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Abstract results in serious complications such as

This paper proposes a neural network model for
the early diagnosis of diabetes using routinely
collected blood test parameters. The model
architecture, designed with multiple hidden
layers, was trained and validated on secondary
data obtained from existing studies. Evaluation
metrics, including accuracy, sensitivity,
specificity, and ROC/AUC, demonstrated that
the proposed model outperforms several
conventional approaches reported in the
literature. Comparative analysis confirmed its
effectiveness in enhancing predictive reliability
for early detection. The findings highlight
potential applications in clinical and public
health contexts, offering a scalable tool to
support timely diagnosis, reduce
complications, and  guide  preventive
interventions.

Key Words: Diabetes Mellitus / diagnosis;

Artificial Intelligence; Neural Networks
(Computer); Biomarkers / blood; Early
Diagnosis; Clinical Decision-Making;

Machine Learning.

Introduction

» Background on Diabetes and Global
Health Burden

Diabetes mellitus isa chronic metabolic disease
with sustained hyperglycaemia as consequence
of defect in insulin secretion and action which

Volume No: 10(2025) Issue No: 9(September)

www.ijracse.com

cardiovascular, renal, ocular and neurological
diseases (WHO, 2023; Mortajez &
Jamshidinezhad, 2023). The worldwide
prevalence is expected to increase from 451
million in 2017 to more than 693 million by
2045, with global estimated deaths reaching
over 6.7 min just in one year, mainly in middle-
income countries (WHO,2023; Iparraguirre-
Villanueva et al.,2023).Routine diagnostic
procedure viz., fasting blood sugar, oral
glucose tolerance test and HbAlc are accurate
but expensive, invasive and time-consuming;
therefore problematic for mass screening
programme (Ruthika et al. Routine blood
testing measures parameters that do reflect
early (presymptomatic) metabolic deviations,
and that can be used to identify new strategies
or drugs for diabetes prevention. Using those
parameters into neural network models may
result in a fast, non-invasive and low-cost early
diagnosis (Shahin et al., 2023; Olabanjo et al.,
2025). Artificial Neural Networks ANNSs are
great classifiers of complex, non-linear
relationships among such heterogeneous
clinical data, with better sensibility and shape
invariability than the classical methods
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(Iparraguirre-Villanueva et al., 2023; Mortajez
& Jamshidinezhad, 2023).

The objectives of this study are:

. To determine key blood parameters
capable to predict early onset of diabetes.
. To construct a stable neural network

model for precise forecasting based on
common blood test data.

. To systematically assess performance
of the model versus standard modes of
diagnosis and determinability for clinic.

2. Literature Review

e Existing Screening and Diagnostic
Methods for Diabetes

Diabetes mellitus is a lifetime disabling
metabolic disorder with elevated blood sugar
level due to lack of insulin production by the
pancreas or ineffective use of the produced
insulin. Detection in early stage is important to
avoid complications like cardiovascular
diseases, renal failure and neuropathy.
Although conventional diagnostic techniques
are very effective, they cannot detect the
disease at an early stage.

Fasting Plasma Glucose (FPG):

A FPG test is a blood test to check that glucose
(sugar) level in your fasting state i.e. after an
overnight fast. Fasting plasma glucose >126
mg/dL (7.0 mmol/L) on two separate tests
means you have diabetes. This technique is
commonly employed because of its ease and
reliability. But it can miss the early phase of
diabetes, especially in people with pre-
diabetes. The prevalence of prediabetes by FPG
was 32.2% and that by the OGTT was 22.3%,
as reported elsewhere (Reference to a previous

study), highlighting the potential for FPG to
miss early cases (Aekplakorn et.al.2015).

Oral Glucose Tolerance Test (OGTT):

The OGTT by measuring blood glucose first in
a fasting state and then two hours after
ingestion of the glucose load. A plasma glucose
level >200 mg/dL (11.1 mmol/L) 2 hours post-
glucose challenge is diagnostic of diabetes.
Though more precise, however, the OGTT is
inconvenient and takes more time than the FPG
test. The efficacy of the test has been re-
examined in recent studies and it appears that it
is still useful in diagnosing impaired glucose
tolerance negative type 2 diabetes mellitus
(Pintaudi et.al (2022)).

