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Abstract—This study aims to classify students' lifestyle risks based on smoking behavior using the Naive Bayes algorithm within
a knowledge management framework. The research was conducted on students at a vocational high school within the coverage
area of a local community health center. The dataset consisted of 277 valid records after undergoing data selection, cleaning, and
transformation stages. The modeling process was carried out using RapidMiner software with an 80:20 data split for training (221
students) and testing (56 students). The evaluation metrics used included accuracy, precision, recall, and confusion matrix. The
experimental results demonstrate that the Naive Bayes model achieved an accuracy of 85.92%, precision of 86.12%, and recall of
92.86% for the unhealthy class. Furthermore, the classification results were integrated into a knowledge management framework
to support decision-making processes in schools and community health centers. This study contributes to the application of
predictive data mining in adolescent health and demonstrates how classification models can serve as effective tools for early
detection, preventive interventions, and evidence-based policy formulation in educational and health settings.
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1. INTRODUCTION

Health is an important aspect that needs to be addressed by school age because it is greatly influenced by daily lifestyle.
One lifestyle factor that has a significant impact on health is smoking [1]. Smoking behavior has now transformed
into a serious global health threat for various age groups, including adolescents. The World Health Organization
(WHO) reports that tobacco consumption contributes to the premature deaths of millions of individuals each year
through various chronic diseases such as heart attacks and strokes. Cigarettes are now considered a necessity, almost
equivalent to a basic need for some. The courage to try and consume cigarettes is often seen as something to be proud
of, by both men and women [2]. The high number of teenage smokers not only causes short-term physical problems
such as stunted lung development but also increases the risk of cancer and long-term organ damage.

To understand and identify the level of health risks associated with smoking behavior in students in a more
systematic and data-driven manner, an analytical approach capable of processing information accurately and in a
structured manner is required. Data mining is the process of extracting valuable knowledge or information from a
large data set complex [3]. Data Mining plays a role in extracting and processing raw data into more meaningful
information, so that it can be used to discover patterns and knowledge related to the level of risk being studied. Data
mining is an important part of the knowledge discovery in databases (KDD) process, which is a series of activities
aimed at transforming raw data into useful information [4]. This process includes several stages, from data pre-
processing to post-processing of the results of data mining by applying algorithms. Naive Bayes to classify the risks
of students' unhealthy lifestyles [5]. Naive Bayes is a classification created by British scientist Thomas Bayes that
uses probability and statistical methods to predict future opportunities based on previous experience. This is known
as Bayes' Theorem and combined with naive bayes, which assumes that the conditions between attributes are mutually
independent [6] Naive Bayes was chosen because it can quickly and efficiently process probability values from various
variables, such as students' physical condition and cigarette smoke exposure. This method has simple calculations but
still provides fairly accurate classification results, making it suitable for analyzing students' lifestyle risks [7].

The choice of the Naive Bayes algorithm in this study is supported by several previous comparative studies.
Research by Samuel, Idmi, and Triyono (2025) comparing Naive Bayes and C4.5 for stroke prediction showed that
the C4.5 algorithm achieved the highest accuracy of 95%, outperforming Naive Bayes [8]. Meanwhile, a study by
Muttakin, Rusmana, and Ramadhani (2025) in heart disease prediction found that Decision Tree and Random Forest
achieved 99% accuracy, higher than SVM (88%) and KNN (84%) [9]. On the other hand, research by Tanti et al.
(2024) on the detection and classification of respiratory diseases using eight machine learning algorithms showed that
Random Forest and Naive Bayes had the best performance in terms of accuracy and class separation ability. On the
other hand, research by Amritha et al. (2026) on heart disease prediction proved that Random Forest was the most
effective model with an AUC of 0.9517 after going through a hyperparameter optimization process [10]. A study by
Wantoro et al. (2025) that evaluated strategies for handling class imbalance on a diabetes dataset showed that Random
Forest produced the best performance in detecting diabetes cases, with a significant increase in accuracy compared to
other models including Naive Bayes [11]. Meanwhile, research by Husaini, Priyanto, and Martono (2026) in sentiment
analysis of medical personnel services found that the SVM algorithm achieved the highest accuracy of 91.8%,
outperforming Random Forest and Naive Bayes [12]. Based on these findings, Naive Bayes remains relevant for use

Copyright © 2026 Author, Page 142
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v8i1.9668
https://creativecommons.org/licenses/by/4.0/

Building of Informatics, Technology and Science (BITS)
Volume 8, No 1, June 2026 Page: 142-150

ISSN 2684-8910 (media cetak)

ISSN 2685-3310 (media online)

DOI 10.47065/bits.v8i1.9668

due to its consistency and computational efficiency in classifying health data, although in some cases ensemble
algorithms such as Random Forest show superior performance. The use of this classification method allows the system
to predict student behavioral tendencies more objectively compared to manual analysis.

