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ABSTRACT
Objectives  This study aimed to compare the performance 
of five machine learning algorithms to predict diabetes 
mellitus based on lifestyle factors (diet and physical 
activity).
Design  Retrospective cross-sectional predictive modelling 
study.
Setting  This study was conducted using publicly available 
data from the National Health and Nutrition Examination 
Survey (NHANES), a nationally representative survey 
designed to assess the health and nutritional status of the 
US population.
Participants  We analysed data from 29 509 non-pregnant 
adults who participated in NHANES between 2007 and 
2018.
Primary and secondary outcome measures  The 
primary outcome was the prediction of type 2 diabetes 
mellitus (T2DM) by self-reported responses based on 
machine learning models. The performance of five 
machine learning algorithms (logistic regression, support 
vector machine, random forest, XGBoost and CatBoost) 
was evaluated using accuracy, sensitivity, specificity, 
positive predictive value, negative predictive value, and 
the area under the receiver operating characteristic curve 
(AUC). The secondary outcome measures were feature 
importance and model performance comparison.
Results  XGBoost exhibited the highest overall predictive 
performance (AUC 0.8168), followed by random forest 
and logistic regression (AUCs around 0.79). In terms of 
accuracy, logistic regression, XGBoost and random forest 
performed similarly at approximately 85%. While most 
models demonstrated high specificity (>97%), the SVM 
stood out for having the highest sensitivity (58.57%), 
although with a lower accuracy (62.44%). This trade-off 
underscores the strength of SVM in identifying more 
true-positive cases, though at the cost of lower overall 
classification precision. The random forest model, despite 
having lower sensitivity (7.15%), provided one of the 
most balanced performances in terms of specificity and 
interpretability.
Conclusion  The results support the use of machine 
learning models, particularly XGBoost, for early 
identification of individuals at risk for T2DM. Despite 
their limited sensitivity, the high specificity and accuracy 
underscore these models’ potential for non-invasive risk 
assessment. This study is innovative in its integration of 
machine learning algorithms to predict type 2 diabetes 

based solely on non-invasive, easily accessible lifestyle 
and anthropometric variables, demonstrating the potential 
of data-driven models for early risk assessment without 
requiring laboratory tests. Despite the lower sensitivity 
observed in most models, their high specificity makes 
them valuable for early screening in clinical and public 
health settings, where they can be complemented with 
follow-up assessments or ensemble approaches that 
optimise the balance between sensitivity and specificity for 
improved risk stratification.

INTRODUCTION
Diabetes mellitus is a metabolic disorder with 
a rising prevalence across the globe, affecting 
around half a billion people, with the number 
expected to increase by 51% by 2045.1 In the 
USA, 9.4% of the population has diabetes, 
with 90–95% of cases classified as type 2 
diabetes mellitus (T2DM).2 The impact 
of this disorder on quality of life is widely 
recognised, as well as its economic burden, 
with an estimated total cost of $245 billion 
resulting from direct costs, chronic disability, 
absenteeism and premature mortality.3 4

Development of T2DM has been linked 
to anthropometric and lifestyle factors, 
such as body habitus, sedentarism, smoking, 
unhealthy diet and high alcohol consump-
tion.5–9 Most of these factors are modifiable 
through lifestyle changes. Furthermore, since 
the progression of T2DM is slow and silent, 

STRENGTHS AND LIMITATIONS OF THIS STUDY
	⇒ Large, nationally representative data set enhancing 
generalisability.

	⇒ Robust comparison of multiple machine learning al-
gorithms for type 2 diabetes mellitus.

	⇒ Use of cross-validation to minimise overfitting and 
increase model reliability.

	⇒ Diabetes status based on self-reported data, which 
may introduce recall bias.

	⇒ The cross-sectional study design limits inferences 
about causality.
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early detection and identification of individuals at high 
risk are of utmost importance to implement lifestyle strat-
egies aimed at preventing the development and progres-
sion of the disease.