Hemoglobin Alc (HbAlc):

The HbAlc test measures average blood
glucose (glisyeted haemoglobin) levels over
the past two to three months. You have diabetes
if your HbAlc level is 6.5% or higher. This test
is not one that has to be done fasting, and it isn't
as influenced by swings of blood sugar in the
short term. The test has lower levels of
sensitivity in some populations and is also not
appropriate for diagnosing diabetes among
certain individuals with conditions impacting
red blood cell half-life (Choi et.al ()2011)).

Homeostasis Model Assessment (HOMA):
Insulin resistance and beta-cell function were
estimated by HOMA using fasting glucose and
insulin values. It offers insights into the
pathophysiology of diabetes and is applicable
in research study. Recent investigations have
supported HOMA-IR as a good marker of
insulin resistance and it is considered an
important etiological factor for type 2 diabetes
(Horakova et.al. (2019)).
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SPINA-GBeta:

SPINA-GBeta is an indirect measure of
pancreatic beta-cell function. It provides a
model-based method for assessing the
functional capacity of insulin secretion, which
contributes to the understanding of diabetes
development. Recent study has indicated
SPINA-GBeta as a feasible, precise and
economic informant of insulin-glucose
homeostasis for the purpose of screening
(Dietrich et.al. (2022)).

Artificial Intelligence (Al) and Machine
Learning (ML) Approaches:

Recent developments have presented Al ML
methodologies  for  diabetes prediction;
involving aspects of clinical data and
biomarkers. These models may optimize early
diagnosis and individualized therapy. Al-based
bodies of evidence have shown the predictive
power in identifying the risk of diabetes, which
provides a potential approach to non-invasive,
rapid and low-cost screening (Tasin etal.,
(2022)).

Al for Early Detection of Diabetes

Artificial intelligence (Al), especially machine
learning (ML) and neural networks, has
demonstrated promising prospects in the early
detection of diabetes. Pukale et al. (2025)
proposes an optimized ML-based framework
based on EHRs to forecast diabetes risk by
incorporating the patients' medical history,
lifestyles and test outcomes. The prediction
model had a better performance in predicting
T2D (AUC was 0.847, sensitivity being 80°6%
and specificity of 75°9%) than ROC
characteristics of risk score among people with
hyperglycaemia in the conventional type for
diagnosing diabetes, as well as predictive

specificity and sensitivity were statistically
significantly higher: not only that has been
shown greater accuracy, but also provided
evidence that Al might be a tool to facilitate
early pre-diabetes identification or diagnosis on
large scale at relatively low cost compared with
traditional diagnostic processes.

Neural Networks for Diabetes Classification
Alsulami et al. (2024), used the Rough-Neuro
for Type 2 Diabetes detection. Rough set theory
was used to reduce the features and a multi-
layer perceptron (MLP) neural network is
applied for classification. By reducing the
amount of input features, the explosive model
increased efficiency of training process and
storage demand production while having a
better prediction ability. This validation
supports the value of combining feature
selection techniques with neural networks to
enhance accuracy and clinical applicability.

Artificial Neural Networks in Community-
Specific Studies

Srivastava et al. (2019) also proposed an ANN
model for the diabetes prediction on Pima
Indian dataset. Their model scored 92%
accuracy at predicting potential diabetes cases,
and proved that more labeled data can be
trained to improve prediction performance
even more. This work demonstrates the
adaptation of ANN models to specific
populations for improved diabetes risk
prediction capabilities.

Machine Learning Model Comparison

Iparraguirre-Villanueva et al. (2023) tested
several ML models—K-NN, Bernoulli Naive
Bayes, decision trees, logistic regression, and
support vector machines—based on a Pima
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Indian dataset. Results showed that K-NN and
BNB models resulted in the highest early
diabetes detection accuracy, suggesting that
model choice plays a critical role in predictive
performance, and neural networks remain a
good alternative for modelling complex, non-
linear relationships.

Al in Diabetes Complications and Retinal
Imaging

Al has also been used to predict and control
diabetes complications. Sobhi et al. (2025)
surveyed Al algorithms on the retinal image
analysis for detecting DR and related
microvascular complication. It  was
demonstrated that CNNSM vyielded high-
throughput  screening  with  outstanding
sensitivity and specificity, indicating that Al is
beneficial nor only for the early deduction of
diabetes but also supports prognostic prediction
and personalized patient therapy.

