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Diabetes is a major health problem that can significantly 

reduce life expectancy and increase the risk of serious 

complications such as kidney failure, stroke, and 

cardiovascular disease. Therefore, early detection is essential 

to prevent the progression of the disease. This study proposes 

a machine learning-based approach for early diabetes 

detection using a private dataset obtained from RSUP 

Persahabatan General Hospital in Jakarta, Indonesia. The 

dataset consists of 501 patient records with clinical and 

laboratory features extracted from the hospital’s electronic 

medical record system. Several machine learning algorithms 

were implemented and compared, including Logistic 

Regression, Support Vector Machine, Random Forest, 

Decision Tree, Naïve Bayes, Extreme Gradient Boosting, 

Ensemble methods, and Artificial Neural Networks. Feature 

selection was performed using ANOVA, and hyperparameter 

optimization was applied using GridSearchCV to improve 

model performance. The experimental results show that the 

Artificial Neural Network model achieved the best 

performance with an accuracy of 0.86 (86%). Statistical 

analysis using logistic regression identified systolic blood 

pressure, diastolic blood pressure, age, HDL cholesterol, and 

leukocyte levels as the most significant risk factors associated 

with diabetes. These findings demonstrate the potential of 

machine learning techniques to support early diabetes 

detection using clinical data from Indonesian healthcare 

settings. 
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1. Introduction 

Along with the increasing prevalence of diabetes 

mellitus (DM) in Indonesia, the disease has developed 

into a serious public health problem. According to data 

from the Ministry of Health, the prevalence of diabetes 

mellitus in Indonesia increased from 5.7% in 2007 to 

6.9% in 2013, and further increased to 8.5% in 2018 

(MOH, 2008; MOH, 2013b; MOH, 2019). This steady 

increase indicates that diabetes has become one of the 

major health burdens affecting the Indonesian 

population. Diabetes is currently the third leading cause 

of death in Indonesia after ischemic heart disease and 

stroke. The proportion of deaths due to DM reached 

7.8% of all causes of death (MOH, 2015a). This figure 

shows a significant increase compared to 2007 when 

diabetes ranked fifth with a proportion of 5.7% (MOH, 

2008). Additional data revealed that in 2017, deaths due 

to DM ranked third in Indonesia, representing a 

dramatic increase from the ninth position in 1990. 

Among all causes of death, diabetes recorded the 

largest increase, reaching 162% over this period 

(IHME, 2018; MOH, 2018) [1]. These statistics 

highlight the urgent need for effective strategies for 

early detection and prevention of diabetes in Indonesia. 

Early detection plays an important role in preventing 

complications and reducing mortality caused by 

diabetes. With the rapid advancement of information 

technology, artificial intelligence and machine learning 

techniques have been widely applied in the healthcare 

sector to assist disease prediction and diagnosis. 

Machine learning methods are capable of analyzing 

large and complex medical datasets, identifying hidden 
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patterns, and supporting clinical decision-making 

processes more efficiently than traditional statistical 

approaches. Recent studies have highlighted the 

growing application of machine learning and deep 

learning models in diabetes prediction and management 

[2]. 

In recent years, numerous studies have explored the 

application of machine learning algorithms for diabetes 

prediction. Algorithms such as Logistic Regression, 

Support Vector Machine (SVM), Random Forest, and 

Gradient Boosting have been widely implemented to 

classify patients based on their risk of developing 

diabetes [3], [4]. Furthermore, neural network models 

have shown promising results in capturing complex 

nonlinear relationships within medical data and 

improving prediction performance [5]. 

Several studies in Indonesia have also attempted to 

utilize machine learning approaches for diabetes 

prediction using hospital or public health datasets. 

These studies generally focus on comparing multiple 

classification algorithms or improving model 

performance through data preprocessing techniques. 

However, many existing studies still rely on limited 

datasets or emphasize algorithm comparison without 

extensively optimizing neural network models or 

exploring comprehensive clinical variables related to 

diabetes in Indonesian populations. 

