeding a specific threshold were selected as model inputs. Each course
corresponds to a binary vector. For example, Mathematics is represented as [1,0,0], English as [0,1,0], and Physics as
[0,0,1]. Table 2 shows the data preprocessing methods.
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Figure 6. Schematic Diagram of Data Preprocessing Operations
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Table 2. Specific Data Preprocessing Techniques

Operation Problem Type Technique and Method
Missing Value Processing Numerical Features Mean Imputation
Missing Value Processing Categorical Features Mode Imputation

Data Standardization Large differences in feature scales Z-Score Standardization
Feature Encoding Categorical Features One-Hot Encoding

3.2. Model Architecture Design

The overall architecture of the multi-head attention LSTM-based academic performance prediction model is shown
in Figure 7. The model takes preprocessed student academic data sequences as input, including historical grades, learning
behaviors, and other features; it outputs predicted academic performance for the next phase. The model primarily consists
of an input layer, a multi-head attention layer, an LSTM layer, an output layer, and a fully connected layer.

Input Multi-head attention

Mut

Predicted Academic Performance

Figure 7. Overall Architecture Diagram

The multi-head attention LSTM-based academic performance prediction model includes an input layer, a multi-
head layer of attention, an LSTM layer, a fully connected layer, and an output layer. The input layer is given
preprocessed student academic data sequences, with its dimension determined by the number of collected features.
The multi-head attention layer contains multiple attention heads, each independently calculating the correlation
weights between elements at different positions within the input sequence. This approach enables the model to
capture key information and feature relationships from multiple perspectives within the input sequence.
Theoretically, this combination addresses the limitations of using a single model type. While LSTM resolves the
vanishing gradient problem of traditional RNNs through gating mechanisms and excels at handling dependencies
across the time dimension, the multi-head attention mechanism maps inputs into different subspaces via parallel
computation to capture spatial correlations among features from multiple dimensions. The theoretical synergy lies
in the fact that the LSTM provides temporal context, while the attention mechanism provides feature saliency
weighting, constructing a spatiotemporal modeling framework capable of simultaneously understanding "when"
changes occur and "which" factors drive them.

During the model design phase, preliminary experiments were conducted to compare the "Attention-LSTM"
(attention before LSTM) architecture with "LSTM-Attention" (LSTM before attention) and pure self-attention
architectures. The results indicated that applying the multi-head attention mechanism before the LSTM layer effectively
extracted global correlations among features prior to temporal processing, yielding the optimal convergence speed and
prediction accuracy on our dataset. The temporal processing is mostly handled by the LSTM layer. information of the
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input sequence, capturing long-term trends and dynamic patterns in student performance. It regulates the flow level of
knowledge via the forget gate, input gate, and output gate, effectively processing long sequence data. The LSTM layer's
unit count requires adjustment based on data complexity and experimental outcomes. The fully connected layer further
integrates and transforms the features output from the LSTM layer to extract higher-level feature representations.
Neurons in this layer are connected to all neurons in the preceding layer, enabling nonlinear combinations of input
features. The ReLU activation function is typically employed in fully connected layers, as it introduces nonlinearity and
mitigates the vanishing gradient problem [31]. The quantity of neurons in the output layer is established by the prediction
target. In this study, since the prediction targets the next-stage academic performance, the output layer contains a single
neuron without an activation function, directly outputting the predicted score value. Table 3 displays the outcomes of
the analysis of each layer.

Table 3. Analysis of Layers in Multi-Head Attention LSTM

Layer Name Function Parameter Analysis
Input Layer Receives preprocessed student academic data sequence Input Dimension
Multi-Head Attention Layer Calculates association weights within input sequences Number of Attention Heads
LSTM Layer Captures long-term trends and dynamic patterns of student performance Number of LSTM Units
Fully Connected Layer Further integration and transformation of features Activation Function
Output Layer Predicts the next phase of academic performance Output Dimension

3.3. Model Training Process

o Loss Function

During model training, the loss function used to quantify the difference between expected and actual scores is the
mean squared error (MSE). The MSE is calculated as follows:

1 ¥ ~ N2
MSE =3 (3~ ) G)

i=1

Here, y; symbolizes the real score, J; represents the predicted score, and N denotes the number of training samples. By
minimizing the mean squared error loss function, the model strives to make its predicted scores as close as possible to
the actual scores.