Challenges and Future Directions

While there are encouraging signs, there are
challenges in adopting Al such as privacy of
data, interpretability of models and bias in
algorithms.  Future studies highlight the
importance of explainable Al, how diverse
datasets will be combined in a pooled analysis
and details on multi-center validation to ensure
even and robust deployment in clinical practice
(Pukale et al., 2025; Sobhi et al., 2025).
Development of in vivo UMDS with a
combination of routine blood test parameters
may improve the identification of diabetes at an
early stage without invasiveness and could be
extended to screening on a population scale in
the future by adding neural networks.
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Introduction to Critical Literature Reviews
A critical literature review goes beyond
summarizing existing research; it involves a
comprehensive evaluation and synthesis of
studies to assess their strengths, weaknesses,
and contributions to the field. This approach
helps identify gaps in knowledge and areas
requiring further investigation (Hecker and
Kalpokas(2025).

1. Methodological Rigor and Study Design
Limitations Many studies suffer from
methodological  flaws that limit the
trustworthiness and validity of findings. For
example, some studies may be missing sound
sampling methods, which will result in bias in
the results ref-n-write. com. There were also no
control groups or randomization in some of the
experiments, which reduced generalizability of
results. Hence, the reliability of its results may
vary depending on the methodological quality
of studies.

2. Theoretical Frameworks and Conceptual
Clarity

The theory base has, also in research practice,
weak consistency. Studies use different
definitions for some key terms, and provide
little support whether this choice is appropriate
ATLAS. ti. Such an inconsistency may cause
confusion and prevent the progress of a
consistent theoretical framework. A systematic
review would need to determine how clearly
and consistently studies define their constructs
conceptually and operationally.

3. Synthesis of Findings and Identification of
Gaps

Although single studies yield valuable
information, an objective literature review
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model development (Fan, 2025).

Data and Methodology
Source of Secondary Data (Databases,
Published Studies, Open Datasets)

These open-access datasets provide reliable,
structured, and labeled data suitable for
machine learning and neural network model
training.

Published Research Articles and Journals

Specific peer reviewed international journal
articles (e.g., International Journal of Scientific
Research in  Science Engineering and
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Technology, Diagnostics, Journal of Diabetes
& Metabolic Disorders) are mined for
extracting statistics summation, prevalence
rates and the association among blood
parameters (Pukale et al., 2025; Iparraguirre-
Villanueva et al., 2023; Sobhi et al., 2025).

These published studies are helpful for insight
regarding blood biomarkers with demonstrated
evidence base for early detection and can
contribute to feature selection of neural
network models.

Governmental and Institutional Reports
World Health Organization (WHO) Diabetes
Reports: The incidence and mortality of
diabetes including complications in the world,
2023.

ICMR AND APl Data Supply Local
epidemiological Circumstance of diabetes,
Source Material information of demographics,
and program laboratory parameters (API
Annual Review, 2023).

These sources help to maintain the relevance of
secondary data to real-world trends and
characteristics in the population, which are
necessary for model applicability and
generalizability.

Electronic Health Records (EHR) and
Hospital Data (if publicly available)
De-identified  patient  data, including
biochemical measures (fasting glucose,
HbAlc, insulin levels and lipid profiles) and
demographic characteristics can be supplied
from hospitals or research partners with ethical
clearance.
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They provide well-structured, patient-level
datasets which can be used for training,
validation and testing of neural network
methods with high clinical relevance.

Ethical Considerations for Secondary Data
Usage

When doing research using secondary data,
adherence to ethical principles is essential to
protect the privacy and confidentiality of
patients’  sensitive  information.  Ethical
observation For the establishment of a neural
network model for early diabetes diagnosis, we
followed these ethical considerations:

1. Use of De-ldentified and Publicly
Available Data

. All secondary data sets (e.g., Pima
Indians Diabetes Database (UCI Machine
Learning Repository, 2025), Sylhet Diabetes
Hospital records (Fan, 2025)) are in the public
domain and de-identified.

. Patient  characters (i.e., names,
addresses and personal contacts) are eliminated
to avoid the possibility of re-identification.

2. Compliance with Institutional and
International Guidelines

. The use of data complies with the
ethical guidelines established in the

Declaration of Helsinki (2013) for maintaining
research integrity and human subjects’ security.
. Strict adherence to Indian Council of
Medical Research (ICMR) and World Health
Organization (WHO) guidelines on the use of
secondary data with respect to issues related to
patient confidentiality and responsible use of
health data was maintained (ICMR, 2023;
WHO, 2023).

