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I. INTRODUCTION
Higher education plays a fundamental role in strengthening human capital, promoting

social mobility, and supporting sustainable economic development. In Indonesia, the
implementation of higher education is governed by Law Number 20 of 2003 concerning the
National Education System and Law Number 12 of 2012 concerning Higher Education,
which emphasize equitable access, educational quality, and the development of students'
intellectual and professional competencies[1]. Furthermore, Article 31 of the 1945
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Constitution of the Republic of Indonesia establishes education as a fundamental right,
reinforcing the government's responsibility to provide inclusive educational opportunities.
Within this regulatory framework, academic achievement, commonly measured through
the Grade Point Average (GPA), represents an important indicator of students' learning
outcomes and academic progression. Nevertheless, academic achievement is influenced not
only by intellectual abilities and individual learning motivation but also by socioeconomic
circumstances that shape students' educational opportunities. The socioeconomic
dimension is particularly relevant in Indonesia, where disparities in household income,
parental employment, educational resources, and access to digital technologies may
contribute to unequal learning conditions. These challenges are consistent with
international research demonstrating that socioeconomic inequalities remain closely
associated with educational achievement and the reproduction of educational
disadvantages across generations [2]. Consequently, understanding socioeconomic
disparities in higher education is essential for developing evidence-based academic
interventions and strengthening educational equity.

Lampung Province provides a relevant regional context for investigating the
relationship between socioeconomic characteristics and university students' academic
achievement. The province accommodates various public and private higher education
institutions, including universities, institutes, polytechnics, and specialized colleges,
serving students from diverse geographical and socioeconomic backgrounds. This
institutional diversity creates opportunities for educational participation while
simultaneously introducing challenges associated with unequal household financial
resources and academic support systems. Students from economically disadvantaged
households may experience difficulties in obtaining learning materials, maintaining
reliable internet connectivity, accessing appropriate digital devices, and meeting
transportation and living expenses. Such limitations may affect learning engagement,
academic persistence, and ultimately GPA. Conversely, students from financially stable
households may benefit from greater access to educational facilities and supportive
learning environments, although economic advantages do not necessarily guarantee
superior academic performance. Research by Sirin [1], [3] established a significant
relationship between socioeconomic status and academic achievement, while Richardson
et al. [4] demonstrated that university academic performance is shaped by multiple
psychological and contextual determinants. These findings suggest that socioeconomic
conditions should be examined alongside the broader complexity of student achievement
rather than treated as isolated or deterministic predictors. Accordingly, a systematic
analysis of socioeconomic characteristics in the Lampung higher education context is
necessary to identify potentially vulnerable student groups and support more equitable
institutional decision-making.

Socioeconomic status is a multidimensional construct generally represented by
household income, parental occupation, parental educational attainment, household
composition, and access to material resources. In Indonesia, household economic
conditions are commonly examined through income and expenditure indicators, poverty
thresholds, and household welfare characteristics reported by Statistics Indonesia (BPS).
However, socioeconomic classification requires careful operationalization because national
poverty thresholds and expenditure-based welfare measures cannot automatically be
equated with fixed parental income categories. Within higher education, parental income
and employment status may serve as measurable indicators of financial capacity,
particularly in relation to tuition affordability, learning facilities, and the ability to sustain
educational participation. Indonesian higher education policy also recognizes economic
accessibility through tuition-related mechanisms and financial assistance programs,
including the Kartu Indonesia Pintar Kuliah (KIP Kuliah) initiative. International evidence
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further highlights the relationship between family socioeconomic background and
educational outcomes. Rodriguez-Hernandez et al. [5], through a systematic review and
meta-analysis, identified socioeconomic status as a relevant determinant of academic
performance in higher education, while Musso et al. [6] demonstrated the potential of
predictive analytics for identifying patterns associated with university academic
performance. Nevertheless, the relationship between socioeconomic characteristics and
GPA may vary across institutional environments, demographic groups, and educational
contexts. Therefore, an empirical classification approach is needed to determine which
socioeconomic attributes are most informative in distinguishing academic achievement
categories among university students.

