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ABSTRACT

Diabetes is a major global health concern due to its rising prevalencefand. the significant number of undiagnosed cases.
Early detection using Electronic Health Records (EHRs) has béceme.a key research focus, supported by advances in
machine learning and artificial intelligence. This study presents,assystematic review of hybrid intelligent models for early
diabetes detection using EHR data from 2015 to 2026. The ‘review analyzes various hybrid approaches, including
ensemble learning, deep learning, Fuzzy logic-based, feature selection techniques, and optimization-based models. It also
examines commonly used datasets, feature extraction.amethéds, and evaluation metrics such as accuracy, precision, recall,
Fl-score, and AUCROC. Findings indicateqthat| hybrid intelligent models generally outperform traditional machine
learning methods by improving predictivélaccutacy™and capturing complex nonlinear relationships in clinical data.
However, issues such as missing data, lack oftstandardization, interpretability, and limited external validation remain
present. The study highlights the need for explainable Al, federated learning, and multimodal data integration to improve
clinical applicability. Overall, thisgreview. prevides insights into current methodologies and identifies future directions for

developing more robust, scalable, and clinically applicable diabetes prediction systems.
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INTRODUCTION

Diabetes places a heavy burden on patients and health systems
because it is common, chronic, and linked to substantial
morbidity, disability, and death worldwide [1,2]. Several recent
studies describe diabetes as a major global public health
challenge and note that its incidence and prevalence continue
to rise, especially for type 2 diabetes. [3-7]. This burden is made
worse by the fact that many people remain undiagnosed in the
early stages. One review report that global diabetes rates have
nearly doubled since 1980, reaching 9.3% among adults, and
that about half of the 463 million people living with diabetes
were unaware of their condition [8]. Other recent papers also
stress that undiagnosed diabetes remains common, including
in underserved groups with limited access to screening [9-10].
The reason early detection matters are clear: if diabetes is not
detected and managed in time, prolonged hyperglycemia can
damage multiple organs and lead to serious complications. The
cited studies mention kidney failure, nephropathy, stroke,
blindness, cardiac events, and other disabling outcomes as
consequences of missed or delayed diagnosis [9,11,12]. In both

type 2 diabetes and type 1 diabetes, authors argue that earlier
identification can support timely intervention and improve
outcomes. [4,13]. More broadly, timely detection is considered
important for improving patient outcomes, reducing the
healthcare burden, delaying disease progression, and enabling
targeted prevention measures such as lifestyle changes and
closer follow-up [14-17]. Taken together, this background shows
why early diabetes detection is not just a technical prediction
task but a clinical and public health priority. Because diabetes
can remain silent until complications begin, there is a strong
rationale for methods that can identify high-risk individuals or
probable undiagnosed cases earlier, so that treatment,
prevention, and monitoring can start before irreversible harm

occurs [3,15,18]

To address these challenges, machine learning (ML) and
artificial intelligence (Al) techniques have been widely applied
in predictive healthcare analytics [19-20]. In particular, hybrid
intelligent models combining ensemble learning, deep
learning, feature selection, and optimization methods have
demonstrated better performance than single classifiers by
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improving accuracy, robustness, and generalization in clinical
decision-making [21]. Additionally, deep learning approaches
are effective in capturing complex nonlinear relationships in
clinical data [22]. Despite these advancements, there is still a
limited comprehensive understanding of how different hybrid
models perform in early diabetes detection using Electronic
Health Records (EHRs). Existing studies differ in methodology,
evaluation metrics, datasets, and validation strategies, making it
difficult to identify the most effective approaches. Challenges
such as model interpretability, external validation, data privacy,
and clinical applicability also remain unresolved.