Therefore, further research is needed to develop an 

optimized diabetes prediction model that considers 

various clinical indicators and utilizes neural network 

approaches. In this study, machine learning approaches 

and statistical methods are used simultaneously to 

identify potential risk factors associated with diabetes 

and to propose a system that can effectively identify 

diabetic patients [6]. Furthermore, hyperparameter 

tuning techniques are applied to obtain the best 

predictive model [7].  

Risk factor analysis was conducted using several 

independent variables derived from clinical and 

laboratory examinations, including age, systolic blood 

pressure, diastolic blood pressure, body mass index, 

weight, height, hemoglobin, leukocytes, platelets, uric 

acid, HDL, LDL, total cholesterol, creatinine, AST, and 

ALT. These variables were analyzed to identify the 

most influential factors associated with diabetes. The 

dataset used in this research was obtained from RSUP 

Persahabatan Jakarta, with the aim of generating 

diabetes prediction results that reflect the 

characteristics of the Indonesian population. 

2. Research Method 

Several machine learning classification methods were 

implemented in this study to obtain the best 

performance for early diabetes detection. In addition, 

statistical analysis was conducted to identify the most 

influential risk factors associated with diabetes. Figure 

1 illustrates the overall research workflow. The process 

begins with dataset collection from RSUP Persahabatan 

General Hospital, followed by data preprocessing and 

feature selection to identify relevant variables. In 

parallel, risk factor analysis is conducted to determine 

variables associated with diabetes. 

Next, hyperparameter tuning is performed to optimize 

the model parameters. Several machine learning 

algorithms are then implemented, including Logistic 

Regression, Random Forest, Decision Tree, SVM, 

XGBoost, Naïve Bayes, ANN, and Ensemble models. 

Finally, the models are evaluated and the results are 

obtained to determine the best-performing model for 

diabetes prediction. 

 

Figure 1. Research methodology for diabetes prediction using 

machine learning models. 

2.1. Data Description 

The dataset used in this study was obtained from RSUP 

Persahabatan General Hospital, which includes data 

from outpatients, inpatients, prevention programs, 

medical check-ups (MCU), and early diabetes detection 

examinations. 

The dataset consists of 501 records with 24 variables 

(features) representing demographic, clinical, and 

laboratory indicators related to diabetes risk. Private 

datasets such as hospital data are typically limited in 

size and are obtained from institutions such as 

hospitals, banks, factories, or other service providers 

that serve as the focus of the study [8].  

2.2. Data Preprocessing  

Data preprocessing was conducted to improve data 

quality before the modeling process. This stage 

included data cleansing, handling missing values, and 

outlier analysis. First, all numerical variables were 

converted into float64 format to ensure compatibility 
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with statistical analysis and machine learning 

algorithms. Missing values were handled using the 

mean imputation method to maintain data completeness 

without removing records, considering the limited 

number of observations. In addition, outlier analysis 

was performed using boxplot visualization to identify 

extreme values in the dataset. Although several 

variables contained outliers, these values represent 

actual laboratory test results; therefore, they were 

retained to preserve important information in the 

dataset. 

2.3. Cross Validation 

A technique for data partitioning called cross-

validation (CV) divides the dataset into two groups: 

training data and test/validation data. The cross-

validation technique used in this study is the Shuffle 

Split function, which produces a user-defined number 

of training and validation splits. Samples are sorted and 

separated into training and testing/validation sets using 

this procedure. Choosing this approach gives you 

choice over the quantity of data samples on either side 

of the training/validation set and the number of 

iterations [9]. In the cross-validation process, the 

dataset is split into 80% training set and 20% validation 

set. CV split values of 3 and 5 were used to test the data 

using the predetermined training and validation split. 

2.4. Machine Learning Algorithms 

Several machine learning algorithms were 

implemented and compared in this study to identify the 

most effective model for diabetes detection. The 

selection of these algorithms was based on their proven 

effectiveness in medical classification problems and 

their ability to handle different data characteristics. 

2.4.1. Logistic Regression 

In earlier research on diabetes patients risk factor 

identification, logistic regression was employed [10]. 

Logistic regression is a statistical classification method 

commonly used in medical research for binary 

classification problems. It is particularly useful for 

identifying relationships between independent 

variables and disease outcomes. 

