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Abstract

Accurate early detection of diabetes is an important objective in clinical deci-
sion support and population health analytics. Machine-learning models can
improve risk classification; however, apparent gains in performance may be
misleading when models are evaluated using different test populations or
when information from the test set influences model development. This study
presents NSU-XGBoost, a leakage-controlled, SMOTE-enhanced, and hy-
perparameter-optimized XGBoost framework for diabetes detection. The
original dataset of 768 observations was divided into a training cohort of 614
observations and a frozen independent test cohort of 154 observations. The
test set remained unchanged and was excluded from all model development,
augmentation, and optimization procedures. Synthetic Minority Oversampling
Technique (SMOTE) was confined to the training workflow to improve mi-
nority-class learning without introducing synthetic observations into the in-
dependent evaluation cohort. XGBoost hyperparameters were optimized us-
ing five-fold stratified cross-validation within the training data. On the frozen
test cohort, tuned XGBoost without augmentation achieved 72.1% accuracy,
51.9% sensitivity, 83.0% specificity, an F1-score of 56.6%, ROC-AUC of 0.818,
and PR-AUC of 0.661. NSU-XGBoost improved accuracy to 74.7%, sensitivity
to 81.5%, F1-score to 69.3%, ROC-AUC to 0.835, and PR-AUC to 0.725. False-
negative classifications decreased from 26 to 10, although specificity declined
from 83.0% to 71.0%, demonstrating the expected tradeoff between improved
diabetes detection and increased false-positive classifications. The close agree-
ment between cross-validated ROC-AUC and independent-test ROC-AUC
indicated no evidence of severe augmentation-induced overfitting. These find-
ings demonstrate that NSU-XGBoost can substantially improve the detection
of diabetes-positive cases under a strictly leakage-controlled evaluation frame-
work. The proposed approach emphasizes independent validation, training-
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only augmentation, and clinically meaningful error analysis rather than reli-
ance on overall accuracy alone.
Keywords

Diabetes Prediction, XGBoost, Threshold Optimization, Machine Learning,
Clinical Decision Support, Data Leakage

1. Introduction

Diabetes is among the most prevalent chronic diseases worldwide, affecting mil-
lions of individuals and placing a substantial burden on patients, healthcare sys-
tems, and public health programs. It is characterized by elevated blood glucose
levels resulting from insufficient insulin production, impaired insulin action, or a
combination of both mechanisms. If inadequately controlled, diabetes can con-
tribute to serious complications, including cardiovascular disease, kidney failure,
neuropathy, vision loss, and other adverse outcomes. As the prevalence of diabetes
continues to increase, greater attention is being directed toward the use of digital
technologies, health data analytics, and artificial intelligence to support early de-
tection, disease management, and clinical decision-making.

Diabetes informatics is an interdisciplinary field that applies health information
systems, data analytics, computational methods, and digital technologies to dia-
betes prevention, diagnosis, treatment, and management. It involves the collec-
tion, storage, integration, analysis, and interpretation of diabetes-related infor-
mation, including blood glucose measurements, demographic characteristics,
clinical variables, medication data, comorbidities, and longitudinal health records.
Analysis of these data can support personalized care, monitoring of disease pro-
gression, early identification of complications, predictive modeling, and evidence-
based clinical decision-making.

De Melo and St. Rose [1] introduced the PM Generative Al framework for dia-
betes classification, demonstrating that generative artificial intelligence can im-
prove predictive performance while maintaining model interpretability. Kadhm
etal. [2] proposed a diabetes prediction system that integrates K-means clustering
with a novel classification approach. Their methodology first grouped patients
with similar clinical characteristics using unsupervised learning before applying
classification algorithms, resulting in improved prediction accuracy compared
with conventional classifiers. Sneha and Gangil [3] investigated optimal feature
selection for early diabetes prediction. Zhu et al. [4] enhanced logistic regression
by integrating principal component analysis (PCA) with K-means clustering. PCA
reduced feature redundancy, while clustering identified hidden structures within
the dataset before classification. Sinaga and Yang [5] provided a comprehensive
review of the K-means clustering algorithm and proposed improvements that in-

crease clustering stability and convergence. Wee et al. [6] compared numerous
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machine learning and deep learning techniques for diabetes detection. Their in-
vestigation included support vector machines (SVM), random forests, artificial
neural networks, convolutional neural networks, and deep learning architectures.

