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ABSTRACT 

Background: Type 2 Diabetes Mellitus is a heterogeneous metabolic disorder characterized by variable therapeutic responses. 

Metformin remains the first-line therapy; however, significant interindividual variability in glycemic response limits its effectiveness. 

Objective: To review and synthesize current evidence on integrative machine learning approaches that combine multi-omics and 

clinical data to predict metformin response in individuals with Type 2 Diabetes. Methods: A comprehensive narrative review was 

conducted, focusing on studies integrating pharmacogenomic, metabolomic, and clinical datasets using machine learning techniques 

such as Random Forest, Support Vector Machines, and neural networks. Data integration strategies including early, intermediate, and 

late fusion were examined. Results: Individual predictors, including genetic variants (e.g., SLC22A1, ATM), clinical factors (age, 

BMI, baseline HbA1c), and metabolomic signatures (amino acids, lipids, gut-derived metabolites), explain only a fraction of 

variability in metformin response. Integrative machine learning models demonstrate improved predictive performance by capturing 

nonlinear interactions across biological layers. However, challenges such as data heterogeneity, small sample sizes, lack of 

standardization, and limited external validation persist. Conclusion: Multi-omics integration using machine learning offers a 

promising pathway toward precision medicine in Type 2 Diabetes. Nevertheless, methodological limitations, interpretability issues, 

and translational barriers must be addressed before clinical implementation. 
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ype 2 Diabetes (T2D) has emerged as a major global 

health concern, with rapidly rising prevalence and 

substantial socioeconomic burden [1,2]. Characterized 

by insulin resistance and progressive pancreatic β-cell 

dysfunction, T2D is associated with long-term complications 

including cardiovascular disease, nephropathy, neuropathy, 

and retinopathy [2,3]. Despite advances in therapeutic 

strategies, achieving durable glycemic control remains 

challenging, reflecting the heterogeneous nature of the disease 

and variability in treatment response among individuals [4]. 

Metformin is widely recommended as the first-line 

pharmacological therapy for T2D owing to its efficacy, safety, 

and affordability [5,6].  

 Its primary glucose-lowering effects are mediated through 

suppression of hepatic gluconeogenesis and activation of 

AMP-activated protein kinase (AMPK), along with emerging 

roles in modulating gut microbiota and systemic metabolism 

[7,8]. However, considerable interindividual variability in 

metformin response has been consistently reported, with a 
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significant subset of patients failing to achieve adequate 

glycemic control or experiencing adverse effects [9,10].  

 This variability underscores a critical limitation of the 

current “one-size-fits-all” treatment paradigm. The 

determinants of metformin response are multifactorial, 

encompassing genetic variation, clinical characteristics, and 

metabolic state. Pharmacogenomic studies have identified 

variants in genes involved in drug transport and action, such 

as SLC22A1 and ATM, which influence metformin 

pharmacokinetics and pharmacodynamics [11–13].  

 Concurrently, clinical factors including age, body mass 

index, renal function, and baseline glycemic status are 

routinely used to guide therapeutic decisions but provide only 

limited predictive accuracy [14–16]. More recently, 

metabolomics has offered insights into dynamic biochemical 

signatures associated with treatment response, capturing 

downstream effects of both genetic and environmental 

influences [17,18]. However, each of these domains, when 

considered in isolation, explains only a fraction of the  
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observed variability. The integration of multi-dimensional data 

represents a promising approach to address this complexity. 

Advances in high-throughput technologies and computational 

methods have enabled the simultaneous analysis of 

pharmacogenomic, clinical, and metabolomic data.  

 In parallel, machine learning (ML) techniques have 

demonstrated the capacity to model nonlinear relationships 

and interactions across heterogeneous datasets, offering 

improved predictive performance compared to traditional 

statistical approaches. Nevertheless, challenges related to data 

integration, model interpretability, reproducibility, and clinical 

translation remain substantial. In this review, we critically 

examine integrative machine learning approaches that 

combine pharmacogenomic, clinical, and metabolomic data to 

predict metformin response in T2D. We evaluate current 

evidence, compare data integration strategies, and highlight 

key methodological and translational challenges. Furthermore, 

we discuss future directions for developing robust, 

interpretable, and clinically applicable models to advance 

precision medicine in diabetes care.  

