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Abstract

Student dropout is a persistent challenge in higher education, with
significant implications for academic quality and institutional effectiveness.
Dropout behavior typically evolves over time and is reflected in longitudinal
patterns of academic performance across semesters. This study develops
a sequential Long Short-Term Memory (LSTM) model to predict student
dropout risk using semester-wise academic data. The dataset consists of
385 undergraduate students from a Computer Science program, with
academic attributes aggregated into an initial feature matrix of shape (385,
62) and transformed into eight-semester time-series sequences. To
mitigate class imbalance, the Synthetic Minority Over-sampling Technique
(SMOTE) is applied, resulting in a balanced dataset of shape (566, 8, 10).
The proposed LSTM model comprises 32,161 trainable parameters and is
evaluated on a held-out test set. The model achieves an overall accuracy
of 0.77 and attains a recall of 1.00 for the dropout class, indicating that all
observed dropout cases in the test data are correctly identified. Rather than
emphasizing predictive certainty, this result highlights the model’s
sensitivity in capturing early risk signals of dropout within longitudinal
academic trajectories. However, the corresponding precision for the
dropout class remains limited (0.25), reflecting a trade-off between
sensitivity and false positive rates. These findings suggest that the
proposed approach is particularly suitable as an early warning and
screening mechanism to support academic monitoring and timely
intervention, while further refinement is required to enhance precision and
reduce unnecessary alerts.

INTRODUCTION

Student dropout remains a persistent challenge in higher education institutions worldwide, negatively
affecting students’ academic trajectories, institutional reputation, and resource efficiency. Dropout is rarely
an instantaneous event; rather, it is typically preceded by gradual academic disengagement reflected in
declining academic performance across semesters. Consequently, the ability to detect dropout risk at an
early stage is critical for enabling timely academic interventions and improving student retention outcomes.
Early Warning Systems (EWS) have therefore become an important strategic tool for higher education

management [1][2].

Traditional statistical and machine learning approaches for dropout prediction—such as logistic
regression, decision trees, and support vector machines—have demonstrated moderate success.
However, these approaches often struggle to model longitudinal academic trajectories, especially when
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student performance evolves over multiple semesters and exhibits non-linear temporal dependencies [3][4].
Moreover, dropout datasets are inherently imbalanced, with dropout cases forming a small minority, which
further degrades predictive performance when conventional classifiers are applied [5].

Recent advances in deep learning have significantly reshaped the landscape of dropout prediction
research. In particular, recurrent neural networks (RNNs) and their variants, such as Long Short-Term
Memory (LSTM) networks, have been widely adopted due to their ability to capture long-term temporal
dependencies in sequential data [6][7]. Empirical studies have shown that LSTM-based and hybrid
architectures (e.g., CNN-LSTM, BIiLSTM with attention) outperform classical machine learning models in
modeling semester-wise academic data, learning progression patterns, and identifying at-risk students
earlier in the academic lifecycle [8][9][10].

Within this state of the art, class imbalance handling has emerged as a crucial component of
effective dropout prediction systems. Several studies report that without resampling strategies, deep
learning models tend to bias predictions toward the majority (non-dropout) class, resulting in poor recall for
actual dropout cases [11][12]. Synthetic Minority Over-sampling Technique (SMOTE) and its variants have
therefore been extensively employed to improve minority class detection, particularly when the primary
objective of EWS is to minimize false negatives, i.e., failing to identify students who will eventually drop
out [11][13].

Despite these advances, notable research gaps remain. Many existing studies emphasize overall
accuracy while paying limited attention to recall for the dropout class, which is arguably the most critical
metric in academic intervention contexts [2]. From a practical perspective, a model that successfully
identifies all at-risk students—even at the cost of higher false positives—is more valuable than a model that
misses actual dropout cases. Furthermore, most reported results are based on short-term or cross-sectional
data, whereas semester-wise longitudinal modeling remains underexplored in resource-constrained
institutional settings [10].

