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ABSTRACT

Student adaptability in online learning environments has become increasingly important in contemporary education. This
study introduces a feature engineering approach guided by SHAP (SHapley Additive exPlanations) to enhance the
classification of student adaptability levels. Unlike prior studies that primarily utilize exploratory analysis or statistical
importance scores, this method leverages SHAP values to construct new features by considering both statistical
contribution and semantic meaning. Three additional features were created by combining original variables, representing
educational level and session duration, digital access quality, and socioeconomic context. The dataset was evaluated using
four classic machine learning models, namely Support Vector Machine (SVM), k-Nearest Neighbors (KNN), Decision
Tree, and Random Forest, both before and after applying the engineered features. Results show that SHAP-based feature
engineering improved model performance in most cases. The most notable gains were observed in Decision Tree and
Random Forest models, where the F1-score increased from 84.87% to 89.34% and from 85.80% to 89.34%, respectively,
while accuracy rose from 88.38% to 90.08% and from 89.63% to 90.08%, respectively. The SVM model also recorded
an increase in recall from 82.49% to 87.28%, whereas KNN showed a slight drop in accuracy but improved in ROC AUC
from 91.55% to 93.83%. These findings demonstrate that explainable feature design not only enhances accuracy and F1-
score, particularly in tree-based models, but also supports model interpretability, enabling more transparent, reliable, and
effective educational decision-making systems.
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1. INTRODUCTION

Online learning has become a central pillar of modern education systems, especially since the global
pandemic compelled educational institutions to shift to remote learning models. In this context, students’ ability
to adapt to digital learning environments has become critically important. Student adaptability reflects the
extent to which learners can adjust cognitively, affectively, and behaviorally to the demands of online learning
[1]. This adaptability affects not only learning engagement and motivation but also directly contributes to
academic achievement [2]. Therefore, automatically classifying student adaptability levels using machine
learning is highly relevant for designing adaptive and personalized learning strategies.

Several prior studies have attempted to classify students' adaptability levels using machine learning
approaches. One study employed the Random Forest algorithm with a One-vs-Rest strategy, involving
categorical variable encoding and class imbalance handling using SMOTE [3]. The model achieved an
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accuracy of 88.38%, yet it did not assess the significance of the features used in the classification process.
Another study utilized GNB (Gaussian Naive Bayes) and KNN (k-Nearest Neighbors), with parameter
optimization through GridSearchCV [4]. The ROC-AUC score of KNN reached 0.89, outperforming GNB at
0.81. However, the study did not explicitly address class imbalance or analyze feature contributions to model
performance. A different work compared models such as KNN, Decision Tree, Random Forest, Naive Bayes,
SVM (Support Vector Machine), and ANN (Artificial Neural Network) [5]. Although Random Forest yielded
a high accuracy of 89.63%, the study did not incorporate strategies tailored to imbalanced data handling.
Furthermore, other research contrasted various machine learning algorithms such as Random Forest, SVM,
Logistic Regression, KNN, and Extreme Gradient Boosting (XGBoost), and reported that both Random Forest
and XGBoost achieved the top accuracy of 92% [6]. Although feature importance techniques were employed
to identify relevant variables, there was no feature combination or engineering process to enrich the
representation of existing features.

Based on previous studies, one of the main challenges in classifying students’ adaptability levels in
online learning environments is class imbalance. In real-world educational datasets, the distribution of students
across different adaptability levels (such as Low, Medium, and High) is often uneven. This imbalance can lead
to biased predictions, where the majority class dominates the model’s learning process, reducing its ability to
perform well in terms of recall and F1-score for the minority classes [7]. Addressing class imbalance is crucial
for achieving fairness, accuracy, and robustness in predictive performance across various classroom conditions.
One widely used strategy to handle this issue is oversampling the minority class, such as through the Synthetic
Minority Over-sampling Technique (SMOTE), which generates synthetic samples based on nearest neighbors
[8]. SMOTE helps balance class distribution without removing existing data, allowing the model to learn from
each adaptability category more effectively.