2. BIOLOGICAL BASIS OF METFORMIN RESPONSE 

VARIABILITY 

The glucose-lowering effects of Metformin are mediated 

through a combination of hepatic, intestinal, and peripheral 

mechanisms, with AMP-activated protein kinase (AMPK) 

playing a central regulatory role [19,20]. Metformin inhibits 

hepatic gluconeogenesis primarily by altering cellular energy 

status, leading to increased AMP/ATP ratios and subsequent 

activation of AMPK [21,22].  

This results in suppression of key gluconeogenic enzymes 

and reduced hepatic glucose output. In addition, metformin 

modulates mitochondrial respiratory chain complex I activity, 

contributing to decreased ATP production and reinforcing its 

inhibitory effect on gluconeogenesis[23,24]. Beyond hepatic 

actions, metformin enhances peripheral insulin sensitivity and 

influences intestinal glucose absorption, highlighting its multi-

organ mode of action. Despite these well-characterized 

mechanisms, substantial interindividual variability in 

therapeutic response remains, reflecting the influence of 

multiple biological layers (Figure 1).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

Figure 1. Multi-organ mechanisms of metformin action in Type 2 Diabetes. (AMPK, AMP-activated protein kinase; GLP-1, 

glucagon-like peptide-1; G6Pase, glucose-6-phosphatase; GLUT4, glucose transporter type 4; HbA1c, glycated haemoglobin; 

OCT1, organic cation transporter 1 (SLC22A1); PGC-1α, peroxisome proliferator-activated receptor gamma coactivator 1-
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alpha; PEPCK, phosphoenolpyruvate carboxykinase; SCFA, short-chain fatty acid; SGLT1, sodium–glucose cotransporter 1; 

TORC2, transducer of regulated CREB activity 2). 

Genetic Determinants of Drug Transport and Action 

Genetic variability significantly influences metformin 

pharmacokinetics and pharmacodynamics, particularly 

through genes encoding membrane transporters. Among these, 

SLC22A1, which encodes the organic cation transporter 1 

(OCT1), plays a critical role in hepatic uptake of metformin. 

Reduced-function variants in this gene can impair intracellular 

drug accumulation, thereby attenuating its glucose-lowering 

effects [25–27]. Additional transporters, including SLC47A1 

(MATE1) and SLC22A2 (OCT2), regulate metformin 

excretion and distribution, further contributing to variability in 

systemic exposure [28]. However, while these genetic 

associations are mechanistically plausible, their individual 

effect sizes are modest and insufficient to fully explain clinical 

heterogeneity. This suggests that genetic determinants act in 

concert with other biological and environmental factors rather 

than functioning as standalone predictors (Figure 2). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Multifactorial determinants of interindividual variability in metformin response. (AMPK, AMP-activated protein 

kinase; ATM, ataxia telangiectasia mutated; BCAA, branched-chain amino acid; GWAS, genome-wide association study; 

HbA1c, glycated haemoglobin; MATE1, multidrug and toxin extrusion protein 1; OCT1/2, organic cation transporter 1/2; 

SCFA, short-chain fatty acid; SLC22A1/A2, solute carrier family 22 member 1/2; SLC47A1, solute carrier family 47 member 

1). 

Gut Microbiome as a Modulator of Response 

Emerging evidence highlights the gut microbiome as a key 

mediator of metformin efficacy. Metformin has been shown to 

alter the composition and functional capacity of intestinal 

microbial communities, promoting the enrichment of bacteria 

involved in short-chain fatty acid (SCFA) production [29,30]. 

These metabolites, in turn, influence host energy metabolism, 

inflammation, and insulin sensitivity. Importantly, baseline 

microbiome composition may determine the magnitude of 

response to metformin. Interindividual differences in 

microbial diversity and metabolic activity can modulate drug 

bioavailability and downstream metabolic effects [31,32]. This 

bidirectional interaction between metformin and the 

microbiome introduces an additional layer of complexity that 

is not captured by host genomic or clinical data alone. 