Machine learning algorithms have been used as predic-
tive tools for a wide variety of health problems, including 
T2DM.10–12 Most of these models focus on predictive 
accuracy; however, there is significant variability among 
studies, partly due to the use of different linear and non-
linear models that are difficult to compare side by side 
because of differences in populations and study designs. 
Current T2DM risk screening methods often rely on 
laboratory-based tests, such as fasting glucose and HbA1c, 
which, while effective, can be resource-intensive, imprac-
tical for large-scale screening and may miss early-stage or 
undiagnosed cases in asymptomatic individuals. We aim 
to compare the predictive performance of five machine 
learning algorithms applied to the same population. We 
used data from the National Health and Nutrition Exam-
ination Survey (NHANES) collected between 2007 and 
2018 to train and test the following machine learning 
methods: logistic regression, XGBoost, CatBoost, support 
vector machine (SVM) and random forest. The impor-
tance of this research lies in its potential to bridge the gap 
between data-driven analytics and clinical application.

METHODS
Study population and variables
We used publicly available data from the NHANES 
2007–2018, a nationally representative survey designed 
to assess the nutritional and health status of children 
and adults in the USA. The data set encompasses four 
primary categories: Demographics Data, Dietary Data, 
Examination Data and Questionnaire Data. Our analysis 
focused on non-pregnant adults.13 As a self-reported and 
cross-sectional data set, its limitation for causal inference 
must be acknowledged. The NHANES data set used in 
this study provides a comprehensive collection of demo-
graphic, anthropometric, lifestyle and nutritional vari-
ables through structured household interviews, physical 
examinations and dietary recall assessments. Trained 
personnel conducted standardised measurements for 
anthropometric variables such as waist circumference 
and body mass index (BMI), while dietary and lifestyle 
factors, including alcohol intake, physical activity and 
macronutrient consumption, were obtained via validated 
survey instruments. This structured and standardised 
approach ensures data quality and consistency across 
survey cycles. After excluding entries with missing values, 
our final sample consisted of 29 509 respondents and 71 
predictors, covering demographic, anthropometric, life-
style and dietary factors. A detailed description of the 
predictors influencing the prevalence of diabetes mellitus 
is provided in table 1. The outcome variable was based on 
self-reported diagnoses of diabetes mellitus as recorded 
in the questionnaires. Diabetes status was based on the 
answer to the question, ‘Doctor told you have diabetes?’ 

We considered having diabetes when the answer was 
either ‘yes’ or ‘borderline’.

Machine learning models
Five supervised machine learning algorithms were eval-
uated for predictive accuracy with respect to the risk of 
T2DM. In supervised learning methods, an observed 
outcome variable is used to train the model to predict 
future observations. We used logistic regression, SVM, 
random forest, XGBoost and CatBoost models. These 
models were selected based on their complementary 
strengths in classification tasks, balancing model inter-
pretability, predictive accuracy and robustness in handling 
non-linear relationships within the NHANES data set. 
Hyperparameter tuning was conducted using grid search 
and 10-fold cross-validation to optimise model perfor-
mance. For tree-based models (random forest, XGBoost, 
CatBoost), parameters such as learning rate, tree depth 
and regularisation terms were optimised, while for SVM, 
kernel type and cost parameter were selected based on 
performance metrics. The following is a brief description 
of the algorithms:

	► Logistic regression is a statistical method that relates 
the logit transformation of a binary-dependent vari-
able to one or more predictor variables. The coeffi-
cients assigned to predictors quantify the magnitude 
and direction of the relationship to the outcome after 
minimising the error between the model and the 
observed outcome.14

	► SVM is a classifier that separates classes by a line or 
a plane serving as a boundary. Optimisation ensures 
that the distance of the boundary separation is maxim-
ised. SVM can learn non-linear decision surfaces and 
perform well in the presence of multiple predic-
tors. Compared with simpler linear models such as 
logistic regression, it requires more computational 
complexity.15

	► Random forest is an ensemble model based on the 
construction of multiple random decision trees using 
a bagging technique. Each individual tree predicts the 
outcome with the maximum possible purity, whereas 
the average prediction yielded by all the trees deter-
mines the global prediction, which reduces variance. 
In addition, the model ranks the predictors in order 
of importance.16

	► XGBoost (extreme gradient boosting) is a powerful 
ensemble statistical learning method that combines 
the predictions of multiple individually trained clas-
sifiers. XGBoost uses decision trees that are built 
sequentially to correct errors, in contrast to random 
forest, which creates decision trees independently and 
combines their outputs. Some hyperparameters, such 
as the number of decision trees and their depth, are 
optimised through cross-validation before training 
the model.17