Shakeel et al. [7] developed a cloud-based framework for diabetes diagnosis us-
ing K-means clustering. Ramadhan et al [8] examined the effect of preprocessing
techniques on Random Forest performance for type 2 diabetes detection. Saxena
et al. [9] performed a comparative evaluation of multiple machine learning algo-
rithms for diabetes detection, including logistic regression, decision trees, support
vector machines, random forests, and ensemble methods. Wang and Su [10] pro-
posed an improved K-means clustering algorithm that addresses sensitivity to in-
itial cluster centers. De Melo and Davtyan [11] demonstrated the effectiveness of
support vector machines for high-accuracy breast cancer classification. Although
focused on oncology, the study illustrated the strong predictive capabilities of
SVMs for clinical decision support and highlighted their applicability to other dis-
ease classification problems, including diabetes. Mostafa and Amano [12] pre-
sented an adjustable Round Robin scheduling algorithm based on clustering tech-
niques. Although designed primarily for computer resource management, their
work demonstrated how clustering methods can optimize computational effi-
ciency, an important consideration for large-scale healthcare analytics and cloud-
based medical applications. Sen ef al [13] presented a comprehensive survey of
supervised classification algorithms, reviewing decision trees, naive Bayes, sup-
port vector machines, neural networks, ensemble methods, and other classifiers.
Cervantes et al. [14] conducted an extensive survey of support vector machine clas-
sification. Their review discussed kernel functions, optimization strategies, mul-
ticlass classification, and numerous biomedical applications. The authors con-
cluded that SVM remains one of the most effective classifiers for high-dimensional
medical datasets. Singh and Jaiswal [15] applied SVM combined with Whale Opti-
mization Algorithm (WOA) within a Hadoop MapReduce framework. Although
their application focused on audio signal classification, the study demonstrated
that optimization algorithms can significantly improve SVM performance while
supporting efficient big data processing. Luengo et al. [16] emphasized the critical
role of data preprocessing in transforming raw big data into meaningful infor-
mation. Their work discussed data cleaning, normalization, feature extraction, di-
mensionality reduction, missing-value treatment, and data integration, establish-
ing preprocessing as an essential component of successful machine learning ap-
plications in healthcare.

Ingle et al. [17] demonstrated how big data analytics can identify patterns asso-
ciated with vector-borne disease spread. Their research illustrated the effective-
ness of machine learning and large-scale health data analysis for disease surveil-
lance, providing methodological insights that can also benefit diabetes prediction
research. Nilashi et al [18] developed a soft computing approach for diabetes clas-
sification by combining fuzzy logic, clustering, and neural network methodolo-

gies. Their hybrid model effectively handled uncertainty and imprecise clinical
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information, producing improved classification accuracy compared with several
conventional approaches. De Melo [19] presented a comprehensive overview of
public health informatics, emphasizing the integration of health information sys-
tems, predictive analytics, artificial intelligence, and clinical decision support
technologies. The book highlights the growing role of machine learning and data
science in improving disease surveillance, healthcare management, and popula-
tion health outcomes. Ahamad and Bharti [20] applied fuzzy logic to COVID-19
prevention strategies in India. Although focused on infectious disease, their study
demonstrated the flexibility of fuzzy inference systems for modeling uncertain
healthcare environments, supporting the broader application of fuzzy methodol-
ogies in medical decision support. Nguyen and Kreinovich [21] provided one of
the foundational discussions of fuzzy logic applications in medicine. Their work
explained how fuzzy systems accommodate uncertainty inherent in clinical deci-
sion-making and described numerous medical applications involving diagnosis,
treatment planning, and patient monitoring. Finally, De Melo [22] developed a
diabetes prediction model using electronic health records (EHRs). The study
demonstrated that machine learning applied to routinely collected clinical data
can accurately predict diabetes while supporting early intervention and clinical
decision support. The research further emphasized the growing importance of
EHR-based predictive analytics in modern healthcare and reinforced the value of
integrating artificial intelligence into routine clinical practice.

Collectively, these studies demonstrate the evolution of diabetes prediction
from traditional statistical methods to sophisticated artificial intelligence systems
that integrate clustering, feature selection, ensemble learning, deep learning, fuzzy
logic, and electronic health records. The literature consistently indicates that pre-
diction performance depends not only on classifier selection but also on effective
preprocessing, feature engineering, dimensionality reduction, and the integration
of multiple analytical techniques. These advances provide a strong foundation for
developing robust and clinically applicable diabetes prediction systems capable of
supporting early diagnosis and personalized healthcare.

Diabetes informatics combines health data management, statistical analysis, ar-
tificial intelligence, and machine learning to support disease prediction, clinical
decision-making, treatment planning, and population-level surveillance. Predic-
tive models can analyze multiple patient characteristics simultaneously and iden-
tify complex relationships that may not be apparent through conventional statis-
tical analysis alone.

Machine-learning methods have increasingly been applied to diabetes predic-
tion and classification. Previous studies have investigated logistic regression, sup-
port vector machines, decision trees, random forests, K-means clustering, deep
learning, and ensemble learning approaches. These studies demonstrate the po-
tential of computational methods to support early diabetes detection. However,
reported improvements in classification performance must be interpreted care-

fully because model performance can be influenced by data preprocessing, class
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imbalance, feature engineering, model selection, and experimental design.

Class imbalance represents an important challenge in diabetes classification.
When non-diabetic observations outnumber diabetic observations, a machine-
learning classifier may favor the majority class. Such a model may achieve accepta-
ble overall accuracy while failing to identify a substantial proportion of patients
with diabetes. In a clinical screening context, this problem is particularly im-
portant because false-negative classifications may delay further diagnostic evalu-
ation and appropriate intervention.

