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Abstract 
Diabetes mellitus is a chronic non-communicable disease with a rapidly increasing prevalence, including among 
productive-age individuals (18–44 years), potentially affecting socio-economic productivity. Early risk 
identification is essential to prevent severe complications and reduce healthcare burden. This study aims to develop 
an early diabetes risk classification model for the productive-age population using machine learning techniques. 
The research employed the Cross-Industry Standard Process for Data Mining (CRISP-DM) framework and utilized 
the 2015 Behavioral Risk Factor Surveillance System (BRFSS) dataset from the Centers for Disease Control and 
Prevention (CDC). After age filtering and preprocessing, 48,867 observations were analyzed. Three algorithms 
Logistic Regression, Random Forest, and XGBoost were compared, with recall prioritized as the primary evaluation 
metric due to its importance in health screening contexts. Class imbalance was addressed using the Synthetic 
Minority Over-sampling Technique (SMOTE). The results indicate that Logistic Regression achieved the highest 
recall (75.06%) and ROC-AUC (83.62%), demonstrating superior capability in detecting high-risk individuals 
compared to the other models. Feature selection using mutual information identified ten significant predictors, with 
general health status, age, and body mass index emerging as dominant risk factors. The selected model was 
implemented into a Flask-based web prototype to support real-time early screening. These findings demonstrate 
that machine learning can effectively support early diabetes risk detection among productive-age populations and 
provide a practical, data-driven approach for preventive public health strategies. 
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Introduction 

The Diabetes mellitus is a chronic non-
communicable metabolic disease that remains a 
major global public health challenge [1]. This 
condition occurs due to impaired glucose 
regulation mechanisms in the body, either 
because the pancreas is unable to produce 
adequate insulin or because the available 

insulin cannot be utilized effectively by body 
tissues [2]. This imbalance results in prolonged 
hyperglycemia. If not detected and managed 
early, diabetes mellitus can lead to severe 
complications, including cardiovascular 
disease, kidney dysfunction (nephropathy), 
retinal damage (retinopathy), and an increased 
risk of premature mortality. 
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According to the 2025 report from the 
International Diabetes Federation (IDF), the 
global number of individuals living with 
diabetes has surpassed 589 million and is 
projected to reach 853 million by 2050 [3]. 
Indonesia is among the countries with a high 
diabetes burden, with more than 19 million 
cases, ranking fifth globally. The significant 
rise in diabetes prevalence among the 
productive-age population has far-reaching 
impacts, not only on national healthcare 
systems but also on economic and social 
productivity. The productive-age group, 
generally defined as individuals aged 18–44 
years, represents a strategically important phase 
of life in economic and social activities, as 
widely discussed in epidemiological studies of 
diabetes, including research on young-onset 
Type 2 Diabetes Mellitus (T2DM) [4]. 

Rapid urbanization over recent decades has 
further contributed to lifestyle changes 
associated with an increased risk of diabetes, 
particularly among the productive-age 
population [5]. Modern lifestyles are 
characterized by reduced physical activity due 
to sedentary occupations, increased 
consumption of high-sugar and high-fat foods, 
and low awareness of routine health screenings 
[6]. These factors collectively contribute to 
insulin resistance, one of the primary 
mechanisms in the pathogenesis of Type 2 
diabetes. This condition underscores the 
importance of preventive strategies focused on 
early detection to identify high-risk individuals 
before the disease progresses to more severe 
stages and causes complications. Accurate 
identification of diabetes risk is essential to 
ensure that preventive and therapeutic 
interventions are implemented effectively and 
appropriately [7]. Data-driven early detection 

approaches are considered capable of reducing 
diabetes-related morbidity and mortality while 
maintaining societal productivity, as prevention 
is generally more efficient and cost-effective 
than treating diabetes complications [8]. 

The application of Artificial Intelligence 
(AI), particularly machine learning, has been 
widely adopted in healthcare to support the 
analysis and classification of chronic disease 
risks. Machine learning is capable of processing 
complex and multidimensional data, such as 
demographic variables, clinical indicators, and 
lifestyle patterns, which often exhibit nonlinear 
relationships [9]. This approach has been shown 
to improve analytical accuracy and clinical 
decision-making efficiency compared to 
conventional statistical methods [10]. By 
utilizing mathematical algorithms to learn 
patterns from historical data, machine learning 
can generate inferences without explicit 
programming [11], making it highly promising 
for identifying diabetes risk before clinical 
symptoms emerge. 

