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Volume 61 Issue 14a AUg 2024 Abstract: This research therefore provides an enhanced mathematical
approach to the determination of diabetes with new approaches in the
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efficacy of, four algorithms, namely Logistic Regression, Random Forest,
SVM, and XGBoost on a large data set. By choosing only the most

Accepted: 25 July 2024 important features and by a proper tuning of the model, it was possible to
obtain here 94% of accuracy of the prediction. 2%, outperforming existing
Published: 15 Aug 2024 models. The Random Forest carried out the best result with accuracy of

96. At the end, we obtain 1% for our submission and XGBoost gives 95.
3%, SVM at 93. 8%, Logistic Regression at 91. 5%. The effectiveness of
the presented framework was proved through numerous experiments
proving the framework’s applicability for early diagnosis and, therefore,
better management of diabetes. Further, the framework reduced the False
Positive Rate and False Negative Rate further by 12%, and 8%
respectively than the other related work. These findings suggest that the
proposed model is not only accurate but also time and cost efficient for the
large data that always typical of real-world healthcare services. There thus
is a literature gap that this research seeks to fill in the quest to enhance the
prediction of adverse events in healthcare delivery through advancing the
methods used in predictive analytics for early IT intervention.
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I. INTRODUCTION defined as high blood glucose levels because of less
Diabetes is non-curable, (sizeof carcinoma) global insulin production or defective insulin utilization. This
disease which involves millions of people and is condition is becoming more common and this called
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for high alert due to the impact it has on the health of
the public. Conventional approaches to the
identification of individuals likely to develop diabetes
involve the use of statistical models that are unable to
capture all the factors that might be associated with the
disease and therefore have low prediction accuracy.
More recently, and as big data and increasing
capabilities in computational methods become more
available there is the potential to generate far more
complex models of prediction [1]. As for the limitation
of this study, this research advises the formulation of
an improved mathematical model with better
predictions of diabetes. This is why, thanks to
combining the modern statistical analysis methods and
machine learning solutions, this framework is (or at
least should be) capable of considering more factors
that affect the risk, including genetics, life experience,
and medical history [2]. Instead, the aim is to model
the dynamics and the interplays of these factors that
fundamental models could fail to address. The
following framework attempts to overcome the above-
mentioned limitations of the conventional predictive
models, by focusing on a significantly larger number
of predicators, and by adopting the best available
techniques from the new field of machine learning [3].
These are deep learning methods, ensemble methods,
and personalized risk assessments which are believed
to enhance the prediction of diabetes greatly. Hence,
as a result of extensive experiments and validation
with big data, the study seeks to establish the ability of
the framework to generate more precise and
personalised predictions. This can help care givers
identify the candidates who are at risk early enough
thus improving on the chances of early management of
the disease. Last but not the least, this enhanced
prognostic matrix could help in reversing the tide of
impending diabetes disaster and enhancing patient
success rate.
Il. RELATED WORKS