Motivated by these gaps, this study proposes a sequential LSTM-based dropout prediction
model using semester-wise academic data from an undergraduate Computer Science program. By
explicitty modeling eight semesters of academic progression and applying SMOTE to address data
imbalance, the proposed approach prioritizes maximum recall for the dropout class, aligning with the
core objective of Early Warning Systems. Unlike prior work that focuses predominantly on aggregate
performance metrics, this study highlights recall-driven evaluation as a key contribution toward practical,
intervention-oriented academic monitoring systems.

Theoretical Background
1. Long Short-Term Memory (LSTM) for Longitudinal Academic Data

Long Short-Term Memory (LSTM) is a specialized form of Recurrent Neural Network (RNN) designed to
address the vanishing gradient problem commonly encountered in standard RNN architectures [6]. Unlike
traditional feedforward models, LSTM networks are explicitly constructed to model sequential and
temporal dependencies, making them particularly suitable for longitudinal data such as semester-wise
academic records.

An LSTM cell consists of three primary gating mechanisms: the input gate, forget gate, and
output gate. These gates regulate the flow of information into and out of the cell state, enabling the network
to selectively retain or discard information over long sequences [7]. Formally, at each time step ttt, the
LSTM updates its internal state by combining the current input with historical memory, allowing it to learn
both short-term variations and long-term trends in sequential data.

In the context of student dropout prediction, academic performance does not fluctuate randomly
but evolves gradually across semesters, reflecting patterns of engagement, course load adaptation, and
academic difficulty. Prior studies have demonstrated that LSTM-based models are more effective than
classical machine learning approaches in capturing such semester-to-semester progression patterns,
leading to improved identification of at-risk students [8][9][10]. Consequently, LSTM has become a core
architecture in contemporary Early Warning Systems for higher education [2].
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In this study, a sequential LSTM architecture is employed to model eight semesters of academic data,
enabling the network to learn temporal dependencies across students’ academic trajectories rather than
relying solely on aggregated or cross-sectional indicators.

2. Synthetic Minority Over-sampling Technique (SMOTE)

A fundamental challenge in student dropout prediction is class imbalance, where the number of dropout
cases is substantially smaller than non-dropout cases. Such imbalance often causes predictive models to
favor the majority class, resulting in poor recall for the minority (dropout) class—a critical limitation for Early
Warning Systems [5][12].

The Synthetic Minority Over-sampling Technique (SMOTE) addresses this issue by generating
synthetic samples for the minority class through interpolation between existing minority instances in the
feature space [11]. Instead of duplicating samples, SMOTE creates new data points along the line segments
connecting nearest neighbors, thereby increasing class diversity and reducing overfitting risks associated
with naive oversampling.

Recent studies in educational data mining and learning analytics have shown that integrating
SMOTE with deep learning architectures significantly improves minority class sensitivity, particularly
recall, which is essential for identifying all students at risk of dropout [13][2]. While SMOTE may introduce
an increase in false positives, this trade-off is often acceptable in academic monitoring scenarios, where
missing a dropout case is more detrimental than issuing additional alerts [3].

In this research, SMOTE is applied after transforming academic records into semester-wise
sequences to ensure balanced representation of dropout and non-dropout patterns during model training.
This design choice aligns with the primary objective of Early Warning Systems, namely maximizing
detection sensitivity for at-risk students.

3. Conceptual Rationale of the Proposed Approach

By combining LSTM-based sequential modeling with SMOTE-based imbalance handling, the proposed
approach is grounded in two key principles established in the literature:

1. dropout behavior is inherently temporal and cumulative, and

2. effective intervention-oriented systems must prioritize high recall for the dropout class.

Rather than optimizing for overall accuracy alone, this study emphasizes sensitivity-driven evaluation to
support practical academic decision-making. This conceptual foundation positions the proposed model as
a screening-oriented prediction mechanism, suitable for integration into institutional Early Warning
Systems.

METHODS

The overall research framework proposed in this study is illustrated in Figure 1. The methodology consists
of five main stages: data collection, preprocessing, handling class imbalance, LSTM modeling, and model
evaluation.
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FIGURE 1. Research Flow

1. Dataset Description

The dataset used in this study consists of academic records of undergraduate students from the Computer
Science program, FMIPA. After data cleaning, 385 student records were retained. Each student is
represented by GPA and credit load per semester for eight semesters. Student status is converted into a
binary label: 1 for dropout and 0 for non-dropout.