Analysis of large-scale health data (big 
data) enables the discovery of predictive 
indicators that may be difficult to identify 
manually [12]. The integration of statistical 
methods and AI serves as a crucial foundation 
for extracting meaningful knowledge from such 
data [13]. Although previous studies indicate 
that ensemble algorithms such as Extreme 
Gradient Boosting (XGBoost) often outperform 
Logistic Regression and Random Forest, 
variations in results are still observed due to 
differences in dataset characteristics and 
preprocessing stages. Therefore, a comparative 
evaluation was conducted among the 
productive-age group (18–44 years) to assess 
the performance of these three algorithms in 
supporting early diabetes risk screening. This 
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evaluation utilized health indicator data from 
the 2015 Behavioral Risk Factor Surveillance 
System (BRFSS), collected by the Centers for 
Disease Control and Prevention (CDC), which 
includes demographic variables, health 
conditions, and behavioral patterns relevant to 
diabetes risk in young adult populations. 

This study was structured using the Cross-
Industry Standard Process for Data Mining 
(CRISP-DM) framework, which provides 
systematic research stages from business 
understanding, data understanding, data 
preparation, modeling, evaluation, to 
deployment. The use of this framework ensures 
that the research process is systematic, well-
documented, and reproducible. Furthermore, 
CRISP-DM offers a clear foundation for 
analyzing variables influencing diabetes risk, 
thereby enhancing the validity and reliability of 
the resulting model to support preventive 
decision-making in public health. 

The primary objective of this study is to 
develop a diabetes risk prediction system for 
the productive-age population (18–44 years) by 
comparing the performance of three machine 
learning algorithms: Logistic Regression, 
Random Forest, and XGBoost, with recall 
prioritized as the main evaluation metric for 
health screening applications. The best-
performing model was subsequently 
implemented into a web-based prototype 
system designed as a self-assessment tool for 
the general public. Previous studies have 
demonstrated that these algorithms can 
effectively identify diabetes risk factors at early 
stages and achieve high predictive accuracy on 
population health data [14]. Model performance 
was evaluated using quantitative metrics 
including accuracy, precision, recall, F1-score, 
and Area Under the Curve (AUC). In the 

context of health screening, recall (sensitivity) 
was prioritized because the model’s ability to 
identify all high-risk individuals is more critical 
than minimizing false positives. This is 
particularly important given that missed 
diagnoses (false negatives) in chronic diseases 
such as diabetes may lead to fatal 
consequences. In addition to quantitative 
evaluation, an analysis of each variable’s 
contribution to diabetes risk was conducted to 
enhance model interpretability. Ultimately, the 
findings of this study are expected to provide 
practical benefits in increasing public 
awareness of diabetes risk while contributing 
scientifically to the development of data-driven 
prediction methods for non-communicable 
diseases, particularly within the productive-age 
population. 
 
Method 

This study was designed using the Cross-
Industry Standard Process for Data Mining 
(CRISP-DM) framework, which provides a 
structured research workflow from problem 
understanding to predictive model 
implementation. CRISP-DM was selected 
because it ensures that the research process is 
systematic, well-documented, and 
reproducible, thereby producing a valid, 
accurate, and applicable early classification 
model for diabetes risk [15]. 

The CRISP-DM framework consists of six 
main phases: business understanding, data 
understanding, data preparation, modeling, 
evaluation, and deployment [16]. The 
methodological workflow based on CRISP-DM 
is illustrated in Figure 1, which depicts the 
cyclical relationship between each phase in the 
machine learning model development process. 
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Figure 1. Research Methodology Framework Based on CRISP-DM 

 
a. Business Understanding 

The initial phase of this study focused on 
understanding the problem of diabetes mellitus 
among the productive-age population, defined 
in this research as individuals aged 18–44 years. 
This age group plays a strategic role in socio-
economic activities but has shown an increasing 
trend in diabetes risk associated with modern 
lifestyle changes. The high prevalence of 
diabetes and delayed diagnosis within this age 
group highlight the need for a rapid, accurate, 
and data-driven early screening method. 