In terms of the use of artificial intelligence in assessing
risk of different diseases, several works have been
conducted. Jiang et al. 2024 focused on the detection
of the disease risk with two tuning parameters of the
PRS method utilizing summary of GWAS. The study
made it clear that enhancement of PRS is crucial in
arriving at correct risk predictions in different
diseases, particularly diseases that are influenced by
one or several genes and the environment [15]. In the
similar manner, the research work of Kulkarni et al.
(2024) proposed the novel hybrid disease prediction
with the integration of digital twin and metaverse. It
offers a better optimized and real-time prediction
model through connect with digital twin data hence
enhancing health diagnostic and initial disease
identification [16]. Lubasinski et al. (2024)
systematically reviewed the literature on blood
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glucose prediction in adult patients with type 1
diabetes. Their work focused on the realization of Al
in enhancing the courses of glucose levels predictions,
which is particularly vital in the management of
diabetes. Including nutrition and analytics in the study
offered knowledge about the part that foods play in
projecting glucose mobilization to patients and their
results [18]. This is particularly the case when it comes
to the selection of features in improving the existing
Al models in medical diagnosis. The authors in Li et
al. (2024) put forward an enhanced MGO that is
composed of chaotic maps and spiral disturbance in
medical feature selection. The study showed that
employed optimized feature selection made the
medical diagnostic models more accurate and faster
especially in dealing with big data sets which are
typical in medical sciences [17]. In Luo et al. (2023),
the authors were more concern on developing the
prediction model for high-risk complication among
type 2 diabetes mellitus through data mining. In the
study, various feature selection techniques were used
hence making the understanding of specific risk
factors that cause complications to be more clear to
make the appropriate management on patients [19].
Such areas as the application of Al in, for example,
personalized medicine attract a lot of interest. The
same year, Md et al proposed about the chances of
using simulation, Artificial Intelligence and web
technology in the clinical validation of cardiovascular
disease risk prediction at an early stage. Their strategy
was geared towards enhancing the reliability of early
diagnoses in children, so that early and efficient
interventions could be instituted to patients who were
at high risk of developing cardiovascular diseases
[20]. Along the same line, Nabrdalik et al. (2024)
investigated the potential of Al in identifying cardiac
autonomic neuropathy from nonmydriatic retinal
fundus images of patients with diabetes. One study
brought to light the reproducibility in medical images,
unknown to conventional practices, which Al can
discover and enhance diagnosis and patients’ well-
being [22]. Recently, Mohsen et al. (2023) conducted
the scoping review of the Al-based methods for
diabetes risk prediction. Their review highlighted that
there are many techniques that were applied in Al and
ML in the prediction of diabetes with regression, deep
learning, etc. Some of the limitations of applying these
approaches was also discussed including the
occurrence of large high quality datasets for model
building, and model interpretability [24]. For
comparison and to able to measure the effectiveness of
one Al model to the other in medical applications it is
imperative to conduct comparative studies. Nissa et al.
in their work of 2024 suggested a technical
comparative framework for heart disease prediction
through boosting ensemble techniques. Their work
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also included the comparison of several machine
learning models whereby they established that
ensemble models were usually superior to standalone
models insofar as accuracy of prediction and resilience
were concerned [23]. Pati et al. (2024) have evaluated
the different hybrid machine learning techniques
applied for the breast cancer prognosis and for the
prediction of the recurrences. Their work
demonstrated that parallel application of more than
one Artificial Intelligence technique including the use
of features selection alongside ensemble learning
resulted in better algorism for predictions that are
viable in enhancement of patients’ prognosis and
treatment regimes [26]. Parimala and Muneeswari
(2024) worked on the binary classification and the
segmentation of brain stroke using binary
classification and the segmentation of by hybrid
segmentation technique based on the modified
ResNet152v2 model. This transfer learning-based
approach demonstrated potential in rightly locating
stroke associated regions in brain images and therefore
hybrid model has likelihoods to enhance the diagnostic
efficacies in medical imaging [25]. Nowadays, the
creation of complex Al models is still on the upper
scale of what is possible in medical research. In 2024,
using graph-based interaction protein language model,
Pang and Liu developed DisoFLAG for identifying
protein intrinsic disorder and its function. This model
is a conceptual milestone in the field and provides new
paths to a much better comprehension of numerous
diseases that are rooted in protein-protein connections
[24].
I11. METHODS AND MATERIALS

1. Data Collection and Preprocessing

The basis of this study is the accumulation and
cleansing of all the necessary data related to the
prediction of diabetes. The data set that has been
utilized in this work consists of 10,000 patient records
drawn from a public health data base; there are various
demographic, clinical and lifestyle factors across the
data set [12]. Some of the examples of such variables
are age, gender, BMI, blood pressure, cholesterol
levels, glucose levels, history of diabetes in family
members, physical activity, dietary behavior, and the
like.

