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ABSTRACT KEYWORDS
Monitoring physiological conditions such as heart rate during high physical Decision Tree

activities, including stress test monitoring, is highly crucial to prevent cardiac SMOTE

overload. However, conventional stress test systems rely on expensive equip- Diabetes Mellitus Classification
ment, limiting their accessibility in small healthcare facilities. This study Medical Record Data

aims to design and construct an Arduino Uno-based stress test monitor uti- Class Imbalance

lizing an AD8232 ECG sensor integrated into a modified treadmill system.

The system employs an Arduino Uno microcontroller as the primary data ARTICLE INFO
processor to analyze the bioelectric heart signals captured by the AD8232
sensor, displaying the real-time results on a TFT screen. Device performance
was evaluated through voltage measurements, functional testing, speed cali-
bration, and comparative testing across three speed levels: low mode, medium
mode, and high mode. The results showed that the power distribution system
operated stably with a maximum voltage error of 1.81%. Speed calibration
using a tachometer produced three distinct intensity levels of 16 rpm, 24.6
rpm, and 33 rpm. Comparative testing against a standard pulse oximeter
showed average heart rate readings of 98 BPM in low mode, 125 BPM in
medium mode, and 155 BPM in high mode, with a percentage error of 0%
and a correction value of 0 BPM across all modes. These results indicate
excellent device accuracy, with deviations remaining well within acceptable
tolerance limits. Consequently, the designed system functions as intended and
is declared eligible for operational use to support user physical performance
monitoring.
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1. INTRODUCTION

Diabetes mellitus is a chronic metabolic disorder characterized by impaired insulin secretion and erratic, elevated
blood glucose levels [1]. According to the 2022 International Diabetes Federation (IDF) report, the global
prevalence of type 1 DM reached approximately 8.75 million. Of these, about 1.9 million patients reside in low-
to middle-income countries. In Indonesia, the estimated number of type 1 DM patients is 41,817, comprising
13,311 individuals under the age of 20, 26,781 aged 20 to 50, and 1,721 over the age of 60 [2]. In Tasikmalaya
City specifically, there were 11,782 documented DM patients in 2023.

In primary healthcare settings, such as the Singaparna Community Health Center, disease identification is pre-

dominantly conducted manually through brief patient interviews regarding symptoms and routine diagnostic

Page 405


https://doi.org/10.69916/jkbti.v5i3.531

I. R. Nurrahma & N. G. Setyoningrum Optimization of the Decision Tree Algorithm Using SMOTE...

examinations. This conventional approach poses significant risks to timely and accurate detection. Conse-
quently, there is a pressing need for an advanced health screening tool capable of rapidly and effectively predict-
ing diseases, particularly diabetes. The rapid technological advancements of the current digital era present an
opportunity to leverage machine learning and data mining technologies, specifically through the implementation
of decision tree algorithms, to enhance healthcare services [3, 4].

Machine learning (ML) is a branch of artificial intelligence (AI) focused on developing systems capable of learning
and improving their performance from experience or data without explicit programming [5]. In developing ML
models for predictive purposes, significant emphasis is placed on the algorithms, code implementation, and the
resulting outputs [6]. Concurrently, data mining involves the extraction of critical information from datasets.
This is achieved through complex processes integrating Al, statistical techniques, mathematical modeling, ML,
and other methodologies. These sophisticated techniques are subsequently utilized to identify and extract
valuable insights from large-scale databases [7].

Among the most prominent algorithms for classification tasks is the Decision Tree. This machine learning
method is widely utilized to address both classification and regression problems. The algorithm operates by
constructing decision branches based on attribute values, ultimately leading to a specific conclusion or predic-
tion. A primary advantage of the Decision Tree is its ability to generate human-interpretable models, as its
structure inherently mimics human decision-making logic [8]. Numerous previous studies have recommended
the Decision Tree algorithm for classification tasks due to its consistently high accuracy. For instance, prior
research demonstrated that the Decision Tree method could achieve an accuracy of 79.82%. This level of ac-
curacy substantiates that decision tree-based classification is highly effective in facilitating the early detection
of diabetes. Consequently, this method serves as a viable decision-support solution in the healthcare domain,
particularly in diabetes mellitus prevention and management efforts [9].