	► CatBoost is a member of the family of gradient 
boosted decision trees. It is an ensemble technique 
whose strength lies in its versatility to be used on a 
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variety of data sets. The two main innovations intro-
duced by this algorithm are the implementation of 
ordered boosting and the ability to process categor-
ical features.18

Sample weights and validation
Weights provided by NHANES were used for demo-
graphic variables to account for the survey design and 
sample representativeness of the population. Specifically, 
NHANES provides weights to prevent oversampling of 
certain demographic groups and adjust for non-response. 
The weights were incorporated into all the models to 
ensure generalisability of the results.

For validation and training of the models, the data set 
was first split into training and test sets to evaluate predic-
tive performance. In general, 80% of the observations 
were used for training purposes. We employed 10-fold 
cross-validation to optimise the models and prevent over-
fitting, ensuring robust performance across different 
data subsets. The test set was used for final evaluation, 
providing an unbiased measure of accuracy, sensitivity 
and specificity.

Feature selection
The predictors identified as statistically significant in the 
logistic regression model with forward selection were 
included in all the models. The Akaike information crite-
rion value helped us determine the set of final features. 
Reducing the number of predictors in the final models 
minimised the computational resources needed for anal-
ysis to make them more interpretable without sacrificing 
predictive power.

Performance metrics
The performance of the models was compared using 
several metrics: accuracy, sensitivity, specificity, positive 
predictive value (PPV), negative predictive value (NPV) 
and area under the receiving operating curve (ROC). 
Accuracy measures the proportion of correct predic-
tions across all classes, providing a global sense of model 
performance. Sensitivity assesses the ability of the model 
to correctly identify positive cases of T2DM, whereas spec-
ificity measures the model’s ability to identify negative 
cases. PPV is a measure of precision, and in conjunction 
with NPV provides the proportion of correct predic-
tions (positive and negative). Finally, the area under the 
curve (AUC) evaluates the model’s discrimination ability 
across different thresholds. To balance model sensitivity 
and specificity, we evaluated multiple decision thresh-
olds using Youden’s index and precision-recall curve 
analysis. The optimal threshold was selected based on 
maximising sensitivity while maintaining clinically accept-
able specificity for diabetes screening. The 10-fold cross-
validation errors indicate that logistic regression (0.1095) 
had the lowest error, while XGBoost (0.1903) exhibited 
the highest. The results suggest that while tree-based 
models can capture complex interactions, they may also 

introduce additional variance, leading to slightly higher 
error rates compared with traditional statistical methods.

Statistical analysis
Data are presented as mean±SD for continuous variables 
and frequency (%) for categorical variables. We assessed 
the difference between diabetes and non-diabetes for 
each categorical variable with the χ2 test. Continuous vari-
ables were evaluated for normality with the Kolmogorov-
Smirnov test. For normally distributed variables, we used 
Student’s t-test, whereas for non-normally distributed 
data, we employed the Mann-Whitney U test for compar-
ison between diabetes and non-diabetes. Statistical 
significance was set at p<0.05. Statistical analyses were 
performed using the R package (V.4.2.2, https://www.r-​
project.org/).

Patient and public involvement
Patients or the public were not involved in the design, 
conduct, reporting, or dissemination plans of the study.

RESULTS
Characteristics of the study population
A total of 29 509 respondents from the NHANES survey 
between 2007 and 2018 were included in this study. The 
mean age of the participants was 49.32 years, and 14 408 
participants were male (48.8%). A detailed description of 
participant characteristics is shown in table 2. Except for 
other races, the proportion of ethnic groups was higher 
among non-diabetic participants. On the other hand, a 
low educational level was more prevalent among non-
diabetics, whereas the proportion of highly educated 
participants was higher in the group of diabetics.

Correlation of variables with clinical outcome
A total of 23 608 participants were assigned to the training 
cohort (80% of the total population). In the training 
cohort, univariate analyses followed by a logistic regres-
sion with forward variable selection were used to identify 
21 significant predictors: age, race, waist circumference, 
BMI, daily intake of sugar, protein, alcohol, carbohy-
drate, fibre, calcium, phosphorus, potassium, vitamin A, 
folate, vitamin B1, vitamin B2, niacin, choline and fats 
(saturated, monounsaturated and polyunsaturated). This 
list of predictors was used for all the machine learning 
models.