Based on a review of six previous studies, it can be identified that these studies focused on predicting
degenerative diseases such as stroke, heart disease, diabetes, and respiratory diseases in the general population or
hospital patients using standard medical datasets. No research has been found that specifically implements the Naive
Bayes algorithm in the context of classifying unhealthy lifestyle risks, particularly smoking behavior, in a high school
student population [13]. Furthermore, these studies generally stop at the stage of evaluating model accuracy without
integrating the classification results into a knowledge management framework to support strategic decision-making
at the community health center or educational institution level [14]. This gap is the basis for this study. This study
aims not only to classify the risk level of student smoking behavior using the Naive Bayes algorithm but also to design
how these prediction results can be managed as an institutional knowledge base [15]. This study offers a novelty in
the form of integration between predictive data mining and knowledge management in the domain of adolescent health
in the school environment.

These prediction results can then be used to manage and develop knowledge related to students' health
conditions in a more targeted manner. The combination of knowledge management and technology allows student
health screening data to be processed into information that can be used to aid decision-making. Through this research,
it is hoped that schools can expand and strengthen their knowledge base, allowing for more comprehensive and
structured mapping of student health profiles [16]. This research was conducted to assist community health center
management in developing preventative and data-driven policies, thereby supporting a healthier learning environment
and avoiding the negative impacts of smoking. Furthermore, this research also aims to deepen understanding of the
implementation of knowledge management and data mining in classifying students' lifestyle risks based on smoking
behavior using the method Naive Bayes.

2. RESEARCH METHODOLOGY
2.1 Research Stages

Based on the problems described in the introduction, the researchers searched for references from various related
literatures. Furthermore, the Naive Bayes method was determined as the algorithm to be used in solving the
classification problem of students' lifestyle risks based on smoking behavior [17]. The classification of modeling of
students' lifestyle risks using the Naive Bayes algorithm was conducted using RapidMiner tools. This model aims to
obtain an accurate classification of student risk levels according to each student's smoking behavior.

This research applied two main stages in the research method, namely the data collection stage and the data
processing stage. The data management stage was followed by the testing stage of the Naive Bayes algorithm
implementation in the classification process using RapidMiner tools. From the testing process, the analysis results and
conclusions were obtained. In general, the steps in the research methodology can be seen in Figure 1.

Start Research » Data Collection » Data Pre-processing > Data Split
h 4
Knowledge .
Management a3 Model Evaluation |« Model Testing - Naweﬁ:;ﬁ: Model
Utilization ¢

Figure 1. Research Flow
2.2 Data Collection Techniques

Primary data were collected through a structured questionnaire distributed to students at a vocational high school
(SMK X) located within the coverage area of a local community health center. The questionnaire was designed to
gather information on student demographics, smoking behavior (frequency and duration), and self-reported health
conditions (cough, shortness of breath, chest pain). A total of 277 questionnaires were distributed to students in grades
X and XI. Table 1 presents the complete list of variables captured in the questionnaire

Table 1. Questionnaire Results

Variables Description Data Types
Students Identity Name, class, student number Identity
Age Respondent’s age (years) Numeric
Gender Male Female Categorical
Smoker Status Smoking / Non-Smoking Categorical
Smoking Frequency Number of cigarettes per day (if smoking) Numeric
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Variables Description Data Types
Smoking Duration Duration of smoking (months/years) Numeric

Family History of Smoking Are there any family members who smoke / Are there any? Categorical

Health Complaints Cough, shortness of breath, chest pain, none Categorical
Cigarette Smoke Exposure  Frequent exposure to cigarette smoke / Rarely / Never Categorical

Health Status Healthy / Unhealthy (based on complaints and assessment)  Categorical (Label)

2.3 Data Management Stage

Before training and testing using the Naive Bayes method, the response data from the previous questionnaire
underwent data management to select the most influential attributes in determining the classification of students'
lifestyle risks. Therefore, a selection process was carried out to remove unnecessary attributes in the classification
process [18]. Furthermore, data preprocessing was performed. This stage aimed to remove duplicate data, check data
inconsistencies, and correct incorrect data. The selection and preprocessing processes were carried out using Microsoft
Excel 2021. The available data consisted of 221 student data points from SMK X after going through the cleaning
process.

