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ABSTRACT 

 

Background: Type 2 diabetes mellitus is a non-communicable disease with a high prevalence and the potential 

to cause serious complications if not properly managed. Identifying risk factors is an essential step in the 

prevention and control of this disease. Objective: This study aimed to develop and evaluate a medical record-

based prediction model for type 2 diabetes mellitus risk using the Naïve Bayes algorithm and to identify the most 

influential risk factors among hospitalized patients at Bhayangkara Bondowoso Hospital in 2024. Methods: A 

descriptive quantitative research design was employed, with data processing conducted using the Naïve Bayes 

algorithm and RapidMiner software. The sampling technique used was total sampling, resulting in 630 medical 

records, consisting of 315 patients diagnosed with type 2 diabetes mellitus and 315 non-type 2 diabetes mellitus 

patients. The analyzed variables included age, sex, body mass index (BMI), hypertension, smoking history, 

cardiovascular disease history, and family history. Results: The results indicated that the most influential risk 

factors for type 2 diabetes mellitus were age ≥45 years, obesity-level BMI, and a history of hypertension. 

Conclusion: The Confusion Matrix evaluation with a 95%:5% split ratio produced an accuracy of 90.62%, a 

precision of 100%, and a recall of 81.25%. Suggestion: Hospitals are encouraged to strengthen health promotion 

programs regarding type 2 diabetes mellitus risk factors and involve patients’ families in educational interventions 

to help prevent disease-related complications. 
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INTRODUCTION 

 Medical records are documents containing patient identification data, examination results, treatments, 

medical procedures, and other healthcare services provided to patients (1). Medical records serve as essential 

documents for documenting patients’ health histories and supporting clinical decision-making in healthcare 

services. Health Information Management (HIM) professionals possess competencies in health statistics, basic 

epidemiology, biomedical sciences, as well as disease and clinical procedure classification and coding (2). These 

competencies enable HIM professionals to manage data accurately throughout the processes of data collection, 

processing, and verification, thereby supporting decision-making in healthcare facilities. Structured medical 

record data provide comprehensive information regarding patients’ conditions, including disease history, 

examination results, and medical interventions. In cases of Diabetes Mellitus (DM), such data assist healthcare 

professionals in determining accurate diagnoses and appropriate treatments, thereby improving the quality of 

healthcare services and the effectiveness of patient management. 

 Diabetes Mellitus (DM) is a complex chronic disease that requires continuous medical care, including 

strategies for blood glucose control and the prevention of complications (3). DM may lead to various 

complications affecting multiple organs, including cardiovascular disease, stroke, kidney failure, and diabetic foot 

infections that may result in amputation (4–9). According to the World Health Organization (WHO), 

approximately 422 million people worldwide are living with DM, with a prevalence of around 8.5% among the 

adult population. In Southeast Asia, the number of individuals with DM has reached approximately 90 million, 

ranking second only to the Western Pacific region, which has approximately 206 million cases (10). 

 According to the Indonesian Health Profile 2021, the prevalence of non-communicable diseases, including 

DM, has shown an increasing trend (11). Data from the 2018 Basic Health Research Survey (Riskesdas) indicated 

that DM was the third leading cause of death in Indonesia, accounting for 6.7% of total mortality, following stroke 
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(21.1%) and heart disease (12.9%) (12). Furthermore, the prevalence of DM increased from 1.5% in 2013 to 2.0% 

in 2018. The International Diabetes Federation (IDF) reported that the prevalence of DM among individuals aged 

20–79 years in Indonesia reached 10.6% in 2021, placing Indonesia fifth globally in terms of the number of people 

living with diabetes (13). Based on data from the East Java Provincial Health Office in 2023, the number of DM 

cases has shown an increasing trend over the past three years, rising from 785,983 cases in 2020 to 854,454 cases 

in 2023 (14). Meanwhile, data from the Bondowoso District Health Office indicated that the number of DM cases 

reached 12,717 in 2022, decreased to 10,158 in 2023, and increased again to 12,717 in 2024. This trend 

demonstrates that DM remains a significant public health concern requiring special attention in Bondowoso 

Regency. 

