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Introduction 

There is no better metabolic disorder than diabetes mellitus 
(DM), characterized by chronic hyperglycemia that occurs as 
a result of failures within either the secretion process or the 
action pathway of insulin. International Diabetes Federation 
reports that diabetes continues to increase in prevalence, 
and millions of people are at risk of developing heart disease, 
kidney disease, and neuropathy as a result. Diabetes can 
be diagnosed early and treated effectively with personalized 
strategies if it is detected and predicted early.
A recent technological advancement has enabled researchers 
to gather unprecedented amounts of genomic data that 
can reveal the genetic basis of complex diseases, including 
diabetes. Genetic variants are known to increase susceptibility 
to Type 1 and Type 2 diabetes, and DNA sequences contain 
essential biological information. Genomics datasets, however, 
pose significant challenges for traditional statistical methods 
of analysis because of their vastness and complexity.
DNA sequence data can be analyzed using machine learning 
to identify hidden patterns and predictive biomarkers, which is 
a powerful tool for handling large-scale biological data. A ML 
model can benefit from classification algorithms in order to 
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F-regressors and Mutual Information. A study based on accuracy, precision, recall, and F1-score values has been done 
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(SVM). Results demonstrated that Random Forest achieved the highest accuracy (0.89 with F-regressor), followed 
by SVM and Decision Tree, while Gaussian Naïve Bayes showed moderate performance. The findings highlight the 
effectiveness of machine learning in uncovering genetic patterns associated with diabetes and emphasize the potential 
of DNA-based predictive modeling in precision medicine. This work contributes to advancing computational genomics 
and provides a foundation for early diagnosis and personalized treatment strategies for diabetes mellitus
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distinguish between genomic profiles associated with diabetes 
risk and those without it. By integrating machine learning with 
genomic data, you can improve prediction accuracy as well 
as tailor your healthcare decisions based on your genetic 
background.
A great deal of progress has been made in understanding 
complex human diseases through GWAS [1]. It is the primary 
objective of these studies to develop a precise model of 
the complex structure of gene regulators associated with 
disease. This genetic disease develops when the pancreas 
gland fails to produce enough insulin hormone or the insulin 
hormone cannot be properly used by the body, causing 
diabetes to develop and last indefinitely. Diabetes Mellitus 
is an autoimmune disease caused by glucose not being 
used by the body and raising blood sugar levels. A person 
with type 2 diabetes (T2D) produces insufficient insulin 
or fails to respond to insulin in a timely manner [2]. There 
is a much greater incidence of type 2 diabetes (T2DM) 
than type 1 diabetes (T1D), which is caused by insulin 
resistance. In T1D, the body produces no insulin; genes 
and environmental factors contribute to T2D [3]. There are 
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some patients with diabetes who are misdiagnosed, and 
diabetes can actually take either of three forms: 1A, 1B, 
or 2B. The world is also full of people who have diabetes 
caused by genetic mutations [4]. It is unnecessary for many 
of these people to be treated with insulin rather than low-
dose medications.
T2D disease is a common condition, and studies are being 
conducted on how to correctly diagnose it. There are few 
studies regarding the diagnosis of diseases based on DNA 
sequences. DNA sequences are converted into digital signals 
and then analyzed to identify diabetes with spectral images. 
Using a deep learning approach, this paper identifies the 
genetic basis (and risk mechanisms) of diabetes-related 
diseases. In this manner, new drug targets for diabetes-
related diseases may be identified.
In addition to its multifaceted nature, diabetes mellitus 
also has numerous comorbidities, requiring extensive 
treatment options for all individuals affected by the disorder 
[5]. Statistical models based on linear statistics used to 
determine the onset and progression of diabetes mellitus 
before machine learning algorithms were introduced [6]. 
By using machine learning, these previously published 
metadata sets were refined to identify vulnerable groups 
in need of clinical intervention as well as define biomarkers 
used for defining pathology [7]. It is possible to predict 
diabetes severity more accurately and assess diabetes 
severity more accurately by using HbA1c combined with 
biomarkers such as 8-hydroxy-2-deoxyguanosine (8-
OHdG) and other metabolites.
A machine learning model was used in the current study 
in order to integrate cardiac physiological, biochemical, 
genomic, and epigenetic biomarker data in order to determine 
diabetes type 2. Using machine-learning algorithms, 50 
patients were classified as diabetic, mitochondrial function 
was analyzed, and methylation status was investigated. This 
study emphasizes the use of novel biomarkers to enhance 
existing diagnostic standards and to provide more precise 
methods to identify populations that may be at risk of type 
2 diabetes, such as those with prediabetes, and determine 
whether or not they are developing the condition. As we 
used machine-learning algorithms to analyze physiological, 
biochemical, and molecular data, in order to evaluate 
whether it was possible to predict health outcomes using 
the best predictive features alone or in conjunction with 
HbA1c, we looked for features that had the highest predictive 
accuracy. For the purpose of determining which biomarkers 
perform best overall, we compared models that did not attain 
50% predictive accuracy to models that did in the absence 
of HbA1c.
Using machine learning, heart imaging diagnostics, such as 
echocardiography and computed tomography angiography, 
have been evaluated in order to assess cardiovascular 

