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ABSTRACT
This study presents a comparative analysis of various machine learning models ap-
plied to a classification problem, both before and after hyperparameter tuning. Mod-
els including Logistic Regression, Support Vector Machine, K-Nearest Neighbors,
Decision Tree, Random Forest, Gradient Boosting, and XGBoost were evaluated.
Performance metrics such as accuracy, precision, recall, and F1-score were used to
assess each model. The results indicate that hyperparameter tuning significantly
enhances the performance of certain models, particularly Decision Tree, Random
Forest, and Gradient Boosting. Gradient Boosting outperformed all other models
post-tuning with an accuracy of 0.80 and F1-score of 0.75.Models like KNN and
SVM exhibited minimal improvements after tuning. Ensemble methods generally
achieved better results compared to individual models. The study highlights the
importance of fine-tuning model parameters to optimize results. Accuracy and F1-
score suggest a consistent performance boost for tuned ensemble algorithms. These
findings provide valuable insights for selecting and optimizing models in machine
learning tasks.

KEYWORDS
Diabetes Prediction, Machine Learning Models, Performance Metrics, Grid Search
Optimization, Hyperparameter Tuning.

1. Introduction

The disease arises due to impaired insulin production or ineffective use of insulin by
the body, disrupting glucose regulation. This results in abnormal blood sugar levels
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and affects overall metabolic balance. It is similar to a faulty thermostat that fails to
maintain a stable internal environment [2].

In 1991, the prevalence of diabetes in Qatar was recorded at 3%, with Qatari
women showing a slightly higher rate of 4%. By 2006, these figures had risen sharply,
reaching 17.5% in the general population and 18% among women [7] On a global scale,
diabetes cases continued to grow, increasing from 393,000,000 in 2011 to 415,000,000
by 2013 [4,5]. This rising trend is closely linked to lifestyle changes, particularly
unhealthy eating habits and reduced physical activity. Research supports these
associations, including studies examining bone health in individuals with diabetes [8]
and dietary behaviors among 500 diabetic patients [9]

Despite extensive research, Qatar lacks comprehensive studies on machine learning-
based diabetes prediction. Previous investigations have explored prediabetes risk
factors in 7,268 Qatari nationals [10], developed glucose metabolism models using
Qatar Biobank data [11], and identified 25 key diabetes risk markers through machine
learning [13]. Additionally, Dual X-ray Absorptiometry has been used to assess bone
health in diabetic patients [15]

To bridge this gap, our study evaluates six advanced machine learning algo-
rithms—Logistic Regression, Random Forest, Support Vector Machine (SVM),
Decision Tree, XGBoost, and AdaBoost—to develop accurate diabetes prediction
models. This research responds to the urgent need for improved diagnostic tools as
diabetes continues to rise globally [13]. Qatar, where diabetes is a leading cause of
mortality and a major strain on healthcare resources, serves as a critical focus area.
However, the findings also address the broader global diabetes epidemic, emphasizing
the necessity of innovative technological solutions for early detection and prevention.

This research examines the application of Logistic Regression, Support Vector
Machines (SVM), Decision Trees, and Random Forest for predicting diabetes, offering
a detailed comparison to identify the highest-performing model. Various machine
learning approaches have been utilized in diabetes prediction, with each method
presenting distinct advantages and drawbacks. Singh et al. [4] developed standard
errors, hazard rate functions, and system reli- ability measures while concentrating
on Bayesian estimation in parallel systems with k components using load sharing.
Tian et al.[5] used a recursive approach to assess the reliability of k-of-n systems
with different performance levels, taking into account components that are evenly
and independently distributed. A thorough closed-form statement for the lifetime
dependability of load-sharing k-out-of-n hybrid redundant systems was presented
by Huang and Xu [6]. These systems make use of m components that are initially
configured as active units. Depending on how a task is carried out, these components
switch between processing and wait stages, with each state having an arbitrary failure
distribution. They also arrived at a formula for lifetime reliability for these hybrid
redundant systems.
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2. Model Description

2.1. Logistic Regression

Logistic Regression is a prominent statistical model for binary classification tasks,
including diabetes prediction. Its straightforwardness and interpretability make it a
preferred choice in medical diagnostics [17]. Research has demonstrated its efficacy in
predicting diabetes using demographic and clinical data [18].

2.2. Support Vector Machines (SVM)

SVMs are reliable classifiers that can handle non-linear boundaries and high-
dimensional regions. They have been effectively used to a number of medical prediction
scenarios, such as the diagnosis of diabetes [19]

2.3. Decision Trees

Decision Trees offer intuitive models that emulate human decision-making processes,
enhancing their interpretability. They have been extensively used in medical applica-
tions due to their ability to process both numerical and categorical data [20]. Studies
have highlighted their effectiveness in classifying diabetic and non-diabetic individuals
based on various health metrics [21].

