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Abstract

Selecting machine learning algorithms for clinical deployment demands comprehensive
evaluation beyond conventional performance metrics. While automated frameworks
simplify model generation, identifying algorithms suitable for real-world medical appli-
cations requires systematic assessment of learning dynamics, generalization stability, and
cross-subset reliability. This study addresses prediabetes prediction through a multi-stage
evaluation comparing automated machine learning frameworks, neural networks, gradient
boosting implementations (XGBoost, CatBoost, LightGBM), and specialized imbalance-
handling techniques. A questionnaire-based dataset with a substantial class imbalance was
analyzed through progressive evaluation stages: aggregate performance metrics, learning
curve analysis, minority class detection capability, and cross-subset generalization stability.
Linear Discriminant Analysis achieved maximum validation metrics in automated screen-
ing but exhibited flat learning curves, indicating an exhausted learning capacity. XGBoost
demonstrated optimal convergence dynamics with the highest validation performance
(0.749 AUC), yet suffered substantial validation-to-test degradation (5.9 percentage points).
CatBoost, despite inferior validation performance (0.696 accuracy), exhibited exceptional
cross-subset stability with minimal performance decline (0.2 percentage points) while
achieving a comparable test accuracy (0.694). CatBoost was selected for deployment based
on its superior generalization stability, demonstrating that a multi-dimensional evalua-
tion spanning aggregate metrics, learning dynamics, and cross-subset stability is essential
for identifying clinically deployable models, as validation performance alone provides
insufficient evidence for real-world applicability.

Keywords: machine learning model selection; prediabetes prediction; learning curve
analysis; generalization stability; gradient-boosting decision trees; clinical deployment;
class imbalance; healthcare machine learning

1. Introduction

The deployment of machine learning algorithms in clinical settings demands evalu-
ation far beyond conventional performance metrics. While automated machine learning
frameworks have simplified model generation, selecting algorithms for real-world medi-
cal applications requires comprehensive assessment of learning dynamics, generalization
stability, and cross-population reliability. Models selected solely on cross-validated ac-
curacy often fail when confronting distribution shifts across diverse clinical populations
and settings.
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Systematic analysis of training and validation performance trajectories reveals critical
model behaviors invisible in aggregate metrics. Learning curves expose memorization
patterns, convergence failures, and training-validation gaps that compromise real-world
applicability. Models exhibiting flat trajectories demonstrate exhausted capacity; those
with continuously diverging curves signal overfitting. Only algorithms with appropriate
convergence patterns (where training and validation performance stabilize with minimal
gaps) provide confidence for reliable clinical deployment. Healthcare’s stringent require-
ments for consistent performance across heterogeneous populations distinguish medical
prediction from domains where gradual degradation may be acceptable.

The problem of prediabetes prediction exemplifies the challenges inherent in devel-
oping robust clinical decision support systems. Prediabetes represents an intermediate
metabolic state characterized by impaired glucose regulation that precedes the develop-
ment of type 2 diabetes mellitus [1,2]. While various therapeutic interventions have been
developed over the past decades, including metformin [3] and glucagon-like peptide-1
receptor agonists [4], early identification remains critical for prevention strategies. Early
identification of individuals at elevated risk enables targeted lifestyle interventions and
closer monitoring that can prevent or delay progression to overt diabetes with its asso-
ciated complications [5,6]. Current estimates indicate 12.0% of the US population has
diabetes, with 115.2 million adults (>18 years) classified as prediabetic, positioning di-
abetes as the third most prevalent chronic disease nationally behind hypertension and
obesity [7-9]. However, the development of predictive models for prediabetes screening
confronts several characteristic challenges of medical prediction tasks, including substantial
class imbalance between healthy and at-risk populations, reliance on questionnaire-based
behavioral data rather than objective biomarkers, and the imperative to maintain per-
formance across diverse demographic groups and healthcare settings [10-15]. Machine
learning approaches have shown promise in diabetes prediction and diagnosis [16-19], com-
plication forecasting [20], and management through smart devices [21]. Recent applications
include retinal image analysis for undiagnosed diabetes detection [22], tissue characteriza-
tion in Type 1 diabetes [23], and medical imaging analysis [24], though limitations remain
in clinical deployment [25].

The fundamental question of how to systematically identify machine learning algo-
rithms suitable for clinical deployment is addressed through comprehensive multi-stage
evaluation that extends beyond conventional performance metrics. The study compares
multiple algorithmic approaches including automated machine learning frameworks, neu-
ral network architectures, gradient-boosting decision trees, and specialized imbalance-
handling techniques, subjecting each candidate to rigorous assessment spanning aggre-
gate performance metrics, learning curve analysis, minority class detection capability,
and cross-subset generalization stability. This methodological progression deliberately
mirrors the decision process required for responsible clinical deployment, where initial
screening based on validation performance must be supplemented by deeper investiga-
tion of learning dynamics and generalization patterns before committing to real-world
implementation [26-28].

1.1. Novelty and Contribution

The novelty of this study lies in its evaluation framework rather than in the use of any
single algorithm. For structured tabular clinical data, newer or more complex models are
not inherently superior; algorithm selection should be based on data characteristics and
methodological rigor rather than algorithmic recency [29,30].

This work shows that strong aggregate metrics alone are insufficient for clinical model
selection. Learning curves and performance across training, validation, test, and external
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subsets help identify memorization, overfitting, instability, and possible leakage that may
remain hidden behind high cross-validated accuracy. Recent diabetes prediction studies
exemplify this concern, reporting strong classification performance without demonstrating
convergence patterns, training-validation gaps, or cross-subset stability [10,31-34]; when
training health is not established, such aggregate metrics should be interpreted cautiously
as potentially inflated [35,36]. Unlike standard model-selection pipelines that terminate
after cross-validation or hold-out testing, this framework explicitly requires demonstra-
tion of healthy learning dynamics through training curve analysis and quantification of
validation-to-test stability before recommending deployment. While individual compo-
nents such as learning curve inspection and cross-validation are established techniques,
their systematic integration into a sequential elimination process specifically designed for
clinical deployment decisions represents the methodological contribution of this work. Ac-
cordingly, this study provides a replicable multi-stage framework combining conventional
metrics, learning dynamics, minority-class performance, and cross-subset generalization
stability to distinguish apparently high-performing models from those that are genuinely
suitable for deployment.

1.2. Study Objectives

The optimal machine learning algorithm for prediabetes prediction is identified through
multi-stage evaluation encompassing: (1) aggregate performance metrics, (2) learning dy-
namics analysis, (3) minority class detection, and (4) cross-subset generalization stability.
Automated machine learning frameworks, neural networks, gradient boosting implementa-
tions, and imbalance-handling techniques are systematically compared to determine which
combination of predictive capability and generalization stability best supports clinical de-
ployment. This methodology demonstrates why learning curve analysis and cross-subset
validation are vital for detecting model limitations (memorization, convergence failures,
unstable generalization) that remain invisible in conventional cross-validation metrics, pro-
viding a replicable framework for evaluating medical prediction models where deployment
reliability supersedes peak validation performance.

2. Methods

The study utilized a questionnaire-based dataset comprising responses from non-
diabetic and prediabetic individuals regarding lifestyle patterns, including physical activity,
occupational factors, and health behaviors [37]. The dataset exhibits class imbalance, with
non-diabetic individuals substantially exceeding prediabetic cases. The dataset comprises
16,137 respondents, with 10,078 (62.5%) classified as non-diabetic and 6059 (37.5%) as
prediabetic. The sample is balanced by sex (49.9% male, 50.1% female) with a mean age of
42.1 years (SD = 11.0, range: 19-60). All respondents were employed at the time of survey
completion. Respondents provided information on demographic characteristics (sex, age),
anthropometric measurements (weight: mean 66.1 kg, SD 13.0; height: mean 166.2 cm,
SD 8.8), occupational status, and physical activity levels including walking frequency
(mean 3.85 days/week), strength training (mean 0.80 days/week), and work- and leisure-
related physical activity. No missing values were present in the analytic sample. Potential
sources of bias include self-reported behavioral data, which may be subject to recall bias
and social desirability effects, and the restriction to employed individuals, which may
limit generalisability to unemployed or economically inactive populations. To address
this imbalance, multiple training strategies incorporating algorithmic modifications and
data resampling techniques were employed. The methodological approach was structured
into multiple phases, each designed to evaluate different aspects of machine learning
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performance on the prediabetes prediction task. The experimental framework can be
visualized as shown in Figure 1.

XGBoost
Random Forest
Questionnaire Data Tree-Based LightGBM
Dataset 7 N 7 Models — Extra Trees
Decision Tree
\ CatBoost
MLP
PyCaret
— Neural Network
RUSBoost
~ Imbalance
no SMOTE . Handling
(Baseline) with SMOTE J/

| | Model Evaluation
Learning Dynamics

Figure 1. Machine learning workflow diagram illustrating the multiple training approaches em-
ployed in this study. The dataset undergoes preprocessing before being applied to five distinct
methodological approaches, all of which are ultimately evaluated through learning curve analysis.