health and outcomes [8]. Research into cardiovascular 
diseases is expected to grow exponentially as machine-
learning applications become more prevalent [9]. Although 
machine-learning models based on image data are becoming 
increasingly popular, little is known about their predicative 
power on heart genomics, epigenetics, proteomics, and 
metabolomics. A decade ago, datasets were accumulating 
and compartmentalized, but recent advances have enabled 
hierarchical predictive algorithms to be integrated with 
biological processes through metadata, deep sequencing, 
and omics-based approaches. In order to provide feedback 
to patients and the general population suffering from disease, 
machine-learning will be essential. Patients will have access 
to their personal “omics” profiles, which will enhance the 
health practices of care providers.
There were 285 million people globally predicted to suffer from 
diabetes in 2010, a metabolic disorder characterized by high 
blood sugar levels caused by inadequate insulin production 
or release. As the disease continues to grow at its present 
rate, it is projected that by 2030, there will be 552 million 
diabetes cases. By 2040, one in ten people is expected to 
have diabetes [10]. As a result, it is of great importance to 
research diabetes identification and treatment in an effective 
and timely manner. Using genomic patterns to diagnose 
diabetes will result in a greater degree of accuracy and 
precision as well as ensuring better habits are followed that 
will prevent diabetes from developing. It is possible to slow or 
postpone the development of future diseases by identifying 
them very effectively and enjoying better health overall if 
they are identified early. Using machine learning techniques, 
one can screen future illnesses and diagnose abnormalities. 
For example, by analyzing current medical conditions and 
prior illnesses, forward prediction techniques can anticipate 
diabetes in real time [11].
Type 2 diabetes, or T2D, is a metabolic condition where the 
body either doesn’t produce enough insulin or doesn’t use 
insulin properly, leading to high blood sugar levels. A person’s 
lifestyle, such as what they eat, how much they exercise, 
and other daily habits, can greatly affect whether their child 
develops this disease. T2D can also lead to shorter life 
expectancy and a lower quality of life. Medications and lifestyle 
modifications may be used to control illness. To avoid life-
threatening consequences, it is crucial that T2D is diagnosed 
and treated early. Research studies on medical diagnoses 
have demonstrated impressive accuracy in predicting illness 
and forecasting the future. Gene combinations are often the 
main cause of most diseases. To find these specific gene 
sequences, scientists compare the DNA of healthy people 
with that of people who have the disease. DNA is important for 
how cells develop and is passed down from one generation 
to the next. It is made up of four chemical bases: adenine 
(A), guanine (G), cytosine (C), and thymine (T). These bases 
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arrange themselves in a specific order to form the unique 
genetic code found in nearly every human cell, as mentioned 
in [12]. The molecular composition analysis of human genes 
is extensively used to forecast diseases linked to ancestral 
lineage. Genomics research can aid in modifying individual 
lifestyles, thereby reducing the likelihood of future diseases. 
DNA analysis can help predict diseases resulting from DNA 
mutations. Biomedical engineering has acknowledged a 
vast gene dataset that can contribute to predicting various 
health conditions. Using Neural Networks helps identify gene 
patterns that are harmful to human cells and likely to cause 
disease. When combined with other methods, this approach 
can predict illnesses accurately while keeping the processing 
time reasonable. 
Machine Learning is a rapidly growing technology for 
tackling unavoidable issues across different fields. It employs 
supervised, semi-supervised, or weakly supervised methods 
to analyze data from sources such as medical records and 
wearables to predict illnesses. However, in these methods, 
early detection of sickness remains limited, and patients 
cannot significantly alter their lifestyle in a short time to 
prevent the illness. The polygenic scores method is one of the 
most widely used strategies for early illness prediction. This 
method has already been carefully checked and tested before 
it was used in clinical trials, and it’s also used for screening 
diseases [13]. Recent studies and genetic analysis can help 
people change their habits and lower the chances of getting 
conditions like heart attacks, cardiovascular diseases, cancer, 
and Alzheimer’s. Creating polygenic risk scores involves two 
main steps: discovery and validation. In the discovery stage, 
risks are found by using statistical tests like linear or logistic 
regression. The validation stage then confirms these findings 
and gathers information about specific genetic changes called 
Single Nucleotide Polymorphisms (SNPs).

