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Abstract 

Early detection of diabetes mellitus is essential for mitigating severe complications such as renal failure and cardiovascular 

disease. This study presents an optimized machine learning framework for the early diagnosis of diabetes using the Pima 

Indians Diabetes dataset. To address inherent data quality issues, we implemented a rigorous preprocessing pipeline 

comprising median-based missing value imputation, interquartile range (IQR) outlier removal, and the Synthetic Minority 

Over-sampling Technique (SMOTE) to rectify class imbalance. We evaluated two ensemble architectures, Random Forest (RF) 

and XGBoost, integrated with Grid Search for systematic hyperparameter optimization. Experimental results across three 

scenarios demonstrated that feature selection significantly impacts predictive integrity; specifically, maintaining Insulin as a 

core feature while strategically excluding Skin Thickness enhanced model stability. The Random Forest model achieved a peak 

accuracy of 96.61% with a near-perfect recall rate, while XGBoost reached 95.76% accuracy. By outperforming several 

contemporary models, this research underscores the necessity of synergistic data preprocessing and ensemble learning in 

clinical diagnostics. These findings provide a robust decision-support tool for healthcare providers to facilitate timely 

intervention and improved patient outcomes. 
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1. Introduction1 

Diabetes mellitus results from insufficient insulin 

production by the pancreas or impaired insulin function 

due to acquired or genetic factors, leading to elevated 

blood glucose levels [1]. Disease-related complications 

include blindness, renal failure, cardiovascular diseases, 

and even death [2]. However, effective glycemic control 

through a healthy diet, regular physical activity, and 

adherence to physician-prescribed medication can help 

prevent or delay these complications. Currently, 

unhealthy lifestyles have contributed to an increasing 

prevalence of conditions such as diabetes, obesity, and 

hypertension. Therefore, early detection of diabetes 

plays a crucial role in disease prevention, enabling 

timely intervention to prevent complications and reduce 

the risk of transmission to future generations. 

In recent years, the academic community has 

witnessed a surge in research dedicated to the early 

diagnosis of diabetes through machine learning [3, 4, 5] 

and deep learning architectures [6, 7]. These 

computational advancements have fundamentally 

improved diagnostic precision, facilitating timely 

interventions and more robust patient management 

strategies. For instance, Rastogi [8] evaluated several 

machine learning techniques; in this study, Logistic 

Regression emerged as the most effective model with an 

accuracy of 82.46%. Concurrently, Reza et al. [4] 

enhanced SVM performance by implementing a 
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nonlinear kernel, which achieved an 85.5% accuracy 

rate for type 2 diabetes classification, thereby surpassing 

traditional kernel methods and demonstrating significant 

potential for clinical screening. 

Furthermore, research by another group [9] 

integrated Artificial Neural Networks (ANNs) with 

sophisticated data processing techniques to minimize 

predictive error margins. Saeed [10] later identified 

Random Forest as a superior algorithm, reaching an 

accuracy of 94.2%, whereas SVM and Logistic 

Regression showed only moderate efficacy. This high 

performance of Random Forest was corroborated by 

Thotad [3], who reported a near-perfect classification 

accuracy of 99.87%. Beyond these methods, the 

integration of XGBoost in recent literature [5, 11] has 

markedly improved the identification of at-risk 

individuals who lack overt clinical symptoms. 

The evolution of deep learning is further evidenced 

in study [12], where Convolutional Neural Networks 

(CNNs) were coupled with Bayesian optimization. By 

employing the SMOTE technique for class balancing 

and automated hyperparameter tuning, this model 

achieved 89.36% accuracy, outperforming several 

conventional algorithms. Similarly, the utility of              

K-Nearest Neighbors (KNN) was validated by research 

[13] using the Pima Indians Diabetes Dataset, proving 

its effectiveness in forecasting disease onset from 

clinical variables. Expanding on ensemble techniques, 
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Hasan [14] analyzed multiple algorithms–including 

AdaBoost, XGBoost, and Multi-Layer Perceptron–

finding that ensemble-based models achieved superior 

results with an AUC of 0.950 and a specificity of 0.934. 