Development and validation of predictive models
Based on the predictors identified through forward 
logistic regression, five machine learning algorithms were 
used: logistic regression, SVM, random forest, XGBoost 
and CatBoost. Table  3 shows the ORs and CIs for the 
forward logistic regression model. First, we employed 
10-fold cross-validation to determine the error rate for 
the models, and based on the predictions, we constructed 
contingency tables to calculate the predictive perfor-
mance indicators (table 4). For internal validation, 10-fold 
cross-validation was used to calculate errors for logistic 

https://www.r-project.org/
https://www.r-project.org/
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regression, SVM, random forest, XGBoost and CatBoost, 
with values 0.1095, 0.1505, 0.1511, 0.1903 and 0.1473, 
respectively. Among the models, the XGBoost algorithm 
exhibited the best prediction performance with an AUC 
of 0.8168. Additionally, the models were evaluated by 
calculating sensitivity, specificity and predictive values 
(table  4). Figure  1 shows the ROC for the five models. 
XGBoost was identified as the model with the highest 

AUC, coupled with high specificity. However, random 
forest and logistic regression exhibited a slightly lower 
AUC and similar sensitivity and accuracy compared with 
XGBoost, with an advantage in terms of interpretability. 
All models showed low sensitivity ranging between 7.15% 
and 15.34%. The SVM algorithm had slightly better sensi-
tivity, although with the lowest accuracy. The CatBoost 
algorithm exhibited the lowest AUC.

Model interpretation
This study compared five machine learning algorithms 
(figure 2). Although the XGBoost slightly outperformed 
logistic regression and random forest, the latter two 
exhibited a high specificity and accuracy. Considering 
that random forest stands as an easy-to-interpret model, 
we identified the ranking of feature importance. Demo-
graphic and anthropometric variables such as age, waist 
circumference and BMI were the most important features 
associated with the risk of T2DM, followed by a group of 
dietary factors, including daily intake of sugar, carbohy-
drates, protein, fibre, calcium, phosphorus, α-tocoph-
erol and various vitamins (figure 3). To enhance model 
interpretability, we conducted a Shapley Additive Expla-
nations (SHAP) analysis using the ‘shapviz’ package in R. 
SHAP values were computed for a subset of 500 obser-
vations to quantify the contribution of each predictor 
variable to the model’s classification of T2DM. The SHAP 
summary and importance plots were used to identify the 
key features influencing the model’s decision-making 

Table 2  Baseline characteristics of participants between diabetics and non-diabetics

Variable Diabetics (mean±SD or %) Non-diabetics (mean±SD or %) P value

Age (years) 61 (13.1) 47 (17.5) <0.0001

Gender Male: 2481 (45%) Male: 12 499 (48%) <0.001

Race

 � Hispanic 3805 (13%) 819 (17%) <0.001

 � Non-Hispanic white 11 096 (39%) 1717 (36%) 0.75

 � Non-Hispanic black 2695 (9%) 510 (10%) <0.001

 � Asian 5349 (19%) 1283 (27%) <0.001

 � Other/mixed 3015 (20%) 498 (10%) 0.04

Education

 � Less than high school 5902 (23%) 1601 (33%) <0.001

 � High school graduate 5967 (23%) 1092 (22%) 0.11

 � Some college/higher 14 091 (54%) 2134 (45%) <0.001

Waist circumference (cm) 109.17 (16.07) 97.84 (15.87) <0.0001

Sugar intake (g) 89.12 (64.90) 115.60 (80.05) <0.0001

Alcohol (g) 5.17 (20.68) 10.93 (29.66) <0.001

Dodecanoic acid (g) 0.74 (1.23) 0.82 (1.49) 0.003

Choline (mg) 322.01 (192.87) 335.63 (203.53) 0.001

Fibre (g) 16.44 (10.15) 16.82 (10.68) 0.02

Calcium (mg) 848.31 (518.57) 933.14 (593.89) <0.0001

Copper (mg) 1.19 (1.13) 1.25 (0.94) 0.003

Table 3  Forward logistic regression: association of 
covariates and diabetes mellitus