2.4 Naive Bayes Testing Stage with RapidMiner

At this stage, the classification process was carried out using the Naive Bayes method. The equipment used was a
laptop with adequate specifications. The tool used in this research was RapidMiner software. RapidMiner is one of
the software often used for data mining processing [19]. Bayes' rule is a theorem in probability theory for calculating
the probability of a hypothesis or event (H) based on observed evidence or data (X). Bayes' rule combines the initial
probability of the hypothesis (before the evidence is observed) with the probability of the evidence under that
hypothesis. The Naive Bayes theorem uses a mathematical tool used in probability concepts to detect the possibility
of a classification result; this concept is illustrated in the following formula [20]:
P(H). P(H)

P(X) = P

(1

Bayes' theorem is a fundamental principle in probability theory and statistical inference used to update the
belief of a hypothesis based on new data [21]. In this context, P(H|X) represents the posterior probability, which is the
final probability that hypothesis H occurs given evidence X. P(X|H) indicates the probability that evidence X occurs
will affect hypothesis H. P(H) is the prior probability, which is the initial probability of hypothesis H without
considering evidence X. Furthermore, P(X) is the marginal probability, which is the total probability of evidence X
occurring without considering the hypothesis. The dataset prepared in the previous stage underwent a classification
process by testing the performance of the Naive Bayes algorithm using RapidMiner tools. The dataset consisted of
221 data points with 7 attributes including the class label attribute (output attribute), namely health status [22]. Based
on the available dataset, it was divided into 80% training data and 20% testing data. This study aims to obtain the
accuracy results provided by the Naive Bayes algorithm for a classification problem in predicting student lifestyle
risks, whether they fall into the healthy or unhealthy class [23].

2.5 Analysis

After modeling was carried out by training on 80% of the data, the testing process was then carried out on the
remaining 20% of the data, and the classification results for the testing data were obtained. To validate the
classification results, a confusion matrix was used. The confusion matrix provides the performance level of the model
based on correct or incorrect objects. To test the confusion matrix results displayed, manual calculations of Accuracy,
Precision, and Recall were performed using the following calculations

TP+TN

Accuracy = m X 100% (2)
Precision = —4— x 100% 3)
TP + FP
Recall = —2— x 100% (4)
TP+FN

In the context of evaluating the performance of prediction or classification models, four types of results can
occur, namely True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). True Positive
(TP) is the number of cases where the model predicts positive and the actual value is indeed positive. True Negative
(TN) is the number of cases where the model predicts negative and the actual value is indeed negative. False Positive
(FP) occurs when the model predicts positive but the actual value is negative. False Negative (FN) occurs when the
model predicts negative but the actual value is positive. Accuracy is the value of how often a model makes correct
predictions overall. Formula (2) calculates the proportion of all correct predictions (both positive and negative) (TP +
TN) from the total overall predictions made. Precision is the value of how many of the positive predictions are truly
positive. Formula (3) shows the calculation of the proportion of correct positive predictions (TP) to the total positive
predictions made (TP + FP). Meanwhile, Recall is a measure of how well the model can detect all actual positive
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cases. Formula (4) shows the calculation of the proportion of actual positive cases that are correctly detected (TP) to
the total actual positive cases (TP + FN). In addition, the evaluation process employed the ROC Curve and the Area
Under the Curve (AUC) to assess the model’s ability to discriminate between classes accurately. The AUC value
serves as a comprehensive indicator of classification performance, where higher values reflect better predictive
capability. Specifically, an AUC ranging from 0.90 to 1.00 is categorized as excellent classification, indicating
outstanding model performance. Values between 0.80 and 0.90 are considered good, while 0.70 to 0.80 reflects fair
classification. Furthermore, an AUC of 0.60 to 0.70 is interpreted as poor, and values between 0.50 and 0.60 indicate
classification failure overall.

3. RESULTS AND DISCUSSION

Based on the problem analysis at SMK X, data on the classification of students' lifestyle risks based on smoking
behavior is needed to determine health interventions, with the final outcome being the grouping of students into two
categories Unhealthy and Healthy. Health data were obtained from students' smoking behavior and observed physical
conditions, while behavioral data were collected through a self-assessment questionnaire in which students rated their
own smoking habits and perceived health conditions.

The questionnaire items were developed based on recommendations from healthcare workers at the local
community health center and literature on adolescent smoking behavior. In line with the research objective, the
respondents were all students of SMK X, and to facilitate data collection, the questionnaire was administered in printed
form for students to fill out directly.