2.4. Random Forest

Random Forest, an ensemble learning technique, improves the predictive accuracy of
decision trees by constructing multiple trees and aggregating their outputs. Its robust-
ness and capacity to handle large, high-dimensional datasets make it well-suited for
diabetes prediction [22]. Comparative research often shows Random Forest outper-
forming other models in accuracy and reliability [23].

3. Methods

This section details the data collection, preprocessing, and machine learning analysis
for diabetes prediction.

3.1. Data Collection

The study utilizes the Diabetes Database, an esteemed dataset that encompasses di-
agnostic measurements and demographic details of female patients of Pima Indian
descent [24]. This dataset consists of 768 records, each characterized by 8 attributes,
including age, glucose levels, and blood pressure. The choice of this dataset is motivated
by its extensive use in diabetes research and its relevance to the study’s objective.

3.2. Data Preprocessing

Data preprocessing is a crucial phase to ensure the quality and integrity of the data
before model implementation. The steps involved are:
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Handling Missing Values: Missing data is imputed to maintain dataset com-
pleteness. For continuous variables, the mean value is utilized, while categorical
variables are imputed using the mode. This approach mitigates potential biases
introduced by missing data [25].

Feature Scaling: Feature scaling ensures that all features are on a comparable
scale by standardizing the range of feature values. This step is crucial for models
sensitive to feature magnitudes, such as Support Vector Machines and K-Nearest
Neighbors [26].

Encoding Categorical Variables: Categorical variables are converted into
numerical format using techniques such as one-hot encoding. This transformation
enables machine learning models to process categorical data effectively [25].

3.3. Model Implementation

The methodology includes

3.3.1. Model Development Phase

The machine learning algorithms undergo training on a carefully selected 70% partition
of the complete dataset. This substantial training corpus enables the models to identify
complex patterns and establish robust decision boundaries, while ensuring adequate
data remains for subsequent validation [26]. The training process focuses on parameter
optimization to maximize predictive performance before deployment.

3.3.2. Validation and Testing Protocol

A distinct 30% portion of the original dataset serves as an independent test set, com-
pletely withheld during the training phase. This testing framework evaluates model
effectiveness through multiple quantitative measures: classification accuracy (overall
prediction correctness), precision (positive predictive value), recall (sensitivity), and
the F1-score (balanced measure combining precision and recall) [26]. These metrics
collectively provide a comprehensive assessment of each model’s diagnostic capabili-
ties.

3.3.3. Performance Assessment Methodology

confusion matrices offer a detailed breakdown of prediction outcomes, categorizing
results into four distinct classes: correctly identified positive cases (true positives),
incorrectly classified negative instances (false positives), accurately recognized negative
samples (true negatives), and misclassified positive examples (false negatives) [27]. This
dual approach enables both threshold-dependent and absolute performance evaluation.
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3.4. Hyperparameter Tuning

To optimize model performance, hyperparameter tuning is performed using Grid-
SearchCV, a robust cross-validation technique. The process involves:

3.4.1. Defining Parameter Grid:

For each model, a grid of potential hyperparameter values is defined. This grid includes
various combinations of parameters that could affect model performance.

3.4.2. Grid Search:

GridSearchCV iterates through all possible combinations of hyperparameters, evaluat-
ing model performance for each set. This exhaustive search ensures the identification
of the optimal hyperparameter configuration that enhances model accuracy and gen-
eralizability.

3.4.3. Optimization and Evaluation:

The best hyperparameter values identified and applied to the models. The optimized
models are evaluated on the test set to determine their refined performance metrics.

3.5. Advanced Model Techniques

In addition to the basic models, advanced techniques such as XGBoost and AdaBoost
are employed to further enhance prediction accuracy. The steps include:

3.5.1. XGBoost Implementation:

XGBoost is applied with specific hyperparameters optimized using GridSearchCV.
This model utilizes gradient boosting to improve prediction accuracy by iteratively
correcting errors made by previous models.

3.5.2. Comparison and Analysis:

The performance of advanced models is compared with basic models to assess im-
provements in accuracy, precision, recall, and F1-score.

4. Analysis and Results

To visualize the distribution of diabetes cases, a pie chart and Bar chart can be
plotted, representing the proportion of individuals with and without diabetes (0:
No Diabetes, 1: Diabetes). This helps in understanding the class distribution in the
dataset.

Figure 1, pie chart shows that 65.1% of individuals do not have diabetes (Outcome =
0), while 34.9% have diabetes (Outcome = 1).The bar chart confirms this distribution,
with a higher count of non-diabetic cases compared to diabetic cases.This highlights a
class imbalance in the dataset, which may need to be addressed during model training.
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To analyze the distribution and spread of different variables in diabetes predic-
tion, a box plot can be used. It helps visualize the median, quartiles, and potential
outliers, providing insights into variations and possible differences between individuals
with and without diabetes.

