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Abstract. Diabetes Mellitus, a global health burden linked to increased cancer risks, can be identified through
variables like BMI, age, blood sugar, and HbAlc. This study explored diverse machine learning techniques for
diabetes prediction, emphasizing dimensionality reduction and feature selection's role in enhancing model accuracy.
Our motive is to compare the performance of multiple machine learning algorithms measures between original data
and original data on which the handling sampling method or principal component analysis (PCA) was applied. The
study utilizes Kaggle's "Diabetes Prediction Dataset" with 100,000 entries, employing eight features and one target
variable related to diabetes. In the experiment, the dataset was divided into three distinct datasets: 1) whole dataset, 2)
dataset containing males only, and 3) dataset containing females only. Those datasets were trained with multiple
machine learning models: K-Nearest Neighbor (KNN), Decision Tree (DT), Support Vector Machines (SVM),

XGBoost (XGB), and Random Forest (RF). The findings revealed that XGB outperformed other models with f1-score
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of 80.87 for an imbalanced dataset. Moreover, in diabetes classification based on gender, the random forest model
was better for males with 80.34 as the f1-score while XGB was good for females 81.9 as the f1-score.
Keywords: diabetes; imbalanced dataset; data pre-processing; PCA; machine learning.
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1. INTRODUCTION

Diabetes Mellitus poses a significant health burden affecting millions of individuals globally [1].
Moreover, it is correlated with an increased risk of various cancers [1-3]. The identification of
diabetes can be facilitated through the consideration of multiple variables, including Body Mass
Index (BMI), age, blood sugar level, and HbAlc level [4]. Leveraging machine learning models
to analyze these variables allows for the extraction of patterns, enabling the development of
predictive insights through inference such as K-Nearest Neighbor (KNN), Decision Tree (DT),
Support Vector Machine (SVM), XGBoost (XGB), and Random Forest (RF) [5-10]. This
approach holds promise in enhancing our understanding of diabetes and contributes to the potential
for more effective diagnostic and predictive tools in the realm of healthcare.

In recent studies, researchers have utilized the application of machine learning algorithms and
various datasets such as PIMA Indian to classify diabetes [11-13]. This dataset was created by
National Institute of Diabetes and Digestive and Kidney Diseases, published in 1988 [14]. On
another occasion, Zhang [4] employed datasets from Kaggle's Electronic Health Records (EHRS).
This dataset comprises a compilation of medical and demographic information from patients,
coupled with their respective diabetes statuses. They reported accuracy rates ranging from 38.98%
to 51.22%, employing algorithms such as CatBoost, RF, LightGBM, XGB, and Deep Neural
Network (DNN). In the study, they found the challenge in increasing the model performance due
to the imbalanced dataset, prompting the implementation of pre-processing procedures to rectify
this imbalance [8-10]. The undertaking of such pre-processing measures is crucial for ensuring
the robustness and reliability of subsequent analyses and model training within the research.

Interestingly, we found this dataset has not been explored yet to its full potential.
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In the pursuit of enhancing the accuracy and reliability of diabetes prediction models, advanced
techniques such as Principal Component Analysis (PCA) and resampling methods were explored.
PCA has been utilized in medical data to train machine learning models. Géarate-Escamila et al.
[15] proposed the use of a chi-square (CHI) with PCA to improve the prediction of machine
learning models when classifying heart disease. They mentioned that complete features were
feasible when the system resources needed to be considered. They applied dimensionality
reduction techniques to improve the raw data result by reducing 74 features given to three groups
of features and achieved better performance. The study found the best dimensionality reduction
method for the prediction of heart disease in terms of performance, for this reason, CHI-PCA was
the most consistent and preferable method.

On the other hand, Reddy et al. [16] investigated the effect of two pioneer dimensionality
reduction techniques, PCA and Linear Discriminant Analysis (LDA). The reduced dataset was
experimented with DT, NB, RF, and SVM, and concluded that the model had better performance
when combined with PCA compared to LDA. Similarly, Bhattacharya et al. [17] also successfully
used PCA to choose the most significant features, eliminating irrelevant ones, which have a
negative effect on the accuracy of the prediction. So, this study aimed to evaluate the
implementation of dimensionality reduction using PCA on model performance across diverse
algorithms. The handling sampling methods for the imbalance dataset were also evaluated in

classifying diabetes.