3.1 Research Dataset

The dataset used in this study was collected through questionnaires and interviews with students at a vocational high
school within the coverage area of a local community health center. The dataset consists of 277 valid records after
selection and cleaning. It includes variables such as smoking behavior, which is used to predict unhealthy lifestyle
risks. The dataset was split into two parts: 80% for training and 20% for testing, ensuring that the model can be
accurately tested on unseen data.

Table 2. Characteristics of the Research Dataset

Characteristics  Category Amount Percentage
Gender Man 101 45.7%
Woman 120 54.3%
Smoking Status Smoking 41 18.55%
No Smoking 180 81.45%
Health Status Healthy 180 81.45%
Not healthy 41 18.55%

3.2 Naive Bayes Testing Using RapidMiner

At this stage, testing was conducted to determine the accuracy achieved by modeling using the Naive Bayes method
in classifying student lifestyle risk data. This modeling used RapidMiner Studio tools. The dataset was stored in
Comma Separated Values (csv) file format to be readable by RapidMiner tools.

1 NISN Nama Siswa ‘ Tanggal Lahir Lnls Kelam‘ Merokok ‘enls Rukc*rpapar As*erat Bada‘lnggl Bada‘status f k Perll Sistolik Diastolik | Status Kesehatan
2 0094000030  Siswa 31 2009-02-18 L Ya Rokok KorYa 63 166 Normal 82 120 80 Tidak Sehat
3 '0094000126  Siswa 127 2009-01-22 L Tidak Tidak 66 173 Normal 82 110 75 Sehat

4 (0094000220 Siswa 221 2009-05-15 P Tidak Tidak 46 152 Normal 83 110 75 Sehat

5 '0094000142 Siswa 143 2009-02-11 P Tidak Tidak 59 150 Normal 72 110 75 Sehat

6 (0094000255 siswa 256 2009-08-19 P Tidak Tidak 46 165 Normal 82 110 75 Sehat

7 0094000236  Siswa 237 2009-05-23 P Tidak Tidak 51 155 Normal 74 110 75 Sehat

8 [0094000097 Siswa 98 2009-01-26 L Tidak Tidak 46 172 Normal 80 110 75 Sehat

9 (0094000215 Siswa 216 2009-07-21 P Tidak Tidak 60 163 Normal 74 110 75 Sehat

10 (0094000256  Siswa 257 2009-08-15 P Tidak Tidak 50 150 Normal 73 110 75 Sehat

11 (0094000144  siswa 145 2009-02-24 P Tidak Tidak 54 161 Normal 79 110 75 Sehat

12 [0094000079  Siswa 80 2009-03-23 L Tidak Tidak 53 164 Normal 82 110 75 sehat

13 [0094000208  Siswa 209 2009-06-18 P Tidak Tidak 57 168 Normal 83 110 75 Sehat

14 [0094000230  Siswa 231 2009-01-22 P Tidak Tidak 47 155 Normal 72 110 75 Sehat

15 (0094000101  Siswa 102 2009-02-22 L Tidak Tidak 50 161 Normal 73 110 75 Sehat

16 0094000272  Siswa 273 2009-04-10 P Tidak Tidak 57 162 Normal 73 110 75 Sehat

17 [0094000114  siswa 115 2009-06-18 L Tidak Tidak 57 155 Normal 74 110 75 Sehat

18 (0094000193  Siswa 194 2009-03-17 P Tidak Tidak 50 171 Normal 84 110 75 Sehat

19 (0094000060  Siswa 61 2009-01-14 L Ya Rokok KorYa 48 154 Normal 74 120 80 Tidak Sehat
20 0094000202  Siswa 203 2009-02-10 P Tidak Tidak 45 171 Normal 84 110 75 Sehat

21 0094000241  Siswa 242 2009-03-13 P Tidak Tidak 54 167 Normal 70 110 75 Sehat

22 '0094000045  Siswa 46 2009-05-16 L Ya Rokok Kor Ya 52 174 Normal 79 120 80 Tidak Sehat
23 ?095000073 Siswa 74 2009-02-27 L Tidak Tidak 58 160 Normal 79 110 75 sehat