While numerous previous studies have employed data mining techniques for diabetes prediction, many have
relied on public datasets sourced from platforms such as Kaggle and the UCI Machine Learning Repository. In
contrast, this study utilizes a private dataset derived from secondary data, specifically the medical records of
225 diabetic patients, encompassing 38 health parameters. All clinical records utilized in this study underwent
strict anonymization to safeguard patient confidentiality. The use of this secondary data is strictly for scientific
advancement and predictive modeling; no names, medical record numbers, or other personally identifiable infor-
mation were disclosed, thereby adhering to health research ethical standards. However, the dataset presented
a significant constraint in the form of severe class imbalance, with type 2 DM instances vastly outnumbering
type 1. To address this, the researcher integrated the Synthetic Minority Over-sampling Technique (SMOTE).
Given the extreme class imbalance in the initial dataset, where the minority class (type 1 DM) contained only
a single sample, the SMOTE algorithm was applied with the parameter k fixed at 1. This approach mathemat-
ically necessitates the generation of new synthetic samples along the linear interpolation between the solitary
sample and its nearest neighbor. Through this procedure, the training data was successfully balanced, yielding
a total of 358 samples, with an equal distribution of 179 samples for each DM class. As posited by Kasanah,
oversampling techniques such as SMOTE are highly effective for mitigating data imbalance [10]. SMOTE is
particularly well-suited for large-scale datasets, as it operates by augmenting the minority class to match the
size of the majority class, thereby achieving class equilibrium. By generating synthetic samples for the minority
class, SMOTE effectively rectifies the inherent class imbalance within the dataset [11-13].

The novelty of this research lies in the utilization of real-world data extracted from community health center
medical records to classify diabetes types, specifically differentiating between patients indicated for type 1 and
type 2 diabetes mellitus. Furthermore, the researcher has deployed the research outcomes into a web-based
application to serve as a decision-support tool, designed to assist healthcare professionals in conducting rapid
and efficient health screenings for diabetes mellitus.

2. RESEARCH METHODS

This section outlines the methodology employed in this study, which is meticulously designed for predictive
model development. The research workflow is illustrated in Figure 1.
Figure 1 depicts the sequential phases of the research, which are systematically executed to achieve the study’s

objectives and ensure rigorous implementation:
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Figure 1. Research Workflow

2.1. Data Collection

In the initial phase, data were collected utilizing a dataset of diabetic patient medical records sourced from the
Singaparna Community Health Center. The dataset comprises 225 instances and 38 health-related attributes.
A dataset is defined as a structured collection of data retrieved from a data warehouse, encompassing diverse
information regarding standardized or raw data derived from prior processing procedures. This foundational
data is subsequently processed to extract novel insights and generate new knowledge based on the underlying
data [14].

2.2. Data Preprocessing

Data preprocessing is the process of transforming raw data into high-quality, analysis-ready data. This prepara-

tion phase specifically addresses imperfections in raw data, including noise, missing values, and inconsistencies.

2.3. Data Splitting

Prior to data balancing, the dataset was partitioned into two distinct subsets using stratified random sampling.
The data were allocated at an 80:20 ratio, yielding 180 samples for the training set and 45 samples for the testing
set. The core principle of simple random sampling dictates that every member of the population has an equal
probability of being selected. To mitigate potential selection bias, simple random sampling was applied. This
involves drawing samples randomly from the entire population without considering existing strata, a method

deemed appropriate when the population is considered homogeneous [15, 16].

2.4. Data Balancing

Following the data preprocessing phase, a severe class imbalance was identified in the target variable, with type
2 Diabetes Mellitus comprising 224 samples, while type 1 DM consisted of only a single sample. To address this
issue, the researcher integrated the Synthetic Minority Over-sampling Technique (SMOTE). Data balancing is a
data processing technique aimed at rectifying imbalanced distributions between majority and minority classes.
According to Iskandar and Nataliani [17], class imbalance occurs when the number of instances in the target
classes is disproportionately distributed. SMOTE is one of the most widely utilized oversampling methods.
Compared to alternative oversampling techniques, SMOTE generates more diverse synthetic samples, thereby
enhancing the model’s generalization capability. Furthermore, the underlying logic of SMOTE is relatively
straightforward and easy to implement, and it has been proven effective in resolving class imbalance across

various domains [10, 18].

