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Abstract

Type 2 Diabetes Mellitus (T2DM) is a common metabolic disorder that often develops insidiously and may remain undiagnosed
for many years. Early identification of individuals at high risk is essential for timely intervention and prevention of diabetes-re-
lated complications. Routine laboratory parameters, including fasting blood glucose, glycated haemoglobin (HbA1c), lipid profile,
liver and kidney function markers, and haematological indices, provide valuable information on metabolic health and disease risk.
However, these parameters are often assessed individually in conventional clinical practice and may not fully capture complex in-
teractions among multiple biomarkers. Machine learning (ML) offers a promising approach for integrating routine laboratory data
and identifying patterns associated with T2DM risk. Several algorithms, including logistic regression, decision trees, random forests,
support vector machines, and gradient boosting methods, have demonstrated potential for diabetes prediction and risk stratifica-
tion. In this mini-review, we summarize the application of ML techniques for T2DM prediction using commonly available laboratory
parameters, with particular emphasis on biomarker selection, model performance, clinical applicability, and methodological chal-
lenges. Although ML-based models have demonstrated promising predictive performance, challenges related to data quality, over
fitting, population heterogeneity, model interpretability, and limited external validation remain. Integrating reliable laboratory data
with interpretable and externally validated ML models may improve early T2DM risk assessment and support clinical decision-mak-
ing. Future research should emphasize standardized laboratory data, prospective studies, and robust external validation to facilitate
the clinical translation of ML-based models into routine laboratory practice.
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Introduction

Type 2 Diabetes Mellitus (T2DM) is a persistent metabolic
disease caused mainly by the insulin resistance and gradual
decrease of B-cell function. It is becoming more common and is a
significant burden on health care systems around the world with
many people not diagnosed until when metabolic abnormalities
start to become apparent. Thus, timely identification of persons at
high risk is critical to early intervention and prevention of diabetes-
related complications [1,18]. Current diagnostic tests are primarily
based on Glycated Hemoglobin (HbA1lc), Fasting Plasma Glucose
(FPG), 2-h Plasma Glucose (PG) from an Oral Glucose Tolerance
Test (OGTT), or random plasma glucose (PG) in people with
typical symptoms (American Diabetes Association Professional
Practice Committee, 2026). But these individual measurements
may not capture the complex relationships between metabolic and
hematological traits of T2DM. In recent years, Machine Learning
(ML) has shown great promise as a tool to leverage multiple
clinical and lab parameters to uncover patterns that are linked to
diabetes risk. ML algorithms can detect non-linear relationships
and interactions between several variables, which are usually hard
to detect in conventional statistical models that assume predefined
relationships between predictors and outcomes [6,12]. Earlier,
systematic reviews have reported positive predictive performance
of ML models in the prediction of T2DM, but methodological
limitations and lack of external validation of the models are
significant obstacles to their clinical application [5,6].

Routine Laboratory Parameters for Diabetes
Prediction
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A major reason that the routine laboratory investigations are
attractive for diabetes prediction using ML is that they are readily
available in most clinical laboratories, also they are relatively
cheap and are produced routinely. FPG and HbAIC are the most
clinically proven biochemistry markers of diabetes. The American
Diabetes Association defines diabetes by an HbAlc 26.5%, FPG
2126 mg/dL, 2-h plasma glucose 2200 mg/dL after a 75-g OGTT,
or random plasma glucose 2200 mg/dL with classic symptoms
or hyperglycemic crisis (Professional Practice Committee of the
American Diabetes Association, 2026) [1]. In addition to glucose
parameters, lipid parameters like triglycerides and high-density
lipoprotein cholesterol can also give clues to insulin resistance and
a state of metabolic dysfunction. Other biochemical parameters
that are regularly assessed might also help in predicting diabetes,
such as liver and kidney function markers. Several studies have
shown that routine clinical and laboratory parameters can be
used to build diabetes prediction ML models using combinations
of these parameters [15,9]. The hematological parameters are
also increasingly being considered as potential predictors. In
an approximately 9,000 adult cohort study, often measured
haematological markers were examined for their link with T2DM,
highlighting the potential of modestly priced blood-based markers
in predicting diabetes [10,11]. More recently, Li, et al., [8] employed
routine blood parameters to create ML models and compared
XGBoost with random forest, support vector machine, and elastic-
net methods. Their XGBoost model showed high prediction
accuracy, and the SHAP analysis revealed that many hematological
parameters were included as significant predictors [8] (Figure 1).
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Figure 1: Routine laboratory parameters used for machine-learning-based prediction of T2DM.

Machine Learning Approaches

A few supervised ML algorithms have been explored for
diabetes prediction, such as logistic regression, decision trees,

random forests, Support Vector Machines (SVM), gradient boosting,
XGBoost and artificial neural networks. These algorithms vary in
their capacity to model the nonlinear relationships and interactions
between the laboratory variables [12,6]. A systematic review and
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meta-analysis of 23 studies with 40 prediction models indicated that
the pooled c-index value for predicting T2DM using ML was ~0.812.
But no one of the studies presented was externally validated, which
indicates a discrepancy between the development of a model and
clinicalimplementation [5]. In another meta-analysis, Olusanya et al.
[13] found that decision tree models exhibited the highest accuracy
with over 136,000 participants in 34 studies, reporting a mean
accuracy of 86%. Researches have also shown that using typical
health-screening variables, diabetes prediction is also possible
with ML. Shin, et al,, [15,16] created prediction models using the
information which is easily collected from health examination and
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assessed the performance of gradient boosting and random forest
algorithms. Also, Olisah et al,, [12] showed that the performance
of diabetes prediction models could change significantly based on
the preprocessing, feature selection, handling of missing values,
and hyperparameters tuning. Explainable ML has been highlighted
in more recent studies. Using SHAP analysis, Li et al., (2024) [7,8]
found individual routine blood parameters that contribute to
predicting diabetes. Explainability is significant since clinicians
and laboratory professionals want to comprehend which of these
variables are most crucial to a prediction, instead of assuming an
unexplained risk score that they do not understand [8,9] (Figure 2).
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Figure 2: Machine-learning workflow for T2DM prediction using routine laboratory data.