2. DATASET AND METHODOLOGY

In this study, the raw dataset used went through the data pre-processing first. After that, the pre-
processed dataset was trained using machine learning models to predict diabetes. We also trained
the models with the dataset which was done by handling sampling method or reducing the
dimension using PCA. Finally, we evaluated and compared the performance of the diabetes
prediction models. The overall flow of the research used can be seen in Figure 1. Each stage is

explained in more detail in the next subchapter.
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Figure 1. Research workflow in this study

2.1. Dataset

The study employed Kaggle's "Diabetes Prediction Dataset" to facilitate the training and
assessment of the model under examination. The dataset, consisting of 100,000 entries,
encompasses 8 distinct features and 1 target variable. These features divide patients into two
categories: those afflicted with diabetes and those without. The dataset's information emanates
from EHRs derived from a healthcare service provider. The data collection methodology
encompasses the extraction of medical and demographic information from patients diagnosed with
or identified as being at risk of diabetes [18]. Notably, the dataset encompasses two categorical
features, namely gender and smoking history, with the remaining features being numerical, as

depicted in Table 1.
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TABLE 1. List of Features in the Dataset and Their Data Types

Feature Name Data Types Description

gender object Gender of the patient (Male, Female, and Other)
age float64 Age of the patient

hypertension int64 Information on whether the patient has

hypertension (0 for no and 1 for yes)

heart_disease int64 Information on whether the patient has heart
disease (0 for no and 1 for yes)

smoking_history object Information about the patient's smoking status
(divided into 6, namely: 'No Info', ‘Never’,
'Former’, 'Current’, 'Not Current’, and 'Ever’)

bmi float64 BMI (Body Mass Index) is a measure of a
patient's body fat based on weight and height.

HbAlc level float64 HbAlc, or hemoglobin Alc, is a measure of a
patient's average blood glucose level over a
certain period of time.

blood_glucose_level int64 Blood glucose levels refer to the amount of
glucose in a patient's bloodstream.

Diabetes int64 Information on whether the patient suffers from

diabetes (0 for no and 1 for yes).

2.2. Data Pre-processing

The data quality assurance process involves carefully checking for missing values, and ensuring
that there are no null or empty entries in the data set. The encoding process is carried out on features
that have the 'object’ data type. Missing values and outliers handling were also carried out on the
dataset. Following the standardization of data entry to 'int64' or 'float64', an important step in

optimizing model performance, especially for distance-dependent algorithms such as KNN, has
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been implemented [19]. This standardization ensures fair feature contribution during model
training [20,21]. Correlation analysis is also carried out to check the correlation between each
feature and the target variable.
2.3. Handling sampling

Acknowledging the potential deleterious impact of an imbalanced dataset, this study has
mitigated its negative effects by implementing three distinct methods: Under-sampling, Over-
sampling, and Synthetic Minority Over-sampling Technique (SMOTE) on the utilized dataset
[18,22]. These techniques aim to address the imbalance and enhance the model’s ability to
generalize across both diabetic and non-diabetic classes.
2.4. Dimensionality Reduction

PCA was applied to the dataset. PCA is a dimensionality reduction technique that aims to capture
the most critical features of the dataset while minimizing information loss. By implementing PCA,
the study sought to evaluate whether a reduced set of principal components can effectively capture
the underlying patterns in the data, potentially improving the model's efficiency [23]. The
subsequent analysis involved training and evaluating the algorithm on the dataset processed
through PCA, allowing for a comparative assessment of model performance before and after
dimensionality reduction.
2.5. Model Experiment

This research delved into various machine learning algorithms for diabetes classification. Among
these, the KNN algorithm emerged as a commonly employed method within the expansive
spectrum of machine learning algorithms [24]. Noteworthy for their effectiveness in representing
classifiers in data classification contexts, DT classifiers were also explored [25]. The RF
methodology, utilizing a bagging technique, was employed to generate decision tree ensembles
from a randomly selected subset of the training set. The amalgamation of individual decisions
through a majority voting mechanism determined the ultimate prediction [26]. Acknowledged for
its rapid and efficient handling of high-dimensional data, the SVM was highlighted, utilizing

various kernel techniques for effective modelling of non-linear feature combinations and
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enhancing classifier performance [27,28]. Additionally, the research recognized the XGB
algorithm as an efficient implementation of the Gradient Boosting Decision Tree (GBDT)
technique, seamlessly integrating software and hardware optimization methodologies to yield
superior outcomes with fewer computing resources compared to alternative methods [29].
2.6. Evaluation