However, while class imbalance is a critical issue, another equally important challenge lies in the
feature engineering process. Many models still rely on raw variables without deeper analysis of their relative
importance or the interactions between features. In machine learning, the selection of the appropriate algorithm
alone is not enough; how features are represented and constructed plays an equally vital role in model success.
Feature engineering refers to the process of creating new features or transforming existing ones to better capture
meaningful patterns in the data [9]. Some studies have utilized feature engineering to improve machine learning
model performance. For instance, a study on predicting students' academic performance showed that applying
feature engineering increased average accuracy by 0.33% and ROC AUC by 0.63% [10]. However, the feature
engineering techniques used were still exploratory and lacked a systematic methodological framework. Other
studies have explored SHAP-based (SHapley Additive exPlanations) feature engineering and importance-
based methods in classification tasks such as credit card fraud detection, yielding modest improvements in
model performance [11]. In another study, feature engineering was applied to enhance machine learning in
identifying key factors affecting learning outcomes, where Support Vector Regression (SVR) with engineered
features provided the most accurate predictions [12].

In response to gaps in earlier studies, this work presents a SHAP-driven feature engineering method
to boost classification accuracy of student adaptability in online learning. SHAP was chosen for its high level
of interpretability, providing both detailed and overarching understanding of how individual features influence
the model’s predictions [13]. This allows for the creation of new features that are not only intuitive but also
statistically guided. To assess the impact of this feature engineering process, four classical machine learning
algorithms were employed, namely SVM, KNN, Decision Tree, and Random Forest. These models were
chosen to represent diverse learning paradigms: margin-based, distance-based, tree-based, and ensemble
learning, thereby offering a comprehensive comparative evaluation [14].

The primary objective of this study is to enhance classification accuracy for student adaptability by
creating new, SHAP-informed features that capture important interactions between variables, such as education
level, class duration, and students’ socioeconomic conditions. By focusing on SHAP-based feature
engineering, this study aims to improve model performance, especially for tree-based algorithms, compared to
the baseline model with original features. The hypothesis of this study is that SHAP-based feature engineering
will significantly improve the classification performance of machine learning models, particularly for tree-
based algorithms, in comparison to using the original features alone. The novelty of this work lies in the
generation of new features from SHAP values and the comprehensive comparison of the models’ predictive
performance before and after applying feature transformations, measured by accuracy, precision, recall, F1-
score, and ROC AUC.

2. RESEARCH METHOD

This study aims to improve the classification of students' adaptability levels in online learning through
a SHAP-based (SHapley Additive exPlanations) feature engineering technique. The evaluation utilized four
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traditional machine learning algorithms: SVM, KNN, Decision Tree, and Random Forest. The research
methodology is depicted through the procedural diagram in Figure 1.

Data Collection . Data Handling Data
reprocessing Imbalance
Model Classification SHAP-Based
Performance Model Feature
Evaluation Development Engineering

Figure 1. Diagram illustrating the research workflow
A detailed explanation of each step illustrated in Figure 1 is provided in the following subsections.

2.1. Data Collection

The dataset used in this study was sourced from the Kaggle platform, titled Students Adaptability
Level in Online Education [15]. It contains 1,200 entries, each representing a student and includes 13 predictor
variables and one target variable. The predictor variables encompass demographic and operational factors, such
as gender, age, education level, institution type, IT student status, geographic location, load-shedding status,
family financial condition, internet type, network type, online class duration, use of Learning Management
System (LMS), and the type of device used. The target variable, Adaptivity Level, is categorized into three
classes: Low, Moderate, and High. The distribution of labels is imbalanced, with the "Moderate” and "High"
classes being overrepresented, while the "Low" class is underrepresented, creating a class imbalance issue that
requires attention during model training. Table 1 provides an overview of the dataset, detailing the types of
features and their descriptions.

Table 1. Dataset Characteristics

Feature Type Description
Gender Categorical Gender of the student
Age Categorical Age range of the student
Education Level Categorical Education level (e.g., University, College, School)
Institution Type Categorical Type of institution (Government, Non-Government)
IT Student Categorical Whether the student is an IT student (Yes/No)
Location Categorical Geographical location (e.g., Urban, Rural)
Load-shedding Categorical Load-shedding status (e.g., Low, High)
Financial Condition Categorical Student's financial condition (e.g., Poor, Mid, High)
Internet Type Categorical Type of internet connection (e.g., Wifi, Mobile Data)
Network Type Categorical Network type (e.g., 4G, 3G)
Class Duration Categorical Duration of the online class (e.g., 0, 1-3, 3-6 hours)
Self LMS Categorical Whether the student uses LMS (Yes/No)
Device Categorical Device used for online learning (e.g., Mobile, Laptop, Tablet)
Adaptivity Level Categorical Target variable: Adaptability level (e.g., Low, Moderate, High)

As shown in Table 1, the dataset consists of categorical variables that describe various student
characteristics. The target variable, Adaptivity Level, is crucial for assessing the students' adaptability in online
learning environments, which is influenced by various demographic and operational factors.

