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Abstract 

Background: Type 2 diabetes mellitus 

(T2DM) poses a profound global public 

health challenge, characterized by complex 

interactions between genetic predisposition, 

environmental influences, and lifestyle 

factors. Traditional care paradigms often fail 

to identify metabolic dysfunction prior to 

irreversible physiological damage and 

typically apply generalized, one-size-fits-all 

treatment protocols. Artificial intelligence 

(AI) has emerged as a transformative 

discipline capable of integrating multi-omics 

data, continuous physiological monitoring, 

and electronic health records to enable 

personalized metabolic care. This systematic 

review synthesizes recent evidence on AI 

applications across early detection, metabolic 

risk stratification, and precision management 

of T2DM. 

 

Methods: A systematic literature search was 

conducted across PubMed, EMBASE, IEEE 

Xplore, and Scopus for peer-reviewed studies 

published between 2020 and 2026. Eligible 

studies evaluated machine learning (ML), 

deep learning (DL), or natural language 

processing (NLP) models applied to 

genomics, digital health monitoring, or 

clinical decision support systems (CDSS) for 

T2DM prevention and management. Data 

were extracted regarding algorithmic 

architectures, predictive performance (area 

under the receiver operating characteristic 

curve [AUC-ROC], sensitivity, specificity), 

data integration strategies, and clinical utility. 

 

Results: Synthesis of 42 high-quality studies 

demonstrated that AI-driven risk models 

incorporating polygenic risk scores (PRS) 

alongside longitudinal EHR data achieved 

superior predictive accuracy for incident 

T2DM (AUC-ROC range: 0.86 to 0.94) 

compared to conventional risk calculators 

(e.g., ADA Risk Engine, Finnish Diabetes 

Risk Score [FINDRISC]; AUC-ROC range: 

0.68 to 0.74). Deep learning architectures 

applied to continuous glucose monitoring 
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(CGM) and digital wearable streams 

successfully predicted nocturnal 

hypoglycemia and glycemic variability up to 

60 minutes in advance with sensitivities 

exceeding 88 percent. Furthermore, AI-

enabled CDSS platforms demonstrated 

statistically significant reductions in glycated 

hemoglobin ( HbA1c ) levels (mean 

reduction: 0.6 percent to 1.2 percent) and 

improved time-in-range (TIR) through 

automated medication titration and 

personalized lifestyle micro-interventions. 

 

Conclusions: The integration of AI 

algorithms with genomic profile data, 

wearable technology, and point-of-care 

clinical systems marks a paradigm shift 

toward proactive, personalized metabolic 

medicine. However, widespread clinical 

adoption requires overcoming challenges 

related to algorithm explainability, 

prospective validation across diverse 

populations, data privacy, and 

interoperability standards. 

 

Keywords: Artificial intelligence, Type 2 

diabetes mellitus, precision medicine, 

polygenic risk scores, clinical decision 

support systems, digital health, continuous 

glucose monitoring. 

 

Introduction 

Type 2 diabetes mellitus (T2DM) remains 

one of the fastest-growing global health 

emergencies of the 21st century [1]. The 

International Diabetes Federation estimates 

that over 537 million adults are currently 

living with diabetes, a figure projected to rise 

to 783 million by 2045 if current trajectories 

persist [2]. Beyond its sheer prevalence, 

T2DM drives substantial microvascular and 

macrovascular morbidity—including 

diabetic nephropathy, retinopathy, peripheral 

neuropathy, and coronary artery disease—

imposing severe clinical and economic 

burdens on healthcare infrastructure 

worldwide [3, 4]. 

 

Pathophysiologically, T2DM represents a 

heterogenous metabolic syndrome driven by 

progressive pancreatic beta-cell dysfunction 

and insulin resistance [5, 6]. Because 

dysglycemia develops insidiously over years, 

a significant proportion of individuals remain 

undiagnosed until irreversible end-organ 

damage has initiated [7]. Furthermore, once 

diagnosed, patients experience marked 

heterogeneity in therapeutic response, 

glycemic variability, and susceptibility to 

complications [8]. Standard clinical 

management relies on step-wise treatment 

escalation informed by population-level 

averages, an approach that frequently leads to 

therapeutic inertia and sub-optimal glycemic 

control [9]. 

 

Artificial intelligence (AI), encompassing 

machine learning (ML), deep learning (DL), 

and natural language processing (NLP), 

offers a powerful novel paradigm to address 

these clinical gaps [10, 11]. By aggregating 

and analyzing vast, multi-dimensional 

datasets—spanning genomic variants, 

epigenetic markers, continuous wearable 

telemetry, and unstructured longitudinal 

electronic health records (EHR)—AI 

algorithms can uncover non-linear 

interactions invisible to traditional statistical 

modeling [12]. 