Variable OR
95% CI 
lower

95% CI 
upper

Age 1.045 1.042 1.047

Race 1.040 1.008 1.074

Education level 0.980 0.964 0.995

Waist circumference 1.049 1.044 1.054

Total sugar 0.993 0.992 0.995

Alcohol 0.992 0.990 0.994

Sodium 0.991 0.981 1.020

Fibre 1.014 1.080 1.020

Eicosatetraenoic acid 1.992 1.475 2.691

Butanoic acid 0.769 0.693 0.854

Dodecanoic acid 1.029 1.003 1.056

Body mass index 0.983 0.971 0.994

Zinc 0.994 0.987 1.002
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process, providing insights into variable impact beyond 
traditional statistical coefficients (figure 4). The analysis 
revealed that age (RIDAGEYR) and waist circumference 
(BMXWAIST) were the most influential predictors in the 
XGBoost model, with higher SHAP values indicating a 
strong positive contribution to diabetes risk classification. 
Other significant variables included dietary sugar intake 
(DR1ISUGR) and alcohol consumption (DR1IALCO), 
reinforcing the role of lifestyle factors in diabetes predic-
tion. Interestingly, some variables with high importance 
in traditional regression models, such as BMI (BMXBMI), 
had comparatively lower SHAP values, suggesting that 
waist circumference may be a stronger predictor within 
the machine learning framework.

DISCUSSION
In this study, we developed and tested five machine 
learning algorithms to predict T2DM based on demo-
graphic, anthropometric, lifestyle and nutritional vari-
ables. We used the NHANES database from 2007 to 2018 to 

train the models and evaluated their accuracy and predic-
tive performance on a test subset of data. The highest 
AUC for ROC corresponded to the XGBoost model, 
while the CatBoost algorithm exhibited the lowest AUC. 
Specificity was greater than 97% for all models except 
for SVM (83.7%). The lowest sensitivity was observed in 
the random forest model (7.15%), and the highest level 
occurred with SVM (58.57%). Regarding accuracy, the 
SVM had the lowest value at 62.44%. In contrast, the other 
four models had comparable accuracy, around 85%. The 
random forest model, although not the most accurate, 
exhibited a performance level similar to XGBoost and 
helped identify the most important features (age, waist 
circumference, BMI and specific dietary variables).

T2DM is a chronic metabolic disease with multiorgan 
deleterious consequences. Lifestyle risk factor modi-
fication plays a significant role in the prevention and 
management of this metabolic disorder. On the other 
hand, public health efforts addressing early identification 
of populations at risk of developing T2DM have been 

Table 4  Model performance measures for five machine algorithms

Model Sensitivity (%) Specificity (%) PPV (%) NPV (%) Accuracy (%) AUC

LR 11.2 98.14 52 86 84.96 0.798

SVM 58.57 83.7 95.1 26.9 62.44 0.781

RF 7.15 98.86 52.89 85.63 84.95 0.793

XB 11.62 98.08 52 86.12 84.97 0.8168

CB 15.34 97.09 47.67 86.94 85.08 0.5622

AUC, area under the curve; CB, Cat Boosting; LR, logistic regression; NPV, negative predictive value; PPV, positive predictive value; RF, 
random forest; SVM, support vector machine; XGB, XG Boosting.

Figure 1  Flow diagram of the participants included in the analysis. NHANES, National Health and Nutrition Examination 
Survey.
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reported in the last few decades. Given the multifactorial 
nature of the disease in addition to the contribution of 
modifiable risk factors to its development and progres-
sion, incorporation of lifestyle factors in early prediction 
may prove beneficial.

Machine learning, as a subdomain of artificial intelli-
gence, uses algorithms to explore and learn from data to 
identify patterns and associations and use them for predic-
tive purposes. Several authors have explored the clinical 
application of machine learning models. Wilson et al 
reported that a logistic regression model based on simple 
clinical predictors (family history, obesity and metabolic 

syndrome traits) had an acceptable predictive accuracy 
compared with models incorporating more sophisticated 
laboratory measurements, with an AUC for ROC of 0.85. 
Considering that this study was limited to a 99% white 
population, Mashayehi et al applied Wilson’s simple clin-
ical model to a Canadian population, reporting an AUC 
of 0.83, indicating that adding ethnic diversity to the 
sample decreases the predictive accuracy.