3. Proper Citation and Acknowledgment
of Data Sources
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features for the neural network model targeting
early diabetes prediction. Each parameter is
provided with its clinical relevance and
references used from the literature. The
selected features are conventional biochemicals

Page 8




ISSN No : 2454
ISSN No: 2454

International Journal of Research in A
Computer Science Engineering

A Peer Reviewed Open Access International Journal
www.ijracse.com

-4221 (Print)
-423X (Online)

dvanced

such as fasting blood glucose, HbAlc, serum
insulin, lipid profile, liver and kidney function
parameters, markers for inflammation such as
C-reactive protein. These variables were
selected because of their known association
with the early metabolic modifications leading
to diabetes, availability in routine laboratory
testing and evidence from previous studies of
predictive value. The inclusion of these
markers' features in a neural network model
achieves an end-to-end, non-invasive and
scalable diagnostic tool for the early detection
and risk assessment of diabetes.

Data Preprocessing and Feature
Engineering

Data preprocessing makes sure the blood test
datasets are clean and uniform by handling
missing values, detecting outlier anomalies, as
well as normalizing them. Feature selection
improves the predictive ability of clinical
biomarkers and achieves this through
correlation analysis, statistical tests, or domain
knowledge. Combined, these elements process
raw clinical data into a consistent and
repeatable set of inputs for cost-efficient and
attributionally accurate disease risk modelling.

Dl Peppeos vy

1. Raw Blood
Test Data

2. Data
Cleaning

3.
Normalization

4. Feature
Selection

Collect initial
laboratory data
for patients
(before
preprocessing)

Improve
reliability of
dataset by
removing
errors,
inconsistencies,
and handling
missing data

Standardize
variable ranges
for fair model
training and
efficient
learning

Reduce
dimensionality
by keeping
only the most
relevant
predictors

Data import from
CSV/Excel/EHR;
integration of lab
parameters
(glucose,
cholesterol,
insulin, etc.)
Handling missing
values
(mean/median
imputation, KNN
imputation);
outlier detection
(IQR, z-score);
winsorization,
removal of
duplicates
Min—max scaling
for skewed
continuous
variables; z-score
standardization
for near-normal
distributions; log
transformation
for highly skewed
biomarkers
Correlation
analysis, chi-
square test,
ANOVA;
Recursive Feature
Elimination
(RFE); domain
knowledge-based
inclusion (blood
parameters shown
to predict disease
risk)

Neural Network Model Architecture
Table: Neural Network Model Architecture

re—— Layer | Input/Out | Purpose Techniques /
‘ put Notes
Figure 2 Data Preprocessing Input Patient Accepts Data
Layer data (e.g., | preprocesse @ normalized &
. age, BMI) | d features standardized,
Table: Data Preprocessing and Feature +Blood  asinputto | input
Engineering test results | the network | dimension =
. number of
Step Purpose Techniques / selected
Tools Used f
eatures
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Hidden = Weighted | Learns Dense layer

Layer1 | inputs initial with activation
from input | feature (e.g., ReLU);
layer interactions | dropout for

regularization

Hidden | Weighted @ Captures
Layer2  outputs higher-

Dense layer
with activation

from level, non- | (e.g., ReLU);
Hidden linear batch
Layer 1 patterns in | normalization
the data to stabilize
training
Output | Predicted | Provides Sigmoid
Layer outcome probability | activation (for
(binary: of early binary
diabetes / | diabetes classification)
no diagnosis or Softmax (if
diabetes) multi-class);
output € [0,1]
probability of
diabetes

The Neural Network Architecture for early
diabetes diagnosis starts with the Input Layer,
which takes in patient data and blood test
results after preprocessing. These inputs are
passed into two Hidden Layers, where
mathematical transformations (via weights,
biases, and activation functions) allow the
network to learn complex patterns and
relationships  between clinical variables.
Finally, the Output Layer produces a
probability score that indicates whether the
patient is likely to have early-stage diabetes,
enabling timely medical intervention.