This study presents a systematic review of hybrid intelligent
models for early diabetes detection using EHRs from 2015 to
2026. It identifies commonly used ML, Fuzzy logic-based and
hybrid techniques, evaluates their performance using metrics
such as accuracy, precision, recall, Flscore, and AUC, and
examines datasets and validation methods. The review also
highlights key limitations and research gaps, contributing to the
scalable, and
applicable intelligent healthcare systems.

development of more accurate, clinically

LITERATURE REVIEW

Electronic Health Records are Central to Early Diabetes
Detection

Electronic health records are especially important for early
health

information across repeated clinical encounters, rather than at

diabetes detection because they capture patients’

a single point in time. This longitudinal view can contain early
indicators of disease, including changes in lab values, vital
signs, diagnoses, medications, and other clinical signals that
appear before diabetes is formally recognized in care: Several
papers describe EHRs or EMRs as a core data source for
detection and prognostic modeling, and note that these records
are useful not only for diabetes prediction itself but also for
identifying related clinical events and risks in routine practice.

[23-26].

EHRs are also central because they are generated as part of
normal healthcare delivery, which makes them practical for
scalable early detection. Instead of relying only on dedicated
screening studies, researchers can use routinely collected
physiological and clinical data to identify high-risk patients and
support prevention or earlier follow-up. This is why multiple
studies frame EMR- or EHR-based diabetes prediction as a way
to enable primary and secondary prevention, improve
outcomes, and reduce burden on the healthcare system.
[24,27,8]. Another reason EHRs matter is their size and
richness. Modern health systems produce large amounts of
structured and unstructured data, and this volume is difficult
for clinicians to process manually. The cited literature argues
that machine learning and deep learning are well suited to this
setting because they can learn patterns from large-scale records
and help turn raw healthcare data into clinically useful
forecasts. In diabetes research specifically, reviews note that
many automated detection studies rely mainly on EHR data,
and recent papers describe deep analysis of EHRs as opening
new opportunities for early detection and intervention

[23,29,30,31]. This central role of EHRs also fits the broader
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move toward data-driven risk stratification in diabetes. Recent
work states that Al can identify people at high risk by analyzing
EHRs together with other health information, and that large-
population data can reveal patterns that emerge before diabetes
develops. For a review focused on hybrid intelligent models,
this matter because EHRs provide the shared clinical backbone
on which different modeling methods can be combined,
compared, and translated into real clinical workflows [4,32,33].

Role of Artificial Intelligence, Machine Learning, and
Hybrid Intelligent Models

Electronic health records (EHRs) are important for early
diabetes detection because they contain patient information
collected over multiple clinical visits rather than from a single
encounter. This longitudinal data can reveal early signs of
diabetes through changes in laboratory results, medications,
diagnoses, and vital signs before the disease is formally
diagnosed. Studies identify EHRs and EMRs as major sources
for diabetes prediction and prognostic modeling, as they
support the identification of disease patterns and related
clinical risks in routine healthcare practice [23,24,25,26].
Because EHRs aresgenerated during normal healthcare delivery,
they also provide a practical and scalable approach for
identifying higherisk patients and supporting preventive care
without depending solely on dedicated screening programs

(24,27,28].

EHRs are equally valuable because of the large amount of
steuctured and unstructured data they contain. The growing
volume of healthcare data is difficult to analyze manually,
making machine learning and deep learning useful for
discovering patterns and generating clinically relevant
predictions. Existing studies show that many automated
diabetes detection systems rely heavily on EHR data, while
recent research highlights the potential of advanced EHR
analysis for improving early diagnosis and intervention
[23,29,30,31]. This supports the wider shift toward data-driven
risk prediction in diabetes care, where Al methods use EHRs
and related health information to identify individuals at risk
before disease onset. For hybrid intelligent models, EHRs serve
as the main clinical foundation that allows different analytical
methods to be integrated and applied within real healthcare

workflows [4,32,33].
Key Challenges and Research Gaps Motivating A Systematic

Review

A major reason for this systematic review is that existing studies
still show recurring weaknesses. Earlier research found that
many diabetes prediction models were limited in scope, focused
on single diabetes types, lacked interpretability, and struggled
with complex or incomplete EHR data [34]. Data quality also
remains a major challenge, as clinical datasets often contain
missing values, and deleting incomplete records can reduce
accuracy and introduce bias. Recent studies emphasize the need
for better handling of missing data through imputation, NLP,
and hybrid approaches that integrate structured and
unstructured EHR information [35,36,37]. Another concern is
the black-box nature of many machines learning and deep
learning models, which limits trust and clinical adoption in
early diabetes detection. Current research highlights the
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importance of explainability tools such as LIME and SHAP to
improve transparency and usability [38]. In addition, the
literature remains fragmented across datasets, methods, and
definitions of “hybrid” models, making comparisons difficult
and limiting understanding of which approaches are most
effective for true early detection [39]. These issues justify a
dedicated systematic review to identify methodological gaps,
challenges in handling EHR data, and barriers to clinical
implementation.