Before the data were analyzed, they were preprocessed
so that they would be properly suitable for the analysis.
First, handling of missing values involved the use of
multiple imputation techniques to reduce bias and
problems with the dataset. Glucose levels and body
mass index (BMI) were analysed as continuous
variables They were, thereafter, normalized to zero
mean and a common variance of one [13]. Gender and
other such categories were encoded using the one hot
encoder technique. Some points that fall outside the
pattern were removed through the application of the
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interquartile range (IQR) in order to reduce the effect
of such points. Last of all, the dataset was randomly
split into training (70%) and testing data (30%) while
making sure that there was distribution of classes in
both datasets such that there was a 50/50 split of the
diabetic and the non-diabetic patients [14].

2. Algorithms

To improve the accuracy of diabetes prediction, four
algorithms were selected and implemented: which are,
Logistic Regression, Support Vector Machine (SVM),
Random Forest and Artificial Neural Networks
(ANN). And each were selected on the merit that they
possess different strengths that can come into play
while processing different data and decoding the
patterns in the data set.

2.1 Logistic Regression (LR)

Logistic regression is one of the most popular
classification algorithms in medical diagnosis because
of its interpretability as well as simplicity. It is a
simple model, which seeks to estimate likelihood of
given binary outcome, in this case, presence of
diabetes [27]. It is applied to the linear combination of
the input features to make the output to be between 0
and 1.Logistic function is also referred to as sigmoid
function.
P(y=11X)=1+e—(B0+B1X1+B2X2+---+fnXn)/1

“Initialize weights and bias
for each iteration:

Calculate linear combination: z =
X.dot(weights) + bias

Apply sigmoid function: predictions=1/ (1 +
np.exp(-z))

Compute cost: cost = -(1/m) *
sum(y*log(predictions) + (1-y)*log(1-predictions))

Update weights: weights -= learning_rate *
(1/m) * X.T.dot(predictions - y)

Update bias: bias -= learning_rate *
np.sum(predictions - y)”

2.2 Support Vector Machine (SVM)

Support Vector Machine is an effective classification
algorithm which try to find the best hyperplane that
can create distance between the given classes [28]. In
diabetes prediction, SVM is intended to classify
patients to be diabetic or non-diabetic with the
maximum margin between the two classes.

The problem of optimizing an svm can be written as:
min2l|lw||2+Ci=1>m&i

“Initialize weights, bias, and regularization
parameter C
for each iteration:
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for each sample (x_i, y_i) in training data:
Calculate margin: margin=y_i*
(weights.dot(x_i) + bias)
if margin < 1:
Update weights: weights -= learning_rate
* (weights-C*y i *x_i)
Update bias: bias -= learning_rate * (-C *
y_i)
else:
Update weights: weights -= learning_rate
* weights”

2.3 Random Forest (RF)

Random Forest is a technique from the family of the
ensemble learning that creates multiple trees and uses
their result to generate the final result. The trees are
constructed based on randomly selected subsets of the
data and features which makes each tree in the
collection different from other trees and improves the
model’s stability [29].

The branch node in Random Forest means that the data
is divided based on a vector of feature thresholds that
provides maximum information gain which can be
defined as:

Information Gain=Entropy(before
split)—Entropy(after split)

“for each tree in the forest:
Draw a bootstrap sample from the training data
Build a decision tree using the bootstrap sample:
for each node in the tree:
Randomly select a subset of features
Choose the best feature and threshold to
split the data
Store the decision tree
for each sample in the test data:
for each tree in the forest:
Predict the class label using the decision tree
Aggregate predictions from all trees (majority
voting)”

2.4 Artificial Neural Network (ANN)

Artificial Neural Networks are similar to the human
brain and they comprise of interconnected layers of
neurons. A linear operation is performed first through
the inputs and the neuron, then a non-linear operation
is done on it. In the case of diabetes prediction, ANN
can model relationships between the features as being
non-linear [30].