2.1. Elementary Principles of Model Selection

The selection of machine learning algorithms must be guided by fundamental princi-
ples matching algorithmic architectures to data characteristics, rather than assumptions
that newer or more complex methods are universally superior. This principle is particularly
critical in medical informatics, where inappropriate algorithm selection can compromise
both predictive performance and clinical interpretability.

2.1.1. Data Modality Determines Algorithmic Suitability

Machine learning data broadly categorizes into two distinct modalities: “unstructured
data” (images, text, audio, video) and ‘structured tabular data’ (spreadsheets, databases,
questionnaire responses). These modalities possess fundamentally different characteristics
that determine which algorithmic families are most appropriate [29,30].

Deep learning architectures (including convolutional neural networks (CNNs), recur-
rent neural networks (RNNs), and transformers) achieve remarkable success on unstruc-
tured data because they excel at automatically learning hierarchical feature representations
from raw, high-dimensional inputs where spatial or sequential relationships encode mean-
ingful patterns [38]. Images contain pixel-level correlations across spatial neighborhoods;
text contains semantic dependencies across token sequences. Deep learning’s inductive
biases align naturally with these data structures.

Structured tabular data, conversely, presents fundamentally different characteristics:
heterogeneous feature types (continuous, categorical, ordinal), no inherent spatial or se-
quential ordering among features, complex non-linear interactions that do not follow
hierarchical patterns, and relatively modest dimensionality compared to image or text data.
The questionnaire-based prediabetes prediction task in this study exemplifies classical tab-
ular data, comprising categorical responses (occupation, lifestyle behaviors) and numeric
values (physical activity metrics) without any spatial, temporal, or sequential structure that
deep learning architectures are designed to exploit.
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2.1.2. Empirical Evidence for Tree-Based Superiority on Tabular Data

Extensive empirical research demonstrates that gradient-boosting decision trees (GB-
DTs) consistently match or outperform deep learning approaches on tabular datasets.
Grinsztajn et al. [29] conducted comprehensive benchmarks across 45 tabular datasets and
concluded that tree-based ensembles represent the most reliable choice for medium-sized
tabular datasets, particularly those with fewer than 10,000 observations. Shwartz-Ziv
and Armon [30] similarly demonstrated that XGBoost and other tree-based models out-
perform deep neural networks on most tabular benchmarks. Domain-specific evidence
reinforces this recommendation; Arslan et al. [39] demonstrated that tree-based boosting
approaches achieve strong predictive performance for type 2 diabetes mellitus prediction
using metabolomics data, with KTBoost attaining an AUC of 0.965. Similarly, Jose et al. [40]
employed PyCaret-based automated machine learning for diabetes-related cardiovascular
risk prediction, finding that the light gradient boosting machine classifier exhibited particu-
lar effectiveness as measured by the Kappa statistic and Matthews correlation coefficient.

It should be noted that recent advances in deep learning architectures specifically
designed for tabular data, such as TabNet and TabTransformer [41-43], have shown com-
petitive performance with tree-based methods in certain settings, particularly on very
large datasets or when transfer learning is beneficial [44]. The present recommendation
for tree-based methods applies specifically to medium-sized clinical datasets like the one
examined here, and practitioners should evaluate deep learning alternatives when dataset
size or transfer learning requirements differ substantially [45-47].

Deep neural networks, by contrast, assume smooth, differentiable relationships and
benefit from homogeneous, high-dimensional inputs where learned representations provide
advantages over hand-crafted features [48]. Table 1 summarizes the alignment between
data modalities and algorithmic families based on current empirical evidence.

Table 1. Algorithm suitability by data modality. Recommendations based on empirical benchmarks
from Grinsztajn et al. [29] and Shwartz-Ziv and Armon [30].

Data Type Recommended Algorithms Deep Learning Advantage
Images CNNs, Vision Transformers Strong

Text Transformers, RNNs Strong
Audio/Speech CNNs, RNNs, Transformers Strong
Structured Tabular GBDTs (XGBoost, CatBoost, LightGBM) Weak /None

Time Series (short) GBDTs, Classical ML Moderate

2.1.3. The Fallacy of Algorithmic Recency

A common misconception equates algorithmic novelty with universal superiority.
This “newer is better” assumption fundamentally misunderstands that machine learning
algorithms embody specific inductive biases optimized for particular data characteristics.
Gradient boosting methods (XGBoost, 2016; LightGBM, 2017; CatBoost, 2018) are not
outdated predecessors to deep learning but rather represent a distinct algorithmic paradigm
purpose-built for tabular prediction tasks [49-51].

The appropriate question is not “Which algorithm is most advanced?” but rather
“Which algorithm’s inductive biases best match the data characteristics?” For the structured
questionnaire data in prediabetes prediction (comprising categorical lifestyle variables and
numeric health indicators without spatial, sequential, or hierarchical structure) gradient-
boosting decision trees represent the methodologically correct choice based on established
machine learning principles, not a limitation to be overcome through adoption of architec-
turally inappropriate alternatives.
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2.2. Automated Machine Learning with PyCaret

Initial model development employed the PyCaret library for automated comparison of
multiple machine learning architectures [40]. Two experiments were conducted: (1) baseline
analysis on the original imbalanced dataset, and (2) analysis with Synthetic Minority Over-
sampling Technique (SMOTE) applied to the training data. SMOTE generates synthetic
minority class samples along line segments connecting existing instances to their nearest
neighbors, addressing class imbalance without simple duplication [52-54]. The complete
PyCaret workflow is detailed in Algorithm Al.

Table 2 presents the PyCaret configuration parameters. Normalization was enabled
for feature scaling, session ID set to 42 for reproducibility, and an 80-20 train-test split
was employed. Sixteen machine learning algorithms were evaluated using stratified cross-
validation, including linear models, ensemble methods, probabilistic classifiers, support
vector machines, and neural networks. Performance metrics included accuracy, AUC-ROC,
recall, precision, F1-score, Cohen’s kappa, and Matthews correlation coefficient.

Table 2. PyCaret setup configuration parameters.

Parameter Value/Setting

Target Variable diabetes

Session ID 42

Normalization True

Train-Test Split Ratio 0.80/0.20

Verbose Output False

Data Type Excel spreadsheet (.xlsx)

Automatic
Default (10-fold)

Preprocessing Strategy
Cross-Validation Folds

2.3. Multi-Layer Perceptron Architecture

A Multi-Layer Perceptron (MLP) was implemented using scikit-learn’s MLPClassifier
to evaluate deep learning performance on the tabular data. The architecture employs
multiple hidden layers with ReLU activation functions and L2 regularization to learn
non-linear feature interactions while preventing overfitting. Table 3 presents the MLP
configuration, including preprocessing, data splitting, SMOTE application, and architecture
hyperparameters. The architecture used 128 and 64 neurons in two hidden layers, ReLU
activation, Adam optimizer (learning rate = 0.001), L2 regularization (alpha = 0.0001),
and early stopping to prevent overfitting. The complete training procedure is formalized in
Algorithm A2.

Table 3. Multi-layer perceptron hyperparameters and configuration.

Component Parameter Value
Train-Validation-Test Ratio 60-20-20
- Stratification Yes
Data Splitting Random State 42
Test Size (Initial Split) 04
Numeric Features StandardScaler
Preprocessing Categorical Features OneHotEncoder
Handle Unknown Categories Ignore
Application Training Set Only
SMOTE Number of Neighbors 5
Random State 42
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Table 3. Cont.

Component Parameter Value
Hidden Layer Sizes (128, 64)
Activation Function ReLU
Solver Adam

. L2 Regularization (alpha) 0.0001

MLP Architecture Initial Learning Rate 0.001
Maximum Iterations 500
Early Stopping True
Validation Fraction 0.1

2.4. Gradient Boosting Decision Trees

Gradient-boosting decision trees (GBDTs) were evaluated due to their strong per-
formance on tabular data and ability to handle mixed data types without extensive
preprocessing [39,40,55,56]. GBDTs sequentially build ensembles of weak learners where
each tree corrects errors from previous trees.

Multiple GBDT implementations were assessed: XGBoost (three configurations: class
weighting with threshold optimization, class weighting only, and default), LightGBM, Cat-
Boost, Random Forest, Extra Trees, and single Decision Tree. XGBoost variants tested different
imbalance-handling strategies to evaluate their impact on minority class performance.

Extra Trees extends the Random Forest concept by introducing additional randomness
in both sample selection and feature split selection, potentially improving generalization at
the cost of slightly increased bias [57,58]. A single Decision Tree was also evaluated to assess
the performance of non-ensemble tree-based methods and provide context for understanding
the performance gains achieved through ensemble techniques. Each of these tree-based
approaches offers distinct advantages and trade-offs in terms of training speed, memory
efficiency, interpretability, and predictive performance, making comprehensive comparison
essential for identifying the most suitable approach for the prediabetes prediction task.

