Supplementary Material
Before fitting the models, the sample was partitioned into training and testing datasets, with 70% allocated to the training dataset and 30% allocated to the testing dataset.
Classification Algorithms used:
a. Decision Tree: The algorithm constructs a tree-like model of decisions and their potential outcomes. This was accomplished by dividing the dataset into smaller subsets based on attribute values. Where nodes represent decisions and branches represent potential outcomes.
b. Random Forest: An extension of decision trees, random forests use multiple decision trees (created on sub-datasets), and the outputs are combined to provide a final output.
c. Logistic Regression: This linear model was used for binary classification problems. It modeled the probability of the binary output as a function of the input features using the logistic function. Which can be defined as follows: 

d. Support Vector Machines (SVM): The SVM algorithm aims to find the best hyperplane that separates the population into two classes: non-diabetic and pre-diabetic. This was done by maximizing the margin between each class's hyperplane and the proximal data points.
e. K-Nearest Neighbours (KNN): The KNN algorithm is based on k nearest data points, calculated by calculating the Euclidean distance between the test data point and all the other data points in the dataset. The k nearest data points were then selected based on the calculated distances, and their class labels were used to predict the test data point's diabetes.
f. Naïve Bayes: It is a probabilistic algorithm used to predict diabetes in people based on the probability of attributes. This was accomplished by figuring out the conditional probabilities of each attribute given the presence or absence of diabetes and multiplying those probabilities to get the overall probability. 
g. Gradient Boosting Classification: Decision trees are the fundamental learners in this ensemble learning technique. Here, decision trees were created sequentially, with each tree being trained to correct the errors of the one before it.
h. XGBoost: EXtreme Gradient Boosting is an ensemble learning algorithm that uses decision trees as base learners. The algorithm is designed to improve the performance of traditional gradient boosting by using a more regularized model and optimizing the objective function directly. Here, the objective function used was log loss
i. AdaBoost: Adaptive Boosting is an ensemble learning algorithm combining multiple weak learners to form a strong learner. The algorithm assigns a weight to each training instance in each iteration based on its classification error in the previous iteration. The algorithm then trains a new weak learner on the reweighted data and repeats the process until the desired number of weak learners is reached.
Model Evaluation
After fitting each model, the study evaluated the performance of each classification algorithm by calculating its accuracy, precision, recall, and F1-score, known as performance metrics, to evaluate the models based on the confusion matrix shown in Figure 4.
Figure 4: Confusion matrix
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a. Accuracy Score: the proportion of correctly classified instances (positives and negatives). That is higher the accuracy better the given algorithm performed:

b. Precision Score: the proportion of predicted positives that are correctly identified. That is, the given algorithm's ability to avoid predicting false positives. The formula for precision will be as follows:

c. Recall Score: Defined as the proportion of true positive cases that were correctly identified as such. That is the given algorithm's ability to correctly classify positive cases, also known as sensitivity. Mathematically, it can be written as:

d. F1-Score: This can be defined as the harmonic mean (HM) of precision and recall scores—value ranging from 0 to 1. A higher F1 score indicates a good balance between precision and recall for a given algorithm. The mathematical formulation would then be:

After evaluating the performance of each classification algorithm, the study has selected the best-performing one for our final prediction purposes.
Furthermore, the area under the Receiver Operating Characteristic curve (i.e., AUC-ROC) was used to evaluate the classification algorithms for model development. This is a plot of sensitivity (true positive rate) vs. 1-specificity (false positive rate), which measures the model's overall performance by calculating the area under that curve. Lastly, the optimum cut-offs with the highest importance of anthropometric features were selected using the AUC-ROC approach and the best-performing classification algorithm.
	Table S1: Variance inflation factor (VIFs) among the predictors used in the model

	Variables
	VIF

	Total Cholesterol 
	13.48

	Low-Density Lipoprotein
	9.42

	Waist Circumference
	8.22

	Waist-to-height Ratio
	7.21

	Mid-upper-arm Circumference
	4.53

	BMI
	3.34

	Iodine Deficiency
	3.20

	Subscapular Skinfold Thickness 
	2.98

	High-Density Lipoprotein 
	2.91

	Age
	2.48

	Triceps Skinfold Thickness 
	2.40

	Vitamin A Deficiency
	1.90

	Gender
	1.54

	Stunting 
	1.44

	Triglycerides 
	1.39

	Lipid Anomalies
	1.25

	Average Systolic Blood Pressure 
	1.24

	Average Diastolic Blood Pressure
	1.20

	Anaemia
	1.17

	Iron Deficiency
	1.15

	Folic Supplement 
	1.13

	Multivitamin Supplement 
	1.10

	Residence
	1.10

	Vitamin D Deficiency 
	1.10

	Caste
	1.10

	Religion
	1.08

	Vitamin B12 Deficiency
	1.07

	Folate Deficiency 
	1.06

	Clusters
	1.02

	Zinc Deficiency 
	1.02



Table S2: Confusion matrix for different classification algorithms in predicting pre-diabetes/diabetes (n=11446)
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	2.1.: Decision Tree

	2.2.: Random Forest
	2.3.: Logistic Regression
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	2.4.: Support Vector Machine

	2.5.: K-nearest Neighbour
	2.6.: Naïve Bayes Classifier
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	2.7.: Gradient Boosting Machine
	2.8.: XGBoost Classifier
	2.9.: AdaBoost Algorithm