 At Bhayangkara Bondowoso Hospital, Type 2 Diabetes Mellitus has consistently ranked among the ten most 

common inpatient diseases over the last three years. In 2024, it ranked second, with the number of cases increasing 

from 43 cases in 2022 to 120 cases in 2023 and 340 cases in 2024. The high incidence of Type 2 DM highlights 

the need for early identification of risk factors through the utilization of medical record data. Risk factors for Type 

2 DM can be categorized into non-modifiable factors, such as age, sex, and family history, and modifiable factors, 

including body mass index (BMI), hypertension, smoking history, and physical activity. The risk of DM increases 

among individuals aged ≥45 years due to a decline in pancreatic β-cell function and insulin sensitivity (15). 

Furthermore, according to the Indonesian Ministry of Health (2019), as cited in Purba and Wahyu (2025), the 

prevalence of diabetes mellitus is higher among women than among men (16). Elevated BMI is associated with 

insulin resistance and an increased risk of Type 2 DM, while hypertension is recognized as a contributing factor 

to insulin resistance (17,18). 

 Data mining is the process of extracting meaningful patterns and information from large datasets to support 

faster and more accurate decision-making (19). One of the most widely used classification techniques in data 

mining is the Naïve Bayes algorithm, a probabilistic classification method that assumes independence among 

predictor attributes based on the class variable (20). A study conducted by Khasanah (2022) applied the Naïve 

Bayes Classifier algorithm to classify DM patients at Dirgahayu Hospital, Samarinda, and achieved an accuracy 

rate of 92% (21). Similarly, Al'Ariq et al. (2022) demonstrated that the Naïve Bayes method achieved an accuracy 

of 85.71% in classifying DM cases at Hasyim Asy'ari Hospital, Jombang (22). 

 Although previous studies have demonstrated that the Naïve Bayes algorithm provides satisfactory 

classification performance for diabetes prediction, several limitations remain. Most existing studies primarily 

focused on classification accuracy without comprehensively identifying the contribution of individual clinical risk 

factors. In addition, previous research generally evaluated the model using a single training–testing data split and 

rarely compared multiple partitioning scenarios to determine the optimal model performance. Furthermore, studies 

utilizing real-world inpatient medical record data from Indonesian hospitals remain limited, particularly in 

regional hospitals. Therefore, further research is needed to evaluate the performance of the Naïve Bayes algorithm 

using actual clinical data while simultaneously identifying the most influential risk factors associated with Type 

2 Diabetes Mellitus. 

 Based on the aforementioned background, an analysis of Type 2 DM risk factors using medical record data 

is needed to support early disease screening and prevention efforts. Therefore, this study aimed to develop and 

evaluate a medical record-based prediction model for type 2 diabetes mellitus risk using the Naïve Bayes 

algorithm and to identify the most influential risk factors among hospitalized patients at Bhayangkara Bondowoso 

Hospital in 2024. 

  

METHODS 

 This study followed a structured research workflow to develop and evaluate a medical record-based 

prediction model for Type 2 Diabetes Mellitus (T2DM) risk using the Naïve Bayes algorithm and to identify the 

most influential risk factors among hospitalized patients at Bhayangkara Bondowoso Hospital in 2024. The 

workflow comprised problem identification, predictor variable selection, data collection, preprocessing, data 

transformation, dataset partitioning, model development, validation, performance evaluation, and identification 

of significant risk factors. The overall research workflow is illustrated in Figure 1. 
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Figure 1. Research workflow for predicting Type 2 Diabetes Mellitus risk using the Naïve Bayes algorithm 

 

 Figure 1 illustrates the overall research workflow used to predict the risk of Type 2 Diabetes Mellitus (T2DM) 

based on inpatient medical records using the Naïve Bayes algorithm. The study began with the identification of 

the research problem, followed by the selection of seven predictor variables: age, sex, body mass index (BMI), 

hypertension, cardiovascular disease history, smoking history, and family history of diabetes. Subsequently, 

inpatient medical record data from Bhayangkara Bondowoso Hospital. The collected data then underwent 

preprocessing to remove duplicate records, verify data completeness and consistency, and anonymize patient 

identifiers to ensure data quality and confidentiality. 