Table 4 presents common configuration parameters for tree-based models. Prepro-
cessing included median imputation for missing values and numeric feature selection.
Stratified train-test splitting maintained class distribution ratios. Learning curves were
analyzed to identify underfitting, overfitting, and convergence patterns. Three XGBoost
variants compared imbalance-handling strategies: class weighting with threshold optimiza-
tion, class weighting only, and default configuration. The complete training and evaluation
workflow for all tree-based models is presented in Algorithm A3.

Table 4. Common configuration parameters for tree-based models.

Component Parameter Value
Missing Value Strategy Median Imputation
Data Preprocessin Feature Selection Numeric Features Only
p & Target Variable diabetes (binary)
Missing Target Handling ~ Drop rows
Train-Test Ratio 80-20
Data Splitting Stratification Yes
Random State 42
Strategy StratifiedKFold
Cross-Validation Number of Folds 5
Shuffle True
Scoring Metric Accuracy

Learning Curves Training Sizes

Parallel Jobs

8 points (0.1 to 1.0)
—1 (all cores)
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Table 4. Cont.

Component Parameter Value
XGBoost Class weighting + threshold optimization
XGBoost Class weighting only
XGBoost Default configuration
Random Forest Default configuration

Models Evaluated LightGBM Default configuration
Extra Trees Default configuration
Decision Tree Default configuration
CatBoost Default configuration

2.5. Imbalance-Specific Learning with RUSBoost

RUSBoost combines Random Under-Sampling with AdaBoost to address class im-
balance. In each boosting iteration, RUSBoost randomly removes majority class instances
before training the weak learner, ensuring each base classifier trains on more balanced
data while maintaining adaptive weighting [59,60]. RUSBoost was implemented using
the imbalanced-learn library with Decision Tree base estimators. Hyperparameter opti-
mization employed stratified 5-fold cross-validation with F1-score as the evaluation metric.
Table 5 presents the search space and optimal configuration.

Table 5. RUSBoost hyperparameter configuration and search space for prediabetes prediction.
The optimal configuration was selected through stratified 5-fold cross-validation with F1-score as the
evaluation metric. All experiments utilized a fixed random state of 42 to ensure reproducibility.

Parameter Search Space Optimal Value
Number of Estimators [100, 200] 100

Learning Rate [0.05,0.1] 0.05

Base Estimator Decision Tree Decision Tree
Maximum Tree Depth [5, 10] 5

Minimum Samples per Leaf [5,10] 10
Cross-Validation Strategy Stratified K-Fold K=5
Optimization Metric F1-Score —*

Random State 42 42

Note: *No optimal value applies; F1-Score is the criterion used to evaluate and rank hyperparameter configurations,
not a parameter being optimized.

Preprocessing included StandardScaler for numerical features and one-hot encod-
ing for categorical features. Data were split 60-20-20 for training, validation, and test
sets using stratified sampling. The final RUSBoost model was trained on the original
imbalanced dataset without SMOTE, leveraging RUSBoost’s integrated under-sampling
mechanism. The algorithmic workflow for RUSBoost training and evaluation is presented
in Algorithm A4. This pseudocode outlines the complete process from data preparation
through model evaluation, highlighting the key steps involved in implementing RUSBoost
for imbalanced classification tasks. Model evaluation included standard classification
metrics (accuracy, precision, recall, F1-score) and threshold optimization on the valida-
tion set. Feature importance was computed using weighted scores across the ensemble,
and confusion matrices quantified classification errors.

2.6. Model Training and Evaluation Framework

All models were trained using stratified train-test splits with appropriate regulariza-
tion and cross-validation. Learning curves were analyzed to identify underfitting and
overfitting patterns by plotting performance metrics as a function of training set size.
Models with unstable learning curves or large training-validation gaps were considered
unsuitable for deployment regardless of aggregate accuracy [35,36]. This selection criterion
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reflects a principled distinction between development-phase performance and deployment-
phase reliability. The multi-stage evaluation framework employed in this study, which
integrates learning curve convergence, training-validation gap assessment, minority class
performance, and validation-to-test stability, aligns with the U.S. Food and Drug Admin-
istration’s guidance on trustworthy artificial intelligence in biological products, which
explicitly requires demonstration of healthy learning dynamics as a prerequisite for deploy-
ment consideration [61]. While formal consensus standards for machine learning model
selection in clinical applications are still evolving, regulatory frameworks increasingly rec-
ognize that aggregate performance metrics alone are insufficient and that evidence of stable,
convergent learning behavior is necessary for deployment readiness. The transition from
model development to clinical implementation requires systematic assessment of factors
beyond aggregate performance, including interpretability and deployment stability [62].
This methodological approach aligns with prior implementations of regulatory-concordant
evaluation pipelines for clinical prediction models [63]. Standard metrics such as AUC
or accuracy measured on validation sets answer the question “Which model performs
best under idealised evaluation conditions?” However, for clinical deployment, the rel-
evant question is “Which model will perform reliably when encountering distribution
variations in practice?” Within this framework, no single indicator is sufficient in isolation;
rather, the convergent evidence from multiple complementary analyses informs model
selection. A model achieving marginally higher validation AUC but exhibiting problematic
learning dynamics (such as flat or diverging curves), large training-validation gaps, or
a large validation-to-test performance drop demonstrates characteristics that undermine
confidence in deployment stability. Conversely, a model exhibiting healthy convergence pat-
terns, acceptable training-validation gaps, adequate minority class detection, and smaller
validation-to-test discrepancy provides convergent evidence of robust behavior across
the evaluated conditions. Although such internal stability cannot substitute for external
validation, alignment of multiple favorable indicators supports a reasoned model selec-
tion decision when external data are not yet available, identifying candidates warranting
subsequent external validation rather than establishing deployment readiness. Aggregate
performance metrics alone are insufficient for clinical model selection when training health
and cross-subset stability have not been established. Performance evaluation included
accuracy, precision, recall, F1-score, AUC-ROC, and confusion matrices. Emphasis was
placed on metrics reflecting performance on both classes and on models demonstrating
stable generalization patterns suitable for clinical deployment.

Validation strategies varied across the multi-stage evaluation framework according
to the methodological requirements of each algorithmic family. PyCaret employed its
default automated pipeline with 80-20 train-test splitting and 10-fold cross-validation to
represent typical automated machine learning usage. Models requiring explicit validation
sets for early stopping or hyperparameter tuning (MLP, RUSBoost) employed three-way
splitting (60-20-20) to prevent information leakage from the test set into model selection de-
cisions. Tree-based models employed 80-20 splitting with 5-fold stratified cross-validation.
These differences reflect the distinct computational and optimization requirements of
each algorithmic approach rather than arbitrary methodological inconsistency. The initial
screening stages served to identify promising candidates using each method’s standard
configuration; models failing to demonstrate healthy learning dynamics or acceptable per-
formance were eliminated regardless of validation strategy. Crucially, the final comparative
evaluation between the two surviving candidate models employed identical data parti-
tions, cross-validation procedures, and evaluation metrics, ensuring that the deployment
recommendation is based on directly comparable results under matched conditions.
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3. Results

The results are presented in four progressive stages that reflect the multi-dimensional
evaluation framework employed in this study. First, automated model screening using
PyCaret establishes baseline performance across sixteen machine learning algorithms with
and without SMOTE-based class balancing. Second, learning curve analysis of direct
training approaches reveals critical model behaviors (including memorization, convergence
failures, and training-validation gaps) that remain invisible in aggregate performance
metrics. Third, the RUSBoost imbalance-handling approach is evaluated through systematic
learning curve analysis across multiple training configurations. Finally, comprehensive
test set evaluation compares the two most promising candidates (XGBoost and CatBoost)
through confusion matrices and cross-subset stability assessment, ultimately identifying
the model most suitable for clinical deployment based on generalization reliability rather
than peak validation performance.

3.1. Automated Model Screening with PyCaret

Table 6 presents performance metrics for sixteen machine learning algorithms evalu-
ated with and without SMOTE. Highlighted cells indicate maximum values for each metric.
Linear Discriminant Analysis (LDA) with SMOTE achieved maximum values for four met-
rics: AUC (0.7490), Recall (0.7312), F1-score (0.6284), and MCC (0.3614). Without SMOTE,
LDA achieved maximum accuracy (0.6990), while other maximum values were distributed
across different models.

Table 6. Performance comparison of PyCaret models with and without SMOTE. Highlighted cells
represent maximum values achieved for each respective performance metric.