Educational data mining and machine learning have increasingly been employed to
identify patterns associated with student achievement and to support early academic
intervention. Among the available classification techniques, the C4.5 decision tree
algorithm offers practical advantages because it generates interpretable decision rules,
accommodates categorical and numerical attributes, and selects relevant predictors
through information gain ratio. Such characteristics make it suitable for examining
socioeconomic variables, including parental income, occupation, and household economic
conditions. Previous research by Musso et al. [6] demonstrated the potential of artificial
neural networks for predicting academic performance, while Romero and Ventura [7]
highlighted the growing contribution of educational data mining to understanding student
learning behavior and institutional decision-making. Similarly, Alyahyan and Diistegor [8]
emphasized the importance of predictive analytics in identifying students at risk of
academic underperformance and improving institutional support strategies. Although
these studies demonstrate the usefulness of machine learning in educational prediction,
predictive performance alone does not necessarily provide transparent explanations of how
socioeconomic attributes contribute to academic classifications. Furthermore, models
developed using extensive academic, behavioral, and psychological variables may not be
directly applicable to institutions with limited data availability. Therefore, the C4.5
algorithm offers a potentially valuable alternative for developing an interpretable
classification framework that connects socioeconomic characteristics with academic
achievement categories while producing decision rules that educational administrators can
understand and evaluate.

Despite the growing literature on socioeconomic inequalities and educational
prediction, several research gaps remain. First, existing systematic reviews have established
associations between socioeconomic status and academic achievement, but the strength and
direction of these relationships vary across educational contexts, suggesting that findings
cannot be generalized without institution-specific validation [1], [2]. Second, previous
predictive studies have frequently emphasized overall classification accuracy or
incorporated extensive combinations of academic and behavioral variables, leaving
opportunities to investigate the predictive contribution of socioeconomic attributes
independently. Third, although decision tree algorithms provide interpretable
classification structures, the extent to which parental income and related socioeconomic
indicators can reliably distinguish university students' GPA categories within the regional
context of Lampung requires further empirical examination. Fourth, the practical
usefulness of socioeconomic-based classification models for supporting equitable academic
assistance and student welfare policies remains an important research consideration. These
limitations establish the central research problem: to what extent can socioeconomic factors
predict university students' academic achievement, which socioeconomic attributes
provide the greatest discriminatory information, and how effectively can the C4.5 decision
tree classify students into GPA-based achievement categories? Addressing these questions
is particularly important because socioeconomic disadvantage should not automatically be
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interpreted as evidence of low academic capability. A predictive framework must therefore
be evaluated not only in terms of classification performance but also in relation to
interpretability, potential socioeconomic bias, and the responsible use of student
information.

Based on these considerations, this study aims to develop and evaluate an interpretable
academic achievement prediction model using the C4.5 decision tree algorithm, with
socioeconomic characteristics serving as the primary predictor variables. Specifically, the
research seeks to identify relevant socioeconomic attributes, examine the predictive
contribution of parental income and other available household characteristics, classify
university students into predefined academic achievement categories based on their Grade
Point Average (GPA), and extract decision rules describing the relationships between
socioeconomic conditions and academic outcomes. The proposed model will be evaluated
using appropriate classification performance measures, including accuracy, precision,
recall, and F1-score, supported by a confusion matrix and a suitable validation strategy to
assess predictive reliability. The anticipated contribution of this research lies in the
development of a context-specific and interpretable socioeconomic-based academic
classification framework for higher education institutions in Lampung Province. Unlike
approaches that prioritize predictive accuracy without adequately explaining classification
mechanisms, this study emphasizes the transparency of decision rules and their potential
relevance to educational decision-making. The findings are expected to contribute
theoretically to educational data mining by providing empirical evidence concerning the
predictive utility of socioeconomic attributes and practically to university management by
supporting the identification of students who may require additional financial assistance,
academic mentoring, or targeted educational support. Ultimately, the proposed framework
is intended to complement, rather than replace, comprehensive academic assessment and
to promote more inclusive, transparent, and evidence-informed higher education policies.