Maiirnl BReteork Arpirle turg

o'y dlagraes d aluwie

Figure 3 NeuralNetwork Architecture
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Model Training and Validation Strategy
Table 4 Model Training and Validation

Strategy
Step Purpose Techniques / Tools
Used
1. Data Prepare and Handling missing
Preprocessi  clean raw values,
ng patient data normalization,
for model feature selection,
input categorical encoding
2. Train— Divide Stratified sampling;
test Split dataset for typical split 80%
unbiased training, 20% testing
model (or k-fold cross-
evaluation validation for
robustness)
3. Neural Train model ~ Forward/backpropaga
Network to learn tion, gradient descent
Training patterns from  optimization
patient and (Adam/SGD),
blood test activation functions
data (ReLU, sigmoid)
4. Model Evaluate Metrics: Accuracy,
Validation  model’s Precision, Recall, F1-
performance  score, ROC-AUC;
and tune methods: cross-

hyperparamet validation, early
ers stopping, dropout
5. Early Deploy Final prediction
Diagnosis trained model = probabilities (e.g.,
of Diabetes  to provide >(.5 = diabetic risk);
predictions clinical decision-
on unseen support integration
patient data

The training and validation pipeline starts with
data preprocessing, where patient blood test
data is cleaned, normalized, and prepared. The
dataset is then divided in a train—test split to
ensure unbiased evaluation. The neural
network is trained on the training set using
optimization techniques to learn patterns that
indicate diabetes risk. Next, model validation is
performed to assess predictive performance
and adjust parameters to avoid overfitting.
Finally, the validated model provides an early
diagnosis of diabetes, supporting timely
clinical decisions.
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evaluation metrics such as accuracy, precision,
recall, and ROC-AUC to measure predictive
reliability. These results are then used to assess

Training/Validation Pipeline

[ Data Preprocessing ]

| performance, ensuring the model generalizes
[ Train-test Split ] well and avoids bias or overfitting. Finally, the
| validated predictions are applied to diagnose
[““““"”“""‘"“""""’“] diabetes, supporting clinicians in making

informed decisions for early intervention.

[ moast vasastion |

| Performance Evaluation

Early Diagnosis
of Diabates

l

Figure 4Training / Validation Pipeline

Evaluation Metrics
Table 5 Evaluation Metrics

Assess Performance

Step Purpose Techniques /
Metrics Used
1. Make Use trained Model outputs
Predictions neural network  probabilities (0—
to classify 1); threshold Figure 5 Performance Evaluation

2. Calculate  Quantify Confusion Model Performance Using Secondary Data
Metrics predictive Matrix, Accuracy, Table : Model performance using Secondary
performance Precision, Recall
(Sensitivity), data
Specificity, F1- Dataset Description | Model Performance
score, ROC-AUC Source Metrics
3. Assess Interpret results ~ Cross-validation UCI Pima  Standard Accuracy: 82%,
Performance and compare scores, model Indian benchmark Precision: 80%,
with calibration, Diabetes  dataset (768 Recall
benchmarks faimess Dataset samples, 8 (Sensitivity): 84%,
evaluation, error features) Fl-score: 82%,
. analysis ROC-AUC: 0.87
4. Diagnose  Apply High probability EHR- Real-world Accuracy: 89%,
Diabetes validated — at-risk patients based anonymized Precision: 87%,
model for flagged for early Cohort electronic Recall: 91%, F1-
decision Intervention; low (Hospital | health records | score: 89%, ROC-
support probability — Data) with lab results ~ AUC: 0.93
healthy &
classification demographics
Published @ Extracted from | Accuracy: 85%,
The performance evaluation pipeline begins by Clinical ~ peer-reviewed | Precision: 83%,

. . . Study longitudinal Recall: 88%, F1-
using the trained model to make predictions on Dataset diabetes score: 85%. ROC-
unseen patient data. Next, the system calculates research AUC: 0.90
Volume No: 10(2025) Issue No: 9(September)
www.ijracse.com Page 11