 The cleaned data were transformed into categorical variables before being partitioned into training and testing 

datasets using several split ratios. The classification model was developed using the Naïve Bayes algorithm with 

Laplacian smoothing to prevent zero-probability values. The implementation results were validated by comparing 

manual calculations with the RapidMiner output. Finally, the model performance was evaluated using a confusion 

matrix based on accuracy, precision, and recall values to determine the optimal classification model and identify 

the most significant risk factors associated with Type 2 Diabetes Mellitus. 

 This study employed a quantitative approach using data obtained from inpatient medical records. The data 

were analyzed using the Naïve Bayes method with the assistance of RapidMiner software, and model performance 

was evaluated based on accuracy, precision, and recall values derived from the Confusion Matrix. The study 

population consisted of all hospitalized patients diagnosed with Type 2 Diabetes Mellitus (T2DM) and non-T2DM 

patients at Bhayangkara Bondowoso Hospital in 2024. 

 A total sampling technique was applied, resulting in 630 medical records that met the inclusion criteria, 

comprising 315 records of T2DM patients and 315 records of non-T2DM patients. The inclusion criteria consisted 
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of inpatient medical records of patients diagnosed with T2DM or non-T2DM in 2024 with complete data for all 

study variables. The exclusion criteria included incomplete medical records, records with primary diagnoses other 

than T2DM or non-T2DM, and records containing illegible information. 

 The study variables included sex (male/female), age (<45 years or ≥45 years), body mass index (BMI), 

hypertension status, cardiovascular disease history, smoking history, and family history of diabetes mellitus. BMI 

classification followed the Indonesian Society of Endocrinology (PERKENI, 2021) criteria: underweight (<18.5 

kg/m²), normal (18.5–22.9 kg/m²), at risk (23.0–24.9 kg/m²), Obesity Class I (25.0–29.9 kg/m²), and Obesity Class 

II (≥30.0 kg/m²). Hypertension was defined as blood pressure ≥140/90 mmHg, whereas blood pressure <140/90 

mmHg was categorized as normal. Cardiovascular disease history, smoking history, and family history of diabetes 

were categorized as either present or absent. 

 Secondary data were obtained from inpatient medical records for the year 2024. Data collection was 

conducted through document observation using a structured checklist form. Data analysis was performed 

following the Knowledge Discovery in Databases (KDD) framework, which consisted of six stages: (1) data 

collection through medical record observation; (2) data preprocessing and cleaning using RapidMiner to address 

missing values, inconsistencies, and duplicate records; (3) data transformation; (4) dataset partitioning into 

training and testing sets with split ratios ranging from 95:5 to 10:90; (5) data mining using the Naïve Bayes 

algorithm; and (6) model evaluation using the Confusion Matrix. 

 Naïve Bayes calculations were initially performed manually and subsequently validated using RapidMiner 

software. Laplacian smoothing was applied to prevent zero-probability values during the classification process. 

Model performance was evaluated using the following metrics: 

 

Accuracy = (TP + TN) / (TP + TN + FP + FN) × 100% 

 

Precision = TP / (TP + FP) × 100% 

 

Recall = TP / (TP + FN) × 100% 

 

where TP represents true positives, TN represents true negatives, FP represents false positives, and FN represents 

false negatives. 

 

RESULTS 

Distribution of the Sex Variable 

 

Table 1. Distribution of Participants by Gender and Type 2 Diabetes Mellitus Status 

Gender Type 2 Diabetes Mellitus, n (%) Non-Type 2 Diabetes Mellitus, n (%) 

Male 123 (39.05) 150 (47.62) 

Female 192 (60.95) 165 (52.38) 

Total 315 (100.00) 315 (100.00) 

 

 Based on Table 1, Type 2 Diabetes Mellitus (T2DM) cases were more frequently observed among female 

patients, accounting for 60.95% of the total cases. This finding may be attributed to the higher tendency of women 

to experience increased body mass index (BMI), which is influenced by biological factors such as premenstrual 

syndrome and fat accumulation during the postmenopausal period. These hormonal changes can accelerate fat 

deposition, thereby increasing the risk of developing T2DM (23). This finding is consistent with previous studies 

demonstrating that the prevalence of diabetes mellitus is higher among women than among men (24–26), 

suggesting that female sex may be associated with an increased susceptibility to Type 2 Diabetes Mellitus. 