II. RESEARCH METHOD
2.1. Data Collection
This study employed a quantitative research approach supported by multiple data
collection techniques to investigate the relationship between students' socioeconomic
backgrounds and academic achievement at Institut Bakti Nusantara (IBN), Lampung,
Indonesia. The data collection process was designed to obtain reliable, relevant, and
structured information for developing an academic achievement prediction model using
the C4.5 Decision Tree algorithm. Five complementary techniques were employed:
observation, interviews, questionnaires, documentation, and literature review. These
methods were integrated to identify socioeconomic indicators, obtain students' academic
records, verify data consistency, and establish the theoretical foundation for predictive
modeling. The primary variables included parental income, parental occupation, and other
available socioeconomic characteristics, while students' Grade Point Average (GPA) served
as the basis for defining academic achievement categories. The integration of primary and
secondary data sources was intended to improve data completeness and minimize
inconsistencies before the classification process.
a) Observation
Observation was conducted directly at Institut Bakti Nusantara to examine the
institutional environment, student academic information management, and the
availability of socioeconomic data relevant to the research objectives. This technique
involved systematically identifying how student information was collected,
maintained, and accessed within the institution. Particular attention was given to
the availability of academic performance records, socioeconomic information, and
administrative procedures related to student data management. The observation
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process also supported the identification of potential data quality issues, including
missing information, inconsistent attribute formats, and incomplete student
profiles. The findings were used to establish the research context, determine the
feasibility of data collection, and support the development of a structured dataset
suitable for C4.5-based classification. Observation was treated as a contextual and
procedural data collection technique rather than a direct measurement of students'
household economic conditions.

Interviews

Semi-structured interviews were conducted with relevant institutional
representatives at Institut Bakti Nusantara to obtain contextual information
concerning student academic records, socioeconomic data availability, institutional
data management practices, and research authorization procedures. The interviews
focused on identifying the sources of student information, understanding GPA
assessment procedures, clarifying socioeconomic indicators, and determining the
institutional requirements for accessing academic data. The interview process also
aimed to identify potential limitations in the existing information system,
particularly regarding data completeness, confidentiality, and consistency.
Information obtained through interviews was used to support the selection of
research variables, validate the interpretation of institutional records, and establish
appropriate procedures for integrating questionnaire responses with academic
documentation. The interview findings were not treated as direct classification
inputs unless the information was converted into clearly defined, student-level
variables supported by verifiable data.

Questionnaires

A structured questionnaire was administered to students of Institut Bakti Nusantara
to collect primary data concerning their socioeconomic backgrounds. The
questionnaire was designed to obtain standardized information on parental income,
parental occupation, parental educational attainment, and other relevant household
characteristics, subject to the availability and scope of the research instrument.
Closed-ended questions and predefined response categories were used to facilitate
data coding, minimize variations in interpretation, and support subsequent
computational analysis. Parental income was recorded using clearly defined
monetary ranges, while occupational and educational characteristics were
represented through categorical attributes. Before model development,
questionnaire responses were examined for completeness, consistency, duplicate
records, and potentially invalid entries. The collected data were subsequently
encoded and integrated with verified academic achievement information to
construct the classification dataset. Participation was based on informed consent,
and identifying information was excluded from the analytical dataset to protect
respondents' confidentiality. The resulting socioeconomic attributes served as
predictor variables in the C4.5 Decision Tree model.

Documentation

Document analysis was employed to obtain secondary data from institutional
academic records and other relevant administrative documents. The primary
purpose of this technique was to retrieve and verify students' academic achievement
information, particularly their cumulative GPA, which served as the dependent
variable in the classification model. Relevant documentation also included student
enrollment information, institutional data management records, and supporting
materials required to validate the research dataset. Academic records were matched
with questionnaire responses using authorized identifiers before personal
information was removed or replaced with anonymized codes. The documentation
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process emphasized data accuracy, consistency, and traceability, ensuring that
academic achievement categories were derived from verified institutional records
rather than solely from students' self-reported information. Supporting
documentation, including research authorization records and fieldwork materials,
was maintained to strengthen the transparency and reproducibility of the research
procedures. Access to academic records was subject to institutional approval and
applicable personal data protection requirements, including Indonesia's Law
Number 27 of 2022 concerning Personal Data Protection.
e) Literature Review