Recent architectural innovations include a model 

based on Convolutional Long Short-Term Memory 

(CLSTM) [6], which utilized multivariate time-series 

interpolation for enhanced preprocessing; the results 

demonstrated its superiority over traditional machine 

learning approaches on the PIDD dataset. Finally, in a 

comparative study conducted in Iran, Heydari et al. [15] 

determined that ANNs reached a peak accuracy of 

97.44%. By mimicking biological neural systems 

through multi-layered interconnections, ANNs 

showcased data processing capabilities that exceed those 

of rival algorithms. Collectively, these milestones 

underscore the transformative potential of machine and 

deep learning in modern diabetes management and 

clinical diagnostics. 

This study proposes the implementation of Random 

Forest and XGBoost algorithms to facilitate diabetes 

prediction and the development of proactive diagnostic 

strategies. By leveraging these ensemble methods, the 

proposed system generates precise clinical insights, 

optimizes predictive accuracy, and enhances the 

reliability of early-stage diabetes mellitus detection, 

thereby supporting more effective patient health 

management. 

2. Materials and Methods 

This study is constructed upon a rigorous data 

analysis workflow, extending from initial data 

acquisition to the achievement of optimal predictive 

models. The main purpose is to ensure the precision and 

generalizability in the early detection of diabetes 

mellitus. 

The methodological structure is divided into three 

distinct phases: 

- Dataset Description: Utilization of the Pima Indians 

Diabetes dataset to delineate key biological attributes 

that influence the disease’s pathology. 

- Data Preprocessing: Implementation of a comprehensive 

pipeline encompassing missing value imputation, outlier 

detection, and the application of Synthetic Minority             

Over–sampling Technique (SMOTE) to mitigate class 

imbalance. 

- Model Developmentand Optimization: Employment 

of robustensemble algorithms–specifically Random Forest 

and XGBoost–integrated with Grid Search for 

hyperparameter tuning to determine the most effective 

model configurations. 

The experimental process employs a Stratified  

K-Fold cross-validation scheme to maintain result 

stability and objectivity across heterogeneous data 

subsets. By utilizing this framework, the study 

minimizes systematic error and validates the robustness 

of the model's performance. 

 

 

Fig. 1. The workflow of the system 

2.1 Dataset Description 

This research utilizes the Pima Indians Diabetes 

dataset, originally collected in Phoenix, Arizona, 

involving subjects aged 21 years and older. This publicly 

accessible dataset is a benchmark in the field, having 

been extensively validated in prior literature [4, 13, 16]. 

The cohort consists of 768 female patients characterized 

by eight clinical features: Pregnancies, Glucose, Blood 

Pressure, Skin Thickness, Insulin, BMI, Diabetes 

Pedigree Function (DPF), and Age. The target variable 

is the diagnostic "Outcome." Comprehensive variable 

definitions are provided in Table 1, while Table 2 

presents the initial ten records of the dataset. The class 

distribution of the target variable is visualized in the pie 

chart in Fig. 2. This dataset was sourced via Kaggle 

under the CC0 Public Domain License. 

The Pima Indians Diabetes dataset consists of 768 

total samples across eight independent biological 

attributes and one target variable. All variables in the 

dataset are represented as integer data types. 

The Pima Indians Diabetes dataset comprises eight 

physiological attributes used as predictors for the 

diagnostic outcome. The specific characteristics and 

ranges of these variables are detailed below: 

-  Pregnancies: Quantifies the gravidity of the patient, 

representing the total number of pregnancies, with 

observed values ranging from 0 to 17. 

- Glucose: Measures the plasma glucose concentration 

(mg/dL) two hours after an oral glucose tolerance test 

(OGTT). The recorded values range from 0 to 199. 

- Blood Pressure (BP): Refers specifically to the 

diastolic blood pressure measured in millimeters of 

mercury (mmHg), with a recorded range of 0 to 122. 