 

Distribution of the Age Variable 

 

Table 2. Distribution of Participants by Age Group and Type 2 Diabetes Mellitus Status 

Age Group Type 2 Diabetes Mellitus, n (%) Non-Type 2 Diabetes Mellitus, n (%) 

< 45 years 134 (42.54) 167 (53.02) 

≥ 45 years 181 (57.46) 148 (46.98) 

Total 315 (100.00) 315 (100.00) 

 

 Based on Table 2, patients aged ≥45 years accounted for 57.46% of all Type 2 Diabetes Mellitus (T2DM) 

cases. Individuals aged ≥45 years have been reported to be approximately nine times more likely to develop T2DM 
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than those younger than 45 years. This increased risk is associated with age-related declines in the body's ability 

to metabolize glucose effectively, which may lead to glucose intolerance and a higher likelihood of developing 

diabetes (27,28). These findings suggest that advancing age remains an important risk factor for T2DM and should 

be considered in early screening and prevention strategies. 

 

Distribution of the Hypertension Variable 

 

Table 3. Distribution of Participants by Hypertension Status and Type 2 Diabetes Mellitus Status 

Hypertension Status Type 2 Diabetes Mellitus, n (%) Non-Type 2 Diabetes Mellitus, n (%) 

Yes 74 (23.49) 1 (0.32) 

No 241 (76.51) 314 (99.68) 

Total 315 (100.00) 315 (100.00) 

 

 Based on Table 3, 23.49% of patients with Type 2 Diabetes Mellitus (T2DM) had hypertension, which was 

substantially higher than the proportion observed among non-T2DM patients (0.32%). Hypertension is recognized 

as a major risk factor for T2DM because elevated blood pressure may contribute to insulin resistance, a condition 

in which body cells respond inadequately to insulin. This impairment disrupts glucose uptake and may lead to 

increased blood glucose levels (18,29). Furthermore, hypertension has been reported to occur approximately 1.5-

2 times more frequently among patients with T2DM than among individuals without diabetes (27). These findings 

highlight the close relationship between hypertension and T2DM and emphasize the importance of blood pressure 

management as part of diabetes prevention and control strategies. 

 

Distribution of the Body Mass Index (BMI) Variable 

 

Table 4. Distribution of Participants by BMI Category and Type 2 Diabetes Mellitus Status 

BMI Category Type 2 Diabetes Mellitus, n (%) Non-Type 2 Diabetes Mellitus, n (%) 

Underweight (<18.5) 0 (0.00) 0 (0.00) 

Normal (18.5–22.9) 80 (25.40) 295 (93.65) 

Overweight (23–24.9) 73 (23.17) 20 (5.56) 

Obese I (25–29.9) 159 (50.48) 0 (0.00) 

Obese II (≥30) 3 (0.95) 0 (0.00) 

Total 315 (100.00) 315 (100.00) 

 

 Based on Table 4, 50.48% of patients with Type 2 Diabetes Mellitus (T2DM) were classified as having Class 

I obesity according to their body mass index (BMI). This finding indicates that obesity was a highly prevalent risk 

factor within the study population. Obesity is strongly associated with insulin resistance due to excessive fat 

accumulation, which can impair insulin function in regulating blood glucose levels (23). In addition, unhealthy 

lifestyle behaviors, including the consumption of high-fat and low-fiber diets as well as insufficient physical 

activity, contribute to increased BMI, thereby elevating the risk of developing T2DM (30–32). These findings 

underscore the importance of maintaining a healthy body weight through balanced nutrition and regular physical 

activity as part of effective strategies for preventing and controlling T2DM. 

 

Distribution of Cardiovascular History, Smoking History, and Family History Variables 

 

Table 5. Distribution of Participants by Cardiovascular History, Smoking History, and Family History 

According to Type 2 Diabetes Mellitus Status 

Variable Category Type 2 Diabetes Mellitus, n (%) Non-Type 2 Diabetes Mellitus, n (%) 

Cardiovascular 

History 

Yes 5 (1.59) 0 (0.00) 

No 310 (98.41) 315 (100.00) 

Smoking 

History 

Yes 38 (12.06) 22 (6.98) 

No 277 (87.94) 293 (93.02) 

Family History Yes 8 (2.54) 0 (0.00) 

No 307 (97.46) 315 (100.00) 

Total  315 (100.00) 315 (100.00) 

 

 Based on Table 5, five patients with Type 2 Diabetes Mellitus (T2DM) (1.59%) had a history of 

cardiovascular disease. Although the proportion was relatively small, a history of cardiovascular disease may still 
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contribute to the risk of developing T2DM. Patients with cardiovascular conditions are often advised to limit 

strenuous physical activity, which may reduce metabolic activity. Elevated blood glucose levels occur when 

glucose metabolism is impaired due to insulin resistance or reduced insulin secretion. Under these conditions, 

glucose is unable to enter cells efficiently and consequently accumulates in the bloodstream, thereby increasing 

the risk of developing Type 2 Diabetes Mellitus (33,34). 