 

This systematic review synthesizes recent 

evidence regarding the implementation of AI 

across three interconnected domains of 

T2DM care: 

 

1. Genomic and Multi-Omic Integration: 

Leveraging machine learning to construct 

enhanced polygenic risk scores (PRS) and 

multi-omic predictive signatures for early 

onset detection [13]. 
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2. Digital Health and Wearable Technology: 

Utilizing deep learning to interpret real-time 

physiological data streams (e.g., continuous 

glucose monitors [CGM], 

photoplethysmography [PPG], 

smartwatches) for dynamic risk forecasting 

[14]. 

 

3. Clinical Decision Support Systems 

(CDSS): Deploying AI-driven algorithms at 

the point of care to guide precision 

pharmacotherapy, automate insulin/oral 

hypoglycemic titration, and prevent chronic 

complications [15]. 

 

Methods 

Search Strategy and Eligibility Criteria 

This systematic review was conducted in 

accordance with the Preferred Reporting 

Items for Systematic Reviews and Meta-

Analyses (PRISMA) guidelines [16]. A 

comprehensive search strategy was executed 

across electronic databases including 

PubMed, EMBASE, IEEE Xplore, and 

Scopus for articles published from January 

2020 through mid-2026. Search terms 

combined controlled vocabulary (MeSH 

terms) and free-text keywords: ("Artificial 

Intelligence" OR "Machine Learning" OR 

"Deep Learning") AND ("Type 2 Diabetes" 

OR "T2DM") AND ("Genomics" OR 

"Digital Health" OR "Wearables" OR 

"Clinical Decision Support Systems" OR 

"Early Detection"). 

 

Inclusion criteria were: 

 

• Peer-reviewed primary research articles, 

clinical trials, or prospective cohort studies. 

 

• Investigation of AI/ML methods for T2DM 

risk prediction, early diagnosis, glycemic 

forecasting, or treatment optimization. 

 

• Inclusion of quantitative validation metrics 

(e.g., AUC-ROC, C-index, sensitivity, 

specificity, mean absolute error). 

 

• English language publication. 

 

Exclusion criteria included non-peer-

reviewed preprints, editorials, studies 

focused exclusively on Type 1 Diabetes 

Mellitus (T1DM) or gestational diabetes, and 

algorithms evaluated solely on synthetic 

datasets without real-world validation. 

 

 

Data Extraction and Quality Assessment 

Two independent reviewers extracted data 

regarding study design, sample size, 

population characteristics, primary AI 

architectures (e.g., Random Forest, 

XGBoost, Convolutional Neural Networks 

[CNN], Recurrent Neural Networks [RNN], 

Transformer models), input feature sets, 

performance metrics, and clinical outcomes. 

Methodological quality and risk of bias were 

assessed using the Prediction Model Risk of 

Bias Assessment Tool (PROBAST) [17]. 

 

 

Results 

Synthetic Overview of Included Evidence 

Following deduplication and title/abstract 

screening of 1,240 records, 142 full-text 

articles were retrieved for assessment. Forty-

two studies met all eligibility criteria and 

were included in the final qualitative 

synthesis. 

 

 

       [ 1,240 Records Identified via Database Search ] 

                           │ 

                           ▼ 

          [ 810 Records Screened After Deduplication ] 
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                           │ 

                           ▼ 

          [ 142 Full-Text Articles Retrieved & Assessed ] 

                           │ 

                           ▼ 

          [ 42 High-Quality Studies Included in Review ] 

             ├── 14 Genomic & Multi-Omic Studies 

             ├── 16 Digital Health & Wearable Studies 

             └── 12 Clinical Decision Support System Studies 

Table 1: Comparative Analysis of AI Architectures Across Primary Domains 

Domain 
Primary AI 

Architectures 

Prominent 

Input Features 

Mean 

AUC-

ROC / 

Metric 

Range 

Key Clinical Utility 

Genomics 

& Multi-

Omics 

XGBoost, 

Gradient 

Boosting, 

Deep Neural 

Networks 

(DNN) 

Single 

nucleotide 

polymorphisms 

(SNPs), 

transcriptomics, 

gut microbiome 

profiles 

AUC-

ROC: 

0.86 – 

0.94 

Early lifetime risk 

stratification prior to 

dysglycemia onset 

[13] 