𝑙𝑜𝑔𝑖𝑡(𝑝) =  𝑏𝑎 + 𝑏1𝑋1 + 𝑏2𝑋2 + 𝑏3𝑋3+. . +𝑏𝑘𝑋𝑘   (1) 

P is the probability of the characteristic of interest being 

present. The logit transform is defined as log: 

𝑜𝑑𝑑𝑠 = 𝑝
𝑝

1−𝑝
               (2) 

          =
𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑜𝑓 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐

𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑜𝑓 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐
  

And 

𝑙𝑜𝑔𝑖𝑡(𝑝) = 𝑙𝑛 (
𝑝

1−𝑝
)              (3) 

2.4.2. Support Vector Machines 

Prior research on diabetes risk factor identification also 

made use of support vector machines (SVM) [11]. 

Support Vector Machine (SVM) is a supervised 

learning algorithm widely used for classification tasks 

and pattern recognition. SVM identifies an optimal 

hyperplane that separates classes in a high-dimensional 

feature space [12]. The hyperplane's mathematical 

equation is: 

𝑊. 𝑌 + 𝑝 =  0                (4) 

Where b stands for the scalar data and W for the 

weighted vector 

The SVM's Radial Basis Function (RBF) kernel is one 

of the classification techniques employed in this study. 

The RBF kernel is represented mathematically as 

follows: 

𝐾(𝑥, 𝑦) = exp (−𝛾||𝑥 − 𝑦||2)              (5) 

2.4.3. Random Forest 

Random Forest is an ensemble learning algorithm that 

constructs multiple decision trees during training and 

combines their predictions to produce a final result 

[13]. This method improves prediction accuracy and 

reduces overfitting [14]. 

2.4.4. Decision Tree 

The investigations also employ classification based on 

decision trees [10]. Decision Tree (DT) is a tree-based 

classification algorithm that splits data into subsets 

based on feature values. It is widely used due to its 

interpretability and ability to model nonlinear 

relationships between variables [13]. 

2.4.5. Extreme Gradient Boosting 

Extreme Gradient Boosting (XGBoost) is a powerful 

boosting-based ensemble learning algorithm widely 

used in machine learning competitions and data 

analysis tasks [15], particularly for jobs like regression, 

ranking, and classification. It was created in 2014 by 

Tianqi Chen and gained a lot of popularity because of 

its effectiveness, quickness, and capacity for precise 

prediction-making. To increase performance overall, 

XGB combines predictions from several models using 

ensemble learning approaches. The method is based on 

boosting, which combines weak learners typically 

straightforward decision trees to create a powerful 

learner. 

2.4.6. Naïve Bayes 

The Naive Bayes algorithm consists of two names: 

Naive and Bayes. Naive is defined as This algorithm is 

called Nave because it contends that the development 

of one element is unrelated to the occurrence of another 

element. For instance, when color, shape, and flavor are 

taken into account, a red, round, and sweet fruit is 

identified as an apple. Because of this, each feature 
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helps set one apple apart from the others without 

depending on the others. It is called Bayes because it is 

predicated on the notion of Bayes' Theorem [16]. The 

Bayes Theorem, sometimes known as Bayes' Rule or 

just the "Bayes' rule," is a technique for calculating the 

probability that an idea would be supported by prior 

knowledge. The decision is made using conditional 

probability. The Bayes theorem formula is as follows 

[17].  

𝑃(𝑋) =
𝑃(𝐻)𝑃(𝐻)

𝑃(𝑋)
                (6) 

2.4.7. Artificial Neural Network 

Artificial Neural Networks (ANN) are computational 

models inspired by biological neural networks and are 

capable of learning complex nonlinear relationships in 

data [18]. In this study, the ANN model consists of 

several dense layers and includes a dropout layer to 

prevent overfitting, as suggested in previous studies 

[10]. The architecture of the ANN model is illustrated 

in Figure 2. 