- Skin Thickness (ST): Represents the triceps skinfold 

thickness measured in millimeters (mm), serving as an 

indicator of subcutaneous fat, with values between 0 and 

99. 

- Insulin: Indicates the serum insulin levels (µU/mL) 

two hours post-glucose administration, ranging from        

0 to 846. 

Pima 
Diabetes 

Dataset 

Data Preprocessing: 

- Missing values 

- Data imbalance 

- Outliers 

Classìication models 

- Random Forest 
- XGBoost 

Results Performance Evaluation 
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- Body Mass Index (BMI): A derived metric of body 

fatness calculated as weight in kilograms divided by the 

square of height in meters. 

- Diabetes Pedigree Function (DPF): A specialized 

score that quantifies the hereditary risk of diabetes by 

incorporating the family history of the disease. Values in 

this cohort range from 0.078 to 2.42. 

- Age: The chronological age of the female subjects, 

ranging from 21 to 81 years. 

- Outcome (Target Variable): A binary classification 

where 0 denotes a negative diagnosis (non-diabetic) and 

1 denotes a positive diagnosis (diabetic). 

However, a critical observation of the data shows the 

presence of missing or null values in the raw data: 

- High Completion Variables: Both Age, DPF 

(Diabetes Pedigree Function), and the Outcome variable 

are fully populated with 768 records. 

-  Minor Missing Data: Attributes such as Glucose 

(763), BMI (757), and Blood Pressure (733) show 

relatively high completion rates. 

- Significant Missing Data: In contrast, Skin 

Thickness (541) and Insulin (427) exhibit substantial 

missingness, with the latter containing valid data for 

only approximately 55.6% of the total samples. 

This variance in data density across attributes 

necessitates the rigorous preprocessing pipeline 

mentioned previously, specifically the implementation 

of missing value imputation to ensure model stability 

and predictive integrity 

  

Fig. 2. Pie chart of the data output (0: Number of 

individuals diagnosed as non-diabetic; 1: Number of 

individuals diagnosed with diabetes) 

2.2. Data Preprocessing 

The proposed data preprocessing workflow 

comprises three main procedures: missing value 

imputation, outlier removal, and dataset balancing. As 

shown in Fig. 3, the BMI, Skin Thickness, Insulin, Blood 

Pressure, and Glucose attributes contain missing values 

(encoded as zeros), among which Insulin exhibits the 

highest missing rate of 48.7%, followed by Skin 

Thickness at 29.56%. As both variables are considered 

important for diabetes prediction, three missing-value 

handling scenarios are designed as follows:  

Scenario 1: all variables are retained, and missing 

values are replaced with the median of the corresponding 

variable.  

Scenario 2: the Skin Thickness variable is removed, 

and the remaining missing values (BMI, Insulin, Blood 

Pressure, and Glucose) are imputed using the median 

Scenario 3: the Insulin variable is removed, and the 

remaining missing values (BMI, Skin Thickness, Blood 

Pressure, and Glucose) are imputed using the median. 

After missing-value processing under each scenario, 

outlier removal is performed to enhance predictive 

accuracy. Outliers are identified using the interquartile 

range (IQR) method, revealing that all attributes, except 

Glucose, contain outliers (Fig. 4). 

 

 

Fig. 3. Number of missing values in the PIMA 

diabetes dataset 

 

 

Fig. 4. Outlier values in the PIMA diabetes dataset 

 The dataset exhibits an inherent class imbalance, 

which can potentially introduce bias by causing the 

model to favor the majority class during the learning 

process. To mitigate this concern, the Synthetic Minority 

Over-sampling Technique (SMOTE) is implemented to 

generate synthetic instances for the minority class, 

thereby achieving a balanced class distribution [17]. The 

training and testing set are divided using 80:20 ratio to 

rigorously assess the model’s generalization capability 

on previously unseen data. To further ensure a reliable 

and robust performance evaluation, a 10-fold Stratified 

K-Fold cross-validation approach is adopted. Within this 
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framework, each iteration utilizes one fold for testing 

while the remaining nine folds are dedicated to training; 

the stratification process ensures that the original class 

proportions are strictly preserved across all partitions 

[18]. 