2. Data Preprocessing

Data preprocessing includes label binarization, feature normalization using Min-Max scaling, sequence
construction, and class imbalance handling using SMOTE. The final dataset shape is (566, 8, 10) after
oversampling.

Data Integration

The data used in this research were obtained from two main sourcer, the higher education database
(PDDikti-ilkom), and the academic information system (SIAKAD FMIPA). Data from PDDikti were collected
from multiple spreadsheet files (.xlIsx) that are organized by academic semester. The observation period
spans from semester 99 (odd semester of 2013) to semester 118 (even semester of 2022). For each
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semester, five distinct data files are provided, namely academic record, student biodata, graduation
information, course information, and course grades. In addition, complementary administrative data were
collected from the SIAKAD FMIPA UNJ system in the form of a single consolidated file. This dataset
contains information that is not comprehensively recorded in PDDikti, such as admission pathways, student
enroliment status, registration types, and tuition fee categories.

Understanding the PDDikti Data

The data understanding phase was conducted to gain an in-depth comprehension of the structure,
attributes, and interrelationships among the datasets obtained from PDDikti. Understanding these
characteristics is essential to determine appropriate integration strategies and to identify potential data
quality issues prior to preprocessing. Each semester folder contains five types of files:

1. PDDikti-Akademik.xlIsx, containing students’ academic performance per semester, including
semester GPA (IP), cumulative GPA, semester credit load (SKS), and cumulative credits.

2. PDDikti-Biodata.xlIsx, containing student demographic information such as gender, place and
date of birth, parental information, and tuition category

3. PDDikti-Kelulusan.xlsx, containing graduation information including graduation semester,
graduation date, and final GPA (IPK).

4. PDDikti-MataKuliah.xlIsx, containing course metadata including course code, course name, and
credit units.PDDikti-Nilai.xIsx, containing detailed course-level grades for each student, including
letter grades and numeric scores.

The second data source is a single Excel file named Data_MHS-FMIPA.x1sx, obtained from SIAKAD
FMIPA. This dataset provides complementary student attributes such as admission pathway, enroliment
year (cohort), registration type, tuition scheme, and student status as of 2022,

Due to differences in data structure and record ordering between datasets, direct merging was not feasible.
Therefore, data integration was performed using Microsoft Excel with the VLOOKUP function, using the
student identification number (NIM) as a unique identifier. The file PDDikti-Biodata.xlsx was selected as
the primary (destination) dataset because it contains the most comprehensive set of attributes. Biodata files
from all semesters were first merged into a single file, and duplicate records were removed. To ensure
accurate lookup operations, a helper column was created by concatenating the NIM with the target column
name (e.g., “_Angkatan”). The same helper column structure was applied in both the destination and source
files. The enroliment year (Angkatan) was then retrieved from Data_MHS-FMIPA . x1sx using the VLOOKUP
function with exact matching. The Angkatan variable served as a filter for determining the correct semester
source when retrieving semester GPA (IP) and credit load (SKS). For each cohort, semester GPA (IP1-
IP8) and credit load (SKS1-SKS8) were populated by referencing the corresponding PDDikti-
Akademik .x1sx file based on semester mapping. Missing lookup results were handled using the IFNA
function to avoid lookup errors.

Due to the large number of course-related attributes, Microsoft Excel was insufficient for integrating course
grades. Therefore, Python programming was employed using Google Colaboratory. All PDDikti-
Nilai.x1lsx files from different semesters were merged into a single dataframe. Similarly, all PDDikti-
MataKuliah.x1lsx files were combined to obtain a complete list of courses. Duplicate course names
resulting from repeated offerings across semesters were removed. The course list was transposed to form
new columns, with NIM as the row identifier. An iterative algorithm was then applied to map each student’s
letter grade to the corresponding course column based on matching NIM and course name. Courses with
different names but equivalent academic content due to curriculum changes were consolidated into single
features using forward-fill and value replacement techniques. Finally, the course-grade dataset was merged
with the biodata-academic dataset using the NIM identifier, resulting in a unified dataset containing
academic performance, demographic information, and course-level grades.
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After data integration, preprocessing was conducted to enhance data quality and analytical reliability. This
stage includes data cleaning, handling missing values, resolving inconsistencies, and identifying outliers.
Preprocessing ensures that the dataset accurately represents real academic conditions while remaining
suitable for quantitative analysis.