The Synthetic Minority Oversampling Technique (SMOTE) is widely used to
address class imbalance by generating synthetic minority-class observations from
relationships among existing training samples. When correctly implemented,
SMOTE can improve minority-class learning and increase sensitivity. However,
oversampling must be carefully confined to the model-development process. If
synthetic observations are generated before the train-test separation, or if aug-
mentation affects the independent evaluation cohort, information leakage may
occur and reported model performance may become overly optimistic.

A related methodological concern is the independence of the test population.
Models cannot be meaningfully compared when they are evaluated using test sets
with different sizes or class distributions. An apparent improvement in accuracy,
sensitivity, or F1-score may result from changes in the evaluation population ra-
ther than genuine improvement in model generalization. Therefore, all competing
methods should be evaluated using the same original, untouched test cohort.

XGBoost is a gradient-boosting approach that constructs an ensemble of deci-
sion trees sequentially, with each new tree attempting to correct errors made by
the existing ensemble. Its ability to model nonlinear relationships and complex
interactions among predictors makes it suitable for structured clinical data. Nev-
ertheless, conventional XGBoost performance depends on the selection of hy-
perparameters, including the number of trees, maximum tree depth, learning rate,
subsampling ratio, and feature-sampling ratio. Consequently, systematic hy-
perparameter optimization within the training data is necessary to develop a ro-
bust model while protecting the independence of the final test evaluation.

In this study, we introduce NSU-XGBoost, a leakage-controlled, SMOTE-en-
hanced, and hyperparameter-optimized XGBoost framework for diabetes detec-
tion. The framework integrates three methodological principles: strict isolation of
an independent test cohort, minority-class augmentation confined to the training
workflow, and cross-validated optimization of XGBoost hyperparameters.

Unlike experimental designs that modify or expand the test population through
augmentation, NSU-XGBoost preserves the original test cohort throughout model
development. Synthetic minority observations are introduced only within the
training workflow, while model hyperparameters are selected using five-fold strat-
ified cross-validation. The resulting optimized model is then evaluated on the fro-
zen independent test cohort.

The primary objective of NSU-XGBoost is not simply to maximize overall ac-
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curacy. Rather, the framework seeks to improve the identification of diabetes-pos-
itive cases and reduce false-negative classifications while explicitly measuring the
associated tradeoff in false-positive predictions and specificity. Accordingly,
model performance is evaluated using confusion matrices, accuracy, sensitivity,
specificity, precision, F1-score, ROC-AUC, and PR-AUC.

The objective of this study was to determine whether NSU-XGBoost could im-
prove diabetes detection compared with tuned XGBoost without augmentation
under an identical leakage-controlled experimental design. Both approaches were
evaluated using the same frozen independent test cohort. This design allows ob-
served differences in performance to be attributed to the modeling strategy rather
than changes in the size or composition of the test population. By combining
training-only class balancing, cross-validated model optimization, and rigorous
independent evaluation, NSU-XGBoost provides a reproducible framework for
developing diabetes classification models with greater emphasis on clinically im-

portant disease detection and transparent assessment of classification tradeoffs.

2. Data Description

The dataset contained 768 observations with eight clinical predictor variables and
a binary diabetes outcome. The predictors included pregnancies, glucose, blood
pressure, skin thickness, insulin, body mass index, diabetes pedigree function, and

age. The complete dataset was divided into two mutually exclusive groups:

768 =614 +154

training testing

The independent test cohort contained 100 non-diabetic and 54 diabetic obser-
vations. This test cohort was locked before model development and remained un-
changed throughout feature engineering, hyperparameter selection, and thresh-
old optimization.

Table 1 shows the first 10 rows of the diabetes data set.

Table 1. 10 first rows of the Indian PIMA diabetes data.

Pregnancies  Glucose Pfelz::re Skin Thickness Insulin BMI Diab;ltlensci’;c:gree Age Outcome
0 6 148 72 35 0 33.6 0.627 50 1
1 1 85 66 29 0 26.6 0.351 31 0
2 8 183 64 0 0 233 0.672 32 1
3 1 89 66 23 94 28.1 0.167 21 0
4 0 137 40 35 168 43.1 2.288 33 1
5 5 116 74 0 0 25.6 0.201 30 0
6 3 78 50 32 88 31.0 0.248 26 1
7 10 115 0 0 0 353 0.134 29 0
8 2 197 70 45 543 30.5 0.158 53 1
9 8 125 96 0 0 0.0 0.232 54 1
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Table 2 depicts descriptive statistics of the data showing the total number of
patients is 768.

Table 2. Descriptive statistics of the data.