2.2. Data Preprocessing

The preprocessing stage began with transforming all categorical features into numerical format using
Label Encoding to enable processing by numerical-based classification algorithms. All numerical features were
then normalized using StandardScaler to standardize feature scales and prevent dominant influence due to
value ranges. After normalization, the dataset was split into training and testing subsets with an 80:20 ratio
using stratified sampling. This stratification ensures that the class distribution is preserved across both subsets,
maintaining representativeness for the entire population [16].

Machine Learning-Based Classification ...(Yasin Efendi)



132 ISSN: 2723-4533 / E-ISSN: 2723-4541

2.3. Handling Data Imbalance

SMOTE (Synthetic Minority Oversampling Technique) was utilized to handle the issue of imbalanced
data distribution. SMOTE is a widely used method to enhance the distribution of minority classes in
classification tasks [17], as imbalance often leads to model bias toward the majority class, which can result in
misleading accuracy and poor minority class performance [18].

SMOTE creates additional synthetic instances by performing linear interpolation between a selected
minority instance x; and one of its nearest neighbors x,;, as described in Equation (1).

Xnew = X; + & x (xzi - xi) (1)

where x; is the feature vector of a minority class sample, x,; is the feature vector of one of its nearest neighbors,
and ¢ represents a randomly chosen value within the range of 0 to 1. This formula generates a new data point
Xnew POsitioned between two instances of the minority class in the feature space, effectively enhancing the
minority class distribution without repeating existing samples.

SMOTE helps form a denser and more representative feature space for the minority class, enabling
classification algorithms to establish a more balanced decision boundary [8]. In this study, SMOTE was applied
only to the training set, while the test set retained its original class distribution. This method maintains the
integrity of model assessment by simulating its actual performance on skewed datasets. It seeks to enhance the
model’s ability to detect the minority class while retaining high overall accuracy.

2.4. SHAP-Based Feature Engineering

Improving data representation through feature engineering is a key component of the machine learning
process, enabling models to better capture relevant patterns [19]. This research employed a SHAP-based
(SHapley Additive exPlanations) method to perform feature engineering. SHAP is a model interpretation
technique that quantifies the additive contribution of each feature to the prediction output [20]. SHAP (SHapley
Additive exPlanations) has been increasingly adopted in educational research due to its ability to enhance
model interpretability and support data-driven decision-making. One study applied SHAP to identify key
features influencing students' adaptability, enabling more targeted educational interventions [21]. Another
study utilized SHAP to analyze the factors affecting students’ active transportation behaviors, offering insights
to improve school accessibility and public health in underserved regions [22]. Additionally, SHAP has been
employed to improve early detection of dropout risks among undergraduate students, demonstrating its
effectiveness in identifying influential predictors [23]. Other research highlights the critical importance of
interpretability in education, positioning SHAP as a valuable tool to ensure transparency in the application of
machine learning models [24].

The process began by training an initial Random Forest model on the SMOTE-enhanced training data
to compute SHAP values for each feature with respect to the classification output. Random Forest was selected
due to its decision-tree ensemble structure, natural interpretability, and effectiveness in handling both
numerical and categorical data [25]. Furthermore, Random Forest is non-parametric and relatively robust to
outliers, allowing for more reliable and representative estimations of feature contributions for SHAP
calculation. SHAP values were computed across all features to obtain their mean absolute contribution to the
model prediction, calculated using Equation (2).

Mean Absolute SHAP Value; = % Maleijl @)

where ¢; ; ais the SHAP value for feature j on sample i, N a is the total number of samples, and j denotes the
feature index. Absolute values prevent opposing contributions from canceling out.

Features with the highest SHAP values were then selected as the basis for generating new features.
Feature construction was performed using various approaches, including combining complementary features,
applying logarithmic transformation to features with skewed distributions to stabilize variance, and creating
binary features based on specific SHAP-derived thresholds [26]. The SHAP-based feature engineering process,
as illustrated in Figure 2.
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Figure 2. SHAP-based Feature Engineering Process for Classifying Student Adaptability

The flowchart in Figure 2 visually summarizes the entire SHAP-based feature engineering process. It
highlights the key steps, from training the initial Random Forest model to compute SHAP values, calculating
the mean absolute SHAP values, and finally selecting the features with the highest SHAP values for
engineering. This process ensures that the generated features are not only statistically justified but also
semantically relevant, improving the interpretability and accuracy of the classification models. Through this
process, feature engineering was guided not merely by exploratory analysis but by strong statistical
justification, both locally (individual data points) and globally (entire dataset).