Handling Missing Values

Missing values were identified in both numerical and categorical attributes. Numerical missing values, such
as GPA and credit variables, were imputed using median values to reduce the influence of extreme
observations. Categorical missing values were replaced using the most frequently occurring category
(mode). Missing value handling was generally applied to all columns containing null values, particularly
numerical attributes such as semester GPA (IP) and credit units (SKS). Missing values in the IP and SKS
columns were imputed using the median of each respective column, as these variables are numerical in
nature. The use of median imputation was chosen to reduce the influence of extreme values that could
distort the data distribution if mean-based imputation were applied. This approach ensures that the imputed
values better represent the majority of students’ academic conditions and maintain the overall robustness
of the dataset.

Handling Data Inconsistencies

Data inconsistencies, particularly in numeric formatting, were corrected through normalization procedures.
These corrections ensure that all numerical attributes follow a uniform format, thereby preventing errors in
subsequent analytical stages. Data inconsistency handling was conducted to address irregularities in
numerical attributes, particularly in semester Grade Point Average (GPA/IP) data. Inconsistencies were
observed in the form of non-uniform numerical formats, such as variations in decimal precision and values
that did not conform to the valid academic GPA range. To resolve these issues, all GPA values were
standardized into a consistent numerical format with uniform decimal representation. Values identified
outside the acceptable academic range were reviewed and corrected based on institutional academic
regulations or treated as invalid entries when verification was not possible. This standardization process
enhances data consistency, minimizes potential analytical errors, and improves the reliability of subsequent
statistical analyses and modeling processes.

Outlier identification

Outliers were identified using boxplot analysis. However, outliers in GPA and credit attributes were not
removed because they remain within academically valid ranges and reflect genuine variations in student
performance. Outlier handling is commonly applied to reduce data inconsistency and improve data quality.
In this study, outlier analysis was conducted on numerical attributes such as semester Grade Point Average
(GPAJ/IP) and credit units (SKS). However, outliers identified in the IP and SKS columns were not removed
or adjusted, as these values remained within academically acceptable ranges and accurately represented
students’ actual academic conditions. High or low variations in SKS values may naturally occur due to
differences in course load taken by students in each semester. Similarly, extreme IP values reflect genuine
differences in students’ academic abilities. Therefore, removing outliers from these variables could
potentially eliminate meaningful information that is relevant for performance analysis.