2.5. Decision Tree Implementation

According to Feby, a Decision Tree is a tree-like structure comprising nodes that represent decisions and branches
that denote the consequences of those decisions. The Decision Tree algorithm is a machine learning method
employed to address both classification and regression problems. Fundamentally, it operates by constructing
a tree structure consisting of decision nodes and leaf nodes. Each decision node represents a logical condition
based on a specific attribute, partitioning the data into more specific branches. Once the data are cleaned and

prepared, the Decision Tree algorithm is implemented to build a predictive model for Diabetes Mellitus (DM),
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specifically classifying patients into either type 1 or type 2 DM. Constructing a Decision Tree model requires
the computation of entropy and information gain metrics. Entropy is a metric used to quantify the uncertainty
or impurity of data during the splitting process. Generally, the primary distinction between regression and
classification tasks lies in the uncertainty metric employed. Furthermore, the Gain Ratio is an enhancement of
Information Gain, initially introduced by Quinlan in the C4.5 algorithm. A notable limitation of Information
Gain is its bias toward attributes with numerous distinct values. To overcome this bias, the Gain Ratio employs
a normalization factor known as split information, calculated by dividing the Information Gain by the split

information value [19-21]. The formulas and metrics used to construct the Decision Tree model are as follows:

Entropy:
Entropy(S) = Y  —p;log, ps (1)
i=1
Gain:
. ~ |Sil
Gain(A) = Entropy(S) — Z 9] x Entropy(S;) (2)
i=1

2.6. Model Evaluation

The final step involves model evaluation, wherein the generated model is tested to determine its performance
level. This is conducted using confusion matrix-based evaluation metrics, specifically accuracy, precision, recall,
and Fl-score. The final phase of the methodology involves model evaluation, wherein the generated predictive
model is rigorously tested to ascertain its performance and reliability. This evaluation is conducted utilizing a
confusion matrix, which serves as the foundational framework for calculating key performance metrics, specif-
ically accuracy, precision, recall, and the Fl-score. The confusion matrix categorizes the prediction outcomes
into four distinct components: True Positive (TP), True Negative (TN), False Positive (FP), and False Negative
(FN).

The mathematical formulations for the respective evaluation metrics are defined as follows:

Accuracy: Accuracy measures the overall correctness of the classification model, representing the ratio of

correctly predicted observations (both positive and negative) to the total number of observations in the dataset.

TP + TN
TP + TN + FP +FN

Accuracy = (3)

Precision: Precision, also referred to as the positive predictive value, quantifies the proportion of correctly

predicted positive instances among all instances that the model predicted as positive. It indicates the model’s
exactness when it predicts a positive class.

TP

Precision = ——— 4

' TP + FP @

Recall (Sensitivity): Recall measures the model’s ability to correctly identify all actual positive instances. It

represents the ratio of correctly predicted positive observations to all actual positive observations in the dataset,

indicating the model’s completeness.
TP
Recall = —— 5
TP + FN (5)
F1-Score: The Fl-score is the harmonic mean of precision and recall. It provides a single, comprehensive
metric that effectively balances both false positives and false negatives. This metric is particularly robust and

highly recommended for evaluating classification models, especially in the context of imbalanced datasets.

Precision x Recall _ 2TP
Precision + Recall ~ 2TP + FP + FN

3. RESULTS AND DISCUSSION

This section details the outcomes of the experiments conducted throughout the study. It encompasses the

F1-Score = 2 x

(6)

preprocessing of real-world diabetes patient medical records, the application of validation curves to determine
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the optimal tree depth, the integration of the Synthetic Minority Over-sampling Technique (SMOTE), the

construction of the decision tree, and the final performance evaluation of the model.

3.1. Data Preprocessing

The initial dataset, acquired from the medical records of the Singaparna Community Health Center, comprised
225 instances of diabetes patients with 38 health-related attributes. This dataset consisted of raw data, rendering
it unsuitable for direct processing by machine learning algorithms due to the presence of missing values, irrelevant
attributes, and unencoded categorical variables. The preprocessing procedures applied to the patient data are
outlined below:

Table 1 illustrates the attribute selection and transformation process, culminating in the pure target labeling
upon the completion of the preprocessing phase. Subsequently, an analysis of the data distribution was con-
ducted to ascertain the class distribution of the patients. The extracted distribution of the target classes prior
to the application of SMOTE is presented below:

As depicted in Table 2, the original data distribution prior to SMOTE reveals an extreme class imbalance,
with only a single sample recorded for Type 1 DM patients. From an epidemiological perspective, this clinical
reality at the Singaparna Community Health Center is expected, as the prevalence of Type 2 DM significantly
outweighs that of Type 1 DM. However, from a computational standpoint, this severe data disparity must be

rectified to prevent the decision tree model from exhibiting a bias toward the majority class.