o Optimizer

To efficiently optimize model parameters and reduce the loss function value, the optimizer Adam (Adaptive Moment
Estimation) is employed. Combining the advantages of momentum and adaptive learning rates, the Adam optimizer
automatically adjusts the learning rate and accelerates the model's convergence process. Its parameter update here is the
formula:

01 =6, —a- \/%is “)
my=p;-me_1+ (1 —p) V6, Q)
Ve =Py Ve + (1= B3) - (‘791:)2 (6)

Among these, 8 denotes model parameters; a represents the rate of learning; m, and v, denote first-order moment
estimate and second-order moment estimation, respectively; 5; and [, are the decay rates controlling first-order and
second-order moment, respectively; ¢ is an extremely small constant used to prevent division by zero.

o Training Steps

The training and construction process of the multi-head attention LSTM-based academic performance prediction
model includes initializing model parameters, data partitioning, forward propagation, loss calculation, backward
propagation, and iterative training. The workflow is seen in Figure 8, with specific steps as follows:
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Figure 8. Multi-Head Attention LSTM Prediction Model Training Workflow Diagram

Initialize model parameters. Before training begins, randomly initialize the weight matrices and bias terms within
the model to establish an initial state for training.

Data partitioning. Divide the collected dataset into sets for testing, validation, and training, with proportions of
70%, 15%, and 15%, respectively. The training set is used for model training; the validation set is used to evaluate
model performance during training to adjust hyperparameters; the test set serves as the last assessment of the
model's capacity for generalization and prediction performance.

Forward propagation. The input training set data is fed into the model. After computations through the multi-
head attention layer, LSTM layer, fully connected layer, and output layer, the predicted academic scores are
obtained.

Loss calculation. The current model's loss value is computed using the mean squared error loss function based
on predicted and actual scores.

Backpropagation. The calculated loss value is propagated backward through the model to compute gradients for
each layer. Model parameters are adjusted according to these gradients and the Adam optimizer's update rules.

Iterative training. Repeat the above steps until the preset maximum number of training epochs is reached or the
model's performance on the validation set ceases to improve. After each training epoch, record the model's loss
values on both the instruction and validation sets to monitor the training process and convergence.

3.4. Model Evaluation Metrics

To

comprehensively evaluate the performance of the constructed multi-head attention LSTM-based academic

achievement prediction model, evaluation metrics including Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), and Coefficient of Determination (R?) were employed. Detailed comparative analysis is presented in

Table 4.
Table 4. Comparative Analysis of Multi-Model Evaluation Metrics
Metric Principle Purpose
MAE Calculates the mean absolute discrepancy between the expected and actual scores ~ Reflects the average deviation between predicted and actual values
RMSE Square root of the mean squared error Reflects model performance for large prediction errors
R? 1-(Residual Sum of Squares)/(Total Sum of Squares) Represents the proportion of data variation explained by the model
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4. Steps for Building an Academic Performance Prediction Model Based on Multi-Head
Attention LSTM

The steps for constructing an academic performance prediction model based on multi-head attention LSTM primarily

include data preprocessing, model architecture design, model training configuration, model training and validation,

model testing and evaluation, model optimization and adjustment, and model deployment and application. The method
for building the academic performance prediction model is seen in Figure 9, with specific steps as follows:

Data preprocessing

Model deployment and

application

Model architecture . e -
construction o = N A
Model optimization and b
tuning . )

Model fraining
configuration

Model fraining and " L
validation - -

Figure 9. Schematic Diagram of Academic Performance Prediction Model Construction Method

Step 1: Data Preprocessing. Collect student academic performance data, check for missing values, identify and
remove duplicate records and obviously anomalous values, standardize numerical features, convert categorical features
to one-hot encoding, and select features highly correlated with academic performance as model input features.

Step 2: Model Architecture Setup. Define the input layer dimensions, add multi-head attention layers, set appropriate
attention heads and dimensions per head, determine the number of LSTM units, and select suitable activation functions.

Step 3: Model Training Configuration. Choose squared mean error as the loss function and use the Adam optimizer;
determine training parameters such as training epochs and batch size.

Step 4: Model Training and Validation. During training, sequentially feed input data from the training set into the
model, performing forward propagation and backpropagation to adjust parameters. Validate the model using the
validation set to compute loss values and evaluation metrics.

Step 5: Model Testing and Evaluation. Apply the test set using the trained model to obtain predicted scores. Calculate
the model's evaluation metrics on the test set.

Step 6: Model Optimization and Adjustment. Based on the model's performance on the validation and test sets, adjust
the model's hyperparameters. Simultaneously modify factors such as the number of LSTM layers and the position of
multi-head attention layers to observe their impact on model performance, selecting the optimal model architecture.