Data Reduction and Transformation

Data reduction was performed by removing attributes that function solely as identifiers or are not relevant
to the research objectives. Data transformation was subsequently applied to restructure the dataset into a
format suitable for advanced analytical techniques such as clustering and classification.The data reduction
process was conducted to focus the analysis on attributes that are directly relevant to the research
objectives. Specifically, the reduced dataset retains key academic variables such as semester-based Grade
Point Average (GPA/IP), credit units (SKS), and course grades with approximately 70 percent or more non-
missing values. This reduction process significantly decreased data dimensionality and sparsity, thereby
improving computational efficiency during the modeling stage. The resulting dataset provides a more
representative and structured view of students’ academic performance. The attributes retained after the
data reduction process are illustrated in the following table.
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TABLE 1. Dataset
No Column Name Data Type Description
1 Gender Categorical Stude.nt. gender attribute used for demographic
description.
2 Student Religion Categorical Religion practiced by the student.
3 Admission Pathway Categorical Adm|s§|on pathway through which the student entered
the university.
4 Cohort Year Numerical Student cohort or year of entry into the study program.
5 Entry Semester Numerical Academic semester when the student first enrolled.
6 GPA Semester 1 (IP1) | Numerical Grade Point Average achieved by the student in the first
semester.
7 GPA Semester 2 (IP2) | Numerical Grade Point Average achieved by the student in the
second semester.
8 GPA Semester 3 (IP3) | Numerical Grade Point Average achieved by the student in the
third semester.
9 GPA Semester 4 (IP4) | Numerical Grade Point Average achieved by the student in the
fourth semester.
10 | GPA Semester 5 (IP5) | Numerical Grade Point Average achieved by the student in the fifth
semester.
11 | GPA Semester 6 (IP6) | Numerical Qrade Point Average achieved by the student in the
sixth semester.
12 | GPA Semester 7 (IP7) | Numerical Grade Point Average achieved by the student in the
seventh semester.
13 | GPA Semester 8 (IP8) | Numerical G_rade Point Average achieved by the student in the
eighth semester.
14 | Cumulative GPA (IPK) | Numerical Cumulat_lve Grade Point Average representing overall
academic performance.
15 (Csrﬁgl’;s) Semester 1 Numerical Total number of credits taken in the first semester.
16 (Csrﬁggs) Semester 2 Numerical Total number of credits taken in the second semester.
17 (Csrﬁgés) Semester 3 Numerical Total number of credits taken in the third semester.
18 (Csrﬁglf) Semester 4 Numerical Total number of credits taken in the fourth semester.
19 (Csrﬁglt;) Semester 5 Numerical Total number of credits taken in the fifth semester.
20 (Csrﬁgés) Semester 6 Numerical Total number of credits taken in the sixth semester.
21 (Csrﬁglt?s) Semester 7 Numerical Total number of credits taken in the seventh semester.
22 (Csrﬁgés) Semester 8 Numerical Total number of credits taken in the eighth semester.
23 | Student Status Categorical Academic status of the student (active, graduated, or
dropout).
24 | Tuition Fee Category Numerical Tuition fee category assigned to the student.
25 | subject Categorical grades for all semester courses
26 | Distance Category Categorical Categorization of student residence distance.
27 | Residence Status Categorical Student living status (e.g., boarding house or family

home).
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3 LSTM Architecture

This study employs a single-layer sequential Long Short-Term Memory (LSTM) architecture to model
semester-wise academic trajectories for student dropout prediction. The architecture is designed to capture
temporal dependencies in longitudinal academic data while maintaining model simplicity to reduce the risk
of overfitting given the dataset size.

3.1 Input Representation

The input to the model consists of semester-wise academic sequences with a fixed length of eight
semesters. Each semester is represented by ten academic features, resulting in an input tensor of shape
(8, 10) for each student. This representation enables the model to learn patterns of academic progression
and decline across consecutive semesters rather than relying on aggregated indicators.

3.2 LSTM Layer

The core of the model is a single LSTM layer with 64 hidden units. This layer processes the input
sequence sequentially, updating its internal memory through input, forget, and output gates. By preserving
and selectively updating the cell state over time, the LSTM layer is able to model long-term dependencies
in academic performance, such as cumulative academic difficulties that precede dropout.

The single-layer configuration was intentionally selected to balance model expressiveness and
generalization capability, considering the moderate dataset size. The total number of trainable
parameters in the LSTM model is 32,161, all of which are optimized during training.

3.3 Output Layer

The output of the LSTM layer is passed to a fully connected dense layer with a sigmoid activation
function, producing a single scalar value representing the probability of student dropout. This output is
subsequently thresholded to perform binary classification into dropout and non-dropout categories.

3.4 Architectural Rationale

The proposed single-layer LSTM architecture is motivated by three key considerations. First, dropout
behavior is inherently temporal and cumulative, requiring a model capable of learning sequential patterns
across semesters. Second, compared to stacked or hybrid deep architectures, a single-layer LSTM reduces
the risk of overfitting and improves interpretability in educational data settings. Third, the architecture aligns
with the operational goals of Early Warning Systems, where sensitivity to early risk signals is prioritized
over architectural complexity.

The LSTM model consists of two stacked LSTM layers with dropout regularization, followed by dense layers
for binary classification. The model is trained using the Adam optimizer and binary cross-entropy loss.

TABLE 2. LSTM Model Architecture

Layer Output Shape Description
LSTM (64 units) (None, 8, 64) Temporal feature extraction
Dropout (None, 8, 64) Regularization
LSTM (32 units) (None, 32) High-level sequence modeling
Dense (None, 16) Feature transformation
Dense (Sigmoid) (None, 1) Dropout probability output

RESULTS AND DISCUSSION

The experimental evaluation was conducted on a held-out test set comprising 20% of the total dataset to
assess the generalization capability of the proposed LSTM model. The performance of the model is
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primarily evaluated using the confusion matrix and standard classification metrics, with a specific focus on
Recall to ensure all at-risk students are identified. Figure 1 presents the detailed confusion matrix obtained
from the test data.