 A history of smoking was identified in 12.06% of patients with T2DM. Smoking is associated with 

vasoconstriction and may contribute to the development of insulin resistance. A study by Sastrawan et al. (2023) 

reported that patients with T2DM who had a history of smoking were 3.33 times more likely to experience 

diabetes-related complications (35). Among individuals with diabetes, smoking has been shown to significantly 

increase the risk of kidney disease, diabetic retinopathy, and circulatory disorders. 

 A family history of diabetes mellitus was identified in 2.54% of patients with Type 2 Diabetes Mellitus 

(T2DM), indicating that genetic factors contribute to individual susceptibility to the disease. Individuals with a 

family history of diabetes are at a higher risk of developing T2DM due to genetic predispositions that may affect 

pancreatic β-cell function and insulin sensitivity. A study conducted by Irayani et al. (2024) demonstrated that a 

family history of diabetes is a significant risk factor associated with the occurrence of T2DM, increasing the 

likelihood of developing the disease by up to 14.916 times compared with individuals without a family history of 

diabetes (36). Family history is considered a non-modifiable risk factor. 

 A family history of diabetes mellitus was identified in 2.54% of patients with Type 2 Diabetes Mellitus 

(T2DM), indicating that genetic factors contribute to individual susceptibility to the disease. Individuals with a 

family history of diabetes are known to have a higher risk of developing T2DM compared with those without such 

a history. Genetic predisposition may influence pancreatic β-cell function, insulin sensitivity, and glucose 

metabolism, thereby increasing susceptibility to T2DM. 

 A study conducted by Irayani et al. (2024) demonstrated that a family history of diabetes is a significant risk 

factor associated with the occurrence of T2DM, increasing the likelihood of developing the disease by up to 14.916 

times compared with individuals without a family history of diabetes (36). This finding is further supported by 

Paramita and Lestari (2019), who reported that individuals with a family history of T2DM tend to have higher 

blood glucose levels than those without a family history of the disease (37). These findings suggest that hereditary 

factors play an important role in the development of T2DM and should be considered in early screening and 

prevention strategies, particularly among individuals with a positive family history of diabetes. 

 

Data Preprocessing 

 The preprocessing stage was conducted to address potential data quality issues, including missing values, 

data inconsistencies, and duplicate records. This process was performed using RapidMiner software. The 

preprocessing results indicated that no missing values were identified across all attributes, as evidenced by a 

missing value count of zero for each variable. Furthermore, no data inconsistencies or duplicate records were 

detected. All variables were classified as binominal attributes, except for the Body Mass Index (BMI) variable, 

which was categorized as a discrete attribute with more than two categories. During this stage, patient medical 

record numbers were removed in accordance with the Indonesian Ministry of Health Regulation to ensure the 

confidentiality and privacy of patient information (1). 

 

Classification Using the Naïve Bayes Algorithm 

 The classification process was performed using two approaches: manual calculation and implementation 

through RapidMiner software, both utilizing the same dataset. For the manual calculation using a 95%:5% split 

ratio, the dataset was divided into 598 training records, consisting of 299 T2DM cases and 299 non-T2DM cases, 

and 32 testing records, comprising 16 T2DM cases and 16 non-T2DM cases. 