Clinical Potential and Relevance to Medical
Laboratory Technology

Combining ML with standard lab testing might be another
avenue of determining who may need more diabetes evaluation.
Importantly, the prediction of ML should not supplant, but be
used in addition to, existing diagnostic laboratory tests. Current
guidelines continue to recommend standardized HbAlc and
plasma glucose measurements for diagnosis (American Diabetes
Association Professional Practice Committee, 2026) [1]. Many
structured data are produced in routine laboratory medicine
that could be used for analyzing with ML algorithms. There were
reviews of ML applications in laboratory medicine focusing on

the possibility of automated interpretation, prediction, anomaly
detection and clinical decision support [14,3,4]. In the context of
diabetes, EHRs with regular laboratory metrics have also been
employed to anticipate glycemic abnormalities as well as to
facilitate proactive clinical interventions [17]. The importance of
reliability of laboratory data is especially significant for Medical
Laboratory Technology (MLT) workers. Errors in the preanalytical
process, analytical variation, differences in assays or laboratory
methods, absence of values and reference interval discrepancies
may lead to a low performance of the models. Therefore, data of
good quality and standardized laboratory procedures are vital for
establishing reliable prediction models [14,12] (Table 1).

Table 1: Clinical relevance of machine learning and laboratory data for T2DM prediction.

Aspect Clinical/Laboratory Relevance

Implication for MLT

Routine Testin . o
outine Testing risk prediction models.

HbA1c, glucose, lipid profile, and other parameters feed ML

Accurate, consistent testing ensures reliable ML input data.

Diagnostic Support

ML flags individuals needing further diabetes evaluation.

ML complements, not replaces, standardized diagnostic testing.
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Hbalc & Glucose

Core diagnostic markers per current clinical guidelines.

Requires strict accuracy, QC, and standardized procedures.

Automated Interpre-

ML aids pattern recognition in lab results.

MLT professionals validate and implement decision-support

tation systems.
Prediction & Earl . . . . . . T .
Detection y Lab data predicts glycemic abnormalities and risk. Reliable records enable earlier clinical intervention.
Data Quality Poor/inconsistent data weakens model performance. Rigorous QA/QC is essential throughout testing.

Preanalytical Errors

Sample handling issues add variability to ML inputs.

Standardized preanalytical procedures are critical.

Analytical Variation

Measurement differences affect predictions.

Regular calibration and method verification needed.

Ass.a y/method Platforms may yield systematically different results. Harmonization improves model generalizability.
Differences
Missing Values Gaps in data reduce accuracy and introduce bias. Complete, well-documented records are essential.

Reference Intervals

Inter-lab differences affect interpretation.

Documentation and harmonization needed.

Clinical Decision

ML aids risk stratification and evaluation decisions.

MLT contributes to quality and clinical integration.

Support

Model Reliability

Needs high-quality, standardized, representative data.

Lab standardization is key to useful ML prediction.

Challenges and Future Perspectives

However, several hurdles prevent the clinical utilization
of diabetes prediction using ML. There are many studies with
relatively small, single-center datasets, with the potential of
overfitting and low generalizability. Age, sex, ethnicity, prevalence
of disease, laboratory technique and population characteristics can
also affect model performance [5,6].

One of the critical steps before the deployment of ML models
in clinical practice is external validation. Independent data sets
of models and preferably prospective clinical data sets should be
used to evaluate models. In addition, if predictors, such as HbAlc

or glucose, are included in the definition of diabetes, they need to
be interpreted with caution as this can lead to target leakage and
artificially high model performance [8].

Therefore, future studies need to concentrate on large
multicenter datasets, standard values measured in the labs,
proper selection of features, external validation and explainable
algorithms. Advanced biomarkers or metabolomics data can
be used in combination with routine lab parameters to further
stratify risk. Recent metabolomic studies coupled with ML have
revealed potential metabolomic panels for T2DM, highlighting the
future potential of the integration of the laboratory medicine with
computational methods [2] (Figure 3).
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Figure 3: Clinical translation, challenges and future direction of ML-based T2DM prediction.
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Conclusion

Machine learning offers a potential remedy to combine routine
laboratory parameters and enhance prediction and early diagnosis
of T2DM. Other conventional measures (HbAlc, glucose) can be
supplemented with lipid, biochemical and hematological measures
to reveal complex patterns associated with diabetes risk. Evidence
thus far indicates good predictive accuracy for a variety of ML
algorithms, but there are certain restrictions on the quality of the
data, overfitting, explainability, and external validation of these
models. In order to practice ML, a successful implementation of
ML will rely on accurate laboratory testing, standardized data
generation and clinically interpretable models, and rigorously
validate these externally. If ML tools are operated correctly and are
validated, they could potentially be used to “augment” traditional
lab testing methods, and thus help identify an individual at higher
risk of developing T2DM at an earlier stage.
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