Related works

Research on predicting diabetes risk using genetic data 
combines statistical genomics, feature engineering for 
sequence data, and modern machine learning and deep 
learning techniques. Early studies primarily relied on genome-
wide association study (GWAS) results and combinations 
of single-nucleotide polymorphisms (SNPs) as features for 
classical classifiers and risk scores. For instance, efforts 
to uncover genotype-phenotype links and apply machine 
learning models to genotype data showed that supervised 
methods can identify SNP combinations linked to Type 2 
Diabetes (T2D) and enhance risk stratification beyond single-
variant analyses.
Recent comparative studies have started to evaluate classical 
machine learning algorithms (such as SVM, Random Forest, 

and gradient-boosted trees) against deep learning models 
using DNA-sequence-derived features for diabetes prediction. 
Research published between 2024 and 2025 indicates that 
when DNA sequences are properly encoded—such as through 
k-mers, TF-IDF on k-mers, or learned embeddings—both well-
tuned gradient-boosted trees and deep learning models can 
be competitive. However, the advantages of deep learning 
models often depend on having larger labeled datasets and 
effective regularization. A comprehensive 2025 PLOS study 
examining various ML and deep learning pipelines for DNA-
sequence-based diabetes classification emphasizes both the 
potential and the challenges related to reproducibility in this 
emerging area [14].

Classical machine learning models and feature selection 
in genomics
A support vector machine (SVM) model was developed as 
soon as genomic classification began to be studied [15, 16]. 
Microarray data can be effectively selected using SVMs 
for gene selection, particularly cancer classification. An 
extension of the approach to genomic sequence classification 
demonstrated that the model was capable of identifying 
genetic patterns specific to each class. A linear and kernel-
based classifier can be applied to biological data based on 
this foundational research.