Step 7: Model Deployment and Application. Package the trained model to enable seamless integration into
educational management systems or teaching support platforms. Collect usage feedback from teachers and students, and
refine the model based on this feedback to enhance its practicality and reliability.

5. Experimental Design and Results Analysis

5.1. Experimental Design

This experiment utilizes academic performance data from 1,000 secondary school students over the past three years.
The dataset covers six consecutive academic semesters. To ensure consistency in the time-series analysis, each student's
data was constructed as a sequence containing 6 time steps, ensuring that all subjects were observed over identical time
spans. The dataset encompasses multidimensional information, including daily homework scores, semester exam grades,
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classroom performance evaluations, online learning platform interaction records, and course selection history. The
dataset was partitioned into a test set (15%), validation set (15%), and training set (70%).

To validate the effectiveness of the proposed multi-head attention LSTM-based academic performance prediction
model, common prediction models were employed for comparison. To determine the optimal model configuration, a
Grid Search strategy was employed to systematically tune key hyperparameters, including the number of attention heads,
LSTM units, and the learning rate. Based on performance on the validation set, the parameter combination that
minimized the loss function was selected. Specific details and Table 5 display the parameter settings.

Table 5. Common Comparison Prediction Models

Algorithm Principle
Linear Regression (LR) Regularization parameter ¢=0.1 fits the intercept term
Support Vector Machine (SVM) Kernel C=100.0 gamma=0.01 for the Radial Basis Function

Two hidden layers with 64 and 32 neurons respectively, ReLU activation function, learning rate=0.01, batch size=32,

Deep Neural Network (DNN) 100 training epochs

Long Short-Term Memory (LSTM) 64 memory units in the LSTM layer, tanh activation function, Adam optimizer, batch size=32, 100 training epochs

5.2. Analysis of Experimental Results

To validate the effectiveness and efficiency of the multi-head attention LSTM-based academic performance
prediction method, this section compares it with linear regression, support vector machines, DNN, and LSTM, yielding
the results shown below.

Each model's performance comparison is shown in Table 6. As shown in Table 6, the proposed multi-head attention
LSTM-based academic performance prediction model outperforms other comparison models across all three evaluation
metrics: MAE, RMSE, and R2. Specifically, compared to a standard neural network, MAE decreased by 1.55 points,
RMSE decreased by 2.11 points, and R? increased by 0.07; compared to LSTM, MAE decreased by 0.86 points, RMSE
decreased by 1.11 points, and R? increased by 0.03. This improvement in performance can be attributed to the
introduction of the multi-head attention mechanism. Unlike standard LSTMs that treat all input time steps equally, the
proposed model dynamically adjusts weights based on the prediction target, suppressing the interference of noise data
mentioned earlier. The significant reduction in MAE and RMSE indicates that this mechanism effectively mitigates the
negative impact of outliers, rendering the model more robust when facing complex and variable student behavioral data.
This demonstrates that the proposed model possesses significant advantages in prediction accuracy and fitting
performance. Compared to the grey prediction model used by Wang et al. [8] and the decision tree algorithms employed
by Alturki et al. [11] mentioned in the introduction, the model proposed in this study not only handles nonlinear
relationships but also successfully captures dynamic changes in time series, which traditional statistical methods fail to
achieve. Furthermore, in contrast to Gatzka [14], who introduced a single attention mechanism, the multi-head design in
this study further enriches the dimensions of feature extraction, proving the necessity of deep feature fusion in
educational data mining.

Table 6. Performance Comparison of Models

Model MAE RMSE R?
Linear Regression 8.24 10.56 0.72
Support Vector Machine 6.85 8.92 0.81
Deep Neural Network 5.67 7.34 0.87
LSTM 4.98 6.12 0.91
Multi-Head Attention LSTM 4.12 5.23 0.94

Figure 10 illustrates the loss variation during the training process of the academic performance prediction model
based on multi-head attention LSTM. Training is represented on the horizontal axis, iterations, while the vertical axis
denotes loss values. The figure reveals that both training and validation set losses gradually decrease as iterations
increase, indicating continuous learning and optimization with progressively improving performance. Concurrently, the
validation set loss consistently remains lower than the training set loss throughout training, demonstrating strong
generalization capabilities and the absence of overfitting.
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Figure 11 illustrates the contrast between the actual values and the anticipated outcomes of the academic performance
prediction model based on multi-head attention LSTM on the test set. The horizontal axis represents the test sample ID,
while the vertical axis denotes the score value. The figure reveals that the predicted values of the proposed model closely
correspond to the real values, exhibiting consistent overall trends. This further validates the model's predictive accuracy

and reliability.
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Figure 11. Comparison of Predicted and Actual Values