A structured literature review was conducted to establish the theoretical and
methodological foundation of the study. Relevant scientific publications were
identified through academic databases and scholarly sources, with particular
emphasis on peer-reviewed international journal articles indexed in Scopus. The
literature search focused on socioeconomic status, parental income, academic
achievement prediction, educational data mining, decision tree classification, and
the C4.5 algorithm. Priority was given to recent studies published within the
preceding five years, while foundational publications were considered where
necessary to explain established concepts and classification methods. The selected
literature was critically examined to identify commonly used socioeconomic
indicators, GPA classification strategies, data preprocessing techniques, predictive
performance metrics, and methodological limitations in previous research. The
review also supported the identification of the research gap, particularly the limited
context-specific evidence regarding the interpretability and predictive contribution
of socioeconomic characteristics to university students' academic achievement. The
findings provided the basis for selecting classification attributes, determining model
evaluation procedures, and positioning the proposed research within the broader
field of educational data mining.

2.2. Data Integration and Preparation

Following the data collection process, the information obtained from questionnaires
and institutional academic records was consolidated into a structured dataset for predictive
analysis. Each observation represented an individual student, while the predictor attributes
described the student's socioeconomic background. Academic achievement was
represented by the student's cumulative GPA, which was subsequently transformed into
predefined classification categories using explicitly documented thresholds. Data
preparation involved examining missing values, removing duplicate observations,
checking inconsistencies, standardizing socioeconomic categories, and encoding attributes
where necessary. The prepared dataset was then used to construct the C4.5 Decision Tree
model, which identifies informative classification attributes using the gain ratio criterion
and generates interpretable decision rules[9], [10], [11]. To evaluate the model's
generalization performance, data partitioning and validation procedures should be
performed without allowing information from the evaluation subset to influence model
development. Classification performance was assessed using accuracy, precision, recall, F1-
score, and a confusion matrix. This integrated procedure was designed to ensure that the
predictive analysis was based on systematically collected, verified, and appropriately
processed student data.

2.3. C4.5 Algorithm

This study employs a quantitative data mining approach using the C4.5 Decision Tree
classification algorithm to predict university students' academic achievement based on
socioeconomic characteristics. The C4.5 algorithm, introduced by Quinlan in 1993 as an
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extension of the Iterative Dichotomiser 3 (ID3) algorithm, constructs a decision tree by
recursively partitioning datasets according to the attributes that provide the highest gain
ratio. Unlike its predecessor, C4.5 can handle both categorical and continuous attributes,
accommodate missing values, and apply tree-pruning mechanisms to reduce overfitting
and improve model generalization[12], [13], [14], [15], [16]. These capabilities make the
algorithm particularly relevant for educational datasets containing heterogeneous
socioeconomic information, such as parental income, parental occupation, household
conditions, and access to educational resources. Previous studies have demonstrated the
applicability of decision tree classification in identifying patterns associated with student
performance and supporting educational decision-making [5], [6]. In this study,
socioeconomic characteristics serve as independent predictor variables, while academic
achievement, measured using the Grade Point Average (GPA), represents the target
variable. The resulting decision tree is expected to generate interpretable classification rules
that explain how combinations of socioeconomic characteristics are associated with
different academic achievement categories.

The research methodology consists of several interconnected stages, including data
collection, attribute identification, data preprocessing, academic achievement
categorization, model development, and performance evaluation. Student socioeconomic
information is obtained through structured questionnaires, while GPA records are collected
from authorized institutional academic documentation at Institut Bakti Nusantara,
Lampung, Indonesia. During preprocessing, the dataset is examined for missing values,
duplicate observations, inconsistent records, and inappropriate attribute representations.
Continuous socioeconomic attributes, such as parental income, may be processed directly
through the threshold-based splitting mechanism of C4.5, while categorical attributes are
organized according to their respective classifications. The algorithm subsequently
evaluates candidate attributes using entropy, information gain, and gain ratio to identify
the most informative decision nodes. Model performance is assessed through a suitable
training and testing strategy using accuracy, precision, recall, F1-score, and a confusion
matrix. The methodological design emphasizes both predictive reliability and
interpretability, enabling the resulting classification rules to provide meaningful insights
for institutional academic monitoring. To establish the theoretical foundation for attribute
selection, Table 2.1 summarizes the variables considered in four previous studies
examining student academic achievement and classification.

