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important for understanding student performance and learning patterns;
however, challenges in data preprocessing, feature selection,
interpretability, and the limited integration of predictive modeling with
clustering remain unresolved.

Objective: This study develops an integrated machine-learning workflow
that combines feature engineering, predictive modeling, and student
segmentation for educational data analysis.

Methods: The analytical dataset contains 343 student records and 87
numeric features after data-type conversion, with Adaptability as the
prediction target. The workflow combines data-quality control, feature
engineering, ANOVA, mutual information, and recursive feature
elimination (RFE) for feature selection; comparative classification;
stratified cross-validation; and K-means clustering with principal
component analysis (PCA) for student segmentation.

Results: Logistic Regression produced the strongest reported
discrimination (Accuracy = 0.9855; Precision = 1.0000; Recall = 0.9697; F1
=0.9846; MCC = 0.9713; Kappa = 0.9709; AUC = 0.997). AUC values for the
remaining models ranged from 0.958 (KNN) to 0.996 (Gradient Boosting).
Feature rankings are interpreted as predictive associations rather than
causal effects, and clustering provides descriptive student subgroups.
Conclusion: The study provides a traceable, dataset-specific workflow
linking preprocessing, feature construction and selection, predictive
benchmarking, and descriptive student segmentation. Generalization
beyond the supplied dataset requires external validation, and the
clustering results should not be interpreted as evidence of intervention
effects.

To cite this article: Junanta, S., & Yuadi, I. (2026). Comprehensive machine learning analysis for educational
datasets: Feature engineering, model evaluation, and student segmentation. Journal of Business, Social and
Technology, 7(4), 2035-2045. https://doi.org/10.59261 /bustechno.v7i4.820

INTRODUCTION

Educational data mining (EDM) has become an essential area of research for
understanding student performance, engagement, and learning patterns (A.Y.etal., 2024; ]. Smith
& Brown, 2020). With the increasing availability of digital learning platforms, large-scale datasets
are now accessible, requiring sophisticated analytical techniques (Desai et al., 2026; Johnson,
2019). Machine learning (ML) models can identify patterns in student behavior, predict academic
outcomes, and guide personalized interventions (Koukaras & Tjortjis, 2025; Williams, 2020;

Williams & Lee, 2021).
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Despite advances in predictive modeling, challenges remain in data preprocessing, feature
selection, and model interpretability (Sharifnia et al.,, 2026; Thompson, 2020). Missing values,
high dimensionality, and heterogeneous data types can degrade model performance and
generalizability (Chen & Zhang 2019; Magar et al., 2024). Feature engineering and selection are
critical steps for extracting meaningful patterns from raw data, especially in educational contexts
where domain knowledge must inform variable transformations (Liu & Wang, 2008; Patel &
Singh, 2021). In the dataset analyzed here, these issues are empirical rather than hypothetical: the
dataset contains 343 records and 87 features, with average missingness of approximately 8.0%
and several post-assessment fields with approximately 80.5% missing values. These
characteristics motivate explicit data-quality control and feature refinement before modeling.

Visualization techniques such as dashboards, heatmaps, and principal component analysis
(PCA) plots enhance transparency by allowing stakeholders to interpret model outputs
(Hernandez, 2020; Shrutika Rathore et al, 2025). Combining predictive modeling with
interpretability helps ensure that outputs are actionable and trustworthy, which is a crucial
requirement for educational decision-making (Garcia & Adams, 2021; Georgiou, 2026).

Clustering and segmentation approaches provide complementary insights by identifying
subgroups of students with similar learning patterns, thereby supporting targeted interventions
(Kim & Park, 2021; Ranjan Banerjee, 2025). Previous studies have often focused on either
prediction or clustering but have rarely integrated both within a unified analytical pipeline (Cho
et al,, 2024; T. Nguyen, 2021). Within the literature cited in this manuscript, prediction-oriented
studies (e.g., Desai et al., 2026; Johnson, 2019; Lin & Wang, 2019), clustering-oriented studies
(e.g.Kim & Park, 2020; Pradini et al., 2026; Singh & Verma, 2020), and integrated analytics studies
(e.g., Nguyen, 2021a; Wang & Liu, 2020) address different parts of the workflow. The unresolved
problem targeted here is therefore not the novelty of any single algorithm, but the transparent
coordination of data-quality control, feature engineering, multi-method feature selection, model
benchmarking, and cluster profiling on the same educational dataset.