Table 7 presents a comparison of computational complexity across models. As shown, the linear regression model
exhibits the lowest Space complexity (O(1)) and time complexity (O(n)), but its predictive performance is relatively
poor. The support vector machine (SVM) has the highest O(n®) for time complexity and O(n?) for space complexity,
resulting in prolonged training times on large datasets and limiting its practical applicability. The time complexity of the
standard neural network, LSTM, and multi-head attention LSTM is O(n?), with an O(n) space complexity. Among these,
the multi-head attention LSTM demonstrates significant advantages in prediction accuracy and model fit. Although its
time complexity is identical to that of the standard neural network and LSTM, the introduction of the attention
mechanism with several heads slightly increases training time. Nevertheless, the overall training duration remains within
an acceptable range.

Table 7. Comparison of Computational Complexity Among Models

Model Time Complexity Space Complexity
Linear Regression O(n) O(1)
Support Vector Machine Oom®) Om?)
Deep Neural Network O(n?) O(n)
LST™M O(n?) O(n)
Multi-Head Attention LSTM O(n?) O(n)

Figure 12 illustrates the distribution of prediction errors for the multi-head attention LSTM-based academic
performance prediction model on the test dataset. The axis that runs horizontally is the magnitude of prediction errors,
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while the vertical axis indicates the frequency of error occurrence. The figure reveals that prediction errors are
predominantly concentrated between -5 and 5, exhibiting an approximately normal distribution shape. This indicates that
the model's prediction errors are relatively small and demonstrate a certain degree of stability.

7

errortrequence

Figure 12. Prediction Error Distribution Map
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Table 8 demonstrates that the multi-head attention LSTM-based academic performance prediction model exhibits
outstanding performance across different subjects. The forecast mistakes for mathematics, Chinese, English, physics,
and chemistry are 3.56, 4.23, 3.45, 4.78, and 4.56, respectively, all lower than those of other comparison models. This
indicates the proposed model possesses strong versatility and adaptability, enabling accurate prediction of academic
performance across diverse subjects.

Table 8. Performance Comparison of Models Across Subject Predictions

Subject Linear Regression Support Vector Machine Deep Neural Network LSTM Multi-Head Attention LSTM
Math 7.85 6.23 4.87 4.12 3.56
Chinese 8.42 7.15 5.67 4.89 4.23
English 7.21 5.89 4.56 3.98 3.45
Physics 9.12 7.65 6.23 5.34 4.78
Chemistry 8.76 7.34 5.89 5.12 4.56

Figure 13 illustrates the attention weight distribution within the multi-head attention mechanism of the proposed
academic performance prediction model. The horizontal axis is a representation of input features, while the vertical axis
denotes attention weight values. The figure reveals that the model assigns higher attention weights to features such as
historical grades and homework completion rates, indicating their significant influence on academic performance
prediction. Analyzing the attention weight distribution can provide more targeted guidance and recommendations for
both teachers and students.
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6. Conclusion

This paper successfully constructs and validates an academic performance prediction model based on multi-head
attention LSTM, addressing the deficiencies of existing educational data mining methods in handling long-sequence
dependencies and identifying feature importance. The study first preprocessed multi-source heterogencous data through
Z-score standardization and one-hot encoding, followed by the design of a deep learning architecture incorporating multi-
head attention and LSTM layers.

Experimental results demonstrate that the proposed model outperforms traditional models across all evaluation
metrics. Specifically, compared to the standard LSTM model, the MAE decreased by 0.86, the RMSE decreased by 1.11,
and the R? increased to 0.94. This significant improvement confirms the effectiveness of the multi-head attention
mechanism in capturing critical learning behavior features, such as homework completion rates and historical grade
trends, while also validating the robustness of LSTM in processing time-series data. Compared to shallow models like
linear regression and support vector machines, this model exhibits stronger nonlinear fitting capabilities and
generalization potential.

This study not only provides educational administrators with a precise academic early warning tool to support
scientific decision-making and resource allocation but also offers data support for personalized teaching interventions.
Future work will focus on integrating more modal data, such as images and speech, to further enhance the model's
interpretability and exploring the practical deployment and application of this model in large-scale online education
platforms.
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