Model performance was assessed using the F1-Score, a pertinent metric in medical classifications
like diabetes, emphasizing equal importance on predicting both positive and negative cases. The
F1-Score, derived from precision and recall values (equations 1, 2, and 3), measures the model's
accuracy in predicting true positive patients and its effectiveness in identifying the majority of
such instances. The best model's characterization involves presenting its AUC (Area Under Curve)
and a confusion matrix, offering insights into its proficiency in predicting positive and negative

patients [30,31].

Precision*Recall

F1Score = 2 x —— 1)
Precision+Recall

TP
Recall = )
TP+FN
.. TP
Precision = (3)
TP+FP

3. RESULT AND DISCUSSION

The experiment begins by applying a data pre-processing stage to the dataset. Start by checking
for missing values and outliers first. In the dataset used, no data was found with 'null" values or
missing values so there was no need for handling missing values. An irregularity was identified in
the gender feature, where 18 patients were categorized as 'other’ prompting the systematic removal
of rows with this classification. Subsequently, label encoding was applied to 'Object’ data types
such as gender and smoking history, encoding males as 1 and females as 0 for the gender feature,
and employing predefined rules for encoding smoking history categories.

Following the standardization of data entries to either 'int64' or 'float64," a critical step in

optimizing model performance, especially for distance-dependent algorithms like KNN, was
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implemented [19]. This standardization ensures equitable feature contributions during model
training [20,21].
A correlation analysis between each feature and the target variable was conducted, visualized
through a heatmap in Figure 2. The results provide a comprehensive overview of the relationships
between individual features and the target variable, contributing to a nuanced understanding of the

dataset's characteristics [22-23].
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Figure 2. Heatmap of the correlation between each feature in the dataset
The correlation analysis in Figure 2 indicates a weak correlation between gender and the target
outcome. Despite this, lifestyle factors like physical activity, alcohol, smoking, and diet can
influence diabetes development [32-33]. Consequently, the current study stratified the dataset by
gender, resulting in 58,552 female and 41,430 male instances. Both sets were evaluated using the
same model to identify effective diabetes classification strategies for each gender. However, all
datasets showed a notable imbalance, with non-diabetic cases exceeding 90%, potentially

introducing bias in model performance [34]. After that, all models were trained with the dataset.
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Table 2 presents the f1-score for each model, trained and tested on a dataset inclusive of both
male and female genders. The models were subjected to be trained using four distinct dataset
combinations: an imbalanced dataset, and a dataset subjected to under-sampling, oversampling,
and SMOTE methods. The findings revealed that, among the models, KNN, SVM, XGB, and RF
exhibit noteworthy reliability in diabetes classification when training on an imbalanced dataset. In
contrast, a significant reduction in f1-scores was seen in all four models when training and testing
on datasets manipulated for balance via three sampling methods namely undersampling,
oversampling, and SMOTE. This decline in fl-score signifies an information loss in specific
classes due to dataset manipulation, resulting in suboptimal model performance during testing.
Based on these results, for these four models, the imbalance dataset is divided by gender for the
next experiments. This decision is motivated by the critical nature of diabetes classification, where
misclassifying a patient as negative when they are, in fact, positive can pose significant risks.
Mitigating this risk is achievable by employing a combination of models and datasets that prioritize
higher recall values.

TABLE 2. F1-Score From Both Gender Dataset with Handling Sampling Methods

KNN DT SVM XGB RF
Imbalanced 65.91 73.05 72.11 80.87 79.80
Undersampling 56.95 56.06 58.22 62.90 62.11
Oversampling 63.82 73.89 58.20 66.58 78.30
SMOTE 62.48 70.43 58.37 80.42 76.54

Unlike the other four models, the DT exhibited a performance improvement when training on a
dataset oversampled from its diabetes-positive patient class. Although the increment is very small,
falling below 1%, it shows the potential of oversampling to mitigate bias in the majority class (in
this case, diabetes-negative patients), thereby enhancing the model's overall accuracy. To prove
this, a detailed investigation into the DT model was conducted, specifically focusing on the

presentation of precision and recall values. When undergoing training and testing with an
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imbalanced dataset, the DT model exhibited precision and recall values of 71.57 and 74.59,
respectively. In contrast, under the scenario of training and testing with an oversampled dataset,
the DT model yielded precision and recall values of 73.64 and 74.14. A decline in the recall value
implies the model's inability to capture a substantial number of true positive cases, while an
increase in precision indicates a reduction in false positive predictions.