Table 2.1. Variables Used in Previous Studies on Student Academic Achievement

No. Authors and Year Research Variables
1 N . Attendance, assignment scores, midterm examination
anda, Antoni, and . o L
scores, final examination scores, classroom participation,

Sarwo (2025) and academic achievement.[17]

2 Naufal Shabirand  Gender, age, study program, previous semester GPA,
Wulan Nursafitri attendance, assignment scores, midterm examination
(2024) scores, and final examination scores.[18]

3 Ning, Atikah, Gender, residential conditions, parental socioeconomic
Radix, and background, social assistance or scholarship status,
Suhendra (2023) household facilities, and GPA.[19]

4 Daru and Gatra

(2022) GPA in the first, second, third, and fourth semesters.[19]

The comparative analysis presented in Table 2.1 indicates that previous studies have
employed different combinations of academic, demographic, and socioeconomic variables
to classify or predict university students' academic performance. Nanda et al. (2025) and
Naufal Shabir and Nursafitri (2024) primarily emphasized academic and behavioral
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indicators, including attendance, examination results, and previous academic performance.
Similarly, Daru and Gatra (2022) concentrated on historical GPA records to identify
patterns of academic progression. In contrast, Ning et al. (2023) incorporated socioeconomic
characteristics, including parental background, residential conditions, financial assistance,
and household facilities. Although these studies provide valuable methodological
foundations, they also highlight the need to investigate the predictive contribution of
socioeconomic factors without relying predominantly on previous academic achievement
indicators. Accordingly, the present study focuses on developing an interpretable C4.5
classification model based on socioeconomic characteristics, particularly parental income
and other available household-related attributes, to predict GPA-based academic
achievement categories among students at Institut Bakti Nusantara. The proposed research
contributes to educational data mining by examining the discriminatory power of
socioeconomic variables, identifying the most informative attributes through gain ratio
analysis, and generating transparent decision rules that may support targeted financial
assistance, academic mentoring, and evidence-based student support policies. However,
the resulting associations will be interpreted as predictive relationships rather than
evidence of direct causal effects.

III.  RESULTS AND DISCUSSION

3.1. Research Results

The experimental dataset consisted of 510 student records collected from Institut Bakti
Nusantara (IBN), Lampung, Indonesia, through the integration of primary data obtained
from structured questionnaires and secondary data retrieved from institutional academic
documentation. The dataset included five principal attributes: gender, cumulative Grade
Point Average (GPA), academic achievement category, parental occupation, and parental
income. The socioeconomic attributes were used to investigate potential patterns associated
with students' academic performance. Data processing and classification were conducted
using Orange Data Mining software through a workflow comprising data importation,
preprocessing, attribute configuration, decision tree construction, and model visualization.
The academic achievement categories were defined using a GPA threshold of 3.00,
distinguishing students classified as achieving from those classified as non-achieving. The
reported average GPA across the 510 observations was approximately 3.40, indicating that
the overall academic performance of the sampled students was above the specified
classification threshold. However, this descriptive average does not independently
establish the predictive performance of the classification model.
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Gambar 3.1. Workflow Orange

Figure 3.1 illustrates the data processing workflow used to develop and visualize the
decision tree classification model. The workflow begins with importing the student dataset
into Orange Data Mining, followed by preprocessing to examine data completeness,
consistency, and attribute representation. The attribute configuration stage determines the
target variable and the predictors used for classification. Subsequently, the Tree widget
generates a decision tree model by recursively partitioning the dataset according to the
available attributes. The Tree Viewer widget provides a visual representation of the
resulting decision structure, allowing the identification of splitting attributes, classification
branches, and terminal nodes. This workflow facilitates the interpretation of relationships
between socioeconomic characteristics and student academic achievement. However, the
Orange Tree learner's splitting and pruning settings must be documented before the
implementation can be described as an exact reproduction of Quinlan's C4.5 algorithm.