OPEN 8 ACCESS Freely available online

MATERIALS AND METHODS

This section presents an overview of the methodology used for
the literature review, including the study objectives,
researchquestions, inclusion and exclusion criteria, and the
overall review framework. Subsection (A) describes the
procedures followed during the literature review process.
Subsection (B) explains the development of the research
questions, while Subsection (C) outlines the article selection
strategy. Subsection (D) presents the inclusion and exclusion

criteria used in the study.

S/N Author Method Result Evaluation Type of Dataset |Problem Solved
Metric
1 Odigie (2025) Machine learning Ensemble and Not explicitly Electronic Health | Early prediction
[17] models deep learning stated (reported |Records (EHR) |of Type 2
(ensemble & models showed  |as high Diabetes Mellitus
deep learning) better predictive |discrimination/ using EHR data
performance performance)
than single
classifiers
2 Srinivasan (2023) | Hybrid model Improved Accuracy (model |Pima Indians Early prediction
[40] (Decision Tree, classification validation Diabetes Dataset |and diagnosis of
Type-2 Fuzzy performance and |reported) diabetes mellitus
Expert System, higher prediction using Al-based
Adaptive Neuro- accuracy classification
Fuzzy Inference techniques
System)
3 Albahli (2020) Hybrid model (K- Achieved higher |Accuracy = Not explicitly Early prediction
(41] Means clustering predictive 97.53% (10fold |stated (diabetes | of Type 2
+ Random Forest performance cross validation) |clinical dataset) |diabetes using
+ XGBoost) compared to hybrid machine
conventional learning
models approach
4 Ramesh and Hybrid deeplearning |Achieved >98% | Accuracy (>98%) | Not specified Early detection
Lakshmanna model (O-SBGC- accuracy and (diabetes-related |and prediction of
(2024) [42] LSTM enhanced with |outperformed clinical/health | diabetes and its
Eurygaster classical machine dataset) complications
Optimization learning models (especially Type 2
Algorithm; Graph diabetes and
Convolutional LSTM related risks like
+ fuzzy inference heart disease)
system)
5 Shaheen (2024) Ensemble deep HiTCLe Accuracy (94%), |Diabetes Early detection
(43] learning models outperformed Fl-score (94- Prediction and prediction of
(Hi-Le: Highway individual 96%), Precision |Dataset diabetes using
+ LeNet; models; (94%), Recall (imbalanced ensemble deep
HiTCLe: improved (95%), K-Fold dataset) learning with
Highway + LeNet diabetes Cross Validation class imbalance
+ TCN) with detection and handling
ProWSyn prediction
oversampling and performance
SHAP
explainability
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thermal image
classification

perfect
classification on
dataset

for diabetic foot
ulcers)