2.3. Classification Algorithms 

2.3.1. Random forest 

The Random Forest (RF) classifier operates as an 

ensemble learning architecture composed of multiple 

decision trees, where each constituent tree is 

independently trained on a distinct bootstrap sample of 

the dataset. To enhance predictive precision and 

minimize variance, the RF algorithm aggregates the 

individual outputs of these trees through mechanisms 

such as averaging (for regression) or majority voting (for 

classification). Rather than relying on the outcome of a 

solitary decision tree, the algorithm synthesizes the 

collective results from the entire forest to determine the 

final class label during the prediction phase. 

Structurally, each internal node within a tree functions 

as a decision threshold based on a specific feature, 

strategically partitioning the data into increasingly 

homogeneous subsets for subsequent analysis. 

2.3.2. XGBoost 

XGBoost incrementally builds multiple weak 

learners and combines them into a strong ensemble 

model [20]. Specifically, after an initial model is trained, 

the algorithm computes the residuals (i.e., the errors 

between the actual and predicted values) at each training 

iteration. A new model is then trained to accurately 

predict these residuals, and its output is added to the 

cumulative predictions of the previous models. Through 

this iterative optimization process, XGBoost achieves a 

favorable balance between bias and variance, resulting 

in more stable and robust performance compared with 

conventional boosting methods. 

2.3.3. Grid search 

Grid Search is an extensively utilized technique 

within the machine learning domain for systematic 

hyperparameter optimization. The optimal model is 

identified by exhaustively evaluating all possible 

combinations of predefined hyperparameter values. 

Specifically, Grid Search constructs a “grid” of 

candidate values for each hyperparameter (e.g x_1,\ 

x_2,\ x_3,\ldots.) and systematically trains and evaluates 

the model across all combinations. At each step, only 

one hyperparameter configuration is varied while the 

others are held constant, allowing the isolated 

assessment of each hyperparameter’s impact [21]. 

Although Grid Search can effectively fine-tune models 

to achieve improved predictive performance, its 

computational efficiency is strongly influenced by 

dataset size and the number of hyperparameters, making 

it less suitable for large-scale and high-dimensional 

datasets. 

3. Experimental Procedure 

3.1. Data Visualization 

 

 

Fig. 5. Correlation matrix before preprocessing 

 

 

Fig. 6. Correlation matrix after preprocessing 

At the initial stage, data visualization is performed to 

clearly examine the distribution and relationships among 

variables. Correlation heatmaps before preprocessing 

(Fig. 5) and after preprocessing (Fig. 6) are generated to 

analyze and compare the relationships between 

variables.Prior to preprocessing, both Insulin and Skin 

Thickness exhibit weak correlations with the Outcome 

variable. After data preprocessing, the correlation 

coefficient between Insulin and Outcome increases 

significantly, indicating that Insulin contains substantial 

informative value and that removing this variable may 

reduce model performance. In contrast, Skin Thickness 

continues to show a weak correlation with Outcome after 

preprocessing, suggesting that this variable contributes 

less to the prediction task and may be considered for 

removal when dimensionality reduction is required. 
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3.2. Results 

Scenario 1 (Table 1): All variables are retained, 

missing values are replaced with the median, outliers are 

handled, and the dataset is balanced.  

Scenario 2 (Table 2): The Skin Thickness variable is 

removed, the remaining missing values (BMI, Insulin, 

Blood Pressure, and Glucose) are imputed using the 

median, outliers are handled, and the dataset is balanced.  