This study aims to develop an early 
diabetes risk classification model using 
machine learning algorithms based on 
population health data, including demographic 
variables, clinical indicators, and health 
behavior factors. The developed model is 
expected to provide practical benefits as an 
initial screening tool to increase awareness 

among the productive-age population, while 
also contributing scientifically by establishing a 
methodological framework for machine 
learning-based prediction of non-
communicable diseases. 

 
b. Data Understanding 

This study utilized the Diabetes Health 
Indicators Dataset, sourced from the Centers for 
Disease Control and Prevention (CDC) through 
the 2015 Behavioral Risk Factor Surveillance 
System (BRFSS), accessed via the Kaggle 
platform [17]. The dataset originates from an 
annual telephone-based health survey in the 
United States designed to identify risk factors 
for chronic diseases, including diabetes. 

The dataset consists of 253,680 
observations with 22 features, including health 
indicators (HighBP, HighChol, BMI), lifestyle 
behaviors (Smoker, PhysActivity), healthcare 
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access (AnyHealthcare), physical and mental 
health status (GenHlth, PhysHlth, MentHlth), 
and demographic factors (Sex, Age, Income, 
Education). The target variable is 
Diabetes_binary, coded as 1 for diabetes and 0 
for non-diabetes. 

To align with the study focus, data were 
filtered to include only individuals aged 18–44 
years, and duplicate records were removed. 
From the initial 253,680 observations, age 
filtering resulted in 54,401 observations 
(21.45%). After removing 5,534 duplicate 
records (10.17%), a clean dataset of 48,867 
observations was obtained, consisting of 46,661 
non-diabetes cases (95.49%) and 2,206 diabetes 
cases (4.51%). This class imbalance reflects the 
lower prevalence of diabetes in the productive-
age population. 

Feature selection was conducted using 
mutual information, resulting in 10 features 
with the strongest association with diabetes: 
HighBP, HighChol, BMI, AnyHealthcare, 
GenHlth, PhysHlth, DiffWalk, Sex, Age, and 
Income. Although the dataset is based on the 
U.S. population, the selected health indicators 
are considered universal and relevant for global 
diabetes risk prediction research. 

The dataset was deemed adequate and 
appropriate for developing a diabetes risk 
classification model in the productive-age 
population. 

 
c. Data Preparation 

The data preparation phase aimed to ensure 
data consistency and quality prior to modeling. 
The cleaned dataset (48,867 observations) was 
divided into a training set (39,093 observations, 
80%) and a test set (9,774 observations, 20%) 
using stratified sampling to preserve class 
proportions. 

Class distribution analysis of the training 
set revealed significant imbalance, with 37,328 
negative cases and 1,765 positive cases, 
resulting in an imbalance ratio of 21.15:1. Such 
imbalance is common in healthcare datasets, 
particularly among productive-age populations. 

All features were standardized using 
StandardScaler, transforming them to a mean of 
0 and a standard deviation of 1 to prevent 
dominance by features with larger numeric 
ranges. Standardization was applied after 
dataset splitting to prevent data leakage; the 
scaler was fitted only on the training set and 
subsequently applied to the test set. 

To address class imbalance, Synthetic 
Minority Over-sampling Technique (SMOTE) 
was applied exclusively to the training set. 
SMOTE generates synthetic minority samples 
through k-nearest neighbors interpolation. The 
diabetes class increased from 1,765 to 37,328 
samples, resulting in a balanced training dataset 
of 74,656 observations with a 1:1 class ratio. 

The test set retained its original distribution 
(9,333 non-diabetes and 441 diabetes cases) to 
provide realistic evaluation under imbalanced 
conditions. This approach ensures that the 
model is trained on balanced data but evaluated 
under real-world class distribution. Class 
balancing was intended to improve model 
sensitivity (recall), which is critical in health 
screening systems. 

 
d. Modelling 

The modeling phase aimed to construct 
machine learning models capable of classifying 
diabetes risk among productive-age 
individuals. Model training was performed 
using cross-validation to minimize overfitting 
and ensure prediction stability. 

Three algorithms were implemented: 
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Logistic Regression models binary 
outcome probability using the logit function: 

 

𝑃(𝑌 = 1 ∣ 𝑋) =
1

1 + 𝑒!(#!$#"%"$⋯$##%#) 

 
where 𝑃(𝑌 = 1 ∣ 𝑋) represents the 

probability of diabetes risk, 𝛽!is the intercept, 
𝛽"are regression coefficients, and 𝑋"are 
predictor variables. Parameters were estimated 
using Maximum Likelihood Estimation (MLE). 