2.5. Classification Model Development

This study employed four widely used classical machine learning algorithms for classification tasks
due to their efficiency, interpretability, and scalability, particularly in educational contexts where
computational constraints and transparency are essential [27]. The study employed SVM, KNN, Decision Tree,
and Random Forest to represent margin-based, distance-based, tree-based, and ensemble learning paradigms.

The SVM algorithm classifies data by finding a hyperplane that maximally separates two classes in
the feature space [28]. It is especially well-suited for handling binary classification problems involving high-
dimensional feature spaces. The decision function of SVM is defined by Equation (3).

f(x) = sign(wTx + b) 3)

where w represents the weight vector, x denotes the input features, and b is the bias. refers to the bias term.
The ideal hyperplane is found by expanding the margin between classes as much as possible while
simultaneously reducing classification errors.

KNN (k-Nearest Neighbors) is a non-parametric algorithm that classifies a data point based on the
most common class among its k closest training samples in the feature space [29]. Class prediction is based on
the Euclidean distance to all training samples, and the majority class among the closest k samples is selected.
The Euclidean distance between x; and x; is defined by Equation (4).

Machine Learning-Based Classification ...(Yasin Efendi)
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2
d(x, %) = (X, (xa — x5) (4)

where n is the number of features, and x;;, x;; are the values of the It" feature for x; and x;, respectively.

A Decision Tree is a classification algorithm that organizes data by recursively partitioning it
according to input feature values, resulting in a tree-like decision structure [30]. Feature selection at each node
is based on impurity measures such as the Gini Index or Entropy. In this study, the Gini Index was used, defined
by Equation (5).

Gini = 1 - $5, p* (5)

where C is the number of classes and p; is the relative probability of class i at a node. Lower Gini values
indicate higher node homogeneity.

Random Forest is an ensemble-based method that generates multiple decision trees by randomly
sampling both data instances and feature subsets. It aggregates the predictions from all trees through majority
voting to determine the final outcome [31]. Random Forest is known for reducing overfitting and improving
accuracy. The final prediction of Random Forest is given by Equation (6).

y= mode{h, (x), hy(x), -, hp(x)} (6)
where h,(x) is the prediction from the t**, and T is the total number of trees in the ensemble.

All four models were tested in two distinct scenarios, namely before and after SHAP-based feature
engineering, to objectively evaluate the impact of feature transformation on the performance of each algorithm.
The key hyperparameters used for training each model in their final configuration are presented in Table 2.

Table 2. Final hyperparameter settings for each classification model

Model Key Hyperparameters
SVM Kernel = RBF, C = 1.0, Gamma = scale
KNN n_neighbors = 5, metric = Euclidean
Decision Tree Criterion = Gini, max_depth = None, min_samples_split = 2
Random Forest n_estimators = 100, Criterion = Gini, max_depth = None, min_samples_split = 2

Table 2 presents the hyperparameters used for each model. These parameters were selected through a
combination of grid search and empirical tuning to achieve optimal performance in both the baseline and
SHAP-based feature engineering scenarios.

2.6. Model Performance Evaluation

Model performance was evaluated using a combination of quantitative metrics and ROC curve
visualization to provide a comprehensive assessment. The evaluation involved the four classification
algorithms both before and after SHAP-based feature engineering. The five primary metrics used included
accuracy, precision, recall, F1-score, and ROC AUC. Precision, recall, and F1-score were calculated using
macro averaging to accommodate the class imbalance. In addition, Receiver Operating Characteristic (ROC)
curves were visualized for each model using a One-vs-Rest scheme to evaluate their ability to distinguish
between classes [32]. The Area Under the Curve (AUC) was used as an indicator of each model’s
discriminative performance [33]. The evaluation results from both scenarios were compared to assess the extent
to which feature engineering improved the model’s effectiveness and generalizability in classifying students'
adaptability levels in online learning environments.