Influence of Baseline Metabolic State 

The metabolic phenotype of an individual plays a crucial role 

in shaping response to metformin. Variations in insulin 
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resistance, hepatic lipid content, and circulating metabolites 

such as branched-chain amino acids and lipid species, can 

influence drug efficacy [33,34]. Patients with distinct 

metabolic profiles may exhibit differential activation of 

pathways targeted by metformin, leading to variability in 

therapeutic outcomes [35]. Unlike genetic factors, metabolic 

states are dynamic and reflect the combined effects of 

lifestyle, environment, and disease progression [36]. This 

dynamic nature makes metabolomic profiling particularly 

valuable for capturing real-time physiological status and 

predicting treatment response. 

3. PHARMACOGENOMICS OF METFORMIN 

Pharmacogenomics has been extensively explored as a 

strategy to explain interindividual variability in response to 

Metformin in patients with Type 2 Diabetes. Given that 

metformin is not metabolized and relies on membrane 

transporters for absorption, distribution, and excretion, genetic 

variation in transporter and signaling genes plays a central role 

in modulating its pharmacokinetics and pharmacodynamics. 

Key Genes and Molecular Pathways 

Among the most extensively studied genes is SLC22A1, 

which encodes the organic cation transporter 1 (OCT1), a key 

determinant of hepatic uptake of metformin [27,37]. Reduced-

function variants in SLC22A1 have been associated with 

decreased intracellular drug accumulation and attenuated 

glucose-lowering effects[38]. However, findings across 

studies have been inconsistent, with some cohorts showing 

significant associations and others reporting minimal or no              

effect. 

Another gene of interest is ATM (ataxia telangiectasia 

mutated), identified through genome-wide association studies 

(GWAS) as being associated with glycemic response to 

metformin [39,40]. ATM is implicated in cellular stress 

responses and may influence AMPK activation, although the 

precise biological mechanisms linking ATM variants to 

metformin efficacy remain incompletely understood. 

Additional transporters, including SLC47A1 (encoding 

MATE1) and SLC22A2 (encoding OCT2), contribute to renal 

elimination and systemic exposure of metformin[41]. Variants 

in these genes can affect drug clearance and plasma 

concentrations, further contributing to interindividual 

variability. Collectively, these genetic factors highlight the 

importance of drug transport and intracellular signaling 

pathways in determining metformin response. 

Insights from Genome-Wide Association Studies 

GWAS have provided a hypothesis-free approach to 

identifying genetic loci associated with metformin response 

[42]. Several loci, including variants near ATM, have been 

linked to differences in glycemic outcomes, typically 

measured as changes in HbA1c following treatment initiation 

[43,44]. These studies have expanded the scope of 

investigation beyond candidate genes and uncovered novel 

biological pathways potentially involved in drug response. 

 However, the reproducibility of GWAS findings has been 

limited. Many associations fail to replicate across independent 

cohorts, reflecting differences in study design, sample size, 

phenotype definition, and population structure. Moreover, 

identified variants often reside in non-coding regions, making 

it challenging to elucidate their functional significance (Figure 

3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Membrane transporter-mediated pharmacokinetics of metformin and intracellular AMPK signalling. 
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4. CLINICAL PREDICTORS OF METFORMIN 

RESPONSE 

Clinical characteristics remain the most accessible and widely 

used predictors of therapeutic response to Metformin in 

patients with Type 2 Diabetes. These variables are routinely 

captured in clinical practice and form the basis of 

conventional treatment decisions. However, while clinically 

informative, their predictive capacity is inherently limited by 

their inability to capture underlying molecular heterogeneity. 

Demographic and Physiological Factors 

Age is a key determinant of metformin response, reflecting 

age-related changes in insulin sensitivity, β-cell function, and 

comorbidity burden [45]. Older individuals often exhibit 

reduced renal function and altered pharmacokinetics, which 

can influence both efficacy and tolerability [46]. However, the 

relationship between age and glycemic response is not linear 

and may be confounded by disease duration and treatment 

history.Body mass index (BMI) is another commonly 

evaluated predictor, given its association with insulin 

resistance [47]. Patients with higher BMI often demonstrate 

greater insulin resistance and may exhibit more pronounced 

absolute reductions in glycemic parameters following 

metformin therapy [48].  