Our study found that one of the models (XGBoost) has 
an AUC of 0.8168, which can still be considered excel-
lent for the capability to discriminate diabetics from non-
diabetics. In addition, the XGBoost, CatBoost, logistic 
regression and random forest exhibited specificities 
greater than 97% and accuracy around 85%. Our model 
employed a sample that is representative of the popula-
tion of the USA, thanks to the sample weights assigned for 
analysis. Among the differences between our study and 
the two mentioned above is the use of dietary variables. 
We may argue that since T2DM is strongly associated with 
nutritional lifestyle factors, developing a model with such 
factors may help fine-tune the predictive accuracy of a 
model.

XGBoost exhibited the best performance, and SVM 
showed the lowest predictive accuracy. Our results agree 
with a study by Kushwaha et al that revealed the highest 
AUC for XGBoost and the lowest for SVM in children 
and adolescents. The predictors in that study included 
glycosylated haemoglobin.19 Other studies have evalu-
ated machine learning algorithms with varying results. 
Khanam et al used the Pima Indians Diabetes database, 
consisting of 768 observations. The list of predictors 
included plasma glucose tolerance test, blood pressure, 
triceps skinfold thickness and insulin levels in addition 

Figure 2  Combined receiver operating characteristic curves 
for all models. SVM, support vector machine; XGB, XG 
Boosting.

Figure 3  Predictor variables order of importance. SHAP, 
Shapley Additive Explanations.

Figure 4  Shapley Additive Explanations analysis. SHAP, 
Shapley Additive Explanations; XGB, XG Boosting.
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to demographic variables. They found an accuracy of 
77–78% for SVM and logistic regression, judged by them 
as good, and a complex neural network model with accu-
racy of 88%.20 Our results show accuracy of 85% for all 
the models (except for SVM). The accuracy of our models 
was positively impacted by the sample size of more than 29 
000 subjects. Adjusting the classification threshold from 
the default 0.5 to the optimal value identified by Youden’s 
index improved sensitivity while maintaining a reasonable 
trade-off with specificity. This approach enhances the 
real-world applicability of the model by making it more 
effective for early diabetes risk identification, particularly 
in population-wide screening programmes.

There is a direct influence of lifestyle and nutritional 
factors on the development and progression of T2DM.21 
The machine learning algorithms for T2DM focusing 
on nutritional factors are scarce. De Silva et al studied a 
cohort of 6673 NHANES participants between 2013 and 
2016 to develop 12 models, with the best AUC (74.9–
75.7%). The authors evaluated 114 potential nutritional 
factors, 13 behavioural and 12 socio-economic variables. 
The best models classified 39 markers of T2DM.22 Diag-
nosis of T2DM was established by a positive answer to the 
question, ‘Have you ever been told by a doctor that you 
have diabetes?’ in both their study and our analysis. We 
employed this criterion as an indicator of T2DM because 
self-reported physician diagnoses capture a clinical judge-
ment that integrates patient history and laboratory results. 
Self-reported data can reflect a diagnosis that is clinically 
significant, even in the presence of fluctuating laboratory 
values. Compared with the AUC reported by De Silva, the 
AUC was higher for all the models except for CatBoost. 
The sensitivity of our models was significantly inferior to 
their models; however, the AUC for ROC, specificity and 
accuracy were higher. This indicates a strong discrimina-
tory ability for T2DM.