 

Figure 2. ANN Architectures 

2.4.8. Ensemble 

The ensemble approach combines two or more 

categorization methods to improve or enhance the 

overall performance. These days, boosting and bagging 

are the two ensemble-based strategies that are most in 

use. While bagging combines the outputs of several 

models to produce the final result, boosting is a 

sequential process in which the subsequent model 

corrects the inaccuracy of the preceding model [19]. 

The bagging classifier, which combines or averages 

predictions from base classifiers with random dataset 

segments to provide a final prediction, is an illustration 

of an ensemble meta-estimator [20]. 

2.5. Feature Analysis Using ANOVA 

Analysis of variance, is a straightforward yet effective 

statistical technique that looks at the means of many 

groups or variables. It also establishes the degree to 

which the groupings diverge considerably [21]. The F-

score, which indicates the significance or relatedness of 

a single feature from the independent variables, is 

measured using the scikit-learn program. 

2.6. GridsearchCV 

Grid Search is a method that provides a selection of 

predetermined parameter choices and searches for 

combinations of hyperparameters to yield the best 

model performance [22]. According to the formula for 

calculating the total number of combinations is the 

product of the number of values for each 

hyperparameter [23], the advantage of this method is 

that it can guarantee finding the best hyperparameter 

combination if the search space is not too large and all 

combinations are tried. The disadvantage is that it can 

be very slow and time consuming if the number of 

hyperparameter combinations is large. 

2.7. Evaluation Matrix 

The ratio of accurate predictions both positive and 

negative to the total data is known as accuracy. If our 

dataset has a relatively close proportion of False 

Positive and False Negative data (Symmetric), 

accuracy is a very good reference for algorithm 

performance. Accuracy responds to the question of 

what percentage of patients are correctly predicted to 

be diabetic and not diabetic from the entire data. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
             (7) 

where the values for True Positives, True Negatives, 

False Positives, and False Negatives are represented, 

respectively, by the symbols TP, TN, FP, and FN [24]. 

3. Result and Discussion 

3.1. Data Exploration 

Before beginning the research, the data analysis is 

crucial. In order for the data to be properly understood, 

this can include information on the data that will be 

utilized in this study, as well as how to obtain data, 

sources, and classifications to distinguish between 

patients with diabetes and those without. Data 

exploration will be discussed in this section prior to 

conducting additional study to produce findings. 

The dataset used in this study consists of 501 records 

with 24 variables (features) representing demographic, 

clinical, and laboratory indicators related to diabetes. 

The data types include 1 datetime variable, 8 floating-

point variables, and 15 integer variables. The variables 
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contained in the dataset include sequence number, 

gender, medical record number, sample date, age, 

systolic blood pressure, diastolic blood pressure, body 

mass index, weight, height, hemoglobin, leukocytes, 

platelets, HbA1c, random glucose, fasting glucose, uric 

acid, HDL, LDL, total cholesterol, creatinine, AST, 

ALT, and diabetes diagnosis. 

The distribution of the sample population based on 

gender and diabetes status is shown in Figure 3, while 

the distribution of all variables in the dataset is 

illustrated in Figure 4. 

 

Figure 3. Sample Population 

 

Figure 4. Feature Distribution 

3.2. Data Cleansing 

Convert Data into float64 format, converting integer 

data format to float in python is a simple process that 

has a huge impact on data analysis. Sometimes, a lot of 

important information is stored in formats that can't be 

processed right away. In this study there are 13 features 

with integer data types. When importing data from CSV 

or Excel files, the numbers in the table will be read as 

strings or integers, so that calculations and analysis can 

be carried out, the numerical numbers stored as integers 

need to be converted into float format to carry out 

statistical analysis and get the right calculation results. 

3.3. Missing Value 

Handling missing values is an important step in data 

preprocessing to prevent bias in model training. The 

dataset used in this study contains missing values in 

three variables: HbA1c, AST, and ALT, with the 

number of missing records ranging from 1 to 7 entries 

per variable. 

Since the dataset size is relatively limited, missing 

values were handled using mean imputation, where the 

empty values were replaced with the average value of 

the respective feature. This approach allows the dataset 

to remain complete without removing records. 