3. RESULTS AND DISCUSSION

3.1. Data Preparation and Class Balance

The dataset used in this study was obtained from the public Kaggle platform titled Students
Adaptability Level in Online Education [15]. It consists of 1,200 entries, where each entry represents a student
and includes 13 predictor attributes and one target attribute indicating the student’s adaptability level to online
learning. Initial preprocessing was carried out to ensure the data format was compatible with machine learning
algorithms. All categorical features were converted to numerical form using label encoding, enabling
compatibility with classification models that require numerical input. Subsequently, numerical features were
standardized using the StandardScaler to align feature ranges and prevent any single attribute from dominating
due to scale differences. After preprocessing, the target label proportions were analyzed to assess class
distribution. The initial class distribution visualization is presented in Figure 3.
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Figure 3. Initial distribution of adaptivity level classes

Figure 3 illustrates a clear class imbalance. The Moderate Adaptability class dominates with 52.9%
of the data, followed by Low Adaptability with 39.1%, and only 8.0% of entries belonging to the High
Adaptability class. This imbalance may cause the classification model to bias toward the majority class and
fail to make accurate predictions for minority classes. To mitigate this problem, SMOTE was implemented
using the imblearn library within the Google Colab platform. This oversampling process was performed only
on the training data, which had been separated beforehand, to avoid data leakage. The new class distribution
after SMOTE application is depicted in Figure 4.
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Figure 4. Class distribution after SMOTE oversampling

Figure 4 shows that the three classes now have an equal share, approximately 33.3% each within the
training set. This balanced condition ensures that the classification models can learn from all classes fairly and
reduces the risk of bias toward the majority class.

3.2. SHAP-Based Feature Importance Analysis

To assess the contribution of each feature to model predictions, this study utilized SHAP (SHapley
Additive exPlanations), an interpretability method derived from cooperative game theory that treats features as
contributors to the model output. SHAP calculates each feature’s marginal contribution by evaluating all
possible feature combinations, offering both fair and consistent local-global explanations.

Machine Learning-Based Classification ...(Yasin Efendi)
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In this study, SHAP was implemented by first training a Random Forest model on the SMOTE-
balanced training data. Random Forest was selected because it is a tree-based ensemble model that naturally
supports interpretability, handles both numerical and categorical data effectively, and is robust against outliers.
These characteristics make it reliable for producing representative estimations of feature contributions.
Subsequently, SHAP values were computed for each feature in relation to predictions of the three adaptability
classes: Low, Moderate, and High. The aggregated SHAP values are visualized in Figure 5.

Class Duration
Financial Condition
Institution Type
Age

Gender

Network Type
Location

Education Level
Internet Type

IT Student

Self Lms

Device B Class 2

B Class 1

Load-shedding e Cl 0
ass
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mean(|SHAP value|) (average impact on model output magnitude)

Figure 5. Visualization means the absolute SHAP value of each feature against the target class

Figure 5 illustrates the average absolute contribution of each feature to the model’s output, segmented
by target class. Blue, magenta, and olive green represent contributions toward predicting class 2 (High), class
1 (Moderate), and class 0 (Low), respectively. The analysis revealed that the features Class Duration, Financial
Condition, and Institution Type have the most significant impact on model predictions across all classes. Class
Duration consistently shows high contribution to all adaptability levels, indicating that the amount of time
spent in online classes is closely related to students’ adaptability. Similarly, Financial Condition and Institution
Type exert substantial influence, highlighting the role of economic background and institution type in
supporting online learning engagement. On the other hand, features such as Load-shedding, Device, and Self
LMS exhibit relatively lower contributions, suggesting that within this dataset, these factors are less influential
in distinguishing students’ adaptability levels. These SHAP insights serve as the foundation for the subsequent
feature engineering process, where features with high SHAP values are considered for transformation,
combination, or further refinement to enhance the model’s discriminative capacity.

3.3. Feature Engineering Based on SHAP

Following the SHAP-based analysis of feature importance, the next step involved designing new
features that capture potential interactions among existing attributes. The aim was to enrich the feature space
with semantically meaningful combinations that could improve model discrimination. The engineered features
were created by combining original attributes that were both statistically relevant (based on SHAP values) and
contextually aligned with online learning adaptation.

The selection of features for combination was guided by three interconnected considerations. First,
only attributes that consistently ranked high in the SHAP importance list across multiple models were chosen
to ensure strong predictive relevance. Second, the attributes needed to demonstrate a potential interaction
effect, meaning that when combined, they could form a meaningful construct in the context of online learning
adaptability, such as merging academic engagement indicators with measures of resource availability. Finally,
the combinations were required to align with domain knowledge, ensuring that they reflected established
educational factors known to influence students’ ability to adapt. Table 3 presents the newly constructed
features along with their logical justifications.
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Table 3. Engineered features and justification

New Feature Original Features Justification
Edu_Duration Education Level x Represents the relationship between education level and learning habits in
Class Duration online education. Students at higher education levels tend to have longer
class durations, which may influence their adaptability.
Device_Internet Device x Internet Type Describes the quality of access to online learning. Combinations such as

computer + Wi-Fi provide a more stable learning experience compared to
mobile phones + mobile data.
Location_Financial ~ Location x Financial Represents the socioeconomic dimension of students. Those from rural
Condition areas with lower economic conditions may face greater challenges in
adapting compared to urban students with good financial conditions.