Model SMOTE Acc. AUC Recall Prec. F1 Kappa MCC
GBC Yes 0.6914 0.7436 0.6346 0.5815 0.6068 0.3536 0.3546
No 0.6946 0.7442 0.5411 0.6042 0.5709 0.3350 0.3362
CatBoost Yes 0.6900 0.7384 0.5484 0.5944 0.5703 0.3285 0.3292
No 0.6906 0.7399 0.5129 0.6034 0.5544 0.3199 0.3224
LightGBM Yes 0.6892 0.7353 0.5581 0.5911 0.5740 0.3297 0.3301
No 0.6904 0.7381 0.5218 0.6010 0.5584 0.3220 0.3240
AdaBoost Yes 0.6851 0.7389 0.6185 0.5749 0.5957 0.3384 0.3392
No 0.6945 0.7440 0.4968 0.6152 0.5496 0.3225 0.3267
RE Yes 0.6820 0.7258 0.5451 0.5817 0.5627 0.3133 0.3138
No 0.6825 0.7284 0.4871 0.5938 0.5350 0.2976 0.3010
XGBoost Yes 0.6808 0.7156 0.5308 0.5824 0.5553 0.3073 0.3081
No 0.6754 0.7150 0.5063 0.5771 0.5392 0.2904 0.2920
IR Yes 0.6769 0.7488 0.7188 0.5537 0.6255 0.3497 0.3590
No 0.6976 0.7491 0.4941 0.6226 0.5508 0.3274 0.3325
LDA Yes 0.6754 0.7490 0.7312 0.5511 0.6284 0.3502 0.3614
No 0.6990 0.7490 0.4999 0.6238 0.5549 0.3318 0.3364
Ridge Yes 0.6753 0.7490 0.7312 0.5509 0.6283 0.3499 0.3611
No 0.6977 0.7490 0.4873 0.6250 0.5475 0.3258 0.3315
ET Yes 0.6718 0.7168 0.5174 0.5691 0.5419 0.2871 0.2880
No 0.6763 0.7163 0.4663 0.5868 0.5195 0.2803 0.2846
SVM Yes 0.6663 0.7326 0.6885 0.5452 0.6076 0.3245 0.3320
No 0.6858 0.7323 0.4809 0.6029 0.5337 0.3018 0.3068
NB Yes 0.6460 0.7033 0.6973 0.5213 0.5966 0.2927 0.3027
No 0.6799 0.7206 0.5645 0.5751 0.5697 0.3149 0.3150
KNN Yes 0.6176 0.6508 0.5768 0.4922 0.5311 0.2117 0.2137
No 0.6468 0.6597 0.4702 0.5339 0.4999 0.2287 0.2298
DT Yes 0.6083 0.5874 0.5032 0.4795 0.4910 0.1730 0.1732
No 0.6049 0.5813 0.4863 0.4748 0.4804 0.1618 0.1619
QDA Yes 0.5574 0.5579 0.4867 0.4425 0.4128 0.0845 0.0966
No 0.5429 0.5499 0.5339 0.4259 0.4404 0.0798 0.0867

Note: GBC = Gradient Boosting Classifier; CatBoost = CatBoost Classifier; LightGBM = Light Gradient Boosting
Machine; AdaBoost = Ada Boost Classifier; RF = Random Forest Classifier; XGBoost = Extreme Gradient Boosting;
LR = Logistic Regression; LDA = Linear Discriminant Analysis; Ridge = Ridge Classifier; ET = Extra Trees
Classifier; SVM = Support Vector Machine—Linear Kernel; NB = Naive Bayes; KNN = K Neighbors Classifier; DT
= Decision Tree Classifier; QDA = Quadratic Discriminant Analysis.
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3.2. Learning Curve Analysis: Direct Training Approaches

Figure 2 shows learning dynamics for all evaluated models. LDA exhibits flat training
and validation curves at approximately 0.699-0.703 with no learning progression. Flat learn-
ing curves, where both training and validation performance remain constant regardless
of training set size, indicate that additional training examples did not improve predictive
capability within the evaluated sample size range. This observation does not, in isolation,
demonstrate complete absence of learning capacity; the model may have acquired useful
representations from minimal data that additional examples could not improve upon.
However, when interpreted within the multi-stage evaluation framework employed in this
study, flat curves represent one indicator among several that collectively inform model
assessment. LDA'’s flat curves indicate that the model’s performance is largely determined
by its initial parameterisation and is unresponsive to additional training data within the
range examined. Combined with LDA’s modest absolute performance (approximately
70% accuracy) and its failure to demonstrate the convergence dynamics observed in better-
performing models, this pattern suggests limited potential for improvement through data
augmentation on this task. For clinical deployment, this represents a notable limitation
because it suggests the model would be unlikely to benefit from larger training datasets,
though determining whether this reflects inherent algorithmic constraints or task-specific
characteristics would require evaluation across multiple datasets.