 The prior probability calculations yielded identical values for both classes, with P(T2DM) = 299/598 = 0.50 

and P(Non-T2DM) = 299/598 = 0.50. Likelihood values were subsequently calculated for each attribute within 

each class using the Laplacian smoothing technique to prevent zero-probability estimates. For example, in the 

T2DM class, the likelihood values were calculated as follows: 

 

P(Female | T2DM) = (1 + 182) / (299 + 2) = 0.608 

 

P(Age ≥45 Years | T2DM) = (1 + 172) / (299 + 2) = 0.574 

 

P(Class I Obesity BMI | T2DM) = (1 + 154) / (299 + 5) = 0.509 

 

 Posterior probabilities were then obtained by multiplying the likelihood values of all predictor attributes by 

the corresponding prior probability for each class. The final classification was determined based on the class with 
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the highest posterior probability. The results obtained from the manual calculations were fully consistent with 

those generated by RapidMiner. No discrepancies were observed between the predicted class labels produced by 

the two approaches, indicating complete agreement in the classification outcomes. This consistency confirms the 

reliability of the implementation process and demonstrates that the Naïve Bayes model was correctly applied 

within the RapidMiner environment. 

 

Table 6. Prior Probabilities of Class Labels 

Class Prior Probability 

Type 2 Diabetes Mellitus 0.50 

Non-Type 2 Diabetes Mellitus 0.50 

 

 Table 6 shows the prior probability distribution of the target classes. The prior probabilities for the T2DM 

and non-T2DM classes were both 0.50, reflecting a balanced dataset with an equal representation of positive and 

negative cases. Such a distribution minimizes class imbalance and contributes to a more reliable evaluation of 

classification performance. 

 

Confusion Matrix Analysis 

 To assess the classification performance, a confusion matrix analysis was conducted across multiple training–

testing data split ratios. The 95:5 split ratio yielded the most favorable results and was therefore selected as the 

optimal model configuration. 

 

Table 7. Confusion Matrix Results for the 95:5 Data Split Ratio 

Predicted Class Actual Type 2 Diabetes 

Mellitus (TP/FN) 

Actual Non-Type 2 Diabetes 

Mellitus (FP/TN) 

Precision 

Predicted Type 2 Diabetes 

Mellitus 

13 (TP) 0 (FP) 100.00% 

Predicted Non-Type 2 

Diabetes Mellitus 

3 (FN) 16 (TN) 84.21% 

Recall 81.25% 100.00% Accuracy: 

90.62% 

 

 Based on the confusion matrix presented in Table 7, the model attained an accuracy of 90.62%, a precision 

of 100.00%, and a recall of 81.25%. The perfect precision score indicates that all observations classified as T2DM 

were true positive cases, with no occurrence of false positive predictions. Nevertheless, the recall value of 81.25% 

reveals that three actual T2DM cases were incorrectly classified as non-T2DM, resulting in three false negatives. 

This finding suggests that while the model demonstrated outstanding reliability in identifying positive predictions, 

a small proportion of T2DM cases remained undetected. Despite this limitation, the overall classification 

performance was considered highly satisfactory, as reflected by the high accuracy and precision values. A 

comprehensive comparison of model performance across different data split ratios is provided in Table 8. 

 

Table 8. Comparison of Classification Performance Across Different 

Data Split Ratios 

Training (%) Testing (%) Akurasi (%) Presisi (%) Recall (%) 

95 5 90,62 100,00 81,25 

90 10 90,32 96,30 83,87 

80 20 88,10 91,38 84,13 

75 25 90,51 93,24 87,34 

70 30 90,34 94,19 86,17 

66 34 88,32 92,71 83,18 

60 40 88,24 92,52 83,19 

50 50 87,30 92,09 81,53 

40 60 89,15 93,02 84,66 

30 70 88,64 93,37 83,18 

20 80 88,49 93,30 82,94 

10 90 87,28 92,37 81,27 
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 Based on Table 8, the highest accuracy value was achieved with the 95:5 training–testing split ratio, reaching 

90.62%. This finding is consistent with the study conducted by Althnian et al. (2021), which reported that 

increasing the proportion of training data enables the model to learn data characteristics more effectively, thereby 

improving classification accuracy (38). This finding is consistent with the study conducted by Prasetyo et al. 

(2024), which demonstrated that the proportion of training and testing data significantly influences the 

performance of classification models. A larger proportion of training data enables the model to learn the underlying 

characteristics and patterns of the dataset more effectively, thereby improving its classification capability. 

Consequently, the 95:5 training-testing split ratio employed in this study achieved higher accuracy than the other 

split ratios, as the model was provided with a greater amount of information during the training process (39). 