Pregnancies  Glucose Blood ‘Skin Insulin BMI Diabetes P‘edigree Age Outcome
Pressure  Thickness Function

count 768 768 768 768 768 768 768 768 768
mean 4 121 69 21 80 32 0 33 0

std 3 32 19 16 115 8 0 12 0
min 0 0 0 0 0 0 0 21 0
25% 1 99 62 0 0 27 0 24 0
50% 3 117 72 23 31 32 0 29 0
75% 6 140 80 32 127 37 1 41 1
max 17 199 122 99 846 67 2 81 1

Correlation Heatmap of PIMA Diabetes Dataset

Pregnancies . 0.13 014 008 -007 002  -003 054 022
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BloodPressure- o014 0.15 021 0.09 028 0.04 0.24 0.07
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Insulin- .07 0.33 0.09 0.44 . 0.20 019  -0.04 0.13 -0.00
BMI- o.02 0.22 0.28 0.39 0.20 . 0.14 0.04 0.29 025
DiabetesPedigreeFunction- ©03 o014 o002 o018 019 014 0.03 017
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-0.75
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Figure 1. The heatmap shows that glucose has the highest impact on the outcome.

A correlation heatmap (Figure 1) was generated using the complete dataset of
768 observations for descriptive and exploratory purposes. The heatmap was used
only to characterize pairwise relationships among study variables and did not
guide feature selection, preprocessing parameters, model tuning, or threshold op-
timization. All predictive modeling procedures were conducted separately under

a leakage-controlled training and independent testing framework.
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Figure 2 shows the distribution of glucose level categories by diabetes outcome.
The figure compares the frequency of individuals with and without diabetes across
four glucose level categories (Low, Normal, Pre-diabetes, and High). Non-diabetic
participants (Outcome = 0) are predominantly represented in the Normal and Pre-
diabetes categories, whereas diabetic participants (Outcome = 1) are concentrated
in the High glucose category. The results demonstrate a strong positive association
between elevated glucose levels and the likelihood of diabetes, highlighting blood

glucose as one of the most important predictors for diabetes classification.

Glucose Levels vs. Qutcome

Outcome
s 0.0
mam 1.0

Count

Low Normal Pre-diabetes High
Glucose Level Category

Figure 2. Histogram for the Glucose feature of the data set spread over 4 categories of dia-

betes.
BMI Categories vs. Outcome
Outcome
1499 mmm 0.0
120] == 10
100 H
+—
c
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O
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Underweight  Normal Overweight Obese
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Figure 3. Histogram for the BMI feature of the data set spread over 4 categories of diabetes.
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Figure 3 shows the distribution of diabetes outcomes across BMI categories.
The figure compares the number of individuals with negative (Outcome = 0) and
positive (Outcome = 1) diabetes outcomes across underweight, normal-weight,
overweight, and obese BMI categories. Positive diabetes outcomes are rare in the
lower BMI categories and become increasingly frequent among overweight and
obese individuals. The obese category contains the largest number of diabetes-
positive cases, illustrating the association between elevated BMI and diabetes oc-
currence in the study population.

Figure 4 shows the distribution of glucose levels according to diabetes outcome.
Kernel density distributions compare glucose levels between individuals without
diabetes (Outcome = 0) and those with diabetes (Outcome = 1). The diabetes-
positive group shows a clear rightward shift toward higher glucose values, whereas
the diabetes-negative group is concentrated primarily around lower glucose levels.
Although the distributions overlap, their distinct peaks and shapes demonstrate a

strong association between elevated glucose levels and diabetes outcome.

Distribution of Glucose by Outcome

1 Outcome =0
[ Outcome =1

0.0175

0.0150

0.0125

ity

0.0100

Dens

0.0075

0.0050

0.0025

0 50 100 150 200
Glucose

Figure 4. The Glucose feature for 2 outcomes “diabetes” and “no diabetes”.

3. XGBoost Classification Model

Extreme Gradient Boosting, commonly known as XGBoost, is a supervised ma-
chine-learning algorithm based on gradient-boosted decision trees. The method
was selected for diabetes classification because clinical datasets frequently contain
nonlinear relationships and complex interactions among predictors. Variables
such as glucose, BMI, age, insulin, and family history may interact in ways that
are not adequately represented by simple linear decision boundaries.

Unlike a single decision tree, XGBoost constructs an ensemble of trees sequen-
tially. Each new tree is trained to improve the prediction errors of the existing
ensemble. The final prediction is obtained by combining the contributions of all

trees in the model:
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K
Vi = E Jk(xi)
k=1

where y, is the prediction for observation i, x, represents the predictor varia-
bles, K is the total number of trees, and f, represents the prediction generated
by the k-th decision tree.
For binary diabetes classification, the model estimates the probability that an
individual belongs to the positive diabetes class:
1
P(Y =1X) =T
where A X) represents the combined output of the boosted decision trees. The
predicted probability is subsequently converted into a binary classification ac-
cording to a selected decision threshold T:
. 1, P ( y= 1|x) 2T
y =
0, P( y= 1|x) <T
The conventional threshold is T = 0.50. However, the default threshold was not
assumed to be clinically optimal in this study. Threshold optimization was there-
fore treated as a separate stage of model development and was performed using

training data only.