Nevertheless, BMI is a crude surrogate for metabolic 

health and does not adequately distinguish between adipose 

tissue distribution, ectopic fat accumulation, or underlying 

metabolic phenotypes. Renal function plays a critical role in 

metformin pharmacokinetics, as the drug is primarily excreted 

unchanged via the kidneys [49]. Impaired renal function can 

lead to increased systemic exposure, necessitating dose 

adjustments and influencing therapeutic outcomes. While 

renal parameters are essential for safety considerations, their 

role in predicting glycemic response is less clearly defined. 

Baseline Glycemic Status 

Baseline glycated hemoglobin (HbA1c) is one of the most 

consistent clinical predictors of metformin response [50,51]. 

Patients with higher baseline HbA1c levels typically 

experience greater absolute reductions following treatment 

initiation, a phenomenon partly attributable to regression to 

the mean and a larger margin for improvement [52]. However, 

reliance on baseline HbA1c as a predictive marker has 

limitations. It reflects cumulative glycemic exposure rather 

than underlying pathophysiology and does not account for 

differences in insulin resistance, β-cell function, or metabolic 

flexibility. Consequently, while useful for estimating treatment 

effect size, HbA1c alone provides limited mechanistic insight. 

Influence of Comorbidities 

Comorbid conditions including cardiovascular disease, hepatic 

dysfunction, and obesity-related complications, can 

significantly influence metformin response [53]. For example, 

hepatic steatosis may alter gluconeogenic pathways targeted 

by metformin, while cardiovascular comorbidities often 

coexist with systemic metabolic dysregulation. In addition, 

concomitant medications used to manage comorbidities may 

interact with metformin pharmacokinetics or modify 

metabolic pathways, further complicating prediction of 

treatment outcomes. These interactions highlight the 

complexity of real-world clinical settings, where multiple 

factors simultaneously influence drug response. 

5. METABOLOMICS AND BIOMARKER SIGNATURES 

Metabolomics provides a comprehensive, functional readout 

of biochemical activity, capturing downstream effects of 

genetic variation, environmental exposure, and disease 

progression [54]. In the context of Type 2 Diabetes, 

metabolomic profiling has emerged as a powerful approach to 

identify biomarkers associated with therapeutic response to 

Metformin. Unlike genomic data, which reflect static 

predisposition, metabolomic signatures are dynamic and 

closely aligned with the current physiological state, making 

them particularly relevant for predicting drug efficacy [55]. 

Analytical Platforms: LC–MS and NMR 

The two principal analytical platforms used in metabolomics 

are liquid chromatography–mass spectrometry (LC–MS) and 

nuclear magnetic resonance (NMR) spectroscopy [56,57]. 

LC–MS offers high sensitivity and broad metabolite coverage, 

enabling detection of low-abundance compounds across 

diverse biochemical classes. It is particularly well-suited for 

lipidomics and targeted metabolite profiling [56].  

In contrast, NMR spectroscopy provides highly 

reproducible and quantitative measurements with minimal 

sample preparation, although it is less sensitive than LC–MS. 

NMR is advantageous for untargeted metabolomics and 

longitudinal studies due to its robustness and consistency [57]. 

Despite their complementary strengths, variability in sample 

handling, instrument calibration, and data processing across 

studies poses challenges for standardization and 

reproducibility. These technical considerations are critical 

when interpreting metabolomic biomarkers in the context of 

drug response. 

Amino Acid Signatures 

Alterations in amino acid metabolism, particularly involving 

branched-chain amino acids (BCAAs) such as leucine, 

isoleucine, and valine, have been consistently associated with 

insulin resistance and T2D progression [58]. Elevated baseline 

levels of BCAAs have been linked to reduced responsiveness 

to metformin, potentially reflecting impaired metabolic 

flexibility [59]. Other amino acids, including glycine and 

glutamine, have been implicated in modulating glucose 

metabolism and may serve as indicators of treatment response. 