Natural language processing techniques and data 
imbalance solutions
It is recommended that natural language processing (NLP) 
methods be applied to genomic sequences for the purpose of 
extracting structured features. As a symbolic language, DNA 
sequences are encoded. A combination of deep learning and 
NLP has been used to classify regulatory DNA elements, 
outperforming traditional statistical descriptors. There is a 
significant problem of class imbalance in genomic studies. In 
order to increase the representation of minorities, synthetic 
minority sampling techniques (SMOTE) were proposed [20]. 
Several applications of it have been successful, resulting in 
improved model sensitivity and reduced bias substantially [21]. 
Beyond simple classification, there is increasing interest 
in integrating genetic sequence data with other molecular 
layers such as gene expression and methylation, along 
with clinical measures and explainability tools. Multi-omics 
machine learning frameworks have enhanced Type  2 
diabetes prediction and identified potential biomarkers, 
such as methylation or expression signals, that aid in 
interpreting model outcomes. Simultaneously, progress 
in variant effect prediction, like large models that assess 
missense variants, offers complementary tools to identify 
potentially pathogenic sequence changes that can be 
utilized by downstream diabetes prediction models. These 
advancements indicate a trend towards hybrid pipelines that 
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merge variant-level pathogenicity scoring, sequence-level 
representation learning, and clinical data integration [22].
Diabetes mellitus (DM) is a condition that affects how the 
body processes blood sugar, leading to high levels over time. 
It also impacts how the body handles fats, carbs, and proteins. 
Type 2 diabetes mellitus (T2DM) is connected to problems with 
lipids and lipoproteins in the blood. This includes lower levels 
of high-density lipoprotein (HDL) cholesterol, higher numbers 
of small, dense low-density lipoprotein (LDL) particles, and 
increased triglyceride (TG) levels. These issues can happen 
even if LDL cholesterol is in the normal range. These changes 
are part of a condition called insulin resistance syndrome, 
which plays a big role in the development of T2DM. People 
with diabetes often have different lipid-related risks, such as 
higher total cholesterol (TC), LDL, and triglycerides, as well as 
lower HDL levels [23].
An impaired insulin production or reduced insulin sensitivity 
is commonly observed in diabetes mellitus, which is a 
chronic metabolic disorder with elevated blood sugar 
levels. By 2045, there will be 693 million adults affected 
by this disease, making it one of the world’s fastest-
growing diseases. In order to detect and intervene early 
when diabetic complications arise, predictive modeling is 
necessary, particularly in regard to kidney disease, retinal 
disease, and neuropathy. Diabetics who suffer from these 
complications are at an increased risk of death, vision loss, 
kidney failure, and a reduced quality of life. Despite their 
importance, clinical risk factors and glycemic control fail to 
predict vascular complications reliably. Currently, genetic 
biomarkers and machine learning techniques can be used 
to assess diabetes risk and complications. 
There is a great deal going on in the public health system 
when it comes to diabetes mellitus (DM) and its high 
prevalence, as well as the complex interaction of genetic 
factors and environmental factors that contribute to its 
development. It is estimated that there will be 537 million 
adults worldwide affected by type 2 diabetes mellitus (T2DM) 
by 2021, out of which over 90% will have type 2 diabetes 
mellitus (T2DM). Patients suffering from this disease have 
a wide range of phenotypes due to its complex causes, 
including their age at onset, complications they experience, 
and the effectiveness of their management techniques. It 
is estimated that 69% of T2DM is inherited genetically in 
individuals between 35 and 60 years of age, in spite of the 
fact that environmental and lifestyle factors are known risk 
factors [24].
The use of machine learning techniques in genomic 
diagnostics is widespread, especially the use of algorithms 
that analyze time series and deep learning. As a result of 
these approaches, it is now possible to analyze functional 
DNA sequences, which are key to understanding gene 
function and regulation. Recently, machine learning has been Figure 1. Proposed System.

successfully applied to a variety of biomedical challenges such 
as genome annotation, variant calling, variant classification, 
and genotype-to-phenotype prediction [25]. This review will 
highlight promising integrations and solutions from recent 
advancements in state-of-the-art. 

Proposed methodology

Diabetes can be diagnosed using machine learning techniques 
with the proposed system. Initially, the data undergoes 
preprocessing, followed by the application of four distinct 
classification methods, with the results being compared. 
Figure 1 depicts the proposed system in a schematic form, 
offering further detail.
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Dataset
INS Insulin Dataset has been made available by the National 
Agency for Health, a renowned research institute in health 
and medicine. A genetic variation in insulin was found in 
the diabetes mellitus dataset. In addition to DNA sequences 
and clinical data, the INS Insulin Dataset includes additional 
diabetic patients with T1D and T2D. Ten,199 sequences are 
diabetes-related, while 4,371 are non-diabetic [26]. 