6 Choubey and Hybrid model Improved Accuracy = Pima Indians Diabetes
Paul (2016) [44] (Genetic Algorithm | classification 79.13%, ROC = | Diabetes Dataset |diagnosis using
for feature selection + |performance and |0.842 feature selection
Multilayer Perceptron |reduced and neural
Neural Network for  |computation cost network
classification) classification
7 Rahimloo and Hybrid model Hybrid model Error function: [Medical diabetes |Diabetes
Jafarian (2016) (Artificial Neural achieved lower |ANN = 0.1, dataset (not prediction using
(45] Network + Logistic error and better |Hybrid model = | explicitly hybrid statistical
Regression reliability than ~ [0.0002 specified) and neural
combination) individual network
models approach
8 Petrovi¢ (2024) Metaheuristic- Improved Error reduced ECG time-series |Early anomaly
(46] optimized RNN performance; from 0.006837 to | dataset detection in
(PSO, FA, GA, attention 0.002486 cardiovascular
WOA, SCA) with mechanism signals using
attention mechanism |reduced error optimized deep
for ECG anomaly and enhanced learning models
detection model accuracy
9 Sharma et al. Hybrid Smart Proposed system | Not explicitly [oT biosensor + | Early detection
(2019) [47] Data Mining + improves real- stated healthcare data | and monitoring
[oT framework time monitoring |(conceptual (conceptual/real- |of diabetes and
(SMDIoT: data and decision framework; no | time patient cardiovascular
mining, 10T, support for fixed monitoring diseases using
chatbots, patients; performance environment) integrated Al-loT
semantic analysis, described as metric) healthcare system
granular more effective
computing, and ecohomical
biosensors) than'traditional
approaches
10 Olabanjo (2025) Attention-enhanced. “|Outperformed |AUC = 1.00, F1- |Sylhet Diabetes | Early prediction
(48] Deep Belief Network fbaseline models |score = 0.97, Hospital dataset |of diabetes risk
(DBN) withrensemble |with very high Precision = 0.98, |(symptom + using deep
feature selection, predictive Recall = 0.95 demographic learning with
GAN-based data performance data, imbalanced |imbalance
augmentation, and dataset) handling and
hybrid loss (cross- attention
entropy + focal loss) mechanism
11 Mohanty (2023) Deep learning DenseNet121 Accuracy: APTOS 2019 Early detection
(49] models (VGG16 outperformed VGG16+XGBoos | Blindness and classification
+ XGBoost other model and |t =79.50%, Detection Kaggle | of diabetic
hybrid network, existing methods [DenseNet121 = | retinal image retinopathy using
DenseNet121 for diabetic 97.30% dataset deep learning on
CNN) with retinopathy (imbalanced) retinal images
image detection
preprocessing
and class
balancing
12 Munadi (2022) Deep learning CNN | Decision fusion |Accuracy = 100% | Plantar Early detection
(50] models (ShuffleNet + |improved thermogram and classification
MobileNetV2) with | performance (thermal of diabetic foot
decision fusion for and achieved imagingdataset | ulcers using

thermal imaging
and deep
learning
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divergence +
categorical cross-
entropy loss