Figure 2. Import file csv

An examination of the dataset revealed a class imbalance in the label attribute. The Healthy class contained the
majority of instances with 180 records, whereas the Unhealthy class was underrepresented with only 41 records. This
disparity is important to consider during model evaluation, as relying solely on accuracy may produce misleading

conclusions about performance.
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In the modeling process employing the Naive Bayes algorithm, the dataset was first divided at an 80:20 ratio,
resulting in 221 records designated for training and 56 for testing, with this split performed randomly to avoid any
potential bias. From there, the training data was fed into the Naive Bayes operator, where the algorithm learned from
the examples, and the model produced from that learning stage was subsequently passed to the Apply Model operator.
Meanwhile, the testing data was directed straight into the same Apply Model operator so that the model's predictions
could be generated on unseen instances. After the model had run successfully, the complete output, containing those
predictions was forwarded to the Performance operator, which then calculated various metrics to assess how well the
model performed in classifying the data.
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Figure 4. Prediction results obtained with the naive Bayes algorithm

Table 3. Naive Bayes algorithm performance
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true Healthy true UnHealthy class precision
pred. UnHealthy 34 65 65,66%
class recall 83,57% 92,86%

Looking at the confusion matrix, the model performed very well at identifying healthy students, correctly
predicting 173 out of the healthy cases with a high precision of 97.19%. However, its recall for the healthy class was
lower at 83.57%, meaning a fair number of healthy students were mistakenly labeled as unhealthy. For the unhealthy
class, the model captured 65 out of the actual unhealthy cases, achieving a strong recall of 92.86%, but its precision
dropped to 65.66%, indicating that many students predicted as unhealthy were actually healthy. This trade-off
highlights the impact of the original class imbalance since healthy cases outnumbered unhealthy ones, the model
tended to over-predict the minority class. Relying solely on accuracy would therefore mask these differences, making
precision and recall essential for a proper evaluation.

3.3 Classification Results and Model Evaluation

From the modeling results, the Naive Bayes algorithm achieved excellent performance in performing binary
classification on the student lifestyle risk dataset. The resulting confusion matrix is presented in Table 3.

Table 4. Data Cleaning Results

Prediction: Healthy Prediction: Unhealthy
Actual: Healthy 173 5
Actual: Unhealthy 34 65

The dataset, consisting of 277 students, was divided into training and testing subsets to facilitate model
development and evaluation. Specifically, 221 students, representing 80% of the total data, were allocated to the
training set, while the remaining 56 students, or 20%, formed the test set. This division was performed randomly to
avoid any potential bias in the subset composition. Class distribution for each of these subsets is detailed in Table 4.

Table 5. Class Composition in Training Data and Test Data

Class Training Data (n=221) Test Data (n=56) Total (n=277)
Healthy 166 (75.1%) 41(73.2%) 207(74.7%)
Not healthy 55 (24.9%) 15 (26.8%) 70 (25.3%)

The trained model was then tested using test data (56 students). The predicted results were compared with the
actual values and presented in the confusion matrix in Table 5.

Table 6. Confusion Matrix of Naive Bayes Classification Results

Prediction: Healthy Prediction: Unhealthy

Actual: Healthy 173 (TN) 34 (FP)
Actual: Unhealthy 5 (FN) 65 (TP)

Based on Table 5, the implemented Naive Bayes classification model produced the following prediction
distribution. Out of a total of 277 test data samples, there were 173 data points with an actual Healthy category that
were correctly predicted as Healthy (True Negative, TN), and 65 data points with an actual Unhealthy category that
were correctly predicted as Unhealthy (True Positive, TP). Meanwhile, the model made incorrect predictions on 34
samples where actually healthy students were predicted as Unhealthy (False Positive, FP), and 5 samples where
actually unhealthy students were predicted as Healthy (False Negative, FN).

This, the Naive Bayes model demonstrates good performance in identifying the Unhealthy class, with a
relatively high True Positive value (65) compared to a very low False Negative value (5). However, the considerably
high number of False Positives (34) indicates that the model tends to be overly sensitive in predicting the Unhealthy
class, resulting in several healthy students being misclassified as unhealthy. This condition needs to be further
considered depending on the application objectives of the system, whether it is more important to minimize false
negatives (the risk of undetected unhealthy conditions) or to reduce false positives (avoiding incorrect labeling of
healthy students). Based on the values inconfusion matrix, the evaluation metrics are calculated as follows:

a. Accuracy

TP+ TN
Accuracy = —— X 100%
TP + TN +FP +FN
65+173
Accuracy = ————x 100%
65+173+34+5

Accuracy = 0,8592= 85.92%

From these calculations, the accuracy value of the classification test results using the algorithm Naive Bayes is
85.92%.
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b. Precision

.. TP
Precision = —— X 100%
TP + FP
.. 65
Precision = x 100%
65+34

Precision= 0,6565 = 65.66%

From these calculations, the precision value of the classification test results of the Algorithm Naive Bayes has a
success rate of 65.66%.
c. Recall

TP
TP+FN

Recall = X 100%

65
Recall = P 100%

Recall= 0,9285=92.86%

From this calculation, the value recall Algorithm classification test results of Naive Bayes have a success rate of
92.86%.

d. Performance Vector
From the evaluation of classification using the algorithm Naive Bayes produces accuracy values that can be seen
in Performance Vector below this.