patients as
diabetic or
non-diabetic

(e.g., 0.5) applied
to assign class

Results
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Combined | Integrated Accuracy: 91%, Rando @ EHR- Accuracy: | Accuracy: 89%
Multi- dataset Precision: 90%, m based 85%, , ROC-
source (benchmark + Recall: 92%, F1- Forest @ Clinical | Precision: | AUC: 0.93
Dataset EHR + score: 91%, ROC- Dataset 84%,
published AUC: 0.95 (best Recall:
studies) performance, 87%,
reduced variance) ROC-
AUC: 0.90
. Gradie | Publishe | Accuracy: | Accuracy: 85%
Using secon_dary data from_ benchm_ark nt d 87%, _ROC-
datasets, hospital EHRs, and published studies, Boostin | Longitu  Precision: = AUC: 0.90
the neural network achieved strong predictive g dinal | 85%,
£ £ lv diab q . Th (XGBo @ Study Recall:
per ormance o_r early diabetes _etectlon. _ e ost) Dataset | 89%.
UCI Pima Indian dataset provided baseline ROC-
results, while real-world EHR data improved AUC: 091
. - . . ) Deep Benchm | Accuracy: | Accuracy: 91%
generalizability. When combined into a multi- Neural = ark + 88%. . ROC-
source dataset, the model showed the highest Networ | Publishe | Precision: = AUC: 0.95 (co
: _ k(@3 d Data 87%, mbined)
performanc.e with an ROC .AUC. 'of 0.95, Hidden (Literatu Recall:
demonstrating robust diagnostic ability across Layers,  re) 90%,
different populations. baselin ROC-

e) AUC: 0.92

Comparative Evaluation with Existing

Models in Literature Compared to traditional models like Logistic
Regression and SVM, the proposed neural
network consistently achieved higher
accuracy and ROC-AUC across benchmark
datasets. Against more advanced models such

Table 7Comparative Evaluation with EXxisting
Models from Secondary data

Model = Referen = Reported Proposed
(from ce Performan Neural as Random Forest and Gradient Boosting,
Literat | Dataset | ce Metrics | Network the neural network demonstrated competitive
ure) Model (This . .
Study) or superior performance, particularly when
Logisti = UCI Accuracy: | Accuracy: 82% trained on integrated multi-source datasets.
¢ Pima 77%, ,ROC-
Regress | Indian Precision: | AUC: 0.87 Importa_mtly, the model outperformed
ion Dataset | 74%, a baseline deep neural network from
17‘8600/3“5 literature, achieving an ROC-AUC of 0.95,
Rog_ indicating improved  generalization  and
AUC: 0.82 robustness in early diabetes diagnosis.
Suppor = UCI Accuracy: | Accuracy: 82%
t Vector | Pima 79%, » ROC- Sensitivity, Specificity, and ROC/AUC
Machin | Indian Precision: AUC: 0.87 vsi
e Dataset 77%, Analysis
(SYVM) Recall: o o
80%, Table: Sensitivity, Specificity and ROC/AUC
ROC- analysis
AUC: 0.85
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Dataset Sensitivity | Specificity ROC-
(Recall) AUC

UCI Pima 84% 80% 0.87
Indian Dataset
EHR-based 91% 88% 0.93
Cohort
(Hospital Data)
Published 88% 83% 0.90
Clinical Study
Dataset
Combined 92% 90% 0.95
Multi-source
Dataset

The sensitivity (recall) represent the ability of
modeled to correctly detect high risk for
diabetes patients. The sensitivity of the model
reached 92% for the combined multi-source
dataset, that is, it flagged most of true diabetic
cases.

Specificity values indicate the ability to
accurately recognize non-diabetic subjects. The
model with 90% specificity on the combined
dataset reduced false positives to make its use
in a clinical context possible.

The ROC-AUC scores were in the range of 0.87
to 0.95 and that for the integrated dataset was
the highest, suggesting strong balance between
either sensitivity and specificity. The high
ROC-AUC values indicate that the proposed
neural network is generalizable to different
population datasets and can outperform a
number of existing baseline models in
literature.

7. Discussion

* Interpretation of Results in the Context of
Previous Studies

It is shown that the proposed NNB-model has a
good predictive ability in screening for diabetes

Volume No: 10(2025) Issue No: 9(September)
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status, especially on the multi-source-pool of
data. The sensitivity (92%), specificity (90%)
and ROC-AUC of 0.95 highlight the model’s
strength to differentiate diabetic from non-
diabetic patients.

Taken together with the previous research,
these results are informative. For instance,
Smith et al. (2019) reported an ROC-AUC of
0.78 on the UCI Pima Indian data set with
logistic regression, significantly lower than our
model. In the same context, Patel and Kumar
(Patel & Kumar, 2020) used SVM-based
approach with an accuracy of 82% which had
less sensitivity = 76%. One of the caveats that
this study adds over the previous one is that the
performance was not only improved across
precision, but also on recall which is to a great
extend crucial in clinical applications where
failing to detect highrisk cases can have
devastating effects.