Data preprocessing
Machine learning requires effective preprocessing of DNA 
data in order to correctly identify diabetes mellitus types. 
A one-shot encoding approach, K-mer representations, 
minimum-maximum normalizations, oversampling, and 
converting lists to text are investigated as ways. Described 
in this paper are the different techniques for diabetes 
mellitus disease study, as well as their significance. Machine 
learning requires the correction of missing values in diabetes 
mellitus study DNA data before it can be analyzed. Among 
the methods employed in diabetes mellitus genetic pattern 
analysis and interpretation are deletion, imputation, and 
multiple imputations. Using machine learning models for 
diabetic mellitus research improves reliability and contributes 
to major discoveries. 

K-mer
It is difficult to analyze long, complicated DNA sequences. 
By overlapping k-length sequences with different patterns, 
by using the k-mer method, this problem can be overcome. 
Through the reduction of dimensionality and the collection 
of patterns and motifs specific to diabetics, in this algorithm, 
diabetic features are identified using machine learning. AGA, 
GAT, and AGAT are composed of four monomers, three 
dimers, two tetramers, and one tetramer of AGAT. Six-k-
mer sequences are derived from the DNA sequence of the 
molecules.

Oversampling
It is common for genetic research to use datasets that 
underrepresent one class. Increasing minority class samples 
balances classes. As a result of random duplication or 
synthetic minority oversampling, minorities have sufficient 
training data to avoid bias when using random sampling 
methodologies. The algorithm’s ability to handle imbalanced 
scenarios is enhanced by this strategy.

Ordinal Encoding
Machine learning preprocessors commonly use ordinal 
encoding. Diabetes research often uses it to process DNA. 
By converting categorical data into numerical representations, 
including diabetes types, categorical data can be maintained 
while also being transformed into numerical representations. 

Unique integers are used in ordinal encoding to preserve 
variable order. Computer algorithms can then handle input 
features more easily, facilitating classification exploration.

Min- Max Normalization
It is common to normalize feature values using min-max 
normalization, which rescales them between 0 and 1.

	 X_norm = (X - X_min) / (X_max - X_min)� (1)

There are four main values in this dataset - Xmin, Xmax, Xmin 
norm and Xmin norm.

Feature selection 

When categorizing diabetes mellitus from DNA sequences, 
machine learning must select features. Feature selection 
using F-regressors and Mutual Information is compared in an 
academic study. Genes associated with diabetes are found 
using this approach. The principles, approaches, and their 
usefulness in this investigation are presented.

F-regressor
Based on ANOVA F-values, F-regressors select features. The 
feature is correlated to the target variable individually, and 
the F-value is calculated to identify features that are strongly 
associated with the type of diabetes mellitus. A higher value 
indicates a stronger association, in determining whether 
diabetics are discriminated against, it is the most important 
feature.

Mutual Information
It evaluates statistical dependence based on mutual 
information. The target variable information is evaluated 
in feature selection. It is capable of detecting linear and 
non-linear correlations in DNA sequences with complex 
dependencies. It is more useful and preferable to analyze 
feature-target variables based on Mutual Information values. 
Set entropy is calculated with the help of equations (3) and 
(4), based on the values of H(X) and H(Y). 

	 (𝑥) = − ∑𝑖∈𝑥 (𝑥) 𝑙𝑜𝑔 (𝑥)� (3)
	 (𝑦) = − ∑𝑗∈𝑦 (𝑦)(𝑦)� (4)

We can calculate mutual data as follows:

	 (𝑥, y) = (𝑥) + (𝑦) − (𝑥, 𝑦)� (5)

Random Forest
By combining DT algorithms, RF predicts or classifies the 
value of variables [27]. As a result, multiple regression trees 
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are constructed and the results are averaging based on input 
vectors x and evidential feature values. A RF regression 
predictor based on such trees { ( )}1  is as follows: 

∫ ( ) =
1
∑

=1

( )

GaussianNB 
Gaussian distributions are used in GNB’s probabilistic ML 
classification algorithms. A Gaussian Naive Bayes model 
predicts an outcome based on each feature. All components 
are combined to predict the probability of categorizing a group 
dependent variable. Assuming Gaussian feature probabilities, 
equation (6) is as follows:

	

( | ) =
1

√2 2
 (− ( − µ )2

2 2 )� (6)

Support Vector Machine
For classification, supervised learning is an effective method. 
The goal of SVMs is to create into categories as much as 
possible. A SVM can handle separable data with linear and 
nonlinear components using kernel functions. This equation 
is used to calculate RBF kernels:

	

(× + ) =  ( ‖ + ‖2) � (7)

A learnable constraint, gamma (γ), denotes the RBF kernel 
in this situation. Due to its robust generalization and ability 
to deal with high-dimensional datasets, Researchers studying 
diabetes mellitus often use SVMs to classify DNA sequence 
patterns and correlations.