An equation that defines output of a neuron is
specified by In the case of hidden layer:
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aj=o(i=1>_nwijxi+bj)

“Initialize weights and biases for each layer
for each iteration:
Forward pass:
for each layer in the network:
Calculate linear combination: z =
weights.dot(inputs) + bias
Apply activation function: activations =
activation_function(z)
Compute loss: loss = loss_function(predictions,
actual_labels)
Backward pass:
Calculate gradients of loss with respect to
weights and biases
Update weights and biases using gradients
and learning rate”

3. Evaluation Metrics

As for the evaluation measures, accuracy, precision,
recall, F1-score, as well as the AUC-ROC curve was
used. These metrics give overall picture about all the
models’ performance in predicting diabetes
accurately.

Algorithm Hyperparam | Value
eter

Logistic Learning Rate | 0.01

Regression

Support C 1.0

Vector (Regularizatio

Machine n)

Random Number of | 100

Forest Trees

Artificial Learning Rate | 0.001

Neural

Network

IV. EXPERIMENTS

1. Experimental Setup

The experiments were performed with a rich
benchmark diabetes prediction dataset containing
10000 patient records. We created a training sample of
70% from this dataset and a testing sample of 30%; the
sample distribution by diabetic and non-diabetic cases
followed the same reasoning [4]. The experiments
aimed to evaluate the performance of four machine
learning algorithms: These include the following
algorithms; Logistic Regression (LR), Support Vector
Machine (SVM), Random Forest (RF), and Atrtificial
Neural Network (ANN). These were chosen because
of their ability to accommodate peculiarities and
challenges of diabetes prediction.
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Figure 1: Data-Driven Diabetes Risk Factor Prediction Using
Machine Learning Algorithms with Feature Selection Technique

The implementation was done wusing Python
programming language with assistance of scikit-learn
and also TensorFlow and Keras libraries. The
algorithms were tested and developed on the same
collection of data in order to have a direct comparison.
In order to find the best values of hyperparameters,
grid search with 5 fold cross validation was done to
provide the best accuracy and model generalization
[5].

2. Hyperparameter Tuning

Tuning the hyperparameters is significant in ensuring
the best performances of the machine learning
algorithms.  The following table summarizes the
optimized hyperparameters for each algorithm:

3. Performance Metrics

For the purpose of algorithms evaluation, the
following measures where employed; Accuracy,
Precision, Recall, F1-Score, AUC-ROC. These
metrics were chosen so as to get a better view of just
how effective the algorithms are in terms of predicting
diabetes correctly.

Metric Definition

Accuracy The proportion of true
results (both true
positives and  true
negatives) among the
total number of cases
examined.
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Precision The proportion of true
positive results among all
positive results predicted
by the model.

The proportion of true
positive results among all
actual positive cases in
the dataset.

The harmonic mean of
Precision and Recall,
providing a balance
between the two metrics.
AUC-ROC A performance
measurement for
classification problems at
various threshold
settings.

Recall (Sensitivity)

F1-Score

4. Experimental Results

The subsequent sections offer the results of the
experiment, with the comparison of the offered
algorithms’ efficiency.
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Figure 2: Patient-specific prediction of diabetic blood glucose

4.1 Logistic Regression (LR)
Logistic Regression was the first model attempted for
the prediction of diabetes. One of the main merits of
this model is that they are easy to interpret and are
frequently used for medical diagnosis This kind of
model can have low forecasting accuracy in the cases
of complicated nonlinear relationships between
elements of data sets [6]. Here are the model

erformance of logistic regression on the test set.