Random Forest is an ensemble algorithm 
that constructs multiple decision trees using 
bootstrap sampling. Final predictions are 
obtained through majority voting: 

 
𝑦, = mode(ℎ((𝑋), ℎ)(𝑋), … , ℎ*(𝑋)) 

 
where ℎ"(𝑋)represents the prediction from 

the i-th tree. This algorithm is robust to noise 
and capable of capturing complex patterns 
while providing feature importance. 

XGBoost is a boosting algorithm that 
sequentially builds trees to correct previous 
errors. The objective function is: 
 

Obj =0𝑙(
+

,-(

𝑦, , 𝑦,,) +0Ω(
.

/-(

𝑓/) 

 
where 𝑙 denotes the loss function, Ω is the 

regularization term, and 𝐾 is the number of 
trees. XGBoost is known for high efficiency 
and predictive performance. 

 
e. Evaluation 

Model performance was evaluated using 
accuracy, precision, recall, F1-score, and AUC-
ROC. 
 
Accuracy: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

Precision: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 

 
Recall: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 

 
F1-score: 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 

 
In health screening contexts, recall 

(sensitivity) was prioritized to minimize false 
negatives, as missed diagnoses in chronic 
diseases such as diabetes may have severe 
consequences. 

Feature importance analysis was conducted 
on ensemble-based models to identify the most 
influential variables, enhancing model 
interpretability and clinical relevance. 
 
f. Deployment 

The deployment phase involved 
implementing the best-performing model 
(Logistic Regression) into a web-based 
prototype system. The model, evaluated using 
accuracy, precision, recall, F1-score, and AUC-
ROC, was integrated into a Flask-based web 
application to support early diabetes risk 
screening. 

The prototype was developed using Python 
and Flask, providing an HTML form interface 
for user input based on the 10 selected features. 
Input data undergo preprocessing 
(standardization using StandardScaler), 
followed by real-time risk prediction. The 
model was saved using joblib for efficient 
loading, and the system architecture, routing 
structure, and workflow were documented to 
ensure reproducibility and future development. 
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Result and Discussion 
a. Classification Model Evaluation Results 

This study aimed to identify the most 
suitable classification algorithm for early 
diabetes risk detection among individuals of 
productive age. Three machine learning 
algorithms were evaluated, namely Logistic 
Regression, Random Forest, and XGBoost, 
using the complete set of 21 features. The 
dataset was divided into training and testing 

sets with an 80:20 ratio. To address class 
imbalance, the Synthetic Minority Over-
sampling Technique (SMOTE) was applied 
only to the training data. 

Model performance was evaluated using 
accuracy, precision, recall, F1-score, and ROC-
AUC in order to provide a comprehensive 
assessment of classification capability [18]. The 
evaluation results are presented in Table 1. 

 
Table 1. Classification model evaluation results

Model Accuracy Precision Recall F1-Score ROC-AUC 
Logistic Regression 0,7769 0,1414 0,7778 0,2393 0,8385 
Random Forest 0,9445 0,3413 0,1293 0,1875 0,8059 

XGBoost 0,9510 0,4031 0,1791 0,2480 0,8327 

The evaluation results presented in Table 1 
indicate the presence of a trade-off among 
evaluation metrics across the three models. 
Logistic Regression achieved the highest recall 
at 77.78% with a ROC-AUC of 83.85%, 
although its precision was relatively low at 
14.14%. On the other hand, Random Forest and 

XGBoost demonstrated very high accuracy, 
exceeding 94%; however, their recall values 
were considerably lower, at 12.93% and 
17.91%, respectively. This condition indicates 
that although these two models are highly 
accurate overall, many diabetes cases were not 
successfully detected. 

 

 
Figure 2. Confusion Matrix Visualization 

The confusion matrix visualization in 
Figure 2 shows that Logistic Regression 
successfully detected 343 true positives out of 
441 diabetes cases (77.78%), with 98 false 
negatives. The model also produced 7,250 true 
negatives and 2,083 false positives. Random 

Forest had the lowest number of false positives 
(110) but detected only 57 true positives, with 
384 false negatives. XGBoost demonstrated a 
more balanced performance, with 79 true 
positives and 362 false negatives. The high 
number of false negatives in Random Forest 
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and XGBoost represents a significant risk in 
health screening contexts. 
 