These findings suggest that amino acid profiles capture key 

aspects of metabolic dysfunction that influence the efficacy of 

metformin. 
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Lipidomic Profiles 

Lipid metabolism plays a central role in insulin sensitivity and 

energy homeostasis, making lipidomic signatures particularly 

relevant for predicting metformin response [60]. Variations in 

circulating lipid species, including triglycerides, 

phospholipids, and sphingolipids, have been associated with 

differential treatment outcomes [61]. For instance, elevated 

levels of certain lipid intermediates may reflect lipotoxicity 

and mitochondrial dysfunction, potentially attenuating the 

therapeutic effects of metformin [62]. Conversely, 

improvements in lipid profiles following treatment may 

indicate favorable metabolic adaptation. These observations 

highlight the importance of lipid metabolism as both a 

determinant and a marker of drug response. 

Gut-Derived Metabolites 

The gut microbiome contributes to host metabolism through 

the production of bioactive metabolites, including short-chain 

fatty acids (SCFAs), bile acids, and other microbial-derived 

compounds [63]. Metformin has been shown to alter microbial 

composition and function, leading to changes in these 

metabolite profiles [29]. SCFAs, such as acetate and butyrate, 

are of particular interest due to their roles in regulating 

glucose homeostasis, inflammation, and energy balance[64]. 

Variability in baseline levels of gut-derived metabolites and 

microbiome composition may influence individual responses 

to metformin, providing a mechanistic link between microbial 

ecology and drug efficacy. 

6. MACHINE LEARNING IN PREDICTING DRUG 

RESPONSE 

Machine learning (ML) approaches have gained prominence 

in modeling interindividual variability in response to 

Metformin for patients with Type 2 Diabetes [65]. Unlike 

traditional statistical models that assume linearity and limited 

interactions, ML methods can capture complex, nonlinear 

relationships across high-dimensional datasets, making them 

particularly well-suited for integrating clinical and multi-

omics data[66]. 

Random Forest 

Random Forest (RF) is an ensemble learning method that 

constructs multiple decision trees using bootstrap sampling 

and aggregates their predictions [67]. It is widely used in 

biomedical applications due to its robustness to noise and 

ability to handle high-dimensional data. 

In the context of metformin response prediction, RF models 

are particularly effective for: 

 Capturing nonlinear relationships between predictors and 

outcomes  

 Identifying feature importance, which can provide 

biological insight  

 Handling mixed data types (clinical + omics)  

However, RF models may become biased toward variables 

with more categories or higher variance, and their 

interpretability, while better than some deep learning methods 

remains limited at the individual prediction level [68]. 

Support Vector Machines 

Support Vector Machines (SVM) are supervised learning 

algorithms that identify an optimal hyperplane to separate 

classes in high-dimensional space. By employing kernel 

functions, SVMs can model complex nonlinear decision 

boundaries [69]. 

SVMs are particularly advantageous in: 

 High-dimensional, low-sample-size settings, common in 

omics datasets  

 Situations requiring clear decision boundaries  

 Reducing overfitting through margin maximization  

Despite these strengths, SVMs are sensitive to kernel 

choice and parameter tuning, and their outputs are less 

interpretable compared to tree-based models. Additionally, 

scaling SVMs to very large datasets can be computationally 

demanding [70]. 

Neural Networks 

Artificial neural networks (ANNs), including deep learning 

architectures, have shown increasing promise in modeling 

complex biomedical data. These models can automatically 

learn hierarchical feature representations, making them 

particularly suitable for multi-omics integration [71]. 

In predicting drug response, neural networks offer: 

 Superior ability to model complex, nonlinear interactions  

 Flexibility in handling multi-modal data inputs  

 Potential for end-to-end learning without manual feature 

engineering  

However, these advantages come at a cost. Neural 

networks typically require large datasets to achieve 

generalizable performance, which are often unavailable in 

clinical research. Furthermore, they are frequently criticized as 

“black-box” models, limiting their interpretability and clinical 

trust [72]. 