The decision tree visualization provides an overview of the classification structure
generated from the 510 student records. Based on the reported model, the initial decision
split was associated with the academic achievement status attribute, followed by additional
partitions involving parental occupation, parental income, and gender. Parental
occupations represented in the dataset included civil servants, traders, farmers, laborers,
and other employment categories. These branches illustrate variations in the socioeconomic
backgrounds of students across academic achievement groups. The resulting decision tree
therefore offers a structured representation of how the selected variables partition the
observations into increasingly specific subgroups. Nevertheless, because academic
achievement status was defined from GPA, including this status as an input variable when
predicting GPA introduces target leakage. Consequently, the original tree structure should
be interpreted as an exploratory description of the dataset rather than valid evidence of
socioeconomic-based predictive accuracy.
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Gambar 3.2. Tree Viewer

Figure 3.2 presents the main classification structure reported by the Tree Viewer. The
root node separates students according to their existing academic achievement category,
while subsequent branches distinguish observations based on parental employment and
household income characteristics. The visualization suggests that students belonging to the
same achievement group may have heterogeneous socioeconomic backgrounds. This
pattern is relevant because it indicates that socioeconomic conditions do not correspond to
a single uniform academic outcome. However, the position of a variable in the tree should
not automatically be interpreted as its causal importance. In particular, the dominant
position of academic achievement status is expected when that variable is derived directly
from GPA. To establish the actual predictive contribution of socioeconomic characteristics,
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the model must be reconstructed using only socioeconomic and other legitimately available
predictor variables, with the GPA-derived achievement category retained exclusively as the
target.
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Gambar 3.3. Tree Viewer 2

Figure 3.3 highlights the variation in academic achievement among students with
comparable socioeconomic characteristics. The presence of both achieving and non-
achieving students within the same parental occupation and income category indicates that
household financial conditions alone are insufficient to account for all observed differences
in GPA. Other variables not included in the dataset, such as learning motivation, study
habits, academic preparedness, access to learning resources, and institutional support, may
also be relevant. These findings are consistent with the broader understanding that
university academic achievement is a multidimensional phenomenon shaped by
interactions between individual and contextual factors. Nevertheless, the present analysis
cannot determine the independent effects of these unmeasured variables. The principal
contribution of the decision tree visualization is therefore its ability to reveal descriptive
classification patterns and identify socioeconomic subgroups that may warrant further
investigation.

The analysis of 510 student records demonstrates the feasibility of organizing academic
and socioeconomic information into a structured dataset for decision tree analysis using
Orange Data Mining. The reported visualization identified parental occupation, parental
income, and gender as attributes involved in subgroup partitioning, while also revealing
different academic outcomes among students with similar socioeconomic backgrounds.
These observations provide preliminary evidence of heterogeneity in the relationship
between socioeconomic characteristics and academic achievement. However, the original
model configuration contains a methodological limitation because GPA-derived academic
achievement status was included among the predictors. Therefore, its predictive validity
cannot be established from the reported tree alone. A revised model that excludes GPA and
its derived categories from the predictor set, together with appropriate out-of-sample
evaluation, is necessary before making conclusions about classification accuracy, the
relative importance of socioeconomic attributes, or the model's suitability for institutional
decision-making.