Confusion Matrix

o 18 40
= 30
=]
g
- 20
- 0 6
-10
-0
0 1

Predicted
FIGURE 2. Confusion Matrix (Test Data)

As shown in Figure 1, the model demonstrated a strong ability to identify the minority class by correctly
classifying all 6 actual dropout cases with zero False Negatives. However, it exhibited a tendency towards
over-caution by misclassifying 18 non-dropout students as at-risk. Consequently, while the overall accuracy
stood at approximately 76.6%, the model achieved a perfect Recall of 1.00 for the dropout class, although
this resulted in a lower Precision score of 0.25. The stability of the learning process is illustrated in Figure
2 and Figure 3 below.
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FIGURE 3. Training and Validation Loss
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The training curves indicate that the LSTM architecture effectively learned the temporal dependencies in
the semester-wise academic data, showing steady convergence in loss values without severe overfitting.
In the context of predicting student dropout, this performance profile is strategically advantageous. The
primary objective of an early warning system is to ensure that no at-risk student goes unnoticed, therefore
Recall is prioritized over Precision. The cost of a False Negative, where a student drops out without prior
intervention, is significantly higher for the institution than the cost of a False Positive. A False Positive
merely results in additional academic monitoring for a student who might not have needed it, which is a
manageable preventive measure. Future work may focus on improving precision through threshold tuning
to reduce the false alarm rate without compromising the perfect sensitivity of the model.

CONCLUSION

This study investigated the use of a sequential Long Short-Term Memory (LSTM) model for predicting
student dropout risk based on semester-wise academic data. By modeling eight semesters of longitudinal
academic trajectories and addressing class imbalance using the Synthetic Minority Over-sampling
Technique (SMOTE), the proposed approach aims to support early identification of students at risk of
dropping out.

Experimental results demonstrate that the model achieves an overall accuracy of 0.77 on the test
set, with a recall of 1.00 for the dropout class. This indicates that all dropout cases in the evaluation data
were successfully identified. Although the precision for the dropout class remains relatively low, reflecting
the presence of false positives, this trade-off is acceptable in the context of academic Early Warning
Systems, where failing to detect at-risk students is more critical than generating additional alerts.

The training and validation curves further support these findings. The loss curves show a consistent
downward trend with no sustained divergence between training and validation loss, suggesting that the
model converges effectively without severe overfitting. Similarly, the accuracy curves indicate stable
learning behavior, with validation accuracy exhibiting fluctuations due to the limited number of dropout
samples but remaining comparable to training accuracy in later epochs. These patterns suggest that the
model generalizes reasonably well given the dataset size and imbalance characteristics.

Overall, the results confirm that sequential LSTM models are well-suited for capturing temporal
patterns in academic performance and can serve as a sensitive screening mechanism for dropout risk
detection. While the current model prioritizes recall to support early intervention, future work should focus
on improving precision through feature enrichment, alternative resampling strategies, cost-sensitive
learning, or hybrid architectures. Incorporating non-academic factors and validating the approach on larger
and multi-institutional datasets would further enhance robustness and generalizability.

Several directions can be pursued to further enhance the effectiveness and applicability of the
proposed dropout prediction approach. First, future studies should incorporate non-academic and
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behavioral features, such as attendance records, learning management system activity, and student
engagement indicators, to improve prediction precision and reduce false positive rates. Second, alternative
strategies for addressing class imbalance, including cost-sensitive learning, focal loss, and ensemble-
based resampling methods, may provide a better balance between recall and precision. Third, more
advanced sequential architectures, such as stacked LSTM, Bidirectional LSTM, or attention-based
models, should be explored to capture richer temporal dependencies while maintaining generalization
capability. Finally, validating the proposed model on larger, multi-cohort, and multi-institutional
datasets is essential to assess robustness, scalability, and generalizability in real-world Early Warning
System deployments.
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