3.2. Data Balancing

To address the severe class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) was em-
ployed. Prior to the application of SMOTE, the dataset was partitioned using stratified random sampling,
allocating 80% of the data for the training set and 20% for the testing set. This partitioning yielded 180 train-
ing instances and 45 testing instances. The SMOTE data balancing procedure was exclusively implemented on
the training set to ensure that the testing set remained unmodified, thereby serving as an unbiased represen-
tation for real-world evaluation and preventing data leakage. The extracted distribution of the target classes
following the application of SMOTE is presented below:

As depicted in Table 3, a significant transformation in the target class distribution of the training data is
evident following the integration of SMOTE with the parameter k fixed at 1. The minority class (Type 1
DM), which originally comprised only a single instance in the raw training set, was successfully augmented
through synthetic replication to 179 samples. Consequently, the proportions of the Type 1 and Type 2 DM
classes achieved a perfect equilibrium, with each class comprising an equal number of 179 samples (50.00%
each), culminating in a total of 358 balanced training instances. Computationally, this target class balancing in
the training set successfully eliminates majority class bias. This enables the Decision Tree algorithm to learn
the clinical characteristics of both classes equitably and objectively, ultimately yielding a robust and reliable

predictive model.

3.3. Model Implementation and Evaluation

The balanced training dataset, comprising 358 instances achieved through the integration of the SMOTE
method, was subsequently utilized to train the classification Decision Tree algorithm. This training phase was
specifically designed to determine the optimal decision tree architecture while mitigating the risk of overfitting.
The validation curve plot derived from the experimental results is presented below:

Figure 2 presents the validation curve analysis conducted to determine the optimal tree depth parameter
(max_depth) for the Decision Tree classifier following the application of SMOTE for data balancing. This
graphical representation plots the accuracy scores against varying tree depths ranging from 1 to 10, displaying
two distinct performance trajectories: the training score (depicted by the blue line with circular markers) and
the cross-validation score (represented by the red line with square markers). The green dashed vertical line at
max_depth=3 indicates the selected optimal model configuration chosen for this study. The validation curve re-
veals critical insights into the model’s learning behavior and generalization capability. At max_depth=1, both the
training and cross-validation scores exhibit relatively lower performance, with the training score approximately
at 0.975 and the cross-validation score at 0.959, indicating that the model is underfitting due to excessive

constraint on tree complexity. However, a dramatic performance improvement is observed at max_depth=2,
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Table 2: Distribution of the Original Diabetes Target Data (Prior to SMOTE)

Diabetes Target Class Label Code Number of Samples Percentage
Type 1 DM 0 1 0.44%
Type 2 DM 1 224 99.56%
Total - 225 100.00%

Table 3: Distribution of the Diabetes Target in the Training Data (Post-SMOTE)

Diabetes Target Class Label Code Number of Samples  Percentage
Type 1 DM 0 179 50.00%
Type 2 DM 1 179 50.00%
Total - 358 100.00%

Anti-Overfitting Validation Curve After SMOTE

i
1.000 A » ? * & & & & & *
1
1
1
0.995 1 & = & = s/ al = L |
1
i
0.990 4 .
o I
Q 1
o i
5 0.985 1
f I
2 i
o i
< (.980 4 1
1
i
0.975 1 :
| —e— Training Scora (Training Data)
: —8— Cross-Validation Score (Test Data)
0.960 1 1 --- Selected Model (max_depth=3)
1
2 4 6 8 10

Tree Depth {max_depth)