This study addresses these gaps by implementing a complete machine learning workflow
that integrates data preprocessing, feature engineering, multi-method feature selection, ensemble
modeling, clustering, and interpretable visualizations, thereby facilitating an in-depth
understanding of data quality, model performance, and feature importance (Brown & Taylor,
2020; Mathibela & Maposa, 2026; Zhao & Li, 2019).

The novelty of this research lies in the integration of multi-step preprocessing, engineered
features, multiple model comparisons, and clustering analysis within a single coherent pipeline.
This methodology not only improves predictive performance but also provides transparent and
interpretable insights for educators, supporting reproducibility, methodological transparency,
and traceable reporting. The contribution of this study lies in a reproducible, dataset-specific
workflow that links supervised prediction with unsupervised student segmentation while
documenting data quality, feature construction, feature selection, and model diagnostics in one
traceable sequence. The study does not claim novelty for the individual algorithms; rather, its
methodological contribution is the transparent integration and interpretation of these
components on the same dataset. Reproducibility, validity checks, and reporting transparency
(not journal quartile labels) are used as the basis for methodological rigor.

Finally, the study presents guidelines for deploying models in educational settings,
addressing common challenges in real-world applications such as data quality issues,
interpretability, and performance monitoring (Ahmed, 2020; Qin et al, 2025). The approach
provides a replicable framework that can be adapted to diverse educational datasets and settings.
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Figure 1. Dataset Overview and Workflow
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Figure 2. Methods

The methodological design of this study followed an end-to-end machine learning pipeline
consisting of data preprocessing, feature engineering, feature selection, model training,
evaluation, and clustering-based student segmentation. The preprocessing stage addressed
common quality issues in educational datasets, including invalid entries, missing values, and data-
type inconsistencies, which have been identified in prior studies as critical factors affecting
analytical reliability (A. Y. et al.,, 2024; Hernandez, 2019; Nguyen, 2021b; Smith & Jones, 2019;
Thompson, 2020). Outlier handling was also considered during data preparation because
anomalous observations may distort downstream learning behavior and model fitting (Chen &
Zhang 2019; Magar et al,, 2024; Wang, 2021). The unit of analysis was a student record. The
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analytical dataset contained 343 observations and 87 numeric features after data-type
conversion; the variables covered demographic information, pre- and post-academic measures,
and psychological measures such as curiosity, confidence, and adaptability. Adaptability was the
prediction target. The raw target variable shown in the dataset overview ranged approximately
from 1.58 to 5.00 (SD = 0.668). The source manuscript did not identify a specific institution or
geographic research location; therefore, no institution-level generalization was asserted.
Operationally, non-parsable entries in fields expected to be numeric were treated as invalid and
converted to missing values for numeric processing; missing numeric values were imputed using
the median to reduce sensitivity to skewed distributions; and variables with more than 70%
missingness were excluded because their observed information was too sparse for stable
modeling. Distributional diagnostics were used to inspect potential outliers before model fitting.
The dataset overview reported 62 distinct raw Adaptability values; the classification output was
presented as Low/High, but the supplied manuscript did not document the threshold used to
convert the raw target into these classes or the full-sample class counts. Therefore, no threshold
or class distribution was fabricated in this revision.

Feature engineering was performed to generate additional analytical representations
from the original variables, with the aim of improving the informativeness of the dataset for
predictive analysis (Koukaras & Tjortjis, 2025; Lee & Choi, 2020; Williams & Lee, 2021; Patel,
2021). After this step, feature selection was conducted using the ANOVA F-test, mutual
information, and recursive feature elimination (RFE). The use of multiple feature selection
methods was intended to improve robustness by identifying informative predictors from
complementary perspectives, consistent with previous work on feature refinement in machine
learning applications (Liu & Wang, 2008; Patel & Singh, 2021; Brown & Green, 2020; Lee & Park,
2020; Wang & Zhou, 2019). For paired academic measures, the pre-post difference was
operationalized as AX = X<sub>post</sub>- X<sub>pre</sub>. Normalized improvement
represented the change relative to the available score range, AX/(X<sub>max</sub> -
X<sub>pre</sub>), when the denominator was non-zero. Composite features combined
conceptually related measures (e.g., curiosity and confidence) to represent joint learning-related
dimensions. These engineered variables were interpreted as predictive representations rather
than causal constructs.