1—— " N " —@— XGBoost Train
~~~~~ ... —@— XGBoost Valid
Te~al —Jl— Random Forest Train
Random Forest Valid
—a&— Decision Tree Train
Decision Tree Valid
—4— Extra Trees Train
Extra Trees Valid
= ®=- LightGBM Train
LightGBM Valid
- @- CatBoost Train
CatBoost Valid
__________ ==@« MLP Train
........ SIS ECEL L | MLP Valid

- 34+ LDA Train
Start . . End LDA Valid
Training Progression

<
O
I
]
]
L 2

~ -
-
-~
-

Performance Score

Figure 2. Comparative learning curves showing training and validation performance progression.
Tree-based models (Random Forest, Decision Tree, Extra Trees) exhibit flat curves at 1.0 indicating
memorization; MLP shows non-convergent behavior with continuously rising curves; LightGBM
demonstrates incomplete training with large training-validation gap. XGBoost and CatBoost display
convergence and plateau dynamics consistent with healthy learning, with XGBoost showing the
most favorable validation performance (0.749) and smallest training-validation gap (0.016) among
evaluated models.

Random Forest, Decision Tree, and Extra Trees show flat training curves at 1.0, indi-
cating memorization. MLP displays non-convergent behavior with continuously rising
curves (training: 0.636 — 0.805; validation: 0.602 — 0.718). LightGBM shows incomplete
learning with a 0.16 training-validation gap. CatBoost demonstrates convergence with
training decreasing (0.87 — 0.729) and validation increasing (0.675 — 0.696), yielding a
0.033 gap. XGBoost exhibits favorable learning dynamics: training descends (0.85 — 0.765),
validation ascends (0.73 — 0.749), with a minimal 0.016 gap and highest validation perfor-
mance among evaluated models (0.749). XGBoost performance differed between PyCaret
and direct training implementations. PyCaret yielded accuracy of 0.6808 (with SMOTE)
and AUC of 0.7156. Direct training achieved validation AUC of 0.749, representing a
4.7% improvement.
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3.3. Learning Curve Analysis: RUSBoost Approach

Learning curves were generated for all models to assess performance as a function of
training data availability. The learning curve analysis systematically varied the amount
of training data used for model fitting while maintaining fixed validation and test sets.
The methodology progressively increased the proportion of the training partition utilized,
starting from small fractions and incrementing to the complete training set. This progres-
sive expansion occurred exclusively within the designated training portion of the data.
The validation and test sets remained completely separate and untouched throughout the
entire learning curve generation process, ensuring unbiased performance estimation at
each training size increment.

Figure 3 illustrates learning curves obtained from the RUSBoost model using three
different training data proportions: 70%, 80%, and 90% of the available training data.
The learning curve analysis employed stratified 5-fold cross-validation at each training size
to generate robust performance estimates. Each set of curves (corresponding to one training
proportion) displays training F1-score decreasing as more training samples are utilized,
while cross-validation F1-score increases with additional training data, demonstrating how
model performance improves when trained on progressively larger subsets of the training
partition. Convergence of the two curves occurs at approximately 6000 to 8000 training
samples across all three training proportions, with relatively small gaps between training
and validation performance at the largest training set sizes.

1 1

0.75 |- * —@— Training (Exp 1)
., —- Validation (Exp 1)
. - #4- Training (Exp 2)

.. - 4- Validation (Exp 2)
o 071 * - Training (Exp 3)
§ -+ Validation (Exp 3)
—
=~
0.65 |- i

| |
0.2 0.4 0.6 0.8 1 1.2
Training Samples 104

Figure 3. Learning curves for RUSBoost demonstrating inconsistent learning dynamics across
three data proportions from the same training session: 70% (Exp 1), 80% (Exp 2), and 90% (Exp 3).
Exp 2 appears to show healthy convergence (validation gain of 0.038), while Exp 1 reveals a problem-
atic flat validation curve (gain of only 0.013). This inconsistency within a single model exemplifies
how cherry-picking the most favorable experimental configuration (Exp 2) while minimizing dis-
cussion of concerning results (Exp 1) can create a misleading impression of model stability and
deployment readiness. The variability suggests fundamental training instability rather than robust
performance suitable for clinical applications.

The inconsistent learning dynamics observed across multiple training configurations
within the same RUSBoost model revealed fundamental instability unsuitable for clinical
deployment. While Experiment 2 appeared to demonstrate healthy convergence with a
validation gain of 0.038, Experiment 1 exhibited a problematic flat validation curve with
minimal learning (gain of only 0.013). This substantial variability across different data
proportions from identical training sessions indicates that RUSBoost’s performance is highly
sensitive to specific data configurations rather than reflecting robust, generalizable learning.
Most concerning, the validation F1 scores across all three experiments remained below 0.626,
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substantially lower than the validation performance achieved by both XGBoost (0.749 AUC)
and CatBoost (0.696 accuracy) in direct training approaches. The combination of training
instability, configuration sensitivity, and inferior validation performance led to RUSBoost’s
elimination from final consideration. Moreover, RUSBoost’s validation set performance
is lower than both XGBoost and CatBoost, further confirming the unsuitability of this
approach for clinical deployment. Subsequent evaluation therefore focused exclusively
on the two algorithms demonstrating both acceptable learning dynamics and superior
validation performance: XGBoost and CatBoost.

3.4. Statistical Comparison of CatBoost and XGBoost

To determine whether the observed performance differences between CatBoost and
XGBoost exceed sampling variability, three complementary statistical analyses were
conducted: McNemar’s test for paired classification disagreements, bootstrap confi-
dence intervals on accuracy and AUC differences, and paired t-tests on cross-validation
fold accuracies.

McNemar’s test examines whether two classifiers make errors on different subsets of
instances. Among the 3,228 test samples, 167 instances were correctly classified by XGBoost
but incorrectly by CatBoost, while 213 instances showed the reverse pattern. The resulting
chi-squared statistic was 5.33 (p = 0.021), indicating that the classifiers exhibit significantly
different error patterns at the & = 0.05 level.

Bootstrap resampling (10,000 iterations) was employed to construct 95% confi-
dence intervals on performance metric differences. The observed accuracy difference
(CatBoost — XGBoost) was 0.0143, with a 95% confidence interval of [0.0025, 0.0257].
Because this interval excludes zero, the accuracy advantage of CatBoost is statisti-
cally significant. Similarly, the observed AUC difference was 0.0188 (CatBoost: 0.7394;
XGBoost: 0.7206), with a 95% confidence interval of [0.0107, 0.0270], again excluding zero
and confirming a significant discriminative performance advantage for CatBoost.

Paired t-tests on 5-fold cross-validation accuracies provided additional confirmation.
CatBoost achieved a mean CV accuracy of 0.6897 (SD = 0.0067) compared to XGBoost’s
0.6768 (SD = 0.0090). The paired t-test yielded #(4) = 7.62 (p = 0.0016), with a 95% confi-
dence interval on the mean difference of [0.0082, 0.0175]. Figure 4 and Table 7 summarize
these findings.

Table 7. Statistical comparison of CatBoost versus XGBoost performance. All tests indicate statistically
significant superiority of CatBoost at @ = 0.05.

Metric XGBoost CatBoost Difference [95% CI]  p-Value
Test Accuracy 0.6778 0.6921 0.014 [0.003, 0.026] 0.0212
Test AUC 0.7206 0.7394 0.019 [0.011, 0.027] <0.001P

CV Accuracy (mean + SD)  0.677 £ 0.009  0.690 £ 0.007 0.013 [0.008, 0.018] 0.002 ¢
a McNemar's test; P Bootstrap (10,000 iterations); © Paired t-test (5 folds)

Collectively, these analyses suggest that the observed performance differences between
CatBoost and XGBoost are unlikely to be attributable solely to sampling variability. The pref-
erence for CatBoost as the candidate for further evaluation is supported by statistically
significant differences across multiple complementary tests and metrics, providing prelimi-
nary evidence that this advantage may replicate in independent samples drawn from similar
populations, though external validation remains necessary to confirm generalizability.
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Figure 4. Forest plot of performance differences between CatBoost and XGBoost with 95% confidence
intervals. Accuracy and AUC differences were estimated via bootstrap resampling (10,000 iterations);
CV accuracy difference was estimated via paired t-test across five folds. The dashed vertical line rep-
resents zero (no difference). All intervals exclude zero, indicating CatBoost significantly outperforms
XGBoost across all metrics.

3.5. Model Calibration Assessment

Beyond discriminative performance, the clinical utility of a predictive model depends
on whether predicted probabilities accurately reflect true outcome frequencies. Calibration
analysis was conducted to assess this property for both CatBoost and XGBoost (Figure 5).
Calibration curves were constructed by binning test set predictions into deciles based on
predicted probability, then plotting the mean predicted probability against the observed pro-
portion of prediabetic cases within each bin. Perfect calibration corresponds to the diagonal
reference line, where predicted probabilities exactly match observed outcome rates.

1 T T 7
09 =~~~ Perfect calibration .
—@— XGBoost (Brier=0.208, ECE=0.065) e
0.8 - —B- CatBoost (Brier=0.197, ECE=0.037)

4

0.7
0.6
0.5
0.4
0.3
0.2
0.1

0

Observed Proportion
(Fraction of Positives)

| | | |
0 0.2 0.4 0.6 0.8 1
Mean Predicted Probability

Figure 5. Calibration curves comparing CatBoost and XGBoost predicted probabilities to observed
prediabetes proportions. The dashed diagonal represents perfect calibration where predicted proba-
bilities equal observed outcome frequencies. Points represent decile bins of predicted probabilities.
CatBoost (blue squares) demonstrates superior calibration with lower Brier score (0.197 vs. 0.208)
and substantially lower expected calibration error (ECE = 0.037 vs. 0.065, a 43% reduction). XGBoost
(orange circles) shows systematic underestimation of observed risk at higher predicted probabil-
ities (>0.7), with predictions plateauing around 0.67-0.69 observed proportion regardless of pre-
dicted probability, whereas CatBoost maintains appropriate calibration with observed proportions
reaching 0.79 at the highest prediction decile.

Visual inspection of the calibration curves reveals that both models demonstrate rea-
sonable calibration in the lower probability range (0.0-0.5), with curves closely tracking the
diagonal. However, notable differences emerge at higher predicted probabilities. CatBoost