Table 3 presents the new features generated through the feature engineering process based on SHAP
analysis. Each feature represents a combination of two original attributes that are conceptually related and
believed to capture important aspects of the online learning adaptability process. The Edu_Duration feature
reflects the influence of education level on students’ engagement intensity in online classes. The
Device_Internet feature combines the dimensions of device and internet connection as an indicator of learning
access quality. Meanwhile, Location_Financial represents the students’ socioeconomic conditions, which may
affect their ability to adapt to online education systems.

After combining features based on the SHAP value analysis, an evaluation was conducted to assess
the usefulness of the newly constructed attributes using a correlation heatmap. This heatmap was used to
examine the relationships among both original and engineered features to ensure that the new features were
not redundant and provided additional, relevant information for predicting the target variable. The correlation
results indicate that Edu_Duration has a strong correlation with both Education Level (0.73) and Class
Duration (0.71), suggesting that it effectively captures the joint information of its components. Device_Internet
is highly correlated with Internet Type (0.74) and moderately with Device (0.43), reflecting its ability to
represent digital access quality. Meanwhile, Location_Financial shows a very high correlation with Financial
Condition (0.91) and a fair correlation with Location (0.26), indicating its validity in representing students'
socio-economic conditions. Overall, these engineered features do not introduce excessive multicollinearity and
contribute valuable information to the predictive model. The correlation patterns are illustrated in Figure 6.
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Figure 6. Correlation heatmap of original and engineered features

3.4. Model Building and Performance Evaluation

The model implementation was conducted in the Google Colab environment, which provides cloud-
based computational resources and supports various machine learning libraries. Using Scikit-learn’s
train_test_split, the data was partitioned into 80% for training and 20% for testing purposes. A fixed
random_state parameter was applied to ensure result reproducibility. Additionally, the class distribution in the
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target variable was preserved during the split to ensure a representative evaluation of the model's performance.
Four classical machine learning algorithms were used in this study: SVM, KNN, Decision Tree, and Random
Forest. SVM constructs an optimal hyperplane to separate classes, KNN classifies samples based on the
majority of their nearest neighbors, Decision Tree builds classification rules through decision tree structures,
while Random Forest aggregates multiple decision trees to improve accuracy and reduce overfitting. All model
implementations were performed using Scikit-learn in Google Colab, with model training conducted via the

fit() method and evaluation through .predict() and .predict_proba() functions.

As part of the comprehensive evaluation, the performance of all models was assessed using five key
classification metrics: precision, recall, F1-score, accuracy, and ROC AUC. The evaluation compared model

performance before and after SHAP-based feature engineering, as summarized in Table 4.

Table 4. Comparison of model performance without and with feature engineering

Precision Recall F1-Score
Model (Macro) (Macro) (Macro) Accuracy  ROC AUC
SVM 74.04% 82.49% 75.36% 80.50% 90.87%
KNN 75.81% 76.53% 76.14% 80.50% 91.55%
Random Forest 83.73% 89.07% 85.80% 89.63% 98.04%
Decision Tree 82.78% 88.14% 84.87% 88.38% 95.08%
SVM + Feature Engineering 79.70% 87.28% 81.08% 82.64% 93.58%
KNN + Feature Engineering 74.81% 75.95% 75.21% 77.69% 93.83%
Random Forest + Feature Engineering 87.52% 92.76% 89.34% 90.08% 98.49%
Decision Tree + Feature Engineering 87.52% 92.76% 89.34% 90.08% 98.78%

Table 4 demonstrates that SHAP-based feature engineering led to performance improvements in most
models, particularly Random Forest and Decision Tree, which both achieved the highest accuracy of 90.08%,
along with an F1-score of 89.34% and ROC AUC values approaching 99%. The SVM model also showed
gains, especially in recall, which rose from 82.49% to 87.28%. The only performance drop occurred in KNN,
with a slight decline in accuracy and F1-score, although its ROC AUC improved. These results indicate that
feature engineering enhances data representation and boosts predictive performance, particularly in tree-based

models.