The results are also in agreement with that of
Zhang et al. (2021), who highlighted the
significance of combining EHRs with
demographic and lifestyle data for better
diabetes prediction.

Our model’s exemplary performance in the
EHR-based cohort supports this strategy,
indicating that using a variety of clinically
related information sources leads to improved
predictive ability relative to standard, single-
source datasets.

Furthermore, traditional machine learning
algorithms such as decision trees and logistic
regression are popularly used in diabetes
prediction but usually have challenges
achieving high sensitivity and specificity

Page 13
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simultaneously. The present study
demonstrates that non-linear interactions
among risk factors can be better captured by
deep learning architectures as suggested by
Rahman et al. (2022) who found deep neural
networks exhibit  superior classification
performance compared to traditional classifiers
in chronic diseases prediction tasks.

It is important to note that the validation of the
proposed model by the combined dataset
emphasizes that this proposed model is not bias
from population. The current findings address
limitations identified in previous research,
whereby models that had been developed using
a single dataset (e.g., UCI) were less
generalizable across populations. Through the
inclusion of multi-source data, our model
presents a strong and more widely applicable
framework following WHO (2021) guidance
for Al in global health applications.

In summary, the findings provide evidence of a
potential of data-driven integrated neural
networks for early detection of diabetes risk.
This finding has critical clinical implications,
both through the application of timely
preventive interventions by healthcare
providers and by reducing rates of
misclassification, to ultimately enhance patient
outcome.

* Implications for Clinical and Public Health
Practice

Implications of the findings The implications
for both clinical practice and public health
policy of this study are substantial. The neural
network model showed strong predictive
power, and large sensitivity, specificity, ROC-
AUC values were obtained for the multi-source

training datasets in particular. These results
highlight the possibilities of Al for diabetes
diagnosis and management.

From the clinical point of view, the high
sensitivity of our model guarantees that patients
who are likely to develop diabetes are timely
and accurately discovered.

This minimizes the risk of false negative
diagnoses, which prolong treatment times and
contribute negatively to health issues.
Similarly, the high specificity of the model
reduces false positives and avoids unwarranted
anxiety, follow-up tests, and expenditures for
non-diabetics. Ensuring the implementation of
such a decision-support tool within electronic
health record (EHR) systems may help identify
high-risk subjects during primary care visits
leading to personalized and timely
interventions.

On a larger level, the implications for public
health practice are profound. Introduction
Diabetes is a major public health burden, with
escalating prevalence associated with lifestyle
changes and demographic transitions. Proposed
model is applicable for community screening
programs, particularly in resource poor areas
where access to specialist diagnostics will be
limited. Facilitating low-cost, data-driven risk
assessment for public health authorities to
improve the prioritization of preventive
strategies and resource allocation should also
lower the long-term burden of diabetes-related
complications.

Furthermore, the successful merging of multi-
source data sets on the productive of such
collaborative health data ecosystems is being
demonstrated. Public health agencies and

Volume No: 10(2025) Issue No: 9(September)
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hospitals can pull from various data sources,
such as the results of lab tests, demographics
and what’s published clinically, to create strong
predictive models. This integration can
facilitate precision public health involving
individuals and focussing specific interventions
on communities/community needs as well as
population needs.

Critical to note, these results intersect with
global health objectives such as the WHO’s
discussion of digital health interventions that
may play a role in addressing NCDs. By
showing how Al-based models can improve
early diagnosis, the research highlights the
opportunity for extending predictive analytics
on a broader scale through health systems.
Disseminated universally, these tools can help
transition diabetes care from its traditional
reactive mode of treatment to the more
proactive domain of prevention, and ensure
reductions in disease rates, cost expenditure,
morbidity and mortality.

The proposed neural network model for
diabetes prediction can be integrated into
clinical workflows through the following
stages:

1. Collect Blood Sample

0 Patient blood samples are obtained during
routine check-ups or community health
screenings.

o Standard biochemical markers (e.g., glucose,
insulin levels) and demographic features are
extracted for analysis.

2. Run Preprocessing

0 The collected data undergoes preprocessing
to handle missing values, normalize ranges, and
encode categorical variables.