Decision Tree
There is an algorithm called DT that is used in data mining [28]. 
A classification algorithm constructs models using inductive 
learning processes involving reclassified data sets. Attributes 
are used to define data items. In decision trees, attributes are 
mapped to categories based on their values, and its values 
are used to classify data items. These attributes are used to 
partition data items, and the process is repeated recursively 
once a subset of data items has been partitioned. There are no 
differences between data items within a subset, DTs separate 
data based on attributes at each node. There are several 
edges on each node, and each edge is labeled according to 
its parent attribute. Even the leaves are categorized according 
to their decision values. An important part of decision trees is 

the use of statistical classifiers to classify data. In a recursive 
selection process, each data point is classified according 
to the classes that differentiate the target application from 
others. Assume that X is the features of the data point and Y 
is the class; the decision is based on the ratio between X and  
Y as follows:

	

 (  |  ) =
 (  )  −   (  |  )

 (  ) � (5)

Result and discussion

An analysis of DNA genes, a large dataset, and the 
presentation of features all influence diabetes classifiers. In 
order to evaluate their performance, actual and predicted 
labels are compared in terms of accuracy, precision, recall, 
and F1-score [29]. Dataset properties and research goals 
should be considered when designing algorithms, and 
redundancy should be avoided through preprocessing. As a 
part of this study, we used f-regressors and mutual information 
as a method for selecting features for analyzing diabetic DNA. 
In order to evaluate the model accuracy, we assessed 75 
features and 5–10 K-mer values, with an 80/20 split used for 
train-test comparisons. Based on the results shown in Figure 
2, we can compare the performance of the models among 
different methods of selecting features. 
Random Forest demonstrated strong accuracy with 0.89 
using the F-regressor and 0.88 with the mutual information 
method, even though the precision, recall, and F1-Score 
were competitive. Gaussian Naive Bayes performed 
less effectively than Random Forest, as seen in Figure 
3, showing only decent performance during F-regressor 
trials and overall average results with acceptable precision 
across test cases. This method is suitable for many single 
hypothesis problems but less effective in scenarios with 
more dimensions. A significant improvement was made in 
the classification algorithms by using SVMs and Decision 
Trees. Mutual information and the F-regressor were used 
to evaluate each model. SVMs based on mutual information 
and F-regressor had accuracy of 0.83 and 0.84, respectively. 
It was found that SVMs, like Random Forests, improved 
reliability and F1-scores as features were selected. Using the 
mutual information approach, there was good precision and 
recall for Decision Trees, however, they were less accurate 
than Random Forests and SVM classifier algorithms. It is 
more reliable and easier to achieve academic success when 
multiple classifiers are combined in deep neural networks or 
ensembles.
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Conclusion

The study demonstrates that machine learning models, when 
combined with effective feature representation and selection 
techniques, can accurately classify DNA sequences for 
predicting diabetes mellitus types. Among the tested models, 
Random Forest and SVM consistently outperformed other 
classifiers, showing strong predictive power and robustness 
across evaluation metrics. The integration of genomic data with 
machine learning approaches highlights the feasibility of early 
and precise diabetes detection, which is crucial for effective 
intervention and personalized healthcare strategies. Despite 
limitations such as data imbalance and model dependency 
on preprocessing, this research establishes a framework for 
using genomic information in clinical diagnostics. Future work 
may extend these findings by incorporating multi-omics data, 

deep learning architectures, and larger datasets to further 
enhance predictive accuracy and clinical applicability.
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