Several machine learning algorithms were then evaluated using a comparative
framework. Model performance was assessed using widely used classification metrics, including
accuracy, precision, recall, F1-score, area under the receiver operating characteristic curve (AUC),
Matthews correlation coefficient (MCC), and Cohen’s kappa, as these metrics provide
complementary information about predictive performance (Chen & Hu, 2020; de la Cruz
Huayanay et al., 2025). Cross-validation was employed to support more stable performance
estimation and reduce dependence on a single train-test split, following standard practice in
predictive modeling research (Chen & Zhao, 2019; Li, 2021; Wang et al., 2025).

In addition to classification, student segmentation was conducted using clustering analysis
to identify underlying learner groups within the dataset. This combination of supervised and
unsupervised procedures reflects an integrated analytical strategy that has been increasingly
recommended in educational machine learning research (Cho et al,, 2024; Nguyen, 2021; Wang &
Liu, 2020).

Journal of Business, Social and Technology | 2038



Stanislaus Junanta, Imam Yuadi Comprehensive Machine ...

RESULTS AND DISCUSSION
Results
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Figure 3. Dataset Overview

The dataset was first examined to establish its overall structure and analytical readiness.
The dataset included variables representing student background, academic performance, and
psychological dimensions, together with additional variables generated during the feature
engineering stage. The analytical workflow applied in this study is illustrated in Figure 3, which
outlines the sequence from data collection and preprocessing to predictive modeling and student
segmentation.
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Figure 4. Correlation Analysis
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Preliminary inspection showed variation across the observed features in terms of
distribution, completeness, and scale. The preprocessing stage addressed invalid entries, missing
values, and data-type inconsistencies, resulting in a more consistent dataset for downstream
analysis. The distributional characteristics of the main variables, together with the initial
correlation structure, are presented in Figure 4, which provides an overview of the data profile
before model development. Outlier screening and data-quality control further supported the
preparation of the final analytical dataset.
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The principal results demonstrate that the proposed machine learning pipeline supported
both classification and clustering tasks within an integrated framework. Following preprocessing,
feature engineering was used to derive additional predictors from the original dataset.
Subsequent feature selection using the ANOVA F-test, mutual information, and Recursive Feature
Elimination reduced the feature space to a subset of more relevant variables.

Model performance was evaluated across several machine learning algorithms using
multiple metrics, including accuracy, precision, recall, F1-score, AUC, MCC, and Cohen’s kappa. The
results showed that model performance varied across algorithms, indicating that the evaluation
framework was able to distinguish differences in predictive performance among the candidate
models. A broader visual comparison of classification performance is provided in Figure 5, where
the model performance dashboard summarizes the relative outcomes across the tested
approaches. The strongest reported model was Logistic Regression, with Accuracy = 0.9855,
Precision = 1.0000, Recall = 0.9697, F1 = 0.9846, MCC = 0.9713, Kappa = 0.9709, and AUC = 0.997.
The ROC comparison shows AUC values of 0.996 for Gradient Boosting, 0.995 for SVM, 0.995 for
XGBoost, 0.994 for Random Forest, 0.993 for LightGBM, 0.986 for Naive Bayes, and 0.958 for KNN.
Thus, these differences are reported as observed performance differences; no statistical
significance test between algorithms is claimed. The supplied model output provides complete
multi-metric values for Logistic Regression and AUC values for the other algorithms; Precision,
Recall, F1, MCC, and Kappa for the remaining models are not present in the supplied analytical
output and are therefore not inferred. A complete all-model metric matrix should be populated
only from the original model-evaluation export.
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Figure 6. Confusion Matrices and ROC Curves

Additional evidence from the classification stage is presented in Figure 6, which includes
confusion matrices, ROC curves, and learning curves. These visual outputs document the
classification behavior of the evaluated models and provide complementary information on
predictive discrimination and training dynamics. Together, these results show that the predictive
component of the pipeline generated measurable differences in performance across alternative
machine learning methods.

Clustering analysis further identified distinct student segments within the dataset. Using
K-Means clustering, the observations were partitioned into groups that were subsequently
visualized in reduced-dimensional space using principal component analysis (PCA). These
outputs indicate that the dataset could be organized into separable student profiles within the
unsupervised learning stage of the analysis.