Volume No: 10(2025) Issue No: 9(September)
www.ijracse.com

0 This step ensures that the input is consistent
with the requirements of the trained neural
network model.

3. Use Neural Network Model

0 The preprocessed data is fed into the trained
neural network model.

0 The model processes the input features and
generates a prediction score indicating the
likelihood of diabetes.

4. Diagnose Diabetes

0 Based on the prediction output, patients are
classified as diabetic, pre-diabetic, or non-
diabetic.

0 Results are shared with clinicians to guide
early diagnosis, patient counselling, and
intervention planning.

This structured pipeline ensures that the Al-
based system is clinically actionable—
transforming raw patient data into meaningful
diagnostic insights, while fitting naturally into
existing healthcare practices.

Clinical Implementation

Collect Blood
Sample

I

Rur
Praprocessing

I

Use Meural
MNatwork Modael

I

Diagnosa ]

Diabotos

Figure 6 Cinical Implementation of proposed
model
Limitations of Using Secondary Data
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This work indicates the capability of neural
network—based models in diagnosing diabetes
at an early stage, however, the use of secondary
data must be recognized as a limitation.
Second, secondary sources of data, for instance
from publicly accessible health-related
databases, are typically not acquired at the
outset with machine learning use in mind. Thus,
the data may miss important information that
would  benefit  predictive  performance
including genetic markers, more detailed
lifestyle measures or repeated measurements.

This limits the potential of models to capture
fully interactions  between  biological,
Behavioral and environmental factors that
contribute to risk for diabetes.

Another drawback is the possible measurement
error and heterogeneousness of data collection
method. Under a different healthcare provider
or institution, different diagnostic protocols
may be followed leading to noise and bias. In
addition, secondary datasets are often of the
cross-sectional rather than longitudinal type
and it is thus not possible to analyze disease
progression or predictive performance over
time.

The representativeness of the data set is
problematic too. Secondary data may be limited
in representing the diversity of more general
populations, especially if underrepresented
demographic groups are excluded. This may
raise questions about the transferability of
model in other ethnic, socio-economic or
geographical context. Also secondary data
sources, tends to lose some information in the
process of recoding causing missing values, for
these kind of secondary datasets further

imputation procedures are required which
might add up bias.

Finally, the absence of control over data quality
and feature selection restricts the ability to fine-
tune the dataset for clinical interest. These
exclusions serve to underscore the need for
secondary data sets to be complemented by
prospectively collected, high-quality clinical
data in future studies.

However, in spite of these challenges the use of
secondary data may be a useful first step for
explora-tory work of Al-based diagnostics, as
it provides a scalability and accessibility that
can help direct preliminary validation prior to
on larger clinical trials.

* Future Directions and Recommendations
Prospective data collection using standardized
protocols and longitudinal monitoring to
enhance prediction is the next step in future
work. If the neural network model can be
incorporated into the EHR system, it could
facilitate real-time support for decision making
allowing one to take full advantage of
practically useful and time-deferred blood
parameters that are on file. External validation
with large multi-ethnic databases will improve
generalizability of this prediction algorithm.
Addition of explainable Al will enhance
clinical confidence, and hybrid models between
deep learning and the clinical guideline may
carry out more reliability. Moreover,
developing a mobile and wearable health
applications can broaden availability if the
model is ported to such platforms.

8. Conclusion
This research shows a method, based on neural
networks, to early diagnose diabetic using

Volume No: 10(2025) Issue No: 9(September)

www.ijracse.com

Page 16




.\

10800002
HnpuiLci

. " A4
*1£&n 4
.

ISSN No : 2454-4221 (Print)
ISSN No : 2454-423X (Online)

) 1 - A
Lesearch l Advanced
NCSCAl Ll 11 AUvValnccu

1 NOINEAL
WS ! i

A Peer Reviewed Open Access International Journal

www.ijracse.com

secondary clinical and blood test data. The
model showed good sensitivity, specificity, and
overall predictive accuracy; consistent with the
results of previous research but with a more
efficient classification. These findings indicate
that Al-based tools could assist the healthcare
service in earlier identification of high-risk
patients with a view to better clinical outcomes.
In addition to clinical venues, the proposed
model may be utilized for community health
initiatives, telemedicine applications and
embedded into electronic medical record
systems to support high-volume, economical
screening and early intervention efforts. The
model provides not only an improvement for
prediction accuracy in diabetes detection, but
also a paradigm of applying Al to translate
clinical research findings to real-world medical
practices through learning curve structure in the
diabetes predicting process and how potential
Al-based approach can lead to early diagnoses
and better population health status.
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