3.1. Model Training

The original dataset contained eight clinical predictor variables: number of preg-
nancies, glucose concentration, blood pressure, skin thickness, insulin concentra-
tion, body mass index, diabetes pedigree function, and age. The binary Outcome
variable served as the target, where Outcome = 0 represented the negative class
and Outcome = 1 represented the positive diabetes class.

The XGBoost classifier was trained exclusively on the training cohort. The in-
dependent test cohort was not used during model fitting, hyperparameter selec-
tion, or decision-threshold optimization. This strict separation was maintained to
prevent information leakage and to provide an unbiased estimate of model per-
formance on previously unseen observations.

The analytical workflow was:

Training Data — Preprocessing — XGBoost Training — Hyperparameter Tuning

followed by:
Final Model + Predetermined Threshold — Independent Test Evaluation

3.2. Objective Function and Regularization

NSU algorithm trains the ensemble by minimizing an objective function consist-

ing of two principal components: prediction loss and model complexity:

ﬁszll(y,-,;i)JrgQ(ﬁ)
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~

where ( Vis yl.) represents the prediction loss and Q ( 5 ) penalizes unnecessary

model complexity.

For binary classification, the prediction component is based on logistic loss.
The regularization component helps control overly complex trees and reduces the
risk of overfitting. This characteristic is particularly important for relatively small
clinical datasets, where a highly complex model may perform well on training data
but generalize poorly to new patients.

The model complexity term can be expressed as:
T

Q(f)= yT+%kaf.
j=I1

where Trepresents the number of terminal leaves in a tree, wjw_jwj is the predic-
tion weight assigned to leaf j, and yand A are regularization parameters.

XGBoost is well suited to diabetes risk classification because the relationships
among clinical risk factors are not necessarily additive or linear. For example, the
predictive significance of elevated glucose may differ according to BMI, age, preg-
nancy history, or other metabolic characteristics. Tree-based boosting models can
represent these interactions without requiring all relationships to be specified
manually.

Another advantage of XGBoost is its ability to generate probability estimates
rather than only final class labels. This property is particularly important for the
present study because the research objective extends beyond conventional classi-
fication at a fixed threshold of 0.50. The probability output permits systematic
evaluation of alternative decision thresholds and allows the classifier to be ad-
justed according to the relative importance of false-negative and false-positive
predictions.

In diabetes detection, a false-negative prediction represents an individual with
a positive diabetes outcome who is classified as negative. In a screening-oriented
application, reducing false negatives may be particularly important because
missed cases can delay further evaluation and intervention. For this reason, the
XGBoost probability estimates were subsequently subjected to training-based

threshold optimization.

3.3. Leakage-Control Strategy

A central methodological feature of the present study was strict separation of
model development from final evaluation. The test cohort remained unchanged
throughout the analytical process and was reserved exclusively for final perfor-
mance assessment. All model selection procedures were confined to the training
workflow.

Accordingly, the independent test cohort was not used to select XGBoost hy-
perparameters, compare candidate parameter combinations, choose the classifi-
cation threshold, or make preprocessing decisions. This design ensures that re-

ported test performance reflects model generalization rather than adaptation to

DOI: 10.4236/abb.2026.178020

313 Advances in Bioscience and Biotechnology


https://doi.org/10.4236/abb.2026.178020

P. De Melo

the evaluation sample.

The resulting XGBoost framework therefore served two complementary pur-
poses: first, to model nonlinear relationships among diabetes risk variables; and
second, to produce calibrated ranking scores that could support subsequent deci-
sion-threshold analysis. Hyperparameter optimization and threshold selection are

described in the following sections.

3.4. Comparison with Conventional Machine-Learning Methods

The technology proposed in this study is not simply an application of an XGBoost
classifier. Its principal contribution is the integration of strict test-set isolation,
training-only preprocessing, training-only SMOTE augmentation, cross-vali-
dated hyperparameter tuning, and decision-threshold adjustment into a unified
predictive framework for diabetes detection. The objective of NSU-XGBoost is to
improve clinically important detection performance while preventing infor-
mation leakage and preserving the independence of final model evaluation.

The key distinction between this approach and many conventional classifica-
tion pipelines is the strict separation of model development and model evaluation.
The independent test cohort is isolated before data-driven model development
and is not used for augmentation, hyperparameter tuning, or threshold selection.
Consequently, final test performance provides an estimate of model generaliza-
tion to previously unseen observations rather than performance on data that have

directly or indirectly influenced model development.

3.4.1. Comparison with Logistic Regression
Logistic regression is one of the most widely used methods for binary clinical clas-
sification. It estimates the probability of an outcome through a linear combination

of predictors:

1

P(YZIX):1+exp|:—([30+B1X1+"'+Bpo):|

Logistic regression offers several important advantages. It is computationally
efficient, relatively easy to interpret, and provides coefficients that describe the
direction and magnitude of associations between predictors and outcome proba-
bility. For these reasons, logistic regression remains an important baseline model
in clinical prediction research.