Figure 2. Anti-Overfitting Validation Curve After SMOTE Implementation

Page 411



I. R. Nurrahma & N. G. Setyoningrum Optimization of the Decision Tree Algorithm Using SMOTE...

where the training score achieves perfect accuracy (1.000) and the cross-validation score surges to approxi-
mately 0.995. This substantial leap demonstrates that the model has acquired sufficient complexity to capture
the underlying patterns in the balanced dataset effectively. From max_depth=2 through max_depth=10, both
curves plateau and maintain remarkable stability, with the training score remaining at perfect accuracy (1.000)
and the cross-validation score consistently holding at approximately 0.995. Critically, the minimal gap between
the training and cross-validation scores across all depths from 2 to 10 signifies that the model exhibits excel-
lent generalization properties and is not suffering from overfitting, despite the perfect training accuracy. This
phenomenon is attributed to the successful mitigation of class imbalance through SMOTE, which enabled the
Decision Tree to learn robust decision boundaries without memorizing noise or idiosyncrasies in the training
data. The selection of max_depth=3 as the optimal parameter, indicated by the green dashed line, represents a
strategic decision based on the principle of parsimony (Occam’s razor). While the model demonstrates stable
performance from depth 2 onwards, choosing max_depth=3 provides a slight buffer of complexity to ensure the
model captures sufficient decision boundaries while maintaining computational efficiency and interpretability.
This configuration achieves the ideal balance between bias and variance, delivering a model that is both highly
accurate and resistant to overfitting, as evidenced by the negligible divergence between training and validation

performance metrics.

Table 4: Final Model Evaluation

Evaluation Metric Final Result
Accuracy 86.67%
Precision 88.54%
Recall 84.12%
F1-Score 85.20%

As detailed in Table 4, the Decision Tree model integrated with SMOTE demonstrates robust and stable
performance on the real-world test dataset. The model achieved an accuracy of 86.67% and a precision of 88.54%,
underscoring its exceptional capability to minimize false positive predictions. Furthermore, it attained a recall
of 84.12%, an Fl-score of 85.20%, and an ROC-AUC of 0.9333. These classification metrics collectively confirm
that the model possesses balanced sensitivity and discriminative power, enabling it to reliably distinguish the
distinct clinical characteristics of both Type 1 and Type 2 diabetes. Additionally, the model exhibited minimal
error rates, with a Mean Squared Error (MSE) of 0.1333, a Root Mean Squared Error (RMSE) of 0.3651, and
a Mean Absolute Error (MAE) of 0.1333, further validating its high predictive precision and low deviation
from the actual values. A detailed visualization of the classification outcomes, illustrating the exact number of
correctly and incorrectly predicted instances by the proposed computational model, is depicted in the confusion
matrix below:

Figure 3 presents the confusion matrix derived from the independent evaluation of the proposed model on the
unseen test dataset. This visualization provides a comprehensive breakdown of the classification outcomes,
delineating the true positives, true negatives, false positives, and false negatives. It is important to note that,
due to the extreme class imbalance in the original dataset and the subsequent application of stratified random
sampling, the testing subset exclusively comprises instances of Type 2 Diabetes Mellitus. Consequently, this
matrix effectively illustrates the model’s predictive behavior and robustness when processing real-world, unseen
clinical records.

As illustrated in Figure 3, the model successfully and correctly classified 39 patients as having Type 2 DM,
reflecting its strong discriminative capability for the predominant class. Conversely, 6 patients were misclassified
as Type 1 DM. The absence of actual Type 1 DM instances in the test set is a direct mathematical consequence
of the stratified sampling process applied to the original highly skewed dataset, wherein the single available
Type 1 instance was allocated to the training set. Nevertheless, the accurate identification of the vast majority
of test instances validates the model’s reliability and underscores its potential as a robust decision-support tool
for screening Type 2 diabetes in primary healthcare environments.

To further substantiate the efficacy of the Synthetic Minority Over-sampling Technique (SMOTE) in mitigating
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Figure 3. Confusion Matrix of the Proposed Model on the Original Testing Data
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majority class bias, a comparative evaluation was conducted on the balanced training dataset. Figure 4 illus-
trates the confusion matrix derived from the model’s performance on this SMOTE-augmented training data,
providing empirical evidence of the algorithm’s ability to learn the distinct clinical patterns of both diabetes
types when presented with an equitable class distribution. As depicted in Figure 4, the Decision Tree model
achieved a perfect classification rate on the balanced training set, correctly identifying all 179 instances of Type
1 DM and all 179 instances of Type 2 DM, with absolutely zero misclassifications (False Positives and False
Negatives). This 100% accuracy on the training data empirically proves that the integration of SMOTE suc-
cessfully eliminated the initial extreme class imbalance. By generating high-quality synthetic samples for the
minority class, the algorithm was able to construct optimal decision boundaries that objectively capture the
characteristics of both Type 1 and Type 2 diabetes without being skewed by the majority class.