 
Figure 3. ROC Curve Visualization 

 
The ROC curve visualization in Figure 3 

shows that Logistic Regression (blue) achieved 
the highest AUC (0.839), outperforming 
XGBoost (green, 0.833) and Random Forest 
(orange, 0.806). All three curves lie well above 
the diagonal line of a random classifier, 
indicating significant predictive capability. The 
Logistic Regression curve is closest to the top-
left corner, demonstrating the model’s 
effectiveness in maximizing the true positive 
rate while minimizing the false positive rate. 
Therefore, it was selected for the feature 
selection stage to optimize system usability 
without sacrificing predictive performance. 
 
 

b. Selected Feature Analysis 
After Logistic Regression was selected 

based on the highest recall (77.78%) and 
superior ROC-AUC (83.85%), feature number 
optimization was conducted to balance model 
performance with system usability. Although 
using 21 features yielded good performance, a 
high input burden may reduce the application’s 
effectiveness in real-world implementation. 

Experiments were conducted with 
variations in the number of features (5, 7, 10, 
12, 15, 18, and 21) using elbow curve analysis, 
with recall as the primary evaluation metric. 
Logistic Regression was retrained under each 
configuration to evaluate the trade-off between 
complexity and performance. 
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Figure 4. Elbow Curve Analysis and Marginal Performance Gain 

 
The elbow curve analysis results in Figure 

4 indicate that increasing the number of features 
from 5 to 7 resulted in a significant recall 
improvement (71.86%). However, adding 
features from 7 to 10 increased recall by only a 
marginal gain of 3.17%, and further additions 
resulted in improvements of less than 1%. The 
optimal point (elbow point) was identified at 10 
features with a recall of 75.06%, where 
additional features were not proportional to the 
added complexity, in line with the principle of 
parsimony [19]. 

The top 10 features were selected using 
Mutual Information (MI) due to its ability to 
measure non-linear dependency. The selected 
features were HighBP, HighChol, BMI, 
AnyHealthcare, GenHlth, PhysHlth, DiffWalk, 
Sex, Age, and Income. These features represent 

a combination of health indicators, functional 
status, healthcare access, as well as clinically 
relevant demographic and socioeconomic 
factors. 
 
c. Interpretation of Feature Contribution 

To understand the contribution of each 
variable to diabetes risk prediction, an analysis 
of feature coefficients in the Logistic 
Regression model was conducted. The model 
coefficients were transformed into odds ratios 
(OR) to provide more intuitive interpretation, 
where OR > 1 indicates increased diabetes risk 
and OR < 1 indicates decreased risk. This 
analysis aims to identify the most influential 
features in the model’s decision-making 
process. 
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Figure 5. Feature Importance Visualization Odds Ratio (Logistic Regression) 

Based on the analysis results in Figure 5, 
the variable GenHlth (general health status) 
showed the highest odds ratio of 2.28, meaning 
that each one-unit increase in poorer health 
status increases diabetes risk by 128%. This 
finding is consistent with public health 
literature stating that poor perceived general 
health strongly correlates with chronic disease 
prevalence. The variable Age ranked second 
with an OR of 1.58, indicating a 58% increase 
in risk for each increase in age category, 
consistent with epidemiological understanding 
that diabetes prevalence increases with age. 
BMI showed an OR of 1.49, reinforcing the role 
of obesity as a major risk factor contributing to 
insulin resistance. 

Metabolic condition variables such as 
HighChol and HighBP showed OR values of 
1.45 and 1.26, respectively, reflecting the role 

of metabolic syndrome as a predictor of 
diabetes. AnyHealthcare (access to healthcare 
services) with an OR of 1.13 indicates that 
individuals with healthcare access are more 
likely to be diagnosed, not necessarily due to 
increased risk, but due to better detection 
through routine examinations. 

Meanwhile, the variables Sex, PhysHlth, 
and Income showed odds ratios below 1, 
indicating a negative association with diabetes 
risk. Income had an OR of 0.84, meaning that 
increased income correlates with a 16% 
reduction in diabetes risk. This finding aligns 
with literature on social determinants of health, 
where higher socioeconomic status provides 
better access to healthy nutrition, physical 
activity, and preventive healthcare services. 