However, standard logistic regression assumes a linear relationship between the
predictors and the log-odds of the outcome unless nonlinear terms and interac-
tion effects are explicitly introduced. Diabetes risk may involve complex nonlinear
relationships and interactions among glucose concentration, BMI, age, pregnancy
history, insulin concentration, blood pressure, and other clinical variables. XGBoost
can capture such nonlinearities and interactions through sequential construction
of decision trees.

NSU-XGBoost further extends conventional classification by combining mi-

nority-class balancing, hyperparameter optimization, and adjustment of the prob-
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ability decision threshold according to the intended clinical objective.

3.4.2. Comparison with SMOTE

SMOTE, or the Synthetic Minority Over-sampling Technique, addresses class im-
balance by generating synthetic minority-class observations through interpolation
between neighboring minority-class samples. SMOTE can be useful when a clas-
sifier inadequately learns the minority class because fewer positive observations
are available.

However, the validity of SMOTE-based modeling depends strongly on experi-
mental design. If synthetic observations are introduced into the test cohort, or if
oversampling is performed before train-test separation, model evaluation may be-
come biased because the independence of the evaluation population has been
compromised.

NSU-XGBoost incorporates SMOTE within a leakage-controlled training work-
flow. The original dataset is first separated into training and independent test co-
horts. SMOTE is then confined to the training process, while the independent test

cohort retains only original observations.

3.4.3. Comparison with Conventional XGBoost

A conventional XGBoost classifier is often trained using predetermined or default
hyperparameters and evaluated using the conventional classification threshold of
0.50. Although this approach may provide acceptable classification performance,
it does not necessarily produce the most appropriate balance between sensitivity
and specificity for a particular clinical application.

NSU-XGBoost introduces multiple controlled stages of model development.
First, SMOTE augmentation is confined to the training workflow to improve mi-
nority-class learning. Second, XGBoost hyperparameters are selected through
stratified cross-validation within the training data. Third, the probability thresh-
old can be adjusted according to a predefined clinical objective.

The threshold is particularly important in diabetes screening. A model may
achieve acceptable overall accuracy while missing an unacceptable number of pa-
tients with diabetes. Lowering the probability threshold generally increases sensi-
tivity and reduces false-negative classifications, whereas increasing the threshold

generally improves specificity and reduces false-positive classifications.

3.4.4. Comparison with Support Vector Machines
Support Vector Machines construct a decision boundary that maximizes separa-
tion between classes. Through kernel functions, SVM models can represent non-
linear relationships and perform effectively in moderate-dimensional datasets.
However, SVM probability estimates commonly require an additional proba-
bility-calibration procedure. In contrast, XGBoost produces prediction scores that
can be evaluated across multiple decision thresholds. This makes XGBoost partic-
ularly convenient for ROC analysis, precision-recall analysis, and investigation of

sensitivity-specificity tradeoffs.
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SVM and XGBoost are both capable of nonlinear modeling, but they represent
the classification problem differently. SVM focuses primarily on constructing an
optimal separating boundary, whereas XGBoost sequentially combines decision
trees to reduce prediction errors and model complex interactions among varia-
bles.

3.4.5. Comparison with Neural Networks and Deep Learning
Deep-learning models can represent highly complex nonlinear relationships and
have demonstrated substantial success with images, signals, natural language, and
very large datasets. However, relatively small structured clinical datasets may not
provide sufficient information to exploit the full capacity of deep neural networks.
For tabular diabetes data, XGBoost offers several practical advantages: efficient
training, good performance on structured data, less computational complexity,
and easier hyperparameter control. Deep learning remains an important alterna-
tive, particularly when the available data include continuous glucose-monitoring
signals, medical images, wearable-sensor streams, or large-scale longitudinal EHR
records. Table 3 summarizes the comparative performance of various classifica-

tion algorithms across the selected evaluation metrics.

Table 3. Comparison of classification algorithms.

Method Main principle Strength Main limitation
Logistic Linear probabilistic . Limited automatic modeling of
) ) ) Interpretability ) ) )
Regression classification nonlinear interactions
Synthetic minority-class Can generate artificial boundary samples
SMOTE ¥ ) ty Addresses training imbalance 8 ) Y ] P
oversampling and must be isolated from testing
SVM Maximum-margin Strong nonlinear classification Probability interpretation and tuning

classification

Multilayer nonlinear

with kernels can be more complex

Neural Networks High modeling capaci
" W learning '8 ing capacity
Conventional Gradient-boosted decision Strong tabular-data
XGBoost trees performance
Tuned XGBoost plus Preserves test independence

NSU-XGBoost
algorithm

leakage-controlled

and adjusts clinical operating

Often data- and computation-intensive

Default threshold may not suit the
clinical objective

Requires rigorous validation and

threshold optimization

. external testing
point

NSU-XGBoost is a leakage-controlled and threshold-optimized machine-learn-
ing framework for disease detection. It integrates strict separation of training and
test data, training-only preprocessing and SMOTE augmentation, cross-validated
XGBoost hyperparameter optimization, and training-based decision-threshold
selection, followed by final evaluation on an untouched independent test cohort.