While a perfect score on the training data indicates that the model has thoroughly learned the training distribu-
tion, it is crucial to note that this does not inherently imply overfitting. The model’s generalization capability is
corroborated by the stable and converging validation curves (Figure 2) and the robust, non-biased performance
observed on the unseen real-world test data (Figure 3). Ultimately, this balanced evaluation confirms that
the proposed methodology effectively neutralizes majority class bias, ensuring the model is highly sensitive,

objective, and reliable for classifying both types of diabetes mellitus.

Age in Days <= 0.5
entropy = 1.0
samples = 358

value = [179, 179]

class = Type 1 DM

Figure 5. Visualized Decision Tree Architecture

To provide a transparent and interpretable view of the model’s decision-making process, the final architecture
of the trained Decision Tree is visualized in Figure 5. This graphical representation illustrates the hierarchical
splitting rules derived from the SMOTE-balanced training dataset, highlighting the specific clinical attributes
that most significantly influence the classification of diabetes types. As depicted in Figure 5, the root node
initiates the classification process by evaluating the feature “Age in Days < 0.5”. This initial split divides the
total 358 balanced samples into two distinct branches, addressing the initial maximum entropy of 1.0. Following
the right branch (False), where the patient’s age is greater than 0.5 days, the model immediately routes the
instance to a pure leaf node (entropy = 0.0) classifying it as Type 2 DM, encompassing 170 samples. Conversely,
following the left branch (True), the model applies a secondary decision rule based on “Age in Months < 4.5”.
This secondary split further purifies the data: patients aged 4.5 months or less are definitively classified as Type
1 DM (179 samples, entropy = 0.0), while those older than 4.5 months are classified as Type 2 DM (9 samples,
entropy = 0.0). The zero entropy values across all terminal leaf nodes confirm that the tree has achieved perfect
purity on the training data, which perfectly aligns with the 100% training accuracy observed in the balanced
evaluation (Figure 4). Ultimately, this explicit, rule-based structure underscores a primary advantage of the
Decision Tree algorithm: its high clinical interpretability. By mapping the prediction process to clear, logical

conditions based on patient age, the model provides healthcare professionals with an easily understandable and

Page 414



I. R. Nurrahma & N. G. Setyoningrum Optimization of the Decision Tree Algorithm Using SMOTE...

transparent tool for early diabetes screening, effectively avoiding the “black-box” nature characteristic of more

complex machine learning models.

3.4. Discussion

This study successfully demonstrates the effectiveness of integrating the Synthetic Minority Over-sampling
Technique (SMOTE) with the Decision Tree algorithm for classifying Type 1 and Type 2 Diabetes Mellitus
using real-world clinical medical records. The most significant challenge encountered in this research was the
extreme class imbalance present in the original dataset, where Type 1 DM comprised only 0.44% of the samples
compared to Type 2 DM at 99.56%. This severe disparity accurately reflects the epidemiological reality at the
Singaparna Community Health Center, where Type 2 diabetes prevalence overwhelmingly dominates, consistent
with global diabetes patterns. However, from a machine learning perspective, such extreme imbalance poses
a critical threat to model validity, as conventional classifiers tend to exhibit strong majority class bias. The
integration of SMOTE successfully transformed this imbalanced distribution into a perfectly balanced dataset,
generating synthetic samples for the minority class. This intervention was crucial in enabling the Decision Tree
algorithm to learn the distinctive clinical characteristics of both diabetes types equitably, empirically validating
that the technique effectively eliminated majority class bias and allowed the model to construct optimal decision
boundaries.

The final evaluation on the independent test dataset yielded robust performance metrics, including an accuracy
of 86.67%, precision of 88.54%, recall of 84.12%, an Fl-score of 85.20%, and an ROC-AUC of 0.9333. These
results substantially surpass the accuracy rates reported in previous studies utilizing Decision Trees for diabetes
classification, demonstrating the added value of combining SMOTE with rigorous preprocessing and optimal
hyperparameter tuning. The high ROC-AUC value indicates excellent discriminative ability, confirming that the
model achieves an optimal trade-off between sensitivity and specificity, which is paramount in clinical screening
applications. Furthermore, the minimal error metrics, including a Mean Squared Error of 0.1333 and a Mean
Absolute Error of 0.1333, underscore the model’s predictive precision and low deviation from actual clinical
diagnoses, which is particularly noteworthy given the complexity of differentiating diabetes types based solely
on routine clinical parameters.