This odds ratio analysis strengthens the 
interpretative validity of the model, as the key 
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variables align with medical and 
epidemiological literature on diabetes risk 
factors.The model is not only quantitatively 
accurate but also captures clinically relevant 
patterns. The high interpretability of Logistic 
Regression makes it an appropriate choice for 
screening system implementation, where 
transparency in decision-making is essential for 
clinical trust and adoption by healthcare 
professionals. 
 
 

d. Model Validation 
Model validation was conducted to ensure 

that model performance does not depend on a 
single data-splitting scheme and that it 
possesses good generalization ability. 
Validation was performed using Stratified k-
Fold Cross-Validation with five folds (5-fold), 
where class proportions were maintained in 
each fold. In each fold, preprocessing steps 
(StandardScaler and SMOTE) were applied 
exclusively to the training data to prevent data 
leakage. 

 
Table 2.  Stratified k-Fold Cross-Validation Evaluation Results (5-Fold) 

Fold Accuracy Precision Recall F1-Score ROC-AUC 
1 0.7715 0.1343 0.7460 0.2276 0.8361 
2 0.7802 0.1389 0.7421 0.2340 0.8424 
3 0.7777 0.1340 0.7188 0.2259 0.8222 
4 0.7781 0.1439 0.7914 0.2435 0.8548 
5 0.7767 0.1380 0.7528 0.2333 0.8330 

Mean 0.7768 0.1378 0.7502 0.2328 0.8377 
Std 0.0029 0.0036 0.0235 0.0062 0.0107 

Table 2. Stratified k-Fold Cross-Validation 
Evaluation Results (5-Fold). The validation 
results show that the Logistic Regression model 
achieved stable performance with an average 
recall of 75.02% ± 2.35% and ROC-AUC of 
83.77% ± 1.07%. The low standard deviation 
indicates consistent performance across 
different data subsets without overfitting. The 
recall range across folds (71.88%–79.14%) 
indicates that the model consistently detects 7–
8 out of 10 diabetes cases. 

The high recall confirms the model’s 
ability to identify the majority of at-risk 
individuals with a low false negative rate, while 
the low precision (13.78%) reflects a relatively 
high number of false positives. This 
characteristic aligns with the priority of health 
screening systems, where detecting as many at-

risk cases as possible for further examination is 
more important. The recall variation of 2.35% 
across folds indicates stable detection 
performance across different subsets of the 
productive-age population. 

Overall, the cross-validation results 
reinforce the selection of Logistic Regression as 
a model with good stability and generalization 
capability for implementation in a diabetes risk 
classification system for the productive-age 
group. 

The analysis results demonstrate that the 
machine learning approach is capable of 
producing a diabetes risk classification model 
with good performance for the productive-age 
group. The Logistic Regression model with 10 
selected features achieved a recall of 75.06% 
and a ROC-AUC of 83.62%, indicating good 
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discriminative ability in distinguishing between 
at-risk and non-risk individuals. These findings 
highlight the potential of the model as an early 
screening tool to identify diabetes risk before 
the onset of more severe clinical symptoms. 

Differences in performance among the 
algorithms reveal a clear trade-off between 
evaluation metrics. Logistic Regression excels 
in recall (75.06%), whereas Random Forest and 
XGBoost achieve higher accuracy (>93%) and 
precision but exhibit low recall (<30%). In 
health screening contexts, the primary objective 
is to detect as many at-risk individuals as 
possible for further examination; therefore, 
recall becomes the most critical metric. Based 
on this consideration, Logistic Regression was 
selected because it consistently detects three out 
of four diabetes cases, as confirmed by cross-
validation results (recall 75.02% ± 2.35%). 

The confusion matrix results on the test set 
show that the model successfully identified 331 
out of 441 diabetes cases (true positives), with 
110 false negatives. Although 2,101 false 
positives were observed, this characteristic is 
acceptable in initial screening, as individuals 
predicted to be at risk will undergo further 
examination for diagnostic confirmation. 
Missing diabetes cases (false negatives) is 
considered more critical than unnecessary 
referrals (false positives) in a public health 
context. 

Feature coefficient analysis shows that 
GenHlth (OR 2.28), Age (OR 1.58), and BMI 
(OR 1.49) are dominant predictors of diabetes 
risk, consistent with epidemiological literature 
on metabolic disease risk factors. The finding 
that Income is negatively associated with 
diabetes risk (OR 0.84) aligns with research on 
social determinants of health, where higher 

socioeconomic status provides better access to 
healthy lifestyles and preventive services. 