3.4. Data Outlier  

Outlier analysis, Basically, outliers occur for a variety 

of reasons such as measurement errors, data processing 

errors or true anomalies. Understanding outliers is very 

important as their presence can have a huge impact on 

our data analysis.  

 

Figure 5. Outlier Analysis 

Figure 5 presents the boxplot visualization used to 

identify potential outliers in each feature of the dataset. 

Several variables show the presence of outlier values, 

which may occur due to measurement variability, 

laboratory testing results, or natural variations in 

patient health conditions. 

Since the dataset is derived from real laboratory 

examinations and the number of records is relatively 

limited, these outliers were retained in the dataset to 

preserve the integrity of the medical information and 

avoid losing potentially meaningful clinical data. 

3.5. Analysis of Variance 

Analysis of Variance Based on the calculation of the 

ANOVA F-score value 17 independent variables were 

selected from the 23 features available in the dataset. 

To determine the optimal features in this study, a 

feature selection algorithm was implemented. The 

feature selection method can also improve the quality 

of prediction. Analysis of Variance or ANOVA is a 

simple and powerful statistical method that examines 

the means of several groups or more variables [21]. It 

also determines how much the groups differ 

73.25%

26.75%

49.50% 50.50%

non diabet diabet male female

fitur comparison for 501 record
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significantly from each other. In this study, the top 

features were selected and sorted based on the ANOVA 

F-score values shown in Table 1. 

Table 1. F score Calculation Result 

No Features Feature Scores 

1 glukosa sewaktu 936,486 

2 gliko hb 822,301 
3 glukosa puasa 581,239 

4 no 129,759 

5 umur 100,913 
6 no rm 57,496 

7 sistolik 44,845 

8 leukosit 43,782 
9 kreatinin 17,928 

10 HDL 7,355 

11 AST 3,691 
12 kolesterol 3,339 

13 hemoglobin 2,575 

14 diastolik 1,938 

15 tinggi badan 1,909 

16 ALT 1,224 

17 berat badan 0,572 
18 asam urat 0,453 

19 jenis kelamin 0,220 

20 Indek masa tubuh 0,056 
21 LDL 0,034 

22 trombosit 0,001 

However, six variables were excluded from the 

modeling process for the following reasons: 

1. There are 3 features, namely gliko_hb (HbA1c), 

glucose fasting and glucose ad random which have 

a very high correlation with the target or diabetes 

label and mainly used to indicate diabetes. It can 

cause the model to overfit to these features and fail 

to generalize the pattern. So that we avoid using 

those features with the assumption that the model 

should work as early detection; 

2. There are 3 features, namely sequence number, 

medical record number and sample date that are 

not relevant to the research objectives because the 

information listed is only general and does not 

have a direct relationship with the target or label of 

diabetes. 

3.6. Model Performance Results 

In this study, eight machine learning algorithms were 

used to find the optimal model for early detection of 

diabetes. These algorithms are Logistic Regression 

(LR), Extreme Gradient Boosting (XGB) Support 

Vector Machine (SVM), Random Forest (RF) Decision 

Tree (DT), Naive Bayes (NB), Ensemble and Artificial 

Neural Network (ANN). In addition to determining the 

fit model of the eight algorithms, an improvement 

method with hyperparameter tuning techniques is also 

carried out on the ANN algorithm to get maximum 

results. Each model was trained using 80% training data 

and evaluated using 20% testing data from the total 

dataset of 501 patient records. The performance of each 

model was evaluated using accuracy, precision, recall, 

and F1-score, as shown in Table 2. 

Table 2. Comparation of Accuracy 

N
o 

Model Accura
cy 

Precisi
on 

Reca
ll 

F1 
Score 

1 Logistic 

Regression             

0,84 0,83 0,84 0,83 

2 XGB Classifier                0,84 0,84 0,84 0,84 
3 SVM                           0,85 0,85 0,85 0,84 

4 Random Forest                   0,85 0,85 0,85 0,84 

5 Decision Tree                 0,72 0,74 0,72 0,73 
6 Gaussian Naïve 

Bayes        

0,80 0,79 0,80 0,79 

7 Ensemble                      0,79 0,79 0,79 0,78 
8 ANN 0,82 0,81 0,82 0,81 

Based on Table 2 show that SVM and Random Forest 

achieved the highest accuracy of 0.85, followed closely 

by Logistic Regression and XGBoost with an accuracy 

of 0.84. Decision Tree produced the lowest 

performance with an accuracy of 0.72. 