7. MULTI-OMICS INTEGRATION STRATEGIES 

The integration of pharmacogenomic, clinical, and 

metabolomic data represents a critical step toward improving 

prediction of therapeutic response to Metformin in Type 2 

Diabetes. However, the effectiveness of such integrative 

approaches depends heavily on the chosen data fusion 

strategy. Broadly, multi-omics integration can be categorized 

into early fusion (feature-level), late fusion (model-level), and 

intermediate fusion (hybrid/deep learning-based approaches), 

each with distinct advantages and limitations. 
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Early Fusion (Feature-Level Integration) 

Early fusion involves concatenating features from multiple 

data sources into a single unified feature matrix prior to model 

training [73]. For example, genetic variants, clinical variables, 

and metabolite concentrations are combined and used as input 

to a single machine learning model.   This approach offers 

several advantages. It enables the model to directly learn 

interactions across data types, potentially capturing synergistic 

effects between genetic, metabolic, and clinical factors. It is 

also relatively straightforward to implement and compatible 

with a wide range of machine learning algorithms, including 

Random Forest and Support Vector Machines [74]. However, 

early fusion is highly sensitive to data heterogeneity and 

scaling issues. Differences in data dimensionality such as 

thousands of genomic features versus a limited number of 

clinical variables, can bias model learning [75]. Additionally, 

missing data across modalities can significantly reduce usable 

sample size. Without careful preprocessing and feature 

selection, early fusion models are prone to overfitting, 

particularly in small cohorts typical of biomedical studies. 

Late Fusion (Model-Level Integration) 

Late fusion adopts a modular approach, where separate 

models are trained independently on each data modality, and 

their outputs are subsequently combined (e.g., via averaging, 

voting, or meta-learning) [76]. This strategy offers improved 

flexibility and robustness, as each model can be optimized for 

its specific data type. It also mitigates issues related to missing 

data, since predictions can still be generated from available 

modalities. Importantly, late fusion enhances interpretability 

by allowing assessment of the contribution of each data source 

to the final prediction [77]. However, a key limitation is that 

late fusion may fail to fully capture cross-modal interactions, 

as relationships between features from different data types are 

not explicitly modeled during training. As a result, its 

predictive performance may be inferior in scenarios where 

such interactions are biologically important [78]. 

Intermediate Fusion (Hybrid / Deep Learning Approaches) 

Intermediate fusion represents a more advanced strategy, often 

implemented deep learning architectures, where each data 

modality is first processed separately to learn latent 

representations, which are then integrated at a later stage 

within the model [79]. This approach balances the strengths of 

early and late fusion. By learning modality-specific 

representations, it can handle heterogeneous data more 

effectively, while still enabling cross-modal interactions at 

deeper layers. Intermediate fusion is particularly well-suited 

for complex, high-dimensional datasets and has shown 

promising performance in recent multi-omics studies [80,81]. 

Nevertheless, these methods come with significant challenges. 

They typically require large datasets to avoid overfitting, 

which are often unavailable in clinical research. Furthermore, 

deep learning models are frequently criticized for their lack of 

interpretability, posing barriers to clinical adoption. 

Implementation complexity and computational demands also 

limit their widespread use (Figure 4). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Comparative overview of multi-omics data integration strategies for metformin response prediction. 
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8. CURRENT STUDIES AND EVIDENCE 

Recent studies have increasingly explored the use of machine 

learning and multi-omics approaches to predict variability in 

response to Metformin in Type 2 Diabetes. While the field 

remains relatively nascent, emerging evidence highlights the 

complementary value of integrating pharmacogenomic, 

metabolomic, and clinical data. 

Genomics and Clinical Models 

Early predictive models primarily combined 

pharmacogenomic variants with clinical features such as 

HbA1c, BMI, and age [82]. Studies focusing on transporter 

genes (e.g., SLC22A1, SLC47A1) and loci identified through 

genome-wide association studies (GWAS), such as ATM, 

demonstrated modest improvements in prediction accuracy 

when combined with clinical variables [12,83,84]. However, 

these models typically explain only a small proportion of 

variability in glycemic response, reflecting the limited effect 

size of individual genetic variants and the inability of such 

models to capture downstream metabolic dynamics. 