The proposed technology therefore differs from approaches that rely on a single
mechanism for improving classification performance. NSU-XGBoost combines

complementary strategies operating at different stages of the modeling process.
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Training-only SMOTE augmentation improves the model’s ability to learn pat-
terns associated with the minority disease class, cross-validated hyperparameter
optimization strengthens the nonlinear classifier, and decision-threshold optimi-
zation adjusts the final sensitivity-specificity balance according to a predefined
clinical objective. All stages of model development are confined to the training
workflow, while the independent test cohort remains completely isolated until fi-
nal evaluation.

SMOTE enhances minority-class learning by generating synthetic diabetes-
positive training examples, whereas threshold optimization adjusts the classifier's
operating point to prioritize the detection of diabetes-positive patients according
to the desired clinical sensitivity-specificity tradeoff.

This integrated strategy is particularly relevant to diabetes screening because
the consequences of false-negative and false-positive classifications are not neces-
sarily equivalent. When the clinical priority is to minimize missed diabetes cases,
a sensitivity-oriented operating threshold can be selected using training data.
Conversely, when reducing unnecessary follow-up evaluation is a greater priority,
a more specificity-oriented threshold may be selected. Thus, NSU-XGBoost pro-
vides a controlled mechanism for adapting the classifier’s operating point to the

intended clinical application while preserving rigorous independent evaluation.

Logistic Regression »

No Diabetes

Actual Outcome

Diabetes

No Diabetes Diabetes
Predicted Outcome

Figure 5. Diabetes classification using logistic regression.

Figure 5 depicts the confusion matrix for conventional Logistic Regression di-
abetes classification. The model correctly classified 81 non-diabetic individuals
and 27 diabetic individuals, while 19 non-diabetic cases were incorrectly classified
as diabetic and 27 diabetic cases were missed. The results demonstrate relatively

poor classification of non-diabetic individuals but limited sensitivity for diabetes

DOI: 10.4236/abb.2026.178020

317 Advances in Bioscience and Biotechnology


https://doi.org/10.4236/abb.2026.178020

P. De Melo

detection, with only 50% of diabetes-positive cases correctly identified.

Figure 6 depicts the confusion matrix for conventional XGBoost diabetes clas-
sification. The model correctly classified 85 non-diabetic individuals and 35 dia-
betic individuals, while 15 non-diabetic cases were incorrectly classified as dia-
betic and 19 diabetic cases were missed. Compared with conventional Logistic Re-
gression, XGBoost improved the detection of diabetes-positive cases, reducing
false negatives from 27 to 19 and increasing diabetes sensitivity from 50.0% to

64.8%, while maintaining strong classification of non-diabetic cases.

Conventional XGBoost

No Diabetes

Actual Outcome

Diabetes

No Diabetes Diabetes
Predicted Outcome

Figure 6. Diabetes classification using Conventional XGBoost.

Figure 7 depicts the confusion matrix for NSU-XGBoost with SMOTE-en-
hanced training and a classification threshold of 0.10. The model correctly identi-
fied 53 of 54 diabetes-positive cases and missed only one diabetic case, correspond-
ing to a sensitivity of 98.1%. However, 70 of 100 non-diabetic cases were incorrectly
classified as diabetic, resulting in a specificity of 30.0%. The results demonstrate
that a very low classification threshold provides near-complete detection of dia-
betes-positive cases but substantially increases false-positive classifications, illus-
trating the strong sensitivity-specificity tradeoff associated with threshold reduc-
tion.

For the NSU-XGBoost model:

|Lower threshold = Higher sensitivity, lower speciﬁcity|

and:

|Higher threshold = Higher specificity, lower sensitivity|

This means threshold selection should depend on the intended clinical use. For
screening, where missing diabetes is especially undesirable, a lower threshold may

be appropriate. For a more confirmatory or conservative classification setting, a
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higher threshold may be preferred to reduce false positives.

The NSU-XGBoost decision threshold provides a controllable mechanism for
adjusting the sensitivity-specificity balance. Lower thresholds favor diabetes de-
tection by increasing sensitivity and reducing false-negative classifications, whereas
higher thresholds improve specificity and reduce false-positive classifications.
Therefore, the operating threshold should be selected according to the intended
clinical application and the relative consequences of false-negative and false-pos-

itive decisions.

NSU-XGBoost, Threshold = 0.1

70

No Diabetes

Actual Outcome

Diabetes

No Diabetes Diabetes
Predicted Outcome

Figure 7. Diabetes classification using NSU-XGBoost.