ROC curves were used to evaluate how well each model differentiated between classes before and
after feature engineering. A higher AUC value reflects stronger classification performance. The visualization

is presented in Figure 7.
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Figure 7. ROC curves of the models before and after applying feature engineering

The ROC curve results show that all models experienced an increase in AUC across all classes after
feature engineering was applied. The most notable improvement was observed in the SVM model, where the
average AUC increased from approximately 0.91 to 0.94. Meanwhile, Random Forest and Decision Tree,
which already had high AUC values, further improved and approached 0.99. These results indicate that the
addition of SHAP-based engineered features not only improved overall accuracy but also enhanced the models’
ability to distinguish each target class with greater precision.

In addition to predictive performance, the computational trade-off was evaluated by measuring the
average training time for each model in both the baseline and SHAP-based feature engineering scenarios. The
training time was measured in the Google Colab environment using the time.perf_counter() function in Python,
which recorded the duration taken by the fit() method for each model. To ensure stability and reduce the effect
of random fluctuations, each model was trained three times, and the mean training time was reported. The
results of the average training time before and after feature engineering are shown in Table 5.

Table 5. Average training time before and after feature engineering
Avg. Training Time  Avg. Training Time

Model (Baseline) (FE) Difference
SVM 0.3316 s 0.3299 s -0.0017 s
KNN 0.0028 s 0.0009 s -0.0019 s
Random Forest 0.2221s 0.2342 s +0.0121 s
Decision Tree 0.0035 s 0.0042 s +0.0007 s

The results in Table 5 show that the inclusion of SHAP-based engineered features had a negligible
impact on training time for all models. Tree-based models such as Random Forest and Decision Tree
experienced minor increases of approximately 0.0121 seconds and 0.0007 seconds, respectively. Surprisingly,
non-tree models like SVM and KNN exhibited slightly faster training times in the feature engineering scenario.
This could be attributed to the newly created features providing more informative representations, enabling
SVM to converge faster and slightly reducing the computational overhead in KNN’s data storage process.
Overall, the performance improvements achieved through SHAP-based feature engineering were not
accompanied by any significant increase in computational cost, indicating that the proposed approach remains
efficient for practical deployment.

To verify whether the observed performance differences between the baseline and feature engineering
scenarios were statistically significant, a paired t-test was conducted on the accuracy scores obtained from 10-
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fold stratified cross-validation for each model. This approach ensures that the evaluation considers variability
across different train-test splits and that the comparison is made on matched folds. The resulting t-statistics, p-
values, and significance outcomes are presented in Table 6.

Table 6. Paired t-test results for accuracy before and after feature engineering

Model t-statistic p-value Significance
SVM 2.8741 0.0185 Significant
KNN -1.5423 0.1570 Not Significant
Random Forest 1.2145 0.2523 Not Significant
Decision Tree 2.2769 0.0482 Significant

The results in Table 6 show that the performance improvement of the SVM and Decision Tree models
is statistically significant at the 5% level, thus confirming that the accuracy improvement is unlikely to be due
to random variation. In contrast, the changes observed for KNN and Random Forest are not statistically
significant, suggesting that the differences in their accuracy before and after feature engineering could be
attributed to sampling variability. These findings highlight that the proposed SHAP-based feature engineering
approach provides clear and measurable benefits for certain algorithms, particularly margin-based and
hierarchical classifiers.

3.5. Discussion and Implications

The evaluation results indicate that applying SHAP-based feature engineering has a positive impact
on the performance of most classification models, particularly tree-based algorithms such as Random Forest
and Decision Tree. This suggests that the engineered features derived from SHAP value analysis are able to
capture meaningful interactions between variables that are often missed in raw input formats. For instance, the
engineered feature Edu_Duration, which combines Education Level and Class Duration, reflects a nuanced
relationship between the time invested in online learning and the educational stage of students in determining
adaptability.