From the data presented in Table 2, it is evident that judging by the f1-score, the XGB model
stands out as the most dependable classifier for diabetes when trained on a dataset that
encompasses both genders. The XGB model achieved a remarkable f1-score of 80.87.

The XGB model exhibited outstanding performance with an AUC of 0.98 for both diabetes and
non-diabetes classes in Figure 3. This exceptional AUC score indicates the model's robust ability
to discriminate between positive and negative instances, showcasing its effectiveness in capturing
relevant patterns despite class imbalance. The high AUC values suggest that the model achieves
near-perfect true positive rates and low false positive rates for both diabetes and non-diabetes

predictions.

ROC Curve for Diabetes and Non-Diabetes Classification
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Figure 3. ROC curve of XGB with both gender imbalanced dataset
In Figure 4, the confusion matrix for diabetes classification using the XGB model shows
promising performance, correctly identifying 1,239 cases of diabetes (True Positives) and 18,172

cases of non-diabetes (True Negatives). However, there were 50 instances of false positives, where
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non-diabetic cases were misclassified as diabetic, and 536 instances of false negatives, indicating
cases of diabetes that were overlooked. While the model exhibits overall strong predictive
capabilities, attention should be given to addressing false positives and false negatives to further

enhance its precision and recall.
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Figure 4. Confusion Matrix of XGB with both gender imbalanced dataset

The next step involved training the model using datasets exclusively comprising male and female
genders. The fl1-score for each model is provided in Table 3. For the dataset consisting solely of
male gender, a marginal decrease is observed in the f1-score for KNN, DT, and XGB models when
compared to training with a dataset encompassing both genders. Conversely, SVM and RF models
exhibited enhanced performance, evidenced by increased f1 scores, particularly when classifying
diabetes data among male patients. On the other hand, the dataset featuring female patient data
manifested a decline in the f1-score for KNN, DT, and SVM models. In contrast, both XGB and
RF models demonstrate an increase in f1-score values. These findings suggested that the RF model
excels in diabetes classification when considering gender separately, as opposed to a combined
gender approach. Meanwhile, KNN and DT consistently exhibit superior performance when
trained on datasets inclusive of all genders, as opposed to gender-specific datasets. Furthermore,
the XGB model demonstrates superior performance in classifying female patients exclusively
compared to both gender and male-only datasets, in contrast to RF, which excels in classifying

male patients.
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TABLE 3. F1-Score From Divided Male and Female Using imbalance Dataset

KNN DT SVM XGB RF
Male 65.01 72.57 73.27 80.15 80.34
Female 62.91 72.74 70.95 81.90 80.08

This observation may suggest a stronger correlation between the features in the utilized dataset
for male patients, contributing to the models' enhanced ability to classify male patients accurately.
Despite the larger volume of data from female patients, the models exhibit a better proficiency in
classifying male patients.

In Figure 5 (a), the RF model trained on a dataset of male patients demonstrates excellent
performance, achieving an AUC of 0.96 for both diabetes and non-diabetes classes. This high AUC
indicates the model's robust ability to distinguish between positive and negative instances,
showcasing its effectiveness despite class imbalance. The model exhibits strong true positive rates
and low false positive rates, emphasizing its precision. The confusion matrix in Figure 6 (a) for
male patient further highlights the model's strength, correctly identifying 523 cases of diabetes
(True Positives) and 7508 cases of non-diabetes (True Negatives). However, attention is needed
to address 29 false positives and 226 false negatives, aiming to enhance precision and recall.