  

Table 1. Results of Scenario 1 

 Model  Acc Pre Recall F1 

K-Fold 

RF 0.9136 0.8849 0.8437 0.8618 

SMOTE_RF 0.8966 0.8239 0.8745 0.8451 

XGB 0.9085 0.8771 0.8384 0.8548 

SMOTE_XGB 0.9034 0.8381 0.8747 0.8535 

80/20 

RF 0.9407 0.8974 0.9211 0.9091 

SMOTE_RF 0.9661 0.9048 1.000 0.9500 

XGB 0.9492 0.9211 0.9211 0.9211 

SMOTE_XGB 0.9492 0.9211 0.9211 0.9211 

Table 2. Results of Scenario 2 

 Model  Acc Pre Recall F1 

K-Fold 

RF 0.9169 0.8983 0.8434 0.8675 

SMOTE_RF 0.9034 0.8384 0.8800 0.8551 

XGB 0.9186 0.8951 0.8542 0.8718 

SMOTE_XGB 0.8983 0.8285 0.8750 0.8479 

80/20 

RF 0.9492 0.9444 0.8947 0.9189 

SMOTE_RF 0.9322 0.8571 0.9474 0.9000 

XGB 0.9576 0.9459 0.9211 0.9333 

SMOTE_XGB 0.9407 0.8780 0.9474 0.9114 

Table 3. Results of Scenario 3 

 Model Acc Pre Recall F1 

K-Fold 

 

RF 0.8508 0.8091 0.7124 0.7546 

SMOTE_RF 0.8271 0.7215 0.7800 0.7449 

XGB 0.8678 0.8194 0.7584 0.7827 

SMOTE_XGB 0.8356 0.7175 0.8324 0.7665 

80/20 

 

RF 0.8898 0.8378 0.8158 0.8267 

SMOTE_RF 0.9068 0.8140 0.9211 0.8642 

XGB 0.9153 0.8684 0.8684 0.8684 

SMOTE_XGB 0.9322 0.8571 0.9474 0.9000 

 

 

Scenario 3 (Table 3): The Insulin variable is 

removed, the remaining missing values (BMI, Skin 

Thickness, Blood Pressure, and Glucose) are imputed 

using the median, outliers are handled, and the dataset is 

balanced. 

Overall, the Stratified K-Fold approach yields more 

stable results, as it trains and evaluates the model across 

multiple subsets of the data. In contrast, the random split 

of 80% for training and 20% for testing may cause the 

model to be influenced by fluctuations in data 

distribution. The application of SMOTE improves 

Recall; however, it may sometimes reduce Accuracy, 

reflecting the fact that synthetic sample generation 

enhances the model’s ability to identify positive cases 

while potentially lowering overall predictive accuracy. 

The results of Scenario 2, in which the Skin 

Thickness variable is removed, outperform those of 

Scenario 1, indicating that excluding Skin Thickness 

does not significantly affect model performance. In 

contrast, Scenario 3 demonstrates diminished 

performance compared with Scenario 1, as Insulin is a 

critical variable for diabetes diagnosis. Removing such 
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an important feature limits the model’s learning 

capability and leads to degraded predictive performance.  

4. Discussion 

It can be observed that the results are strongly 

influenced by the applied preprocessing strategy. In 

Scenario 1 (Table 1), all variables are retained and 

missing values are imputed using the median, resulting 

in a Recall close to 100% and an Accuracy of 

approximately 96.61% for the SMOTE_RF model. This 

indicates that almost no true positive cases are missed, 

although the risk of false positives may increase (Fig. 7). 

When Skin Thickness is removed in Scenario 2        

(Table 2), Recall decreases slightly to 92.11%, while 

Accuracy increases to 95.76% with the XGBoost model, 

suggesting that eliminating a noisy feature enhances 

model stability without substantially compromising 

detection capability. In contrast, in Scenario 3 (Table 3), 

where Insulin is excluded, both Accuracy and Recall 

decline significantly, thereby confirming the 

indispensable role of Insulin in diabetes discrimination. 

Accordingly, Scenario 1 is considered optimal when the 

primary objective is to minimize missed disease cases, 

whereas Scenario 2 is more suitable when a balance 

between high accuracy and reduced false alarms is 

desired. 