13 Nahiduzzaman Hybrid CNN + Outperformed | Accuracy: APTOS-2019 and | Early detection
(2021) [51] SVD feature existing methods [99.73% (binary), |Messidor-2 and grading of
extraction with for DR detection |98.09% retinal image diabetic
Extreme in both binary  [(APTOS-2019), |datasets retinopathy using
Learning and multiclass 96.26% hybrid deep
Machine (ELM) classification (Messidor-2); learning and
classifier (with Recall up to feature reduction
image 100% approach
preprocessing
using CLAHE
and Ben Graham
method)
14 Dolo (2022) [52] Federated Achieved Accuracy = 60%- | Pima Indians Early detection of
Learning model acceptable 70% Diabetes Dataset | Type 2 diabetes
(Federated prediction with privacy-
Averaging with performance preserving
Differentially while preserving machine learning
Private Stochastic strong privacy approach
Gradient protection
Descent -
DPSGDFedAvg)
15 Bilal (2022) [53] Two-stage deep Achieved state-of- | Accuracy= Retinal image Automated early
learning model the-art DR 97.92% datasets detection and
(U-Net for OD & detection (EyePACS-1), (EyePACS-1, classification of
BV segmentation performance 94.59% Messidor-2, diabetic
+ InceptionV3- across multiple [(Messidor-2), DIARETDBO0) |retinopathy using
based CNN-SVD datasets 93.52% deep learning
hybrid for feature (DIARETDBO)
extraction and
classification
with data
augmentation)
16 Jayathilaka Hybrid deep High and Accuracy: DR = | Retinal fundus | Early detection
(2025) [54] learning CNN consistent 93%, AMD = image datasets and classification
framework with classification 92%, Glaucoma |(REMiD, IDRiD, |of multiple
attention performance =94%, RVO = | APTOS + clinical | retinal diseases
mechanisms and across multiple | 94% Sri Lankan using deep
feature fusion for eye diseases; dataset) learning for
multi-disease demonstrated blindness
retinal clinical prevention
classification applicability
(DR, AMD,
Glaucoma, RVO)
17 Moya-Albor Deep learning Proposed model |Training accuracy | Fundus image Early detection
(2024) [55] model using outperformed =99.01%, datasets and classification
Knowledge baseline models | Validation (imbalanced and | of diabetic
Distillation in DR lesion accuracy = balanced retinopathy
(Inception-v3 detection and 97.30% datasets) lesions using
teacher-student classification knowledge
framework) with distillation and
combined KL deep learning
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18 Zavala-Diaz Hybrid system Gradient Accuracy up to | Clinical and Automated
(2026) [56] (rule-based methods | Boosting and 0.999 (Gradient |oncology notes |identification of
+ information hybrid rule + ML | Boosting); dataset diabetic patients
extraction + machine |approach average using clinical
learning classifiers achieved best performance note
including Random performance in  [0.966 classification
Forest, SVM, classifying system
Gradient Boosting) clinical notes
19 Devi (2026) [57] Hybrid machine RF + GNN Accuracy = 93%, |Sensor-based Early prediction
learning models achieved best also evaluated physiological of diabetes risk
(RF, CNN, GNN, predictive using Precision, |dataset (glucose, |using sensor-
LSTM, Logistic performance Recall, Fl-score |temperature, driven hybrid
Regression, Naive among tested pulse rate from | machine learning
Bayes; best: RF + models wearable devices) | approach
GNN) using sensor-
based physiological
data
20 Iftikhar (2026) Hybrid ensemble Ensemble model |Accuracy = Clinical CKD Early prediction
(58] machine learning outperformed 97.71%, dataset (case- and diagnosis of
framework individual Sensitivity = control study Chronic Kidney
(Logistic Regression, | classifiers in 99.84%, from District Disease using
Neural Networks, CKD prediction | Specificity = Buner, Pakistan) |ensemble
Decision Trees, 97.19%, Fl-score machine learning
SVM, Random = 98.19%, Brier system
Forest + SMOTE score = 1.43%
balancing)
21 Lad and Joshi Hybrid deep Outpetformed |RMSE UVA/Padova Short-term blood
(2026) [59] learning model state-of-the-art (simulated: 3.42- | T1D simulator | glucose level
(DCRNet: models in blood |17.73 mg/dL), dataset and forecasting for
Dilated glucose MAE (simulated: |OhioT1DM real |Type 1 diabetes
Convolution + prediction for 2.11-11.78 mg/ |patient dataset | management
LSTM both simulated | dL); RMSE (real:
architecture) and real patients | 12.57-34.41 mg/
dL), MAE (real:
7.9-25.5 mg/dL)
22 Mekale (2026) Hybrid framework Outperformed | Accuracy = Clinical dataset | Prognosis and
[60] (Graph existing studies | 98.22%, (patient-based classification of
Convolutional in predictive Precision = graph structured |hyperglucagonem
Network + Tabu performance for |97.37%, Recall = |data) ia using graph-
Search optimization | disease prognosis |96.55% based deep
for feature/instance learning and
selection) optimization
techniques
23 Riaz (2026) [61] Fuzzy logic-based Government Readability score | Online diabetes- | Prediction of
computational websites were (mean * SD) related web readability level
model combining easier to read content of diabetes
six readability (6.46 = 1.73), (government and |information to
metrics with fuzzy while non- non-government |improve
rules for unified government websites) accessibility
readability scoring sites were more andpatient
difficult (14.40 understanding
+2.33)
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Table 1: Tabulated Literature on Early Detection of Diabetes

Research Questions Steps
Preparation Steps

The preparation stage involves identifying the major concepts
of the study and defining the scope of the systematic review.
This phase focuses on understanding how hybrid intelligent
models are applied to Electronic Health Records (EHRs) for
the early detection of diabetes and the challenges associated
with their implementation.