PerformanceVector
PerformanceVector:

accuracy: 86.07% +/- 23.98% (mikro: 85.92%)
ConfusionMatrix:

True: Sehat Tidak Sehat

Sehat: 173 5

Tidak Sehat: 34 65

AUC (optimistic): 1.000 +/- 0.000 (mikro: 1.000) (positive class: Tidak Sehat)
AUC: 0.500 +/- 0.000 (mikro: 0.500) (positive class: Tidak Sehat)

AUC (pessimistic): 0.763 +/- 0.364 (mikro: 0.763) (positive class: Tidak Sehat)
precision: 86.12% +/- 27.77% (mikro: 6€5.66%) (positive class: Tidak Sehat)

ConfusionMatrix:

True: Sehat Tidak Sehat

Sehat: 173 S

Tidak Sehat: 34 65

recall: 92.86% +/- 21.43% (mikro: 92.86%) (positive class: Tidak Sehat)
ConfusionMatrix:

True: Sehat Tidak Sehat

Sehat: 173 S

Tidak Sehat: 34 65

Figure 5. Performance Vector
3.4 Utilization of Knowledge

The classification results obtained were used within a knowledge management framework to support decision-making
at schools and community health centers. By utilizing the model results, schools can design more targeted prevention
programs for students at risk of smoking. Additionally, these results assist community health centers in planning data-
driven interventions. Overall, using these classification results enhances the effectiveness of evidence-based policies
and prevention programs.

Table 7. Knowledge Management Integration Framework

Dimension Input from Classification Knowledge Output Action

Health Sector List of Unhealthy students Risk profile database Design early intervention: smoking
cessation counseling, scheduled health
check-ups

Education Sector Behavioral patterns by Insight on smoking Formulate smoke-free area policies;

class/grade prevalence conduct targeted outreach
Information Classification results Institutional knowledge Continuous KDD cycle: collect —
Systems (updated periodically) base process — classify — update
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Dimension Input from Classification Knowledge Output Action
Organizational Interpretation by health Collective understanding Evidence-based policy formulation at
Knowledge workers, teachers, of adolescent health school and community health center
researchers factors level

This framework demonstrates that the value of classification results extends beyond technical performance
metrics. By systematically channeling prediction outputs into institutional processes, schools and community health
centers can translate data-driven insights into concrete preventive actions. Students classified as Unhealthy are flagged
for follow-up interventions, while aggregate trends inform policy decisions on a broader level. The KDD cycle
embedded in this framework ensures that the knowledge base remains current: as new student cohorts are enrolled
and new data is collected, the model can be retrained and the institutional knowledge base updated accordingly. This
creates a sustainable, evidence-based health management system within the school environment.

4. CONCLUSION

This study implemented the Naive Bayes algorithm to classify students' lifestyle risks based on smoking behavior at
SMK X using the Knowledge Discovery in Databases (KDD) framework, including data collection, pre-processing,
attribute selection, data splitting, modeling, testing, and evaluation. The dataset consisted of 277 student records,
divided into training data of 221 students (80%) and test data of 56 students (20%). Using RapidMiner software, the
model achieved an accuracy of 85.92%, precision of 86.12%, and recall of 92.86% for the unhealthy class. These
results indicate that the Naive Bayes algorithm is reasonably effective in classifying students' health status based on
smoking behavior and related health complaints. Beyond technical performance, this study integrates predictive data
mining with knowledge management to support decision-making in both educational and health sectors. The
classification results enable early detection of at-risk students, facilitating targeted interventions such as smoking
cessation counseling, regular health check-ups, and the formulation of smoke-free area policies within schools. Future
research should expand to larger and more diverse datasets from multiple schools, implement k-fold cross-validation
for more robust evaluation, and compare multiple algorithms such as Decision Tree, Random Forest, and Support
Vector Machine (SVM) to determine the most optimal model for lifestyle risk classification.
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