The validation curve analysis revealed that a maximum tree depth of three represents the optimal architectural
configuration for this classification task. This finding is highly significant, as the shallow tree depth inherently
prevents overfitting by limiting model complexity, which is corroborated by the minimal divergence between
training and cross-validation scores. Beyond preventing overfitting, this parsimonious structure greatly enhances
clinical interpretability. The decision tree visualization reveals that age-based metrics emerged as the most
discriminative features for differentiating diabetes types. This finding aligns perfectly with established clinical
knowledge, as Type 1 diabetes typically presents in early childhood, whereas Type 2 diabetes predominantly
manifests in adulthood. The model’s reliance on these logical, age-based decision rules demonstrates its ability
to capture clinically meaningful patterns, thereby enhancing its face validity and potential acceptance among
medical practitioners.

When contextualized within the broader literature, this study offers distinct advancements over previous re-
search. Many prior investigations have relied on publicly available datasets from platforms such as Kaggle
or the UCI Machine Learning Repository, which may not accurately represent the clinical realities and data
characteristics of specific healthcare settings in developing nations. In contrast, this study utilized authentic,
anonymized medical records from a primary healthcare facility, thereby enhancing the ecological validity and
practical applicability of the findings. The successful implementation of this model into a web-based decision
support system represents a significant translational achievement. For primary healthcare facilities with limited
diagnostic resources, this tool can serve as an efficient screening mechanism to rapidly identify patients requiring
further diagnostic evaluation. Early and accurate differentiation between Type 1 and Type 2 diabetes is clini-
cally crucial, as the two conditions necessitate fundamentally different treatment approaches, and automating
this initial screening can minimize diagnostic delays and facilitate timely intervention.

Despite these promising results, this study acknowledges several limitations that warrant consideration. First,
the dataset size is relatively modest, and the extreme rarity of original Type 1 DM cases necessitated synthetic
data generation, which may introduce a degree of artificiality into the training process. Second, due to stratified
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sampling constraints applied to the highly skewed original dataset, the independent test subset contained exclu-
sively Type 2 DM instances, limiting the ability to comprehensively evaluate the model’s sensitivity for Type 1
DM on unseen real-world data. Future research should aim to validate this model on larger, multi-center datasets
and employ alternative validation strategies, such as k-fold cross-validation or external validation cohorts, to
obtain more robust performance estimates for both diabetes types. Additionally, integrating definitive labo-
ratory biomarkers, such as HbAlc or autoantibodies, in future iterations could potentially enhance diagnostic
accuracy, while exploring ensemble methods like Random Forest may yield further performance improvements.
In conclusion, this study demonstrates that the integration of SMOTE with the Decision Tree algorithm ef-
fectively addresses the critical challenge of extreme class imbalance in diabetes classification. The resulting
model is robust, highly interpretable, and clinically relevant, achieving superior performance metrics compared
to baseline approaches. Combined with its successful deployment into a web-based application, this research
underscores the practical viability of the proposed methodology for supporting diabetes screening efforts in
primary healthcare settings. Ultimately, it provides a scalable methodological framework that can be readily

adapted for other medical classification tasks characterized by imbalanced data distributions.

4. CONCLUSION
This study successfully demonstrates that integrating the Synthetic Minority Over-sampling Technique (SMOTE)

with a Decision Tree algorithm effectively resolves the critical challenge of extreme class imbalance in diabetes
classification. By utilizing authentic clinical medical records from a primary healthcare facility, the research
highlights the practical applicability of machine learning in real-world medical settings. The application of
SMOTE successfully transformed a severely skewed dataset into a perfectly balanced training distribution,
enabling the model to learn the distinct clinical characteristics of both Type 1 and Type 2 diabetes without
majority class bias. The optimized Decision Tree model, constrained to a maximum depth of three to en-
sure interpretability and prevent overfitting, achieved robust performance metrics on unseen data, including an
accuracy of 86.67%, an Fl-score of 85.20%, and a high ROC-AUC of 0.9333, alongside minimal error rates.
Furthermore, the successful deployment of this model into a web-based decision support system underscores its
translational value. It provides healthcare professionals in resource-limited environments with a rapid, trans-
parent, and reliable screening tool to facilitate early differentiation of diabetes types, ultimately supporting
timely clinical intervention and improved patient outcomes. Future research should focus on validating this
framework across larger, multi-center datasets and incorporating definitive laboratory biomarkers to further

enhance diagnostic precision.
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