Figure 2, the Age plot indicates that the majority of the dataset is concen-
trated between the ages of 25 and 40.The density of points above Q2 in the Insulin,
Age and Diabetes Pedigree Function plots highlights a significant presence of outliers
indicating high variability.The width of the boxes in the Pregnancies, Glucose, and
Age plots suggests a wide distribution of the data.Glucose, Blood Pressure, and BMI
show a more consistent distribution with fewer outliers.The varying range of values
across features emphasizes the importance of feature scaling to ensure uniformity in
model performance.

Figure 1. Pie chart and Bar chart

Machine Learning Predictive models In this section, we’ll start by building
and evaluating ML models such as DT, RF, Logistic Regression, and Support Vector
Machine. These models will serve as baselines for comparison with more complex
models later in the analysis.

Table 1. Metrics of Machine Learning Models

Model Accuracy Precision Recall F1-score
LR 0.79 0.78 0.68 0.73
SVM 0.68 0.69 0.54 0.61
KNN 0.65 0.64 0.51 0.56
DT 0.69 0.64 0.56 0.59
RF 0.77 0.71 0.66 0.68
Gradient Boosting 0.76 0.75 0.64 0.69
XGBOOST 0.73 0.67 0.61 0.64

Table 1,When selecting a model, it is important to consider the specific require-
ments of the application. For diabetes prediction, prioritizing higher recall is essential
to ensure that as many positive cases as possible are correctly identified. Logistic
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Figure 2. Box plots of all features including Outcome

regression has the highest accuracy (0.79) and the highest recall (0.68), which
indicates it is better at identifying true positive cases of diabetes. Additionally, it has
the highest F1 score (0.73), which balances precision and recall, making it the most
reliable model in this context.

HYPER PARAMETER TUNING
Grid Search CV is a method used to find the optimal parameter values from a specified
set of possible parameters. It performs cross-validation to evaluate the performance of a
model for each combination of parameters. After identifying the best set of parameters,
it can be used to make more accurate predictions.

Table 2, Gradient Boosting achieved the highest accuracy (0.80) and F1-score (0.75),
indicating strong predictive performance. Logistic Regression and Random Forest fol-
lowed closely with accuracies of 0.79 and F1-scores of 0.73 and 0.72, respectively.
XGBoost showed moderate results, while SVM and KNN had lower scores. Decision
Tree improved after tuning but still lagged behind ensemble models. Overall, models
with higher accuracy also tended to have higher F1-scores, reflecting balanced perfor-
mance.
Comparative analysis
This performance assessment examines ML algorithms LR, SVM, DT, RF, Gra-
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Table 2. Metrics of Machine Learning Models after Hyper Parmeter Tuning

Model Accuracy Precision Recall F1-score
LR 0.79 0.78 0.68 0.73
SVM 0.68 0.69 0.54 0.61
KNN 0.65 0.64 0.51 0.56
DT 0.72 0.65 0.6 0.63
RF 0.79 0.78 0.67 0.72
Gradient Boosting 0.80 0.84 0.68 0.75
XGBOOST 0.73 0.65 0.61 0.64

dient Boosting, Adaboost and XGBoost for diabetes prediction, with comparative
benchmarking against prior research .The evaluation reveals that LR implementation
achieves superior performance across all evaluation metrics.While SVM and DT mod-
els show limitations in recall and F1-measure, ensemble methods including RF and
Gradient Boosting demonstrate consistent performance gains in both accuracy and
F1-scores. The XGBoost classifier exhibits incremental but meaningful improvements,
confirming its predictive capabilities. These findings emphasize how careful algorithm
selection, parameter optimization, and dataset properties collectively influence model
effectiveness in medical diagnostic applications.

5. Conclusion

The evaluation of machine learning models before and after hyperparameter tuning
reveals clear improvements in predictive performance, especially for Decision Tree,
Random Forest, and Gradient Boosting models. Gradient Boosting achieved the high-
est accuracy (0.80) and F1-score (0.75) after tuning, highlighting its effectiveness in
classification tasks. Random Forest also showed improved performance, reaching an
F1-score of 0.72. The Decision Tree model benefited from tuning, increasing its F1-
score from 0.59 to 0.63. Logistic Regression maintained consistent performance, in-
dicating robustness without the need for significant tuning. SVM and KNN did not
exhibit noticeable gains post-tuning. XGBoost remained stable in performance across
both tables. Overall, ensemble methods demonstrated stronger performance after tun-
ing. Accuracy and F1-score showed a positive correlation across most models. These
results underline the value of hyperparameter optimization in enhancing predictive
capabilities.
Future Research Directions
Future research can explore deep learning models to evaluate their performance on
the same dataset. Feature engineering techniques could be applied to further enhance
model accuracy. Ensemble stacking or hybrid models may be implemented to combine
the strengths of multiple algorithms. Additionally, cross-validation strategies can be
improved for better generalization. Investigating model interpretability would also aid
in understanding feature importance. Finally, deploying models in real-time applica-
tions can validate their practical utility.
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