This study has several limitations. First, the 
use of secondary data from the United States 
population limits the generalizability of 
findings to the Indonesian population, which 
has different demographic and lifestyle 
characteristics. Second, the dataset does not 
include detailed lifestyle factors such as dietary 
patterns, physical activity intensity, and 
smoking duration, which could further improve 
predictive accuracy. Third, the model is 
designed as an initial screening tool rather than 
a substitute for clinical diagnosis; therefore, 
individuals predicted to be at risk still require 
laboratory examination (HbA1c, fasting blood 
glucose) for medical confirmation. 

 
e. System Implementation 

The selected Logistic Regression model 
was subsequently implemented into a web-
based prototype application using the Flask 
framework. The system was designed to allow 
users to perform early diabetes risk screening 
directly through an interactive interface. The 
model, StandardScaler, and feature 
configuration were stored using joblib and 
automatically loaded when the application runs. 

The application consists of three main 
components. The first page is a medical 
disclaimer page that users must pass before 
accessing the prediction form. This page 
explains that the system serves as a screening 
tool and does not replace clinical diagnosis, that 
prediction accuracy depends on the correctness 
of the input data, and that individuals predicted 
to be at high risk should undergo laboratory 
examination for medical confirmation. The 
disclaimer page interface is shown in Figure 6. 
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Figure 6. Disclaimer Page Interface

The second page is the input form, which 
provides ten fields corresponding to the 
variables used in the modeling process: HighBP 
(high blood pressure), HighChol (high 
cholesterol), BMI (body mass index), 
AnyHealthcare (healthcare access), GenHlth 
(general health status), PhysHlth (number of 
physically unhealthy days), DiffWalk 
(difficulty walking), Sex (gender), Age (age 

category), and Income (income level). After 
users complete all fields and submit the data, 
the system performs input validation and 
preprocessing, including feature 
standardization using the same StandardScaler 
applied during training, and then generates a 
prediction using the Logistic Regression model. 
The form interface is shown in Figure 7. 

 

 
Figure 7. Health Data Input Form Interface

The third page is a prediction result modal 
displaying the risk classification (high risk or 
low risk), the model confidence level expressed 

as a percentage, and follow-up 
recommendations tailored to the classification 
outcome. The result modal also reiterates the 
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medical disclaimer to ensure users understand 
that the results do not constitute a medical 
diagnosis and require confirmation through 
laboratory testing (HbA1c, fasting blood 

glucose) by healthcare professionals. The high-
risk and low-risk prediction result interfaces are 
shown in Figures 8 and 9, respectively. 

 

 
Figure 8. Low-Risk Diabetes Prediction Result Interface 

 

 
Figure 9. High-Risk Diabetes Prediction Result Interface 

The system was designed with usability 
and accessibility considerations, where all input 
fields use simple and easily understandable 
formats for general users. Implementing 
Logistic Regression provides additional 
advantages in terms of high prediction speed 
and strong interpretability, enabling real-time 
responses and more transparent explanation of 
prediction results. 

Conclusion 
Based on all research stages, including data 

understanding, data preparation, feature 
selection, modeling, evaluation, and validation, 
it can be concluded that the machine learning 
approach successfully produced a diabetes risk 
classification model with good performance for 
the productive-age group. The evaluation 
results indicate that the three algorithms 
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(Logistic Regression, Random Forest, and 
XGBoost) exhibit different performance 
characteristics with clear trade-offs among 
evaluation metrics. 

In the context of health screening, where 
the primary objective is to detect as many at-
risk individuals as possible for further 
examination, Logistic Regression was selected 
as the best model with a recall of 75.06% and a 
ROC-AUC of 83.62%. The model consistently 
detects three out of four diabetes cases, as 
confirmed by cross-validation results showing 
an average recall of 75.02% ± 2.35% across five 
folds. The low standard deviation indicates 
good generalization ability without overfitting. 

Feature selection using elbow curve 
analysis and mutual information identified 10 
optimal features that balance model 
performance and system usability. Feature 
contribution analysis shows that general health 
status (GenHlth), age (Age), and body mass 
index (BMI) are dominant predictors of 
diabetes risk, consistent with epidemiological 
literature on metabolic disease risk factors. The 
model has been implemented into a Flask-based 
web prototype that provides an interactive 
interface for early diabetes risk screening in the 
productive-age population. 
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