RQ1I: What types of hybrid intelligent models are used for early
diabetes detection using Electronic Health Records!?

RQ2: How do hybrid intelligent models improve diabetes
prediction accuracy compared to traditional machine learning
approaches?

RQ3: What types of EHR data and feature extraction
techniques are commonly used in diabetes prediction studies?

R(Q4: What challenges are associated with using EHR data for
early diabetes detection, particularly
incomplete, or unstructured records’

regarding missing,

RQ5: Which evaluation metrics are most frequently used to
assess the performance of hybrid intelligent models for diabetes
prediction?

RQ6: What explainability or interpretability techniques are
integrated into hybrid intelligent models to support clinical
decision-making?

RQ7: What are the major research gaps and future directions
identified in studies on hybrid intelligent models. for early
diabetes detection?

Language Approach

English Keywords, Titles | Google

Search Engine | Duration

12015- 2026

OPEN 8 ACCESS Freely available online

Article Selection Strategy
Execution Step

The execution stage involves implementing the planned
research procedures, including data collection and application
of the study design.

Search Strategy

Data collection was conducted using selective keyword-based
searches across articles published between 2017 and 2025.
Relevant studies were retrieved from research databases such as
Google Scholar, IEEE Xplore, Elsevier, Springer, ScienceDirect,
and PubMed. The searches focused mainly on article titles,
abstracts, and keywords related to hybrid intelligent systems,
diabetes prediction, machine learning, deep learning, and

Electronic Health Records (EHRs).

The search process was guided by the research questions, while
Boolean operators such as “AND” and “OR” were applied to
refine and narrow the search results. Example search terms
included: “hybrid intelligent models,” “diabetes prediction,”
“early diabetes detection,” “machine learning for diabetes,”
“deep learning,” and. “Electronic Health Records (EHRs).”

Digital Library Resources

Table 2 summarizes the digital library resources used for data
collection, with emphasis on English-language publications
obtained through keyword-based searches. The review covered
studies published between January 2015 and December 2026
and included peerreviewed journal articles, conference papers,
academic books, review articles, and other scholarly materials.
Major digital platforms consulted during this study included
Google Scholar, Research Gate and Systematic Scholar
supported by the Google search engine.

[Type

Number of
Articles

Digital—library
source

f
|scholar articles, \Google Scholar | 110

scientific

journals, e-books, Research Gate 150
conferences, Systematic 120
online workshops Scholar

| Total 380

Table 2: Resource Libraries
Search Terms

Search terms are combinations of keywords and phrases used in
digital databases, search engines, and academic repositories to
retrieve relevant literature related to a specific research area.
These terms represent the core concepts of the study and guide
the search process in identifying relevant studies on hybrid
intelligent models, diabetes prediction, and Electronic Health

Records (EHRs).

¢ (Hybrid Intelligent Models OR Hybrid Al Systems) AND
(Diabetes Prediction OR Early Diabetes Detection) AND
(Electronic Health Records OR EHR Data) AND (Machine
Learning OR Deep Learning)

¢ (Machine Learning OR Deep Learning OR Ensemble
Learning) AND (Diabetes Risk Prediction OR Diabetes
Diagnosis) AND (Hybrid Models OR Integrated Al
Systems) AND (Electronic Health Records OR Clinical
Data)
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¢ (Artificial Intelligence in Healthcare OR Hybrid Learning
Systems) AND (Diabetes Detection OR Glucose Risk
Prediction) AND (EHR Data OR Medical Records) AND
(Data Imputation OR Missing Data Handling)

¢ (Explainable Al OR Interpretable Machine Learning) AND
(Diabetes Prediction OR Clinical Decision Support
Systems) AND (Hybrid Intelligent Models OR Ensemble
Methods) AND (Healthcare Data Analytics OR Electronic
Health Records)