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maintains closer adherence to the diagonal throughout the probability range, whereas
XGBoost exhibits systematic underestimation of risk at higher predicted probabilities
(0.7-1.0 range). Specifically, when XGBoost predicts probabilities exceeding 0.8, observed
prediabetes rates plateau around 0.67-0.69, indicating that XGBoost’s high-confidence
predictions overestimate certainty without corresponding increases in true positive rates.
In contrast, CatBoost predictions in the 0.9-1.0 range correspond to observed proportions
approaching 0.80, demonstrating superior calibration at high-risk thresholds most relevant
for clinical decision-making.

Quantitative calibration metrics confirm these visual observations. CatBoost achieved
a lower Brier score (0.197) compared to XGBoost (0.208), indicating superior overall calibra-
tion and discrimination. The Brier score, calculated as the mean squared difference between
predicted probabilities and binary outcomes, penalizes both poor calibration and poor
discrimination, with lower values indicating better performance. More notably, CatBoost
demonstrated substantially lower expected calibration error (ECE = 0.037) compared to
XGBoost (ECE = 0.065), representing a 43% reduction in calibration error. ECE quantifies
the weighted average absolute difference between predicted probabilities and observed
frequencies across bins, providing a direct measure of calibration quality independent
of discrimination.

These calibration characteristics have important implications for clinical deployment.
In a screening context where predicted probabilities inform risk stratification or patient
counseling, well-calibrated predictions enable clinicians to communicate risk estimates that
correspond meaningfully to actual prediabetes likelihood. For example, a CatBoost predic-
tion of 0.7 can be interpreted as approximately 70% probability of prediabetes, whereas
the same prediction from XGBoost corresponds to only approximately 63% observed
risk, i.e., a clinically meaningful discrepancy that could affect patient communication and
downstream decision-making. CatBoost’s superior calibration, combined with its higher
discriminative performance established in previous section, further supports its selection
as the recommended model for potential clinical application.

3.6. Predicted Probability Distributions and Class Separation

To understand the discriminative behavior of each model beyond summary metrics,
the distributions of predicted probabilities were examined separately for non-diabetic and
prediabetic individuals (Figure 6). These distributions reveal how each model assigns risk
scores to the two classes and illuminate the source of classification errors.

For XGBoost (Figure 6a), non-diabetic individuals (y = 0, upper portion) receive pre-
dicted probabilities concentrated in the 0.0-0.2 range, though with a long tail extending
toward higher values. Prediabetic individuals (y = 1, lower portion) exhibit a broadly dis-
tributed pattern spanning 0.1-0.8, with peak density around 0.5-0.6. Critically, substantial
overlap exists between the two distributions in the 0.2-0.5 range, representing individuals
for whom XGBoost predictions are ambiguous and classification errors are likely.

CatBoost (Figure 6b) demonstrates improved class separation. Non-diabetic individu-
als show a sharper concentration at very low predicted probabilities (0.0-0.15), with den-
sity declining more rapidly than XGBoost as probability increases. Prediabetic individu-
als exhibit peak density around 0.4-0.5, with the distribution extending further into the
0.6-0.8 range compared to XGBoost. While overlap between classes persists, explaining
the moderate overall accuracy of 69.2%, CatBoost achieves greater separation, consistent
with its higher AUC (0.739 vs. 0.721) and superior calibration documented above.

The persistent overlap between class distributions provides important context for
interpreting the moderate predictive performance reported in this study. Unlike diagnostic
tasks where biomarkers may cleanly separate disease states, prediabetes risk prediction
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from lifestyle questionnaire data involves inherently overlapping population characteris-
tics. Both models assign probabilities near 0.5 to a substantial proportion of individuals,
reflecting genuine uncertainty rather than model failure.
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Figure 6. Predicted probability distributions stratified by true class for XGBoost (a) and CatBoost (b).
Upper portions (lighter shading) show density of predictions for non-diabetic individuals (y = 0);
lower portions (darker shading) show prediabetic individuals (y = 1). The vertical dashed line
indicates the default classification threshold (0.5). CatBoost demonstrates superior class separation,
with non-diabetic predictions more sharply concentrated at low probabilities and prediabetic predic-
tions extending further into higher probability ranges. The substantial overlap between distributions
in both models (particularly in the 0.2-0.5 range) explains the moderate overall accuracy and supports
the recommendation that predictions in this range warrant additional clinical assessment rather than
definitive classification.

The vertical dashed line at 0.5 in Figure 6 represents the default classification thresh-
old. Threshold optimization could shift this boundary to favor sensitivity or specificity
depending on clinical priorities; however, the fundamental distributional overlap constrains
achievable performance regardless of threshold selection. Future work incorporating addi-
tional predictive features (such as laboratory values or genetic risk scores) may reduce this
overlap and improve discriminative separation.

3.7. Test Set Evaluation: XGBoost Versus CatBoost

XGBoost and CatBoost were selected for final evaluation based on acceptable learning
dynamics. Figure 7 presents confusion matrices for both models on the test set. XGBoost
achieved 1593 true negatives, 634 true positives, 423 false positives, and 578 false negatives
(test accuracy: 0.690). CatBoost achieved 1609 true negatives, 630 true positives, 407 false
positives, and 582 false negatives (test accuracy: 0.694).

1593 1609 0 True
634 630 | 1 Classes
0 1 0 1
Predicted Classes Predicted Classes
(a) XGBoost (b) CatBoost

Figure 7. Confusion matrices showing the number of true and predicted classes for XGBoost (Tuned)
and CatBoost models for prediabetes prediction. The rows represent true labels (0 = non-prediabetic,
1 = prediabetic) and columns represent predicted labels in the same order. The numbers in blue
indicate correct predictions (true positives and true negatives) and the numbers in orange indicate
incorrect predictions (false positives and false negatives).
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Figure 8 presents accuracy across training, validation, and test subsets. XGBoost:
training (0.765), validation (0.749), test (0.690). CatBoost: training (0.729), validation (0.696),
test (0.694). XGBoost shows a 5.9 percentage point decline from validation to test. CatBoost
maintains stability with only a 0.2 percentage point decline. Both models achieve similar
test accuracy (XGBoost: 0.690; CatBoost: 0.694). Both models demonstrate similar test
performance (XGBoost: 0.690; CatBoost: 0.694). XGBoost shows larger validation-to-test
decline (5.9 percentage points) compared to CatBoost (0.2 percentage points).

B8 XGBoost
0.8 U0 CatBoost |
0.765
8\ 0.749
< 0.729
b}
=
Q
< 07} 0.696 0.69 0.694 i
T T T
Training Validation Test

Figure 8. Accuracy comparison for XGBoost and CatBoost across training, validation, and test subsets.
CatBoost demonstrates superior validation-test stability with only a 0.2 percentage point decline,
indicating robust generalization. XGBoost exhibits concerning validation-to-test degradation of
5.9 percentage points, suggesting potential instability when encountering distribution shifts expected
in real-world deployment across diverse demographics.

4. Discussion

This section traces the multi-stage evaluation journey that led to the final model selec-
tion, demonstrating how the conclusions systematically evolved as progressively deeper
analytical perspectives revealed limitations invisible in previous assessment stages. Each
evaluation stage challenged and often reversed conclusions drawn from prior analyses, il-
lustrating why detailed multi-dimensional assessment proves vital for identifying clinically
deployable models rather than merely high-performing development artifacts.

4.1. From Aggregate Metrics to Clinical Applicability

The journey to identifying the most clinically applicable algorithm exemplifies the crit-
ical importance of multi-faceted model evaluation beyond reliance on single performance
metrics. This investigation revealed a progression of insights that fundamentally challenged
initial conclusions drawn from automated framework analysis, ultimately demonstrating
that real-world deployment readiness demands multi-layered assessment spanning aggre-
gate metrics, learning dynamics, minority class performance, and cross-subset stability.

4.1.1. Stage 1: Initial Promise of LDA

The PyCaret analysis (Section 3.1) initially suggested LDA with SMOTE as the optimal
choice, achieving maximum values for four of seven metrics: AUC (0.7490), Recall (0.7312),
F1-score (0.6284), and MCC (0.3614). This strong performance across multiple evaluation
criteria created a compelling initial case for LDA deployment. However, relying solely on
these aggregate cross-validation metrics would have led to a fundamentally flawed model
selection, as subsequent analyses revealed critical limitations invisible in percentage-based
performance summaries [35,36].
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4.1.2. Stage 2: Learning Curves Expose LDA’s Fatal Flaw

The learning curve analysis (Section 3.2) exposed LDA’s principal limitation: com-
pletely flat training and validation curves at approximately 0.699-0.703 with no observable
improvement as training set size increased. While flat curves alone do not demonstrate
complete absence of learning capacity (the model may have learned effectively from mini-
mal data), when combined with LDA’s modest absolute performance and its lack of the
convergence dynamics exhibited by better-performing models, this pattern contributes
to an unfavorable overall assessment. While LDA’s modest 70% performance level is
not catastrophic, the flat-curve characteristic suggests limited potential for improvement
through increased training data on this task. Practitioners relying exclusively on PyCaret’s
aggregate metrics would have selected a model showing no evidence of continued learning
from additional data, which, in combination with its inferior performance relative to models
demonstrating healthy convergence, supports its elimination from consideration for clinical
deployment. Whether such models would exhibit reduced adaptability to distribution
shifts remains a hypothesis requiring external validation to confirm.

The learning curves further revealed problematic behaviors disqualifying other can-
didates: Random Forest, Decision Tree, and Extra Trees exhibited flat training curves