In Figure 5 (b), the XGB model trained on female patient data shows outstanding performance
with an AUC of 0.98 for both diabetes and non-diabetes classes. This underscores the model's
ability to capture relevant patterns despite class imbalance, achieving near-perfect true positive
rates and low false positive rates. The confusion matrix in Figure 6 (b) for female patients reveals
strong performance, correctly identifying 622 cases of diabetes (True Positives) and 10814 cases
of non-diabetes (True Negatives). However, addressing 34 false positives and 241 false negatives
is crucial to further enhance precision and recall. Overall, both models exhibit strong predictive

capabilities with room for improvement in addressing misclassifications.
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ROC Curve for Diabetes and Non-Diabetes Classification
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Figure 5. ROC curve of RF for (a) male and (b) ROC curve of XGB for female
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Figure 6. Confusion Matrix of RF for (a) male and (b) female dataset

Next, dimensionality reduction was carried out on the three datasets using PCA and then trained

and tested against the same model. Table 4 shows the f1-score of each model that was trained and

tested using a dataset that has gone through the PCA process. Table 4 illustrates that the KNN

model exhibits enhanced performance when trained on a dataset that has undergone dimensionality

reduction using the PCA algorithm for all datasets, as evidenced by an increase in the f1-score.

This improvement could be attributed to the ability of PCA to capture and retain the most
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significant features of the dataset while reducing its dimensionality. By focusing on the principal
components that contribute the most to the variance in the data, PCA may facilitate a more robust
and efficient representation of the underlying patterns, potentially benefiting the KNN model [23].

The performance of the SVM model seemed to have enhanced following dimensionality
reduction using PCA on datasets exclusive to male and female genders. Conversely, the same
model exhibited a decline in performance when trained and tested on a combined gender dataset
that had undergone PCA. This underscores the dependency of PCA's effectiveness on the specific
characteristics of the provided data. Even datasets with identical features can exert distinct
influences on a given model. In this context, the division of the dataset into gender-specific subsets
may lead to clearer patterns, enabling PCA to identify new linear combinations and address the
multicollinearity issue within the dataset.

TABLE 4. F1-Score From Each Model Trained and Evaluated With Dataset + PCA

KNN DT SVM XGB RF
Both Gender + PCA 73.33 68.45 71.24 71.73 76.43
Male + PCA 73.43 69.00 73.34 77.31 75.76
Female + PCA 73.61 69.09 71.73 77.26 77.16

In the context of the DT, XGB, and RF models, after their training and evaluation using datasets
subjected to PCA-induced dimensionality reduction, there was a consistent decrement in
performance observed across the three provided datasets. This trend served as an indicative signal
that these models exhibited heightened sensitivity toward linear transformations. This heightened
sensitivity, when PCA yielded novel linear transformations from the employed dataset, results in
a diminished capacity of the models to discern prevalent patterns within the dataset, consequently
causing a decline in performance.

These findings indicate that among the models examined, the KNN model demonstrated the most
significant positive influence when employing PCA for dimensionality reduction on the utilized
dataset. Conversely, the SVM model exhibited a favorable impact when applying to single-gender

datasets but experiences a decline in performance when confronting with datasets encompassing
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both genders. The remaining models demonstrated an overall reduction in performance when
utilizing the PCA-transformed dataset. Consequently, it is evident that the application of PCA in
the context of diabetes classification, using the provided dataset, does not uniformly yield positive

effects on the model.

4. CONCLUSIONS

Conducted experiments revealed that employing sampling techniques such as undersampling,
oversampling, and SMOTE on the dataset aimed at addressing imbalances led to a decline in the
f1-score performance of KNN, SVM, XGB, and RF models. Interestingly, the DT model exhibited
a slight increase in f1-score when trained and tested with an oversampled dataset. Notably, the
XGB model achieved the highest f1-score of 80.87 in diabetes classification, particularly when
dealing with a both-gender dataset. However, performance varied when models were trained on
gender-specific datasets; XGB excelled in classifying female patients with 81.9 as f1-score, while
RF outperformed in classifying male patients with 80.34 as fl-score. Application of the PCA
algorithm for dimensionality reduction yielded mixed results, with only the KNN model
consistently improving performance. The study emphasized the intricate nature of model
optimization, highlighting the importance of tailored approaches based on dataset characteristics
and algorithm selection in diabetes prediction research. In particular, this study acknowledged the
limitations of an imbalanced data set and suggests future research to try to overcome this problem
by using other methods to handle imbalanced data such as assigning weights to each class and

virtualization in computing [35-39].
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