Study Selection Based on Inclusion and Exclusion Criteria

The PRISMA flow diagram illustrates the systematic selection
of studies used in this review. A total of 380 records were
initially identified from databases, with no additional records
obtained from registers, websites, organisations, or citation
searching as in Figure 1. During the identification stage, 50
duplicate records were removed, leaving 330 records for
screening. In the screening phase, all 330 records were assessed
based on their titles and abstracts, and 180 records were
excluded due to irrelevance to the study focus on hybrid
intelligent models and EHR-based diabetes prediction. A total
of 150 reports were then sought for retrieval, while 10 reports
could not be accessed. The remaining 140 full-text reports were
assessed for eligibility, of which 60 were excluded for not
meeting the inclusion criteria. Finally, 80 studies satisfied all
eligibility requirements and were included in the systematic
review for qualitative synthesis and analysis.

donstication ofnow sxies v catabases and regcirs Ioaniicaton of nw s ia oher methods

e
o ]

Figure 1: Prisma flow diagram of study selection
RESULTS AND DISCUSSION

RQ1

What types of hybrid intelligent models are used for early
diabetes detection using Electronic Health Records?

This systematic review highlights several important findings
regarding hybrid intelligent models for early diabetes detection
using Electronic Health Records (EHRs). The study shows that
commonly applied hybrid intelligent models include ensemble
learning approaches such as Random Forest, Gradient
Boosting, and XGBoost combinations, deep learning-based
hybrids such as CNN-LSTM and DBN with attention
mechanisms, feature selection integrated models such as GA-
MLP and LASSO-based classifiers, optimization-driven hybrids
involving techniques such as Particle Swarm Optimization
(PSO), Genetic Algorithms (GA), and Tabu Search combined

with classifiers, as well as privacy-preserving approaches such as

OPEN 8 ACCESS Freely available online

Federated Learning integrated with Differential Privacy. Among
these approaches, ensemble learning and deep learning hybrid
models are most frequently reported due to their strong
predictive performance and ability to model complex clinical
data relationships.

RQ2

How do hybrid intelligent models improve diabetes prediction
accuracy compared to traditional machine learning approaches?

Hybrid intelligent models enhance diabetes prediction accuracy
compared to traditional machine learning methods by
combining the strengths of multiple algorithms, which
improves generalization and reduces overfitting and bias. These
models also strengthen feature representation and selection,
enabling more effective learning of complex nonlinear
relationships within clinical datasets. As a result, hybrid
approaches consistently outperform single classifiers such as
Support Vector Machines, K-Nearest Neighbors, and Logistic
Regression. Reported improvements include high accuracy
levels (typically between 90% and 99%), improved Fl-score and
recall values, and strong performance on imbalanced datasets.

RQ3

What types of EHR data and feature extraction techniques are
commonly used in diabetes prediction studies?

The most commonly used EHR data types include
demographic information such as age, gender, and BMI,
clinical laboratory results such as glucose levels, HbAlc, and
lipid profiles, patient medical history, lifestyle-related factors,
and in some studies, sensor-based physiological data as
illustrated in Figure 2. Frequently applied feature extraction
and transformation techniques include feature selection
methods such as Genetic Algorithms (GA), LASSO regression,
Random Forest importance ranking, and mutual information,
as well as dimensionality reduction techniques such as Principal
Component  Analysis  (PCA) and  Singular  Value
Decomposition (SVD). In addition, deep learning techniques
such as Convolutional Neural Networks (CNNs) and Deep
Belief Networks (DBNs) support automated feature learning,
while data balancing techniques such as SMOTE and GAN-

based augmentation improve dataset representation.

Types of EHR Data Used in Diabetes Prediction Studies

30

Frequency of Use
- N ~
= 3 o

-
S

[

o

&
e S
2 N
N O

& &

ud o«

EHR Data Type

Figure 2: Types of HER Data
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RQ4

What challenges are associated with using EHR data for early
diabetes detection, particularly regarding missing, incomplete,
or unstructured records?