  

DISCUSSION 

 The classification results generated by the Naïve Bayes algorithm indicated that most records characterized 

by risk factors such as overweight or obesity, hypertension, and a history of smoking were classified into the 

T2DM group. In contrast, records with normal BMI and without hypertension were predominantly classified into 

the non-T2DM group. These findings are consistent with the study by Salasa et al. (2019), which described T2DM 

as a multifactorial disease resulting from the interaction of genetic factors, lifestyle behaviors, and metabolic 

conditions (40). 

 Hypertension was identified as one of the factors most strongly associated with T2DM. According to 

Susilawati and Rahmawati (2021), many patients with hypertension eventually develop diabetes, and conversely, 

diabetes patients frequently present with hypertension (27). This relationship is attributed to common underlying 

mechanisms, including insulin resistance, endothelial dysfunction, and impaired lipid metabolism. Obesity also 

plays a critical role in the development of insulin resistance. Excessive fat accumulation, particularly in the 

abdominal region, can impair insulin function in regulating blood glucose levels and is considered a major 

contributor to the onset of T2DM (23). 

 Furthermore, smoking may accelerate the progression of atherosclerosis and worsen vascular function, 

particularly among individuals who already possess other risk factors such as obesity or hypertension (35). 

Although smoking is not considered a direct cause of T2DM, it may contribute to the development of long-term 

metabolic complications. Therefore, the classification results provide strong evidence for developing T2DM 

prevention strategies, with primary emphasis on weight management, blood pressure control, smoking cessation, 

and the promotion of healthy lifestyle behaviors. 

 The classification outcomes were also validated by healthcare professionals at Bhayangkara Bondowoso 

Hospital, who confirmed that the results were consistent with clinical conditions observed in practice. These 

findings suggest that the Naïve Bayes algorithm has considerable potential as a decision-support tool in clinical 

practice, particularly for the early screening of Type 2 Diabetes Mellitus (T2DM) risk. The results of this study 

are consistent with previous research, which demonstrated that the Naïve Bayes algorithm provides reliable 

classification performance in diabetes prediction and early detection applications (41). The ability of the algorithm 

to accurately classify patients based on multiple risk factors highlights its potential contribution to supporting 

healthcare professionals in identifying individuals at high risk of developing T2DM and implementing timely 

preventive interventions. 

 Overall, the Naïve Bayes algorithm demonstrated effective performance in classifying T2DM risk factors, 

achieving consistently high accuracy across different training–testing split ratios, ranging from 87.28% to 90.62%. 

These findings indicate that the method is both valid and applicable as a medical record–based screening tool for 

identifying individuals at risk of T2DM and supporting more efficient and evidence-based clinical decision-

making. 

 

CONCLUSION 

 This study successfully developed and evaluated a medical record-based prediction model for Type 2 

Diabetes Mellitus (T2DM) risk using the Naïve Bayes algorithm. The proposed model demonstrated excellent 

predictive performance, achieving an accuracy of 90.62%, precision of 100%, recall of 81.25%, and an AUC of 

95.5% using the optimal training–testing data partition. Among the predictor variables, Body Mass Index (BMI), 

hypertension history, and family history of diabetes were identified as the most influential factors in predicting 

T2DM risk. These findings demonstrate that the Naïve Bayes algorithm is an effective and reliable approach for 

predicting T2DM risk using routinely collected inpatient medical records. The proposed model has the potential 

to support early risk stratification and clinical decision-making, thereby contributing to timely preventive 

interventions and improved diabetes management in healthcare settings. 

 This study has several limitations. First, the dataset was obtained from a single hospital, which may limit the 

generalizability of the findings to other healthcare settings or populations. Second, the prediction model was 

developed using a limited number of clinical variables available in the medical records and did not include 
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lifestyle, laboratory, or genetic factors that may also influence the risk of Type 2 Diabetes Mellitus. Finally, the 

study evaluated only the Naïve Bayes algorithm without comparing its performance with other machine learning 

techniques. Future studies are recommended to compare the performance of Naïve Bayes with other machine 

learning algorithms, such as Decision Tree, Support Vector Machine (SVM), and Random Forest. Furthermore, 

the findings of this study may serve as a foundation for developing an integrated early detection system for T2DM 

to support preventive healthcare strategies and improve clinical decision-making.  
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