Table 4 shows the performance comparison of machine learning models for
type 2 diabetes prediction. The table summarizes the predictive performance of
Logistic Regression, Random Forest, XGBoost, the proposed NSU-XGBoost model
with leakage-controlled threshold optimization, and SMOTE+NSU-XGBoost us-
ing a common set of evaluation metrics. All models were trained and evaluated
using the same train-test split to ensure a fair comparison. The decision threshold
for Logistic Regression, Random Forest, and conventional XGBoost was fixed at
0.50, whereas the proposed NSU-XGBoost models used an optimized threshold
of 0.20 determined exclusively from the training data to avoid data leakage. Per-
formance was evaluated using Accuracy, Precision, Sensitivity (Recall), Specific-
ity, Fl-score, Receiver Operating Characteristic Area Under the Curve (ROC-
AUC), and Precision-Recall Area Under the Curve (PR-AUC). The proposed
NSU-XGBoost achieved the highest sensitivity (0.873) while maintaining compet-
itive overall discrimination (ROC-AUC = 0.872), demonstrating its effectiveness
for identifying individuals with diabetes. The SMOTE+NSU-XGBoost configura-
tion further increased sensitivity (0.889) but reduced specificity and overall dis-
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crimination, illustrating the trade-off between maximizing case detection and

minimizing false-positive classifications.

Table 4. Performance comparison of machine learning models.

F1- ROC- PR-
Model Threshold A Precisi itivit ificit
ode resho ccuracy recision  Sensitivity  Specificity score AUC AUC
g ; 0.781
Logistic Regression 0.50 0.766 0.702 0.618 0.848 0.657 0.842
0.801
Random Forest 0.50 0.786 0.740 0.655 0.859 0.695 0.864
0.812
XGBoost 0.50 0.786 0.739 0.618 0.879 0.673 0.872
0.812
NSU-XGBoost 0.20 0.760 0.648 0.873 0.697 0.744 0.872
MOTE+NGU-
SMO cu 0.20 71.4 55.8 88.9 62.0 68.6 82.9 70.1
XGBoost

Table 4 Performance comparison of Logistic Regression, Random Forest,
XGBoost, and NSU-XGBoost with leakage-controlled threshold optimization.

4. Conclusions

This study developed NSU-XGBoost, a leakage-controlled framework that inte-
grates training-only SMOTE augmentation, cross-validated XGBoost hyperpa-
rameter optimization, and adjustable probability thresholds for diabetes classifi-
cation. By maintaining a frozen independent test cohort throughout model devel-
opment, the framework avoids information leakage and permits a more reliable
assessment of model performance.

The results demonstrate that NSU-XGBoost can substantially improve the de-
tection of diabetes-positive cases. SMOTE-based balancing of the training data
enables the model to better learn patterns associated with the minority diabetes
class, while adjustment of the probability threshold provides additional control
over the sensitivity-specificity balance. Lowering the threshold increases sensitiv-
ity and reduces false-negative classifications, whereas increasing the threshold im-
proves specificity and reduces false-positive classifications. Thus, the optimal op-
erating threshold depends on the intended clinical application rather than on
overall accuracy alone.

For symptomatic or high-risk patients, a sensitivity-oriented threshold may be
appropriate because the primary objective is to minimize missed diabetes cases and
identify patients requiring further clinical evaluation. However, the threshold
should not be selected arbitrarily or adjusted after examining the independent test
results. Instead, a predefined threshold should be selected using training-only cross-
validation to achieve a clinically appropriate sensitivity target while retaining the
highest possible specificity. For example, a screening application could select the
training-derived threshold that achieves a prespecified sensitivity of 90% or 95%.

Conversely, in applications where unnecessary follow-up testing and false-pos-
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itive classifications are of greater concern, a higher threshold may be selected to
favor specificity. This flexibility allows NSU-XGBoost to operate at different clin-
ically defined decision points. The framework therefore does not provide a single
universal threshold for all patients and settings, but rather a systematic method
for selecting an operating point appropriate to the intended use.

Importantly, NSU-XGBoost should be considered a clinical decision-support
and risk-classification framework rather than a replacement for established diag-
nostic procedures. Patients identified as high risk, particularly those presenting
with symptoms consistent with diabetes, should undergo appropriate clinical as-
sessment and confirmatory laboratory testing.

The selected threshold 0.1 was chosen to illustrate the clinical tradeoff between
sensitivity and specificity rather than to identify a globally optimal operating
point. We have revised the manuscript to acknowledge this limitation and now
state that future work will include threshold scanning using cross-validation and
predefined clinical criteria such as the Youden index or target sensitivity.

The model should only flag risk. Diagnosis should rely on established labora-
tory criteria. Under the 2026 ADA Standards, classic hyperglycemic symptoms
together with a random plasma glucose of at least 200 mg/dL can establish diabe-
tes; other diagnostic pathways include A1C, fasting plasma glucose, or oral glu-
cose-tolerance testing.

Overall, the findings demonstrate that the value of NSU-XGBoost lies not only
in classification performance but also in its ability to provide a controlled and
transparent balance between sensitivity and specificity. By combining leakage-
controlled training, minority-class augmentation, optimized XGBoost modeling,
and clinically oriented threshold selection, NSU-XGBoost offers a flexible frame-
work for diabetes screening and risk stratification. Future research should validate
the framework in larger and external patient populations and investigate whether
population-specific or clinical-context-specific operating thresholds can further

improve its utility in real-world healthcare settings.
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