Despite the low sensitivity, the high AUC illustrates the 
trade-offs between false negatives and false positives. For 
instance, our XGBoost model is excellent at identifying 
patients at high risk of developing T2DM at the cost of 
missing some patients at risk. In this context, both De 
Silva’s and our results identified that the variables with 
the highest importance are waist circumference, BMI and 
age. We may argue that the recommendation would be to 
start lifestyle/nutritional intervention in those identified 
at risk by the model and follow-up closely those with alter-
ations in those three variables. Furthermore, those with 
abnormalities in the three top variables could also receive 
the intervention, considering the favourable risk-to-
benefit ratio associated with lifestyle changes. Although 
the models evaluated in our study showed limited sensi-
tivity, the easy-to-obtain information about the predictors 
and the high specificity, accuracy and overall perfor-
mance is sufficiently high to be of clinical use. None 
of the predictors requires blood sampling or imaging 
techniques and can be followed up with simple surveys. 
Adjusting classification thresholds may offer a practical 
approach to improving sensitivity while maintaining an 

acceptable trade-off with specificity. Given that AUC 
remains constant across different thresholds, selecting a 
lower decision threshold could enhance the detection of 
true-positive cases, making the model more applicable for 
screening purposes while allowing clinicians to refine risk 
stratification based on specific population needs.

Some specific anthropometric and nutritional vari-
ables stood out as significant to predict T2DM. Of note, 
we showed a positive association for waist circumference 
and a negative association for BMI. A systematic review 
reported that each 10 cm increase in waist circumference 
represented a relative risk of 1.61 (1.52–1.70), whereas a 
five-unit increase in BMI had a relative risk of 1.61 (1.52–
1.70).23 In this study, the association was positive for both 
variables. Siren et al recognised that a waist circumference 
>94 cm in middle-aged men predicted T2DM with 84% 
sensitivity and 78% specificity.24 Han et al identified an 
‘obesity paradox’ in T2DM, where high BMI was associ-
ated with lower mortality. They postulate measurement 
error and the presence of confounding factors as the 
cause for this phenomenon.25 On the other hand, Feller 
et al evaluated a cohort of the European Prospective Inves-
tigation into Cancer and Nutrition study. Although they 
found a positive association for both waist circumference 
and BMI, waist circumference was a strong predictor in 
those with low or normal weight and BMI.26 Our results, 
although paradoxical at first sight, highlight the impor-
tance of waist circumference as a predictor of T2DM 
that may be less sensitive to changes in dietary interven-
tions. This means that since our study is cross-sectional, 
some patients already diagnosed with T2DM could be on 
dietary regimes that lower their BMI; however, the waist 
circumference was not affected in the same way, making 
this predictor more robust for prediction and follow-up. 
A similar situation can be observed for added sugars 
(negative association) and carbohydrate intake (positive 
association). It is well recognised that high carbohydrate 
intake is a risk factor for T2DM; however, patients with 
T2DM tend to reduce the consumption of added sugars 
but not necessarily the total intake of carbohydrates.27 
The SHAP analysis provides valuable insights into feature 
importance, demonstrating that age and waist circum-
ference play a dominant role in diabetes risk prediction. 
These findings align with established clinical knowledge 
but further highlight the advantage of machine learning 
in detecting non-linear interactions among predictors. 
Notably, the identification of dietary sugar intake and 
alcohol consumption as key contributors suggests that 
integrating modifiable lifestyle factors into diabetes 
screening tools could improve early risk assessment. The 
discrepancy between BMI and waist circumference under-
scores the need for reassessing standard anthropometric 
measures in predictive models. These results emphasise 
the potential of SHAP analysis in enhancing model trans-
parency, supporting its use in clinical and public health 
applications for individualised risk stratification. Finally, 
the SHAP analysis suggests that machine learning can 
uncover complex, non-linear relationships in T2DM risk 
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factors that may not be captured in traditional statistical 
approaches, enhancing the potential for more precise, 
personalised chronic disease screening strategies.

Our results show that calcium and phosphorus intake 
are positively associated with T2DM. Other studies have 
found that serum concentration of these elements are 
associated with the disease independently of glycaemia 
and insulin dynamics.28 Although the mechanism for the 
association is not well known, high calcium-phosphate 
product levels may underlie peripheral tissue insulin 
resistance.29 It is recognised that the consumption of satu-
rated fats increases the risk of T2DM, which was corrobo-
rated by our study.30 However, recent studies have found 
contradictory results.31

The role of polyunsaturated fatty acids (PUFA) is even 
less clear. We found a positive association between PUFA 
and T2DM. Hu et al, in a dose-response meta-analysis of 
cohort studies, showed in subgroup analyses a positive 
association in Europe and Australia and a negative associ-
ation in Asia.32 Our study includes the population in the 
USA, whose diverse genetic background may play a role 
in the positive associations found.