at 1.0 (complete memorization); MLP showed non-convergent behavior with continu-
ously rising curves; and LightGBM demonstrated incomplete learning with excessive
training-validation gaps. This systematic elimination left two viable candidates: XG-
Boost (training-validation gap: 0.016, validation AUC: 0.749) and CatBoost (gap: 0.033,
validation AUC: 0.696).

4.1.3. Stage 3: XGBoost’s Apparent Superiority

Based on learning curve analysis alone, XGBoost appeared to be the clear winner,
exhibiting optimal convergence dynamics with the minimal training-validation gap (0.016)
and highest validation performance (0.749). The 5.3 percentage point validation advantage
over CatBoost (0.749 vs. 0.696) seemed decisive, suggesting XGBoost offered superior
discriminative capability. Many model selection processes would have terminated at
this stage, deploying XGBoost based on its strong validation performance and excellent
learning dynamics.

4.1.4. Stage 4: Cross-Subset Analysis Reveals the Truth

However, confusion matrix analysis (Section 3.7) and cross-subset stability evaluation
(Figure 8) fundamentally altered the selection landscape. While both models demonstrated
acceptable minority class detection (XGBoost: 634 true positives; CatBoost: 630), the critical
differentiator emerged in cross-subset stability. XGBoost exhibited a concerning 5.9 per-
centage point decline from validation (0.749) to test (0.690), whereas CatBoost maintained
remarkable stability with only a 0.2 percentage point drop (0.696 to 0.694).

This validation-to-test degradation pattern has implications for model selection, partic-
ularly when considered alongside the learning curve and convergence analyses presented
in earlier sections. Cross-dataset performance inherently declines when models encounter
data from different collection contexts, demographics, or geographic populations. XG-
Boost’s substantial 5.9 percentage point drop between validation and test partitions from
the same underlying dataset raises concerns about sensitivity to data partitioning; while this
does not directly predict external performance, it represents an additional indicator (beyond
the convergence analyses) that warrants caution. In contrast, CatBoost’s demonstrated
stability (0.2 vs. 5.9 percentage points) provides convergent evidence, when combined
with its healthy learning dynamics and acceptable training-validation gap, that this model
exhibits more consistent behavior across internal data subsets. Although internal stability
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cannot substitute for external validation, the alignment of multiple favorable indicators
supports CatBoost as the more promising candidate for subsequent external validation
studies in settings where such data are not yet available.

Critically, XGBoost’s validation advantage of 5.3 percentage points evaporates at
test time where both models achieve nearly identical accuracy (0.690 vs. 0.694). This
convergence reveals that XGBoost’s superior validation performance does not translate to
genuine advantages on unseen data, suggesting the validation set may have idiosyncratic
characteristics that favor XGBoost but do not generalize.

4.1.5. Model Selection Summary

This evaluation establishes CatBoost as the recommended choice for potential future
clinical deployment, pending external validation. It should be acknowledged that the
present analysis relies on internal validation using train-validation-test partitions from a
single dataset rather than external validation on an independent cohort. The three-way
splitting strategy (train-validation-test) was employed because it provides a principled
separation of concerns: the test set remains entirely untouched during model development
and hyperparameter selection, preserving its integrity as an unbiased estimate of held-
out performance. This approach is more robust than repeated partitions with two-way
splitting, where the same data alternates between training and evaluation roles across
folds. However, this design choice means that traditional cross-validation confidence
intervals are not directly applicable to the final test set evaluation; instead, bootstrap
confidence intervals and paired statistical tests were employed to quantify uncertainty in
performance comparisons.

Critically, validation-to-test stability within a single dataset provides evidence against
overfitting to the validation set but does not constitute direct evidence of generalis-
ability under distribution shifts. True generalisability can only be established through
evaluation on data collected from different populations, time periods, or healthcare set-
tings. High validation-to-test stability is therefore a necessary but not sufficient con-
dition for deployment readiness, and external validation remains essential before any
clinical implementation.

Furthermore, it must be acknowledged that the observed test accuracy of approxi-
mately 0.694 and AUC of approximately 0.75 represent moderate rather than high predic-
tive performance. Such performance levels may be suitable for initial risk stratification or
screening applications where the goal is to identify individuals warranting further clinical
assessment, but would be insufficient for definitive diagnostic or treatment decisions. Fu-
ture work should examine model calibration to ensure predicted probabilities correspond
to observed event rates, and decision curve analysis should be conducted to quantify
net clinical benefit across plausible threshold ranges before deployment in patient care
pathways. Real-world clinical applications demand consistent, stable performance across
diverse patient populations, healthcare settings, and geographic regions [27,64]. CatBoost’s
29.5-fold superior validation-to-test stability (0.2 vs. 5.9 percentage point drop) suggests
greater robustness to data partitioning, which may indicate more reliable performance
when encountering distribution variations, though this hypothesis requires confirmation
through external validation. While XGBoost demonstrates stronger performance during
model development (validation phase), CatBoost’s superior stability across internal data
subsets makes it the more promising candidate for further evaluation in settings where
consistent performance is prioritized over peak validation metrics. These findings represent
preliminary evidence supporting CatBoost as the preferred model for subsequent external
validation studies rather than established deployment readiness.
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This multi-stage evaluation process demonstrates the critical inadequacy of rely-
ing on any single analytical perspective. Aggregate metrics suggested LDA; learning
curves indicated XGBoost; only the combination of confusion matrices and cross-subset
stability analysis revealed CatBoost’s true superiority for real-world deployment. This
progression underscores the essential principle that clinically applicable models must
be selected through comprehensive evaluation spanning multiple analytical dimensions,
as premature conclusions based on incomplete evidence lead to fundamentally flawed
deployment decisions.

Figure 9 visualizes the multi-stage decision process that led to CatBoost selection,
illustrating how each analytical stage systematically eliminated candidates based on specific
failure modes until identifying the model most suitable for clinical deployment.

Stage 1: PyCaret Analysis
LDA achieves max val-
ues for 4/7 metrics
Initial Winner: LDA
¥
Stage 2: Learning Curves
LDA shows flat Eliminated:
curves (no learning) —>| LDA, RF, DT,
RF, DT, ET: memorization ET, MLP, LightGBM

MLP: non-convergent

)
Stage 3: Learning Curve Analysis
Evaluate | - XGBoost: gap=0.016, val=0.749
sl | CatBoost: gap=0.033, val=0.696
Apparent Winner: XGBoost

¥
Stage 4: Test Set & Stability
Cross_’:j;zi XGBoost: val — test drop = 5.9%
stability | CatBoost: val — test drop = 0.2%

Test accuracy nearly identical

¥
Final Winner: CatBoost
Superior generalization stability
Suitable for clinical deployment

Check learning
dynamics

Figure 9. Decision flowchart illustrating the multi-stage model selection process. Each stage revealed
critical limitations of apparently superior models, ultimately identifying CatBoost as most suitable for
clinical deployment based on validation-to-test stability rather than absolute validation performance.

4.2. Implications of Multi-Stage Evaluation

The methodological journey from PyCaret’s aggregate metrics through learning curves
to final cross-subset validation carries important implications for machine learning in
healthcare. Automated frameworks like PyCaret provide valuable rapid prototyping ca-
pabilities but may not fully exploit model potential for specialized medical prediction
tasks with domain-specific characteristics such as class imbalance and complex feature
interactions [65-67]. The performance improvements achieved through direct training over
PyCaret demonstrate that targeted hyperparameter optimization, tailored preprocessing
pipelines, and imbalance-specific training strategies yield meaningful returns in predic-
tive capability. Specifically, XGBoost showed a 4.7% performance improvement (direct
training validation AUC: 0.749 vs. PyCaret with SMOTE: 0.7156), while CatBoost achieved
validation accuracy of 0.696 through direct training compared to 0.6900 through PyCaret
with SMOTE.

Direct training implementations differed from PyCaret in several critical aspects. Both
XGBoost and CatBoost implementations utilized 5-fold rather than 10-fold cross-validation,
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explicit stratification, and a standardized preprocessing pipeline including median im-
putation for missing values and StandardScaler normalization. For XGBoost specifically,
direct training employed expanded hyperparameter search space, explicit class weighting
for imbalance handling, threshold optimization for F1 maximization, and AUC-focused
evaluation rather than accuracy-focused optimization. In contrast, CatBoost utilized default
configurations but benefited from the improved preprocessing pipeline and cross-validation
strategy. These targeted optimizations for the imbalanced prediabetes prediction task ex-
plain the performance improvements over PyCaret’s generalized automated approach,
with XGBoost showing more substantial gains (4.7% improvement) due to its intensive
hyperparameter tuning while CatBoost demonstrated that even default configurations with
proper preprocessing can yield competitive results.

However, even direct training with superior validation performance (XGBoost’s 0.749)
proves insufficient without cross-subset stability analysis. The dramatic reversal where
CatBoost’s initially inferior validation performance (0.696) proved superior for deployment
due to minimal test degradation (0.2 vs. 5.9 percentage points) underscores that validation
performance alone provides an incomplete picture of real-world applicability. Models
must demonstrate not only strong performance on development data but also stable
generalization patterns that transfer reliably to diverse deployment scenarios.

For prediabetes prediction specifically, CatBoost’s combination of acceptable minor-