Important methodological corrections for the manuscript: The reported workflow
should be revised so that academic achievement category is the sole classification target
and GPA is used only to derive that category, not as an input predictor. The rule for
students with GPA exactly equal to 3.00 must also be specified. In addition, Orange's
standard Tree widget should not be described as an exact C4.5 implementation without
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verifying its splitting criterion and pruning procedure. Finally, the original Orange
screenshots, confusion matrix, class distribution, and validation results should be inserted
into the manuscript to substantiate the reported findings. The diagrams above are
explanatory reconstructions, not the original research figures.
3.2. Model Performance Evaluation and Analysis
The performance of the Decision Tree model was evaluated using the Test and Score
feature in Orange Data Mining, employing a cross-validation procedure on a dataset
comprising 510 student records from Institut Bakti Nusantara, Lampung, Indonesia. The
evaluation aimed to determine the model's ability to predict students' cumulative Grade
Point Average (GPA) based on the attributes included in the dataset. Five regression
evaluation metrics were employed: Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and
Coefficient of Determination (R?). These metrics provide complementary perspectives on
prediction errors, model reliability, and the proportion of GPA variability accounted for by
the model. The evaluation results are presented in Table 3.1.
Table 3.1. Performance Evaluation of the Decision Tree Model
Model MSE RMSE MAE MAPE R?
Decision Tree 0.108 0.329 0.223 0.083  0.256

The experimental results indicate that the Decision Tree model achieved an MSE of
0.108 and an RMSE of 0.329, suggesting that the model's predictions deviated from the
observed GPA values by approximately 0.329 GPA points in root mean squared terms. The
MAE of 0.223 indicates an average absolute prediction error of approximately 0.223 GPA
points. Meanwhile, the MAPE of 0.083, equivalent to 8.3%, indicates the average relative
prediction error, assuming that the metric was calculated as a proportion rather than a
percentage. These findings suggest that the model captures certain patterns associated with
students' academic performance, although the magnitude of the prediction errors must be
interpreted relative to the GPA distribution and appropriate baseline models. In particular,
the reported error values cannot independently establish that the model performs well
without comparison against simpler prediction approaches, such as predicting the training-
set mean GPA. Furthermore, the observed prediction errors indicate that the socioeconomic
and demographic characteristics included in the model do not fully account for individual
differences in academic achievement.

The coefficient of determination (R?) provides additional insight into the model's
explanatory performance. The obtained R? value of 0.256 indicates that the model accounts
for approximately 25.6% of the variation in students' GPA relative to the mean-prediction
baseline under the evaluation procedure used. This finding suggests that the selected
attributes provide limited but potentially meaningful predictive information concerning
academic performance. However, the remaining unexplained variation should not
automatically be attributed to specific factors without additional empirical evidence. Other
potentially relevant determinants include prior academic achievement, learning
motivation, study habits, parental educational background, psychological characteristics,
institutional learning environments, and access to educational resources. The relatively
modest R? value highlights the complexity of academic achievement and suggests that
socioeconomic indicators alone may be insufficient to develop a highly reliable prediction
model. Consequently, future model development could incorporate additional
theoretically justified predictors and compare Decision Tree performance with alternative
machine learning techniques to determine whether predictive accuracy and generalization
can be improved.

Overall, the evaluation demonstrates that the Decision Tree model provides an initial
quantitative framework for examining the predictability of university students' GPA using
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the available research attributes. The reported RMSE of 0.329, MAE of 0.223, MAPE of 8.3%,
and R? of 0.256 indicate that the model has some predictive capacity but also substantial
limitations in explaining differences in academic achievement. These results contribute to
the research objectives by providing empirical performance measures and highlighting the
need for more comprehensive predictor selection and model validation. Nevertheless, an
important methodological distinction must be addressed: MSE, RMSE, MAE, MAPE, and
R? are regression metrics, not classification accuracy measures. Therefore, the reported
results support an evaluation of numerical GPA prediction rather than a validated C4.5
classification of academic achievement categories. To align the evaluation with the
proposed classification research, academic achievement should be defined as the target
category, GPA and its derived attributes must be excluded from the predictor set, and
model performance should be assessed using classification metrics such as accuracy,
precision, recall, F1-score, and a confusion matrix.