The relationship between protein intake and T2DM 
risk has been a subject of significant investigation, with 
varying conclusions. High protein diets, especially those 
rich in animal protein, have been associated with an 
increased risk of T2DM in multiple studies. For example, 
research shows that a higher intake of red and processed 
meats can elevate the risk, likely due to the insulin resis-
tance induced by certain amino acids present in animal 
proteins.33 Evidence also supports the role of total 
protein intake in weight management, which is a crucial 
factor in T2DM prevention. High-protein diets can aid in 
weight loss and improve metabolic markers like fasting 
glucose and glycated haemoglobin (HbA1c) levels. This 
is especially relevant since weight loss is a key strategy in 
managing and preventing T2DM. However, the type of 
protein consumed plays a critical role, with plant proteins 
showing more favourable outcomes compared with 
animal proteins.34

Our findings align with existing literature, such as the 
study by Ma et al, which demonstrated that moderate 
alcohol consumption, particularly with meals, is associ-
ated with a lower risk of T2DM.35 Similarly, a nationwide 
cohort study highlighted the increased risk of T2DM 
associated with repeated binge drinking.36 On the other 
hand, a meta-analysis supports a dose-response relation-
ship between alcohol and T2DM, suggesting a nuanced 
interaction between consumption patterns and T2DM 
risk.37 Overall, these findings suggest that while alcohol 
consumption in moderation might reduce T2DM risk, 
other dietary factors and consumption patterns, such 
as binge drinking, play a critical role in modulating this 
risk. Beyond alcohol consumption, the growing body of 
research comparing machine learning and traditional 
statistical methods suggests that advanced predictive 
models may better capture the intricate web of lifestyle 
and metabolic interactions contributing to diabetes 

onset.38 In particular, community-based follow-up data 
have proven to enhance risk prediction, emphasising the 
importance of long-term dietary behaviours in metabolic 
health.39 Additionally, emerging evidence suggests that 
T2DM may not only be influenced by dietary factors but 
also by infectious disease interactions, with data mining 
approaches revealing significant associations between 
diabetes and SARS-CoV-2 outcomes.40 These findings 
reinforce the multifactorial nature of T2DM risk, where 
dietary patterns, disease susceptibility and predictive 
modelling advancements converge to shape our under-
standing and future prevention efforts.

Our study has limitations.1 Recall bias is a concern given 
that our data were extracted from NHANES data sets, and 
the information was self-reported in its entirety.2 41 The 
diagnosis of T2DM was based solely on the answer to a 
single question, without laboratory results for confirma-
tion.3 The use of NHANES data is limited to the popu-
lation of the USA, restricting the generalisability of 
our results.4 This is a cross-sectional study that did not 
take into consideration the progression of the disease.5 
Causality cannot be assessed due to the cross-sectional 
nature of the study; moreover, reverse causality is possible 
for some predictors.

CONCLUSION
Our study demonstrates the potential of machine 
learning models in predicting T2DM using non-invasive 
demographic, anthropometric, lifestyle and dietary 
factors. Among the five models tested, logistic regres-
sion exhibited the lowest cross-validation error, XGBoost 
demonstrated the highest predictive performance, 
consistent with prior studies that use this algorithm for 
complex data sets, while SVM showed the highest sensi-
tivity, suggesting that model selection should be tailored 
to specific screening objectives. SHAP analysis identified 
age, waist circumference and dietary sugar intake as the 
most influential predictors, reinforcing the importance 
of targeted interventions focusing on central obesity and 
dietary modifications.

From a clinical perspective, integrating machine 
learning-based risk prediction tools into routine 
screening could enable earlier identification of high-risk 
individuals, allowing for timely lifestyle interventions and 
personalised treatment strategies. These findings suggest 
that future research should explore real-world validation 
of these models in diverse populations and assess their 
effectiveness in guiding clinical decision-making. Addi-
tionally, refining machine learning approaches through 
threshold optimisation and hybrid modelling techniques 
could further enhance predictive accuracy and clinical 
applicability.

Ultimately, this study highlights the value of artificial 
intelligence in chronic disease screening and prevention, 
offering a data-driven framework to support precision 
medicine initiatives in diabetes care.
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