Several challenges are associated with the use of EHR data in
diabetes prediction. These include missing or incomplete
records, inconsistent and noisy data entries, high-dimensional
feature spaces, and class imbalance between diabetic and non-
diabetic cases. Additional considerations include data privacy
and security requirements, lack of standardized data formats
across healthcare institutions, and limited availability of
external validation datasets, all of which influence model
generalization and real-world deployment.

RQ5

Which evaluation metrics are most frequently used to assess the
performance of hybrid intelligent models for diabetes
prediction?

The most frequently used evaluation metrics in hybrid diabetes
prediction studies include accuracy, which is the most widely
reported metric, followed by precision, recall (sensitivity), F1-
score, AUC-ROC, and specificity. In time-series glucose
prediction studies, additional performance measures such as
Root Mean Square Error (RMSE) and Mean Absolute Error

(MAE) are also applied to evaluate forecasting accuracy

Frequency of Evaluation Metrics in Diabetes Prediction Studies
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Figure 3: Evaluation Metrics used in Diabetes prediction
RQ6

What explainability or interpretability techniques are
integrated into hybrid intelligent models to support clinical
decision-making?

Explainability and interpretability techniques commonly
integrated into hybrid models include SHAP (Shapley Additive
Explanations), feature importance analysis from tree-based
models such as Random Forest and XGBoost, rule-based
decision systems, and attention mechanisms in deep learning
architectures. These techniques improve transparency and
support clinical understanding of model predictions, thereby
enhancing trust and usability in healthcare environments.

RQ7

What are the major research gaps and future directions
identified in studies on hybrid intelligent models for early
diabetes detection?

OPEN 8 ACCESS Freely available online

Key research gaps identified in the literature include limited

external validation across diverse populations, reduced
interpretability in some deep learning-based models, limited
realworld clinical deployment, inconsistent evaluation

methodologies, and concerns related to data privacy in
centralized learning systems. Future research directions
emphasize federated learning for privacy-preserving prediction,
explainable Al (XAl)-driven hybrid models, integration of
multimodal data sources such as EHR, sensors, and imaging,
development of real-time clinical decision support systems, and
the establishment of standardized benchmarking frameworks to
improve consistency and reproducibility across studies.

LIMITATIONS REPORTED IN THE STUDIES

Across the reviewed literature, several recurring limitations
were identified in hybrid intelligent models for early diabetes
detection using Electronic Health Records (EHRs). A major
limitation is the presence of missing, incomplete, and noisy
clinical data, which affects model reliability and reduces
predictive consistency. Many studies also report issues related to
high-dimensional datasets, which computational
complexity and #may lead to overfitting if not properly
addressed. Another key limitation is the lack of standardized
datasets and evaluation protocols, as most studies use different
datasets such as Pima Indians, OhioT1DM, or proprietary
EHRs, making direct comparison difficult. In addition, many
models suffer from limited external validation, as they are often
tested ron  single without  cross-population
generalization. Interpretability remains a major concern,
especially in deep learning and ensemble-based hybrid systems,
where model decisions are often not transparent to clinicians.
Furthermore, privacy and security constraints in EHR data
limit data sharing and centralized model training, affecting
scalability. Finally, several studies highlight limited real-world
clinical deployment, indicating a gap between experimental
performance and practical healthcare implementation.

increase

datasets

CONCLUSIONS

This systematic review highlights the growing importance of
hybrid intelligent models in improving early diabetes detection
using Electronic Health Records (EHRs). The findings show
that hybrid approaches particularly those combining ensemble
learning, deep learning, optimization techniques, and feature
selection methods consistently outperform traditional machine
learning models in terms of accuracy, robustness, and
generalization. EHR data plays a central role in enabling early
detection due to its longitudinal and multi-dimensional nature,
which captures early indicators of diabetes progression. The
review also confirms that commonly used evaluation metrics
such as accuracy, precision, recall, Fl-score, and AUC-ROC are
essential for performance assessment across studies. However,
challenges such as data quality issues, lack of interpretability,
inconsistent standards, and limited clinical
deployment remain significant barriers. Addressing these
challenges is essential for translating hybrid intelligent models
into reliable clinical decision-support systems.

evaluation
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