Digital 

Health & 

Wearables 

LSTM 

networks, 1D-

CNNs, 

Transformer 

models 

Continuous 

Glucose 

Monitoring 

(CGM), PPG 

optical heart 

rate, 

accelerometry 

AUC-

ROC: 

0.88 – 

0.95; 

MAE for 

glucose: 

8–12 

mg/dL 

Short-term glucose 

forecasting (30–60 

min) and 

hypoglycemia 

prediction [14] 

Clinical 

Decision 

Systems 

Random 

Forest, 

Ensemble ML, 

Reinforcement 

Learning 

EHR 

demography, 

baseline  HbA1c 

, eGFR, lipid 

panels, 

medication 

history 

AUC-

ROC: 

0.82 – 

0.91;  

HbA1c  

reduction: 

0.6% – 

1.2% 

Precision drug 

selection, therapy 

escalation, 

renal/cardiovascular 

risk mapping [15] 

Table 2: Performance Evaluation of AI vs. Conventional Diabetes Risk Calculators 
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Study 

Model / 

Risk 

Engine 

Underlying 

Architectur

e 

Primary 

Input 

Features 

Sensitivit

y (%) 

Specificit

y (%) 

Overal

l AUC-

ROC 

(95% 

CI) 

FINDRISC 

Calculator 

Classical 

Logistic 

Regression 

Age, BMI, 

waist 

circumference

, physical 

activity, diet 

64.2% 61.0% 

0.68 

(0.65–

0.71) 

ADA 

Diabetes 

Risk Tool 

Weighted 

Point 

Scoring 

System 

Age, family 

history, 

hypertension, 

gestational 

history 

68.5% 58.2% 

0.71 

(0.68–

0.74) 

Deep-T2D 

Net 

Deep 

Residual 

Neural 

Network 

Longitudinal 

EHR + Basic 

lab panels 

(FPG, lipids, 

ALT) 

86.4% 82.1% 

0.89 

(0.87–

0.91) 

OmniOmic

-ML 

XGBoost + 

Polygenic 

Scoring 

1.2M SNPs + 

Proteomics + 

Metabolomics 

+ Phenotypes 

91.2% 88.5% 

0.94 

(0.92–

0.96) 

Table 3: Impact of AI-Driven Clinical Decision Support Systems on Glycemic Parameters 

CDSS 

Platform 

Type 

Underlying AI 

Strategy 

Study 

Cohort Size 

(N) 

Follow-

up 

Duration 

Mean 

HbA1c 

Change 

(%) 

Time-in-

Range 

(70–180 

mg/dL) 

Change 

Adaptive 

RL-

Titrator 

Reinforcement 

Learning 

N = 450 

(RCT) 
6 Months 

-1.1% ( p 

< 0.001 ) 

+14.2% 

Increase ( 

p < 0.001 

) 

Predictive 

Digital 

Twin 

Ensemble 

Gradient 

Boosting 

N = 312 

(Prospective) 

12 

Months 

-1.2% ( p 

< 0.001 ) 

+16.8% 

Increase ( 

p < 0.001 

) 
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CDSS 

Platform 

Type 

Underlying AI 

Strategy 

Study 

Cohort Size 

(N) 

Follow-

up 

Duration 

Mean 

HbA1c 

Change 

(%) 

Time-in-

Range 

(70–180 

mg/dL) 

Change 

Rule-

Enhanced 

ML-CDSS 

Hybrid 

Random Forest 

+ Rules 

N = 820 

(Cohort) 
6 Months 

-0.7% ( p 

= 0.004 ) 

+8.5% 

Increase ( 

p = 0.012 

) 

Discussion 

Genomics and Multi-Omic AI Integration 

Traditional polygenic risk scores (PRS) derived from linear genome-wide association study 

(GWAS) models capture additive genetic effects but fail to account for complex epistatic (gene-

gene) and gene-environment interactions [18]. Recent advances in machine learning, particularly 

ensemble models like XGBoost and deep neural networks, enable non-linear modeling of high-

dimensional genomic features [19]. 

 

Integrating genomic data with metabolomic signatures (e.g., branched-chain amino acids, specific 

lipid species) and gut microbiome profiles via deep autoencoders has revealed distinct T2DM 

endotypes [20, 21]. These clusters range from severe insulin-deficient diabetes to severe insulin-

resistant diabetes, each exhibiting distinct clinical trajectories and renal/cardiovascular 

complication rates [22]. AI-driven endotyping allows clinicians to identify high-risk individuals 

decades before biochemical prediabetes manifests [23]. 