Several supplementary analyses provided further detail on the behavior of the dataset and
the trained models. Correlation analysis revealed patterned relationships among selected
variables, while feature distribution plots documented differences in spread and concentration
across the dataset, as shown in Figure 5. Feature importance analysis showed that the
contribution of predictors was not uniform across the evaluated models. The ranked importance
of selected variables is presented in Figure 6, indicating which features were retained as more
influential in the predictive stage and ranked higher as predictive features in the reported models.
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Discussion

This study aimed to determine whether an integrated machine learning workflow
combining preprocessing, feature engineering, feature selection, predictive modeling, and student
segmentation could advance educational data analysis. The discussion centers on four
interconnected analytical aspects: data preparation, predictive performance, clustering-based
student profiling, and the pipeline’s broader methodological implications. Descriptive findings
underscore the crucial role of data preparation. By addressing invalid entries, missing values, and
inconsistencies, preprocessing enhanced analytical usability and provided a stable foundation for
subsequent analyses. This stage helped ensure that the dataset was sufficiently consistent for both
prediction and segmentation.

The predictive results demonstrate the framework’s utility for comparative model
evaluation by distinguishing performance across machine learning methods. This methodological
approach is particularly relevant in educational machine learning, where identifying models
appropriate for specific analytical objectives is important in addition to evaluating predictive
performance. The study also highlights the role of feature engineering and feature selection,
demonstrating that the workflow incorporated engineered features and multiple selection
methods rather than relying exclusively on the original variables. This approach strengthens the
analytical representation of the data by incorporating potentially meaningful educational patterns
while reducing reliance on a single feature-selection criterion, thereby supporting robustness
when working with heterogeneous datasets.

The clustering results extend the study beyond prediction by grouping students into
descriptive profiles and providing a complementary perspective on the structure of the dataset.
This is potentially relevant to educational interventions because differentiated student profiles
may inform the development of more targeted support strategies rather than relying exclusively
on generalized conclusions. Figure 5’s PCA visualization further supports the interpretation of
these clusters by providing a reduced-dimensional representation of the observed subgroup
structure. However, the visualization should be interpreted as descriptive evidence of the data
structure rather than as validation of the supervised classification results.

Collectively, these components demonstrate the study’s core methodological
contribution: an integrated analytical pipeline. Unlike approaches that focus primarily on model
performance, the proposed framework combines data preparation, feature engineering and
selection, model comparison, and clustering within a coherent workflow. Its contribution lies in
this integration, which provides a structured and potentially reproducible framework for
educational data analysis. The use of performance dashboards, confusion matrices, ROC and
learning curves, feature-importance visualizations, and cluster visualizations (Figures 3-6)
further supports transparency, inspectability, and interpretation for researchers and other
stakeholders.

However, several limitations should be acknowledged. The generalizability of the
framework requires evaluation using diverse datasets, institutions, and student populations. Its
primarily methodological and offline orientation demonstrates analytical capability rather than
real-time implementation. In addition, translating the resulting predictive and clustering outputs
into actionable educational interventions requires further development and empirical evaluation.
Future research should validate the pipeline across varied educational contexts, extend it to real-
time monitoring where appropriate, and explicitly examine how predictive and clustering outputs
can be linked to adaptive support strategies to enhance practical significance.

In conclusion, the proposed workflow represents a structured methodological approach
to educational data analysis by integrating dataset preparation, feature refinement, predictive
model comparison, and student segmentation into a reproducible analytical framework for
generating educationally relevant insights. A key empirical result is that the Logistic Regression
model achieved the highest reported AUC (0.997), whereas KNN produced the lowest AUC among
the compared models (0.958). These results indicate that greater algorithmic complexity did not
automatically result in better discrimination within the engineered feature space. The clustering
stage complements rather than validates the supervised predictions: K-Means combined with PCA
provides descriptive information about subgroup structure that may support hypothesis
generation for differentiated educational support, but it does not constitute evidence of causal
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intervention effects.

CONCLUSION

This study demonstrates an integrated machine learning pipeline for a 343-record, 87-
feature educational dataset that links preprocessing, feature engineering, multi-method feature
selection, predictive benchmarking, and student segmentation. Logistic Regression produced the
highest reported discrimination (AUC = 0.997; Accuracy = 0.9855; F1 = 0.9846), while feature
rankings are interpreted as predictive associations rather than causal influences. The K-
Means/PCA stage adds a complementary descriptive view of student subgroups.

The contribution is both methodological and empirical: the study documents a traceable
workflow in which data-quality issues, model comparison, interpretability, and segmentation are
examined using the same dataset. The findings should not be generalized beyond the supplied
dataset without external validation. Future work should test the pipeline across independently
sourced educational datasets, report complete metric matrices for every evaluated model, and
evaluate whether the identified student segments are associated with measurable outcomes from
educational interventions.
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