 

 

Fig. 7. Confusion matrix 

Table 4. Comparison of the results with other studies 

Authors Year Model Accuracy 

Jobeda Jamal Khanam 

[22]  
2021 Neural Network 88.6% 

Hafsa Binte Kibria [23] 2022 RF + XGB 90% 

Shimpi, J.K. [24] 2024 KNN + SVM + RF 94.27% 

Mahmoud Y. Shams [25] 2025 RFE-GRU 90.05% 

Borislava Toleva [26] 2025 SVM 95.5% 

Our study  
RF 

XGB 

96.61% 

95.76% 

From Table 4, it can be observed that the PIMA 

dataset has been extensively utilized by numerous 

researchers employing various machine learning 

techniques for the diagnosis and prediction of diabetes. 

Although performance results vary considerably across 

studies, our research demonstrates promising outcomes, 

with the Random Forest classifier achieving the highest 

accuracy of 96.61%. 

Although deep learning approaches such as CNNs 

[12] and CLSTM models [6] have demonstrated strong 

predictive performance, ensemble machine learning 

models offer practical advantages in clinical settings. 

Tree-based methods such as Random Forest and 

XGBoost require smaller datasets, are computationally 

less demanding, and provide greater interpretability 

through feature importance analysis–an essential 

requirement for transparent clinical decision-making. 

Therefore, while deep learning models may achieve 

competitive performance, the proposed ensemble 

approach offers a favorable balance between accuracy, 

interpretability, and computational efficiency. In 

addition, deploying such predictive models in               

real-time clinical workflows presents several practical 

challenges. Unlike static research datasets, real-world 

clinical environments often involve incomplete, 

delayed, or dynamically updated patient information. 

Handling missing values in real-time scenarios may 

require adaptive imputation strategies or integration 

with electronic health record systems to ensure data 

completeness. Moreover, the implementation process 

must ensure usability for physicians, comply with 

regulatory requirements, and meet data privacy 

standards. 

Nevertheless, this study still has several limitations. 

First, the PIMA dataset contains only a limited number 

of basic biomedical features, such as glucose level, BMI, 

and number of pregnancies. It does not incorporate other 

clinically significant risk factors, including lifestyle 

behaviors (e.g., smoking status, alcohol consumption), 

dietary patterns, physical activity levels, or detailed 

family medical history. The absence of these variables 

may restrict the model’s ability to fully capture the 

multifactorial nature of diabetes risk. Second, missing 

values were imputed using the median of each variable. 

Although median imputation is robust to outliers and 

commonly adopted in clinical datasets, it may reduce 

data variability and potentially introduce bias. 

Alternative imputation strategies, including multiple 

imputation or model-based imputation techniques, could 

be explored in future research to further enhance model 

reliability. Third, the proposed models were trained and 

evaluated exclusively on the PIMA dataset. Since this 

dataset consists of a specific population group, the 

results may not be fully generalizable to broader or more 

diverse populations. Differences in ethnicity, gender 

distribution, lifestyle, and healthcare conditions across 

regions may affect model performance.  In addition to 

these data-related limitations, methodological 
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considerations should also be acknowledged. Although 

Grid Search was effective for hyperparameter 

optimization in this study due to the relatively small 

dataset size, its computational cost increases 

exponentially with the number of hyperparameters and 

dataset dimensionality. For large-scale or high-

dimensional clinical datasets, more efficient 

optimization strategies such as Random Search or 

Bayesian Optimization may provide comparable or 

superior performance with reduced computational 

burden. 

5. Conclusion 

Diabetes mellitus causes numerous serious 

complications, including life-threatening conditions; 

therefore, early detection of the disease is critically 

important. In the context of the rapid expansion of 

artificial intelligence (AI) in healthcare, machine 

learning algorithms have increasingly demonstrated 

their value as effective tools to support clinicians in 

screening and early diagnosis. In this study, two models–

Random Forest and XGBoost–were evaluated on the 

same dataset. The results indicate that Random Forest 

outperformed XGBoost, achieving the highest accuracy 

of 96.61%, while XGBoost also demonstrated strong 

performance with an accuracy of approximately 95.76%. 

These findings further highlight the potential role of AI 

as a valuable decision-support tool in the screening and 

early detection of diabetes mellitus..  
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