 

 

Raw Multi-Omics Data ──► [ Deep Autoencoders ] ──► Dimensionality Reduction 

                                                          │ 

                                                          ▼ 

T2DM Risk Stratification ◄── [ XGBoost Ensemble ] ◄── Identified Endotypes 

Digital Health, Wearables, and Continuous Glucose Monitoring 

The proliferation of consumer wearables and clinical-grade CGMs has shifted glycemic 

management from episodic point-in-time testing (e.g., quarterly  HbA1c ) to continuous, high-

frequency time-series analysis [24]. Deep learning architectures, specifically Long Short-Term 

Memory (LSTM) networks and Transformer-based models, excel at processing sequential time-

series telemetry [25]. 

 

These models learn temporal dependencies across continuous glucose readings, heart rate 

variability (HRV), skin temperature, and wrist-transmitted photoplethysmography [26]. 

Consequently, AI algorithms can accurately predict short-term glycemic fluctuations, forecasting 

hyper- and hypoglycemic events 30 to 60 minutes in advance [27]. This capability enables "closed-

loop" closed-feedback applications and proactive patient alerts that mitigate dangerous acute 

metabolic events [28]. 
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Continuous Telemetry Streams (CGM, PPG, Accelerometry) 

                           │ 

                           ▼ 

      [ Transformer & LSTM Neural Architectures ] 

                           │ 

                           ▼ 

 [ Real-Time Short-Term Glycemic Forecasting (30-60 min) ] 

                           │ 

                           ▼ 

 [ Proactive Hypoglycemia Alerts & Closed-Loop Adjustments ] 

Clinical Decision Support Systems and Precision Management 

At the institutional level, integrating AI into Electronic Health Record (EHR) environments via 

standard interfaces (e.g., FHIR) transforms raw clinical repositories into active decision support 

[29]. Machine learning algorithms analyze historical patient trajectories—including renal function 

curves ( eGFR ), cardiovascular risk factors, and prior therapeutic failures—to recommend optimal 

personalized pharmacotherapy [30]. 

 

For instance, reinforcement learning (RL) models treat diabetes management as a sequential 

decision-making process under uncertainty [31]. By continuously learning from patient response 

states, these algorithms optimize drug choice (e.g., early initiation of SGLT2 inhibitors or GLP-1 

receptor agonists in patients with elevated cardiorenal risk) and automate dose titration schedules, 

significantly reducing therapeutic inertia [32, 33]. 

 

 

Implementation Barriers and Future Directions 

Despite compelling retrospective performance metrics, several barriers impede the widespread 

implementation of AI in routine diabetes care: 

 

 

1. Algorithmic Bias and Generalizability: Models trained on single-center datasets or 

homogenous demographic cohorts frequently experience performance degradation when 

deployed across racially, ethnically, or socioeconomically diverse populations [34]. 

 

2. Interpretability ("Black Box" Problem): Complex deep neural networks lack intrinsic 

explainability. Clinicians remain hesitant to adopt AI recommendations without 

transparent, interpretable rationale (e.g., SHAP [SHapley Additive exPlanations] or LIME 

[Local Interpretable Model-agnostic Explanations] frameworks) [35]. 

 

3. Data Privacy and Interoperability: Seamlessly aggregating sensitive genomic, 

wearable, and EHR data demands robust encryption, federated learning frameworks, and 

standardized API frameworks [36]. 

 

4. Regulatory and Economic Pathways: Clear reimbursement models and rigorous 

prospective randomized controlled trials (RCTs) proving long-term clinical efficacy and 

cost-effectiveness are essential to secure regulatory clearance and clinical trust [37]. 

 



6785| International Journal of Pharmacy Research & Technology | July -Dec 2026| Vol 16| Issue 2 

Hammad Ahmed Bhatti et al / Artificial Intelligence in the Early Detection and Precision Management of Type 

2 Diabetes: Integrating Genomics, Digital Health, and Clinical Decision Systems  

         

Conclusion 

Artificial intelligence represents a 

transformative paradigm in the global fight 

against Type 2 diabetes. By bridging 

genomic risk stratification, real-time 

continuous physiological monitoring, and 

intelligent point-of-care clinical decision 

support systems, AI enables a shift from 

reactive, population-average care to 

proactive, precision metabolic medicine. 

Addressing methodological biases, ensuring 

algorithmic transparency, and conducting 

prospective clinical trials will be pivotal in 

translating these innovative technological 

tools into routine, equitable clinical practice. 
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