Random Forest and Decision Tree models demonstrated the most significant improvements in F1-
score and ROC AUC, confirming the ability of ensemble and hierarchical classifiers to leverage added
information from SHAP-guided transformations. Interestingly, the SVM model exhibited a notable increase in
recall (from 82.49% to 87.28%) without a proportional improvement in F1-score or accuracy. This
phenomenon suggests that the feature engineering process enabled the SVM to better identify more positive
instances, particularly those previously misclassified, at the cost of precision. Since SVM is sensitive to the
placement of the decision boundary, adding new features may have caused the model to generalize better to
minority classes. This improved recall but slightly reduced the balance between precision and recall, leading
to a modest gain in Fl-score. A similar trend was observed in the KNN model, where recall marginally
increased while accuracy and F1-score slightly declined. This could be attributed to KNN’s reliance on local
neighborhood structures, which can be disrupted when new features alter distance relationships between
samples. The increase in ROC AUC, however, indicates that KNN benefited from better separation between
classes in probability space, even though it struggled to make correct class assignments under hard decision
boundaries. These findings highlight that different models respond differently to the same set of engineered
features. While tree-based models can flexibly split based on new interactions, margin-based models such as
SVM and instance-based models such as KNN might exhibit asymmetric improvements depending on how the
new features affect class boundaries or neighborhood dynamics.

In addition to predictive performance, the practical aspect of computational cost was examined.
Average training times measured over three runs showed negligible differences between the baseline and
feature engineering scenarios, with variations of less than 0.02 seconds for all models. Interestingly, SVM and
KNN recorded slightly faster training times after feature engineering, which could be due to the engineered
features providing more informative representations that facilitated faster convergence for SVM and slightly
simplified the data structure for KNN. These results suggest that the performance improvements did not come
at the expense of substantial increases in computational requirements, making the proposed approach viable
for real-world applications.

Furthermore, statistical significance testing using the paired t-test confirmed that the observed
accuracy improvements for SVM and Decision Tree were significant at the 5% level (p < 0.05), while changes
for KNN and Random Forest were not statistically significant. This finding reinforces that the benefits of
SHAP-based feature engineering are more pronounced for certain model types, particularly margin-based and
hierarchical classifiers, and that observed gains for other models may be within the range of random variation.

A major strength of this study lies in its integration of explainable Al techniques (via SHAP) with
semantically meaningful and statistically justified feature engineering. This approach not only improves model
performance but also enhances transparency and trust in the algorithmic decision-making process. Nonetheless,
this study has some limitations. First, the number of engineered features is still limited and may not capture all
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complex nonlinear interactions. Second, the evaluation was conducted on a single dataset from a specific
educational context, which may restrict generalizability. Future research should explore a wider range of
models, including neural networks, and validate findings on diverse educational datasets to confirm the
robustness and scalability of the proposed approach. Additionally, future studies should implement more
extensive cross-validation schemes and test the models on datasets with different sample sizes, class
distributions, and educational contexts to better assess the external validity of the proposed method.

4. CONCLUSION

This study proposed the use of SHAP (SHapley Additive exPlanations) not only as a tool for model
interpretability but also as a foundation for feature engineering in the classification of students' adaptability to
online learning. By combining SHAP values with domain-driven reasoning, three new features were
constructed to capture critical aspects of the learning context: the interplay between education level and class
duration, the quality of digital infrastructure through device and internet type, and the students' socioeconomic
conditions. Experimental results demonstrated that SHAP-based feature engineering consistently enhanced
model performance, particularly for tree-based algorithms. Both Random Forest and Decision Tree models
achieved the highest accuracy of 90.08%, F1-score of 89.34%, and ROC AUC values approaching 99%. The
paired t-test confirmed that the accuracy improvements for SVM and Decision Tree were statistically
significant at the 5% level (p < 0.05), while changes for KNN and Random Forest were not significant,
suggesting that the benefits of SHAP-based feature engineering are more pronounced for certain model types.
In addition, the training time analysis indicated that the computational cost remained negligible across all
models, with variations below 0.02 seconds, ensuring that the performance gains were achieved without
compromising efficiency. These findings highlight the practical potential of SHAP-guided feature engineering
in improving the quality and fairness of student adaptability prediction models. Educational institutions could
apply this approach to develop adaptive learning support systems that identify students who are struggling or
highly adaptable, enabling timely and targeted interventions. By increasing model interpretability and
precision, such systems could foster more inclusive and data-driven decision-making in online education
settings. However, this study is not without limitations. The feature engineering process involved only a small
number of manually constructed features, and the evaluation was limited to a single dataset from a specific
educational context with relatively homogeneous demographic and learning environment characteristics. These
factors may constrain the generalizability of the results to broader or different educational settings. For future
research, it is recommended to explore automated feature generation techniques, conduct more extensive cross-
validation, and test the approach across larger and more diverse educational datasets from different contexts.
Further exploration of interpretability techniques in conjunction with fairness metrics could also support the
development of responsible Al in education.
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