The findings of this study are consistent with previous research emphasizing the
multidimensional relationship between socioeconomic background and university
students' academic achievement. Rodriguez-Hernandez et al. [2], through a systematic
review of socioeconomic status and academic performance in higher education,
demonstrated that socioeconomic characteristics are relevant to academic outcomes,
although their relationships vary depending on institutional contexts, measurement
approaches, and student populations. Similarly, Richardson et al. [3] identified multiple
psychological and contextual factors associated with university academic performance,
indicating that student achievement cannot be adequately explained by a limited set of
demographic or socioeconomic indicators. These findings provide a theoretical basis for
interpreting the present study's coefficient of determination (R? = 0.256), which indicates
that the Decision Tree model accounted for approximately 25.6% of the observed GPA
variation relative to the mean-prediction baseline. The remaining unexplained variation
suggests that other potentially relevant factors, including learning motivation, prior
academic performance, self-regulated learning, and institutional support, should be
investigated. Therefore, the present findings reinforce the importance of considering
socioeconomic conditions as one component of a broader academic achievement prediction
framework rather than as the sole determinant of student success.

Furthermore, the application of the Decision Tree algorithm in this study is supported
by Alyahyan and Diistegor [6], who emphasized that educational data mining techniques
can facilitate early identification of students at risk of academic underperformance and
support evidence-based institutional interventions. Their review highlighted the
importance of selecting appropriate predictor variables, implementing systematic data
preprocessing, and evaluating predictive models using reliable validation procedures.
Similarly, Romero and Ventura [5] demonstrated that educational data mining and learning
analytics provide valuable approaches for discovering patterns in educational datasets and
improving academic decision-making. In the present study, the Decision Tree model
produced an RMSE of 0.329, an MAE of 0.223, and an R? of 0.256, suggesting that the
available attributes provide some predictive information but do not fully explain variations
in students' GPA. Compared with the broader methodological recommendations of
previous studies, these findings highlight the importance of improving feature selection,
incorporating additional academic and behavioral variables, and conducting comparative
evaluations with alternative machine learning algorithms. The principal potential
contribution of this research is the development of an interpretable socioeconomic-based
prediction framework for university students in Lampung, although further validation is
required to establish its predictive reliability and practical effectiveness

CONCLUSION
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This study investigated the prediction of university students' academic achievement
based on socioeconomic characteristics using a Decision Tree algorithm and a dataset of 510
students from Institut Bakti Nusantara, Lampung, Indonesia. The research integrated
primary data collected through structured questionnaires and secondary data obtained
from institutional academic records, focusing on parental occupation, parental income,
gender, and Grade Point Average (GPA). The experimental results obtained using Orange
Data Mining demonstrated that the Decision Tree model achieved a Mean Squared Error
(MSE) of 0.108, Root Mean Squared Error (RMSE) of 0.329, Mean Absolute Error (MAE) of
0.223, Mean Absolute Percentage Error (MAPE) of 8.3%, and a coefficient of determination
(R?) of 0.256. These findings indicate that the model captured certain patterns associated
with students' academic performance but accounted for only 25.6% of GPA variation
relative to the mean-prediction baseline. The analysis also revealed that students with
similar parental occupations and income levels could exhibit different academic outcomes,
suggesting that socioeconomic characteristics alone are insufficient to explain variations in
academic achievement. Consequently, the findings highlight the multidimensional nature
of academic performance and the potential relevance of additional academic, behavioral,
and institutional factors. The study contributes to educational data mining by exploring an
interpretable Decision Tree approach for examining socioeconomic patterns associated
with university students' academic outcomes in a regional Indonesian higher education
context. From a practical perspective, the resulting framework may provide preliminary
insights for university administrators seeking to develop more targeted academic
mentoring, financial assistance, and student support programs. However, the relatively
modest predictive performance indicates that the model requires further refinement before
being implemented as a reliable institutional decision-support tool. Moreover, the reported
evaluation metrics assess numerical GPA prediction rather than categorical classification,
and the inclusion of GPA-derived achievement status among the predictors presents a
potential target leakage problem. Future research should therefore reconstruct the model
using socioeconomic attributes exclusively as predictors, verify the implementation of the
C4.5 algorithm, and evaluate categorical academic achievement using accuracy, precision,
recall, F1-score, and confusion matrix analysis. Further studies should also incorporate
additional predictors, apply rigorous cross-validation, and compare alternative machine
learning algorithms across multiple higher education institutions. These improvements
would strengthen model generalizability, interpretability, and practical relevance while
supporting more equitable and evidence-based educational policies.
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