Metabolomics and Machine Learning Approaches 

More recent studies have shifted toward metabolomics-driven 

prediction, often leveraging machine learning techniques 

[85,86]. Metabolomic profiling enables identification of 

biochemical signatures associated with drug response, 

aligning closely with the concept of pharmacometabolomics, 

which links metabolic state to pharmacological outcomes 

[87,88]. Machine learning models applied to metabolomic 

datasets have demonstrated improved predictive performance 

compared to traditional statistical methods, particularly in 

capturing nonlinear relationships among metabolites and 

clinical variables [89]. For example, automated ML 

approaches in metabolic profiling have identified novel 

metabolite associations with metformin exposure, suggesting 

the potential of data-driven biomarker discovery. Despite these 

advances, many studies remain limited by small sample sizes 

and lack of external validation, raising concerns regarding 

generalizability. 

Multi-Omics Integration Models 

The most recent and promising developments involve the 

integration of multiple omics layers using advanced 

computational frameworks. Multi-omics approaches combine 

genomic, metabolomic, and sometimes transcriptomic or 

proteomic data to capture the full biological context of drug 

response [90]. Such integrative models have demonstrated 

improved predictive accuracy by capturing interactions across 

biological layers, revealing pathways related to insulin 

signaling, inflammation, and energy metabolism that are not 

identifiable using single-omics approaches [91]. AI-driven 

multi-omics frameworks further enhance predictive 

capabilities by leveraging deep learning and representation 

learning techniques to identify hidden patterns across 

heterogeneous datasets [92]. However, evidence remains 

fragmented, with variability in study design, data types, and 

validation strategies limiting direct comparison across studies. 

9. CHALLENGES AND LIMITATIONS 

Despite growing enthusiasm for integrative machine learning 

approaches to predict response to Metformin in Type 2 

Diabetes, several fundamental challenges limit their reliability, 

generalizability, and clinical translation, stemming from issues 

in data generation, study design, and healthcare 

implementation [93]. Multi-omics datasets are inherently 

heterogeneous, with genomic data being high-dimensional and 

stable, metabolomic profiles dynamic and environmentally 

sensitive, and clinical data often sparse and inconsistently 

recorded, complicating integration and introducing bias 

through differing preprocessing and normalization methods, 

which reduces model generalizability[94].  

Missing data further complicates analysis, as incomplete 

datasets across modalities are common and often non-random, 

making traditional deletion methods impractical and 

imputation potentially biased, while many models lack 

robustness to such gaps [95]. The absence of standardized 

protocols in data collection, processing, and phenotype 

definitions such as varying measures of metformin response, 

hinders reproducibility and comparability across studies [96]. 

Additionally, small cohort sizes relative to high-dimensional 

features increase the risk of overfitting and limit meaningful 

validation across diverse populations [97].  

Reproducibility is further undermined by reliance on 

internal validation rather than independent datasets, 

inconsistent methodologies, and lack of transparency or data 

sharing. Finally, ethical and privacy concerns surrounding 

sensitive multi-omics data, including risks of re-identification, 

issues of consent and ownership, and underrepresentation of 

diverse populations, raise concerns about bias and fairness, 

potentially exacerbating existing healthcare disparities. 

CONCLUSION 

The variability in therapeutic response to Metformin in Type 2 

Diabetes highlights the limitations of traditional single-layer 

predictive approaches, as pharmacogenomic, clinical, and 

metabolomic data individually capture only fragments of the 

underlying biological complexity. Integrative machine 

learning frameworks that combine these data modalities offer 

a more comprehensive strategy by modeling nonlinear 

relationships and cross-domain interactions, thereby 

improving predictive accuracy and providing deeper 

mechanistic insight.  

 However, despite promising advances, such approaches 

remain methodologically immature, constrained by challenges 

including data heterogeneity, limited cohort sizes, lack of 

standardization, and insufficient external validation. 

Furthermore, issues related to interpretability, reproducibility, 

and data governance continue to impede clinical translation. 
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Consequently, while multi-omics integration represents a 

significant step toward precision medicine, substantial 

methodological and translational barriers must be addressed 

before these models can be reliably implemented in routine 

clinical practice for managing Type 2 Diabetes.    
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