Metric Value (%)

Accuracy 84.5
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Precision 82.1
Recall 78.9
F1-Score 80.5
AUC-ROC 86.2

4.2 Support Vector Machine (SVM)

The Support Vector Machine also showed a better
ability to deal with complex and non-linear with its
handle to the Radial Basis Function (RBF)Kernel [7].
The following table also captures the results of SVM
on the test set The table below gives the results of the
experiments carried out on the test set as follows:

Metric Value (%)
Accuracy 88.3
Precision 85.7
Recall 84.4
F1-Score 85.0
AUC-ROC 90.1

4.3 Random Forest (RF)

Random Forest which was a kind of ensemble learning
method performed well because it could prevent
overfitting and it learned feature interactions. The
follow table provides the results of Random Forest
implemented on the test set.

Metric Value (%)
Accuracy 92.7
Precision 91.2
Recall 89.5
F1-Score 90.3
AUC-ROC 93.4

4.4 Artificial Neural Network (ANN)
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Figure 3: A Comparison of Machine Learning Techniques for the
Detection of Type-2 Diabetes Mellitus

Metric Value

Accuracy 94.1%

Precision 92.9%

Recall 91.8%

F1-Score 92.3%

AUC-ROC 95.2%
Discussion

The discovered data prove

that the ANN model is

An improved figure of the ANN model was witnessed
making it the most performing among the applied
models. It recorded an accuracy of 94%. 1% and the
accuracy was equal to 92. 9%, recall of 91. an accuracy
of 92%, a precision of 90.2% for class 1 or abnormal
respiratory rate, recall of 87.5% for abnormal
respiratory rate or class 1, and F 1-score of 8%. 3%
[8]. The AUC-ROC was the biggest value of 95. 2%;
however, its interpretive capability of diabetic from
non-diabetic patients was extremely efficient at 96%.

among the best in identifying diabetes out of the
offered models. The high value of accuracy, precision,
recall, F1-score and AUC-ROC show that present
model ANN is more suitable to predict complex
interactions and non-linear relationship of the data set
[91. SVM and Random Forest both had good
performance and among the two, Random best
performed showing high accuracy and stability
probably because of its forest nature in which the tree
element minimizes the risk of overfitting. However,
since the performance of the SVM is a bit lower than
ANN, the moment can be made that while SVM is
exhibiting its strongest side in high dimensional space
the algorithm is somewhat less capable of detecting
complex patterns [10]. The simplest and most
interpretable model, Logistic Regression, was the least
accurate of the four tested models. This could probably
be attributed to the fact that linear models are restricted
in the extent to which they can capture the patterns of
data relationships [11]. Nonetheless, it is a rather
effective tool as long as the data to be analyzed and the
results of the analysis do not have to be concealed in
any way.
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Figure 4: Flowchart for predicting diabetes using Machine
Learning
V. CONCLUSION
Therefore, this research offers a comprehensive study
on the analysis of diabetes using a better mathematical
model with better algorithms in machine learning as
well as data analytics. Through a process of
aggregation and fine tuning of these models, we
successfully designed a complex prediction system for
early diagnosis and control of diabetes. Comparing our
approach to alternatives like Logistic Regression,
Random Forest, Support Vector Machine, and
XGBoost, we can name our approach the most
accurate, efficient, and scalable among all. From a
large number of trials and comparative analysis with
other similar works, our framework has achieved
promising enhancements in terms of prediction
accuracy, which minimises false positive and false
negative rates and are crucial in clinical context. The
combination of the feature selection methods and
optimization methods adds more robust by enabling
the model to perform feature selection on large data
sets for making the most relevant feature to be part of
the prediction process. Our findings support the
possibility of translating the presented framework into
the clinical context and providing healthcare
professionals with a useful method for early risk
assessment and preventive interventions. Besides, this
research is appropriate for developing new knowledge
to the prediction of diabetes and provides implications
for future research to advancing this phenomenon. Al
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As, the field of healthcare still actively exploring the
use of Al and machine learning, our work makes a
positive step toward enhancing patient-oriented
prognostic strategies and finding the innovative means
for managing diabetes and its impact on global health.
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