ity class detection (630 true positives), reasonable test accuracy (0.694), and exceptional
validation-to-test stability positions it as the most trustworthy choice for clinical screening
applications. While neither XGBoost nor CatBoost achieves perfect sensitivity (both miss
approximately 48% of prediabetic cases), CatBoost’s superior generalization stability pro-
vides greater confidence that this performance level will remain consistent across diverse
patient populations and healthcare settings.

4.3. Limitations and Future Directions

The present analysis focused on a single dataset and specific demographic population.
Future work should validate CatBoost’s performance across multiple external datasets
representing diverse geographic regions, age groups, and healthcare systems to confirm the
generalization stability observed in within-dataset cross-validation. Additionally, the mod-
erate sensitivity (=52%) achieved by both final candidates indicates room for improvement
through ensemble methods, advanced feature engineering, or incorporation of additional
data modalities beyond questionnaire responses. Threshold optimization techniques could
be explored to adjust the sensitivity-specificity trade-off based on specific clinical deploy-
ment requirements, potentially sacrificing some specificity to improve identification of
at-risk individuals.

5. Conclusions

The evaluation of machine learning algorithms for clinical deployment is not straight-
forward but requires a detailed, multi-faceted approach that extends far beyond conven-
tional performance metrics. This study demonstrates that relying exclusively on cross-
validated accuracy or automated framework rankings leads to fundamentally flawed model
selection, as models achieving maximum validation metrics may exhibit flat learning curves
indicating exhausted learning capacity, while others demonstrating superior validation
performance can suffer substantial generalization degradation unsuitable for real-world
deployment. Healthcare applications demand systematic evaluation spanning aggregate
performance metrics, learning curve analysis to detect memorization and convergence
failures, minority class detection capability to ensure equitable performance across patient
populations, and cross-subset stability assessment to identify potential overfitting to vali-
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dation data, though such internal stability does not substitute for external validation when
assessing reliability under distribution shifts. The findings reveal that deployment-ready
models must prioritize consistent, stable performance over peak development metrics,
as algorithms with inferior validation performance may ultimately prove more suitable
for real-world use when they demonstrate superior generalization stability. In healthcare
settings where prediction errors directly impact patient outcomes, this multi-dimensional
evaluation framework proves vital for identifying candidate models warranting external
validation rather than merely high-performing development artifacts. The internal sta-
bility demonstrated through validation-to-test consistency represents a necessary but not
sufficient condition for deployment readiness; confirmation of reliability across diverse
demographics, geographic regions, and temporal contexts requires prospective external
validation studies.
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Abbreviations

The following abbreviations are used in this manuscript:

AdaBoost  Adaptive Boosting
AUC Area Under the Curve
CatBoost Categorical Boosting

DT Decision Tree

ECE Expected Calibration Error

ET Extra Trees

F1 F1-Score

GBC Gradient Boosting Classifier
GBDT Gradient-Boosting Decision Trees
KNN K Neighbors Classifier

LDA Linear Discriminant Analysis
LightGBM  Light Gradient Boosting Machine
LR Logistic Regression

MCC Matthews Correlation Coefficient
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MLP Multi-Layer Perceptron

NB Naive Bayes

QDA Quadratic Discriminant Analysis
ReLU Rectified Linear Unit

RF Random Forest

Ridge Ridge Classifier

ROC Receiver Operating Characteristic
RUSBoost ~ Random Under-Sampling Boost
SMOTE Synthetic Minority Over-sampling Technique
SVM Support Vector Machine

XGBoost Extreme Gradient Boosting
Appendix A

Appendix A.1

Algorithm A1 PyCaret automated machine learning workflow.

Require: Dataset file path, target variable name
Ensure: Trained model with performance metrics
1: Input: Load questionnaire dataset from Excel file
2: Initialize: Import PyCaret classification module
3: Setup Phase:

4
5:
6:
7
8
9

10

11:

: Model

12:
13:
14:
15:
16:
17: Evaluation Phase:

18:

19:
20:
21:
22:
23:
24: Output: Return trained model and comprehensive evaluation metrics

Configure experimental environment with:

> Specify target variable (diabetes status)
> Set random seed for reproducibility

> Enable feature normalization

> Define train-test split ratio

> Suppress verbose output

Comparison Phase:

Execute compare_models() function:

> Train all available classifiers

> Apply cross-validation

> Compute performance metrics for each model
> Rank models by selected criterion

> Return best performing model

Analyze best model using evaluate_model():

> Generate confusion matrix
> Plot ROC-AUC curve

> Display feature importance
> Create learning curves

> Compute calibration plots
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Algorithm A2 Multi-layer perceptron training procedure.

N Ul W N =

: Input: Dataset with features X and target variable y

: Output: Trained MLP model with performance metrics

: // Step 1: Data Preprocessing

: Identify categorical columns: {EC_stt_1, EC_occp}

: Identify numeric columns: all remaining feature columns

: Create ColumnTransformer with StandardScaler for numeric and OneHotEncoder for

categorical

7: Xprocessed < Apply preprocessing to X
8: // Step 2: Data Partitioning

: Split data stratified by y with random state 42:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:

Xtrains Xtemp, Yirain, Ytemp < train_test_split(Xpmcessed, y, test_size=0.4)
Split temporary set:
Xoals Xtests Yoal, Ytest < train_test_split(Xiemp, Yiemp, test_size=0.5)
// Step 3: Handle Class Imbalance
Initialize SMOTE with k_neighbors = 5 and random_state=42
Xtmin_smotez Yitrain_smote < SMOTE-ﬁt_resample(xtmin/ ]/tmin)
Display class distribution before and after SMOTE
/ / Step 4: Model Configuration
Initialize MLPClassifier:
hidden_layer_sizes = (128, 64)
activation = "relu’
solver = ‘adam’
alpha = 0.0001
learning_rate_init = 0.001
max_iter = 500
early_stopping = True
validation_fraction = 0.1
random_state = 42
// Step 5: Model Training
Train model on SMOTE-balanced training data:
mlp_mOdel-ﬁt(Xtmin_smote/ ]/train_smote)
// Step 6: Evaluation
Ytest_pred < mlp_model.predict(Xyest)
Calculate performance metrics:
accuracy <— accuracy_score(Ytest, Ysest_pred)
precision «— precision_score(Ytest, Ysest_pred)
recall < recall_score(Ytest, Ytest_pred)

f1 < f1_score(Yiest, Ytest_pred)
return trained model and performance metrics
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Algorithm A3 Tree-based models training and evaluation.

O 0N U A WN e

=
=]

11:
12:
13:
14:

15:
16:
17:
18:

19:

21:
22:
23:
24:
25:
26:
27:
28:

30:
31:

: Input: Excel file containing questionnaire data

: Output: Trained models with performance metrics and learning curves
: // Step 1: Setup and Data Loading

: Install required libraries: xgboost, lightgbm, catboost (if missing)

: Load dataset from Excel file and display dimensions

: // Step 2: Preprocessing and Splitting

Drop rows with missing target variable (diabetes)
X < numeric features only, y < target (diabetes as integer)

: Apply SimpleImputer with median strategy to X
. Split data: Xyppin, Xtest, Yirain, Ytest < train_test_split(X, y, test_size=0.2, stratify=y, ran-

dom_state=42)
// Step 3: Define Learning Curve Function
Function SHOW_LEARNING_CURVE(model, X, y, title)
cv < StratifiedKFold(n_splits=5, shuffle=True, random_state=42)
sizes, train_scores, val_scores < learning curve(model, X, y, cv=cv,
train_sizes=linspace(0.1, 1.0, 8))
Plot training and validation curves with title, labels, and legend
end Function
// Step 4: Model Training and Evaluation Loop
Initialize models: [Decision Tree, Random Forest, Extra Trees, XGBoost variants (3),
LightGBM, CatBoost]
for each model in models do
model fit(Xtrqin, Ytrain)
cv_scores <— cross_val_score(model, X,4in, Yirain, cv=StratifiedKFold(5))
Print mean CV accuracy + standard deviation
Generate learning curve: show_learning_curve(model, X in, Ytrgin, model_name)
Ypred < model.predict(Xtest)
Compute metrics: accuracy, precision, recall, F1-score, ROC-AUC
Generate and display confusion matrix
if model has feature_importances attribute then
Extract and visualize feature importance scores
end if
end for
return trained models, performance metrics, learning curves
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Algorithm A4 RUSBoost training and evaluation for prediabetes prediction.

NN DN DN DN DNDNDDND R R 2= e e e
N TR QNP O WYVW®OXNT s N~ O

28:

29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:

O 0N U A WN e

: Input: Dataset D with features X and labels y

: Output: Trained RUSBoost model M and performance metrics
: // Data Preprocessing

: Identify categorical columns: EC_stt_1, EC_occp

: Identify numerical columns: all remaining features

: Create preprocessing pipeline:

Apply StandardScaler to numerical features
Apply OneHotEncoder to categorical features

: Transform features: Xy ocessed <— preprocess(X)

. // Data Splitting with Stratification

. Split data: Xiygin, Xeemp, Ytrain, Ytemp < stratified_split(X,ocessed, Y, ratio=0.70)
: Split temporary set: Xy, Xtest, Yoal, Ytest < stratified_split(Xtemp, Ytemp, ratio=0.50)
. // Hyperparameter Search Space Definition

. n_estimators < [100,200]

: learning_rate < [0.05,0.1]

. max_depth < [5,10]

: min_samples_leaf < [5,10]

: // Grid Search with Cross-Validation

: best_f1++0

: best_params < None

: Initialize StratifiedKFold with k = 5 splits

: for each combination (n, Ir, md, ml) in parameter grid do

f1_scores < |]
for each fold (train_idx,val_idx) in cross-validation do
Xir, Yir < Xippain[train_idx), Y qi [train_idx)]
Xoa, Yoa < Xirain[val_idx], Yirgin[val _idx]
Initialize base estimator: tree < DecisionTree(max_depth = md,
min_samples_leaf = ml)
Initialize RUSBoost: model <+ RUSBoost(estimator = tree, n_estimators = n,
learning_rate = Ir)
Train model: model fit( Xy, y4r)
predictions < model.predict(Xy,)
f1 < compute_f1_score(yyq, predictions)
Append f1to f1_scores
end for
mean_f1 < average(f1_scores)
if mean_f1 > best_f1 then
best_f1 < mean_f1
best_params < (n,lr,md, ml)
end if
end for
// Train Final Model with Optimal Parameters
(n*,1r*, md*, ml*) < best_params

tree* < DecisionTree(max_depth = md*, min_samples_leaf = ml*)

M < RUSBoost(estimator = tree*, n_estimators = n*, learning_rate = Ir*)
M'ﬁt(Xtminr ytrain)

// Model Evaluation

Ypred < M.predict(Xtest)

Compute performance metrics: accuracy, precision, recall, F1-score
Generate confusion matrix

Compute weighted feature importance from ensemble

return M, performance metrics
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