3.7. ANN Model Optimization 

Searching for the best hyperparameters to obtain 

optimal prediction results using GridSearchCV on a 

previously built ANN model resulted in an accuracy 

increase of 0.4, from 0.82 to 0.86 for a model trained 

using 80% training data and 20% testing data. The 

results of the improvement using the best 

hyperparameters in the ANN algorithm are presented in 

Table 3. 

Table 3. ANN With Hyperparameter Tuning 

No Model Accuracy Precision  Recall  F1 Score 

1 ANN 0,861 0,858 0,861 0,852 

In the ANN algorithm model after hyperparameter 

search is carried out to get the best accuracy results, a 

model evaluation is carried out with 20% testing data 

or as many as 101 records from all patient sample data 

used as input for analysis and results in a predictive 

value of the accuracy of the model of 86%. Figure 6. 

The following will display information on the 

evaluation results of the ANN model with 

hyperparameter tuning in confusion matrix format. 

 

Figure 6. ANN Confusion Matrix 
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3.8. Risk Factor Analysis 

In addition to predictive modeling, statistical analysis 

was conducted to identify significant risk factors 

associated with diabetes. The p-value calculation was 

performed using a logistic regression model. 

Variables with p-values less than 0.05 are considered 

statistically significant predictors of diabetes. The 

results of the p-value calculation from the dataset used 

are presented in Table 4. 

Table 4. Analysis P value 

No Features P-value 

1 Systolic Blood Pressure 0.000002 

2 Age 0.000017 
3 Diastolic Blood Pressure 0.001223 

4 HDL Cholesterol 0.010946 

5 Leukocyte (White Blood Cell Count) 0.010982 

6 Body Weight 0.059106 

7 Total Cholesterol 0.094952 

8 Body Mass Index (BMI) 0.096078 
9 LDL Cholesterol 0.113556 

10 Height 0.118452 

11 ALT (Alanine Aminotransferase) 0.224783 
12 Platelet Count 0.437805 

13 AST (Aspartate Aminotransferase) 0.496897 

14 Hemoglobin 0.619208 
15 Gender 0.675760 

16 Uric Acid 0.733663 

17 Creatinine 0.852175 

Based on the results shown in Table 4, the most 

significant variables included systolic blood pressure, 

age, diastolic blood pressure, HDL cholesterol, and 

leukocyte count. These variables showed a statistically 

significant association with diabetes incidence in the 

dataset used in this study. 

4. Conclusion  

This study implemented several machine learning 

algorithms to develop an early diabetes detection model 

using a private dataset obtained from RSUP 

Persahabatan General Hospital. The dataset consisted 

of 501 patient records with multiple clinical and 

laboratory features extracted from the hospital's 

electronic medical record system. 

Before model development, the dataset underwent 

preprocessing, including data cleansing, missing value 

handling, and feature selection. The data were divided 

into 80% training data and 20% testing data for model 

evaluation. Among the evaluated models, the Artificial 

Neural Network (ANN) achieved the best performance 

after hyperparameter optimization using 

GridSearchCV, improving the accuracy from 0.82 to 

0.86 (86%). 

In addition to predictive modeling, statistical analysis 

using logistic regression identified several significant 

risk factors associated with diabetes. Variables with p-

values below 0.05 included systolic blood pressure, 

age, diastolic blood pressure, HDL cholesterol, and 

leukocyte count, indicating their strong relationship 

with diabetes occurrence. 

However, this study is limited by the relatively small 

dataset size of 501 patient records. Future research is 

recommended to utilize larger datasets, potentially 

involving 2,000 to 10,000 patient records, to further 

improve model performance and generalization 

capability. Additionally, further studies may explore 

hyperparameter optimization for other machine 

learning algorithms to enhance diabetes prediction 

accuracy.  
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