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Introduction  

Tuberculosis (TB) continues to be a significant global health concern, with Indonesia remaining one of the 

countries experiencing a high burden of the disease. One of the most serious infectious diseases in the world today is 

tuberculosis (TB). Mycobacterium tuberculosis, a bacteria that mostly affects the lungs and is spread via the air by 

droplets released when infected individuals cough, sneeze, or talk, is the cause of the illness. This study's literature 

assessment indicates that tuberculosis (TB) persists as a significant global infectious illness, with Indonesia 

consistently reporting a high incidence of TB cases. Therefore, controlling TB remains an important priority in health 

services [1].  

One of the main efforts to control TB is long-term treatment, which requires patients to take medication regularly 

according to the schedule determined by health workers. Tuberculosis therapy generally necessitates a minimum 

duration of six months, and ensuring patient commitment during this period is crucial for attaining satisfactory 

therapeutic results [2]. Treatment failure, increased risk of transmission, and the development of drug resistance can 

all result from non-adherence to tuberculosis treatment, including inconsistent medication intake or early therapy 

termination.[3]. Previous studies have reported that medication reminder applications can support patient adherence 

during tuberculosis treatment by helping patients follow medication schedules and reducing the risk of treatment 

interruption [4]. 

In primary health care facilities, monitoring TB medication adherence is an important responsibility of health 

workers. However, monitoring medication adherence remains a challenge in tuberculosis treatment programs. The 

World Health Organization asserts that digital health initiatives can substantially enhance treatment oversight, patient 

Abstract  

Tuberculosis (TB) is still recognized as a major global health problem, and maintaining consistent monitoring of patient adherence 

to prescribed medication is essential for achieving optimal treatment success. However, conventional monitoring methods often 

rely on manual supervision, making it difficult for healthcare workers to track patient adherence effectively. To improve the 

monitoring of tuberculosis treatment compliance, this study proposes a mobile-based smart reminder platform integrated with a 

Support Vector Machine (SVM) model to analyze and classify patient adherence at Puskesmas Ariodillah. The main contribution 

of this study is the integration of a mobile-based smart reminder system with an SVM classification model to automatically 

monitor and predict tuberculosis patient medication adherence, thereby assisting healthcare workers in identifying patients who 

require additional intervention during treatment. The experimental results show that the dataset consists of 900 records, including 

541 records categorized as recovered patients and 359 records categorized as patients continuing medication. The reliability and 

predictive capability of the model were examined using a 10-fold cross-validation strategy, while classification performance was 

quantified through accuracy, precision, recall, F1-score, and AUC-ROC metrics. Using a 10-fold cross-validation approach, the 

proposed SVM classifier demonstrated stable performance, achieving an average training accuracy of 82.22%. The performance 

assessment conducted on the testing dataset revealed that the classifier produced an accuracy of 64.44%, precision of 65.29%, 

recall of 78.22%, F1-score of 71.17%, and an AUC-ROC value reaching 0.6594. Among the kernel functions evaluated in this 

study, the Radial Basis Function (RBF) kernel exhibited the best classification performance by achieving the lowest error rate, 

suggesting its superior capability in distinguishing adherence categories among tuberculosis patients. These findings indicate that 

integrating mobile health technology with machine learning can improve adherence monitoring, assist healthcare workers in 

identifying patients who require additional attention, and support more effective tuberculosis treatment management. 
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engagement, and healthcare service delivery, particularly in resource-limited settings [5]. Based on the initial 

observation at Puskesmas Ariodillah, health workers still remind TB patients one by one, so the monitoring process 

is not optimal and patient adherence data have not been managed systematically. This condition creates several 

challenges in tuberculosis treatment monitoring. First, healthcare workers must spend additional time and effort to 

remind patients individually, which becomes increasingly difficult as the number of patients grows. Second, patient 

adherence information is not automatically recorded and analyzed, making it difficult to identify patients who 

frequently miss their medication schedules. Third, the absence of a digital monitoring mechanism limits the ability of 

healthcare workers to provide timely interventions for patients at risk of treatment non-adherence. Therefore, a more 

efficient and systematic monitoring approach is required to support tuberculosis treatment management [6]. 

The development of information technology provides an opportunity to improve the monitoring process through 

digital reminder systems and mobile health technologies. The World Health Organization has recognized digital health 

technologies, including mobile reminder applications, as effective tools for promoting treatment adherence and 

improving healthcare service delivery, particularly in settings with limited healthcare resources [5], [7]. Previous 

studies have demonstrated that mobile health interventions can improve medication adherence by providing automated 

reminders, monitoring patient responses, and facilitating continuous communication between patients and healthcare 

providers. Mobile applications have also been reported to support patient self-management and improve treatment 

compliance in long-term therapy programs, including tuberculosis treatment [8], [9]. In addition, mobile health 

applications and digital adherence technologies have the potential to enhance tuberculosis treatment management by 

providing medication reminders, facilitating patient monitoring, collecting adherence-related information, and 

improving communication between patients and healthcare professionals. These capabilities contribute to more 

efficient treatment supervision and support personalized patient care [10], [11]. 

Furthermore, mobile applications equipped with reminder, monitoring, and reporting features have been reported 

to support patient self-management and improve medication adherence in long-term treatment programs [9]. In 

addition, digital adherence technologies can automatically record patient responses and medication-taking activities, 

generating adherence-related data that can be used to identify non-adherent patients and support timely intervention 

by healthcare providers [11], [12]. Patient responses collected through the system provide adherence-related 

information that can be further processed using machine learning methods to uncover patterns associated with 

medication adherence behavior. In this study, the classification process utilizes several variables obtained from the 

smart reminder system, including medication schedule information, reminder status, and medication intake responses. 

The selected variables represent key indicators of patient adherence behavior because they capture medication 

schedules, reminder interactions, and patient responses to treatment instructions. These data provide valuable 

information for identifying adherence patterns and support the development of machine learning–based classification 

models for healthcare monitoring applications [13], [14]. 

Previous studies have reported that mobile health technologies can effectively enhance medication adherence by 

utilizing automated reminder features and patient monitoring systems [13], [14]. Advances in machine learning have 

facilitated their widespread implementation in medical and healthcare domains, where they are employed to identify 

patient categories, predict disease outcomes, and enhance the effectiveness of clinical decision-making processes [15], 

[16], [17]. These studies indicate that both mobile health applications and machine learning methods have significant 

potential to improve healthcare service delivery and patient management. 

Although previous studies have investigated medication reminder systems and machine learning approaches 

separately, limited research has integrated a mobile-based smart reminder applicatiSVM was selectedon with Support 

Vector Machine classification for tuberculosis medication adherence monitoring in primary healthcare facilities. 

Recognizing the limitations of previous approaches, this research proposes the integration of mobile health 

applications and machine learning methods as a strategy for improving the monitoring and assessment of patient 

adherence behavior [10], [14], [16]. 

Machine learning methodologies can be employed to examine healthcare data and discern patterns that may not 

be readily apparent through traditional analysis. [18]. Machine learning models have been extensively utilized in 

healthcare applications for categorization, prediction, and decision-support tasks utilizing frequently obtained patient 

data [19]. In this research, the Support Vector Machine (SVM) algorithm is utilized to categorize patients as adherent 

or non-adherent using data obtained from the smart reminder application. The Support Vector Machine (SVM) 

algorithm was chosen due to its strong performance in binary classification tasks and its ability to generate reliable 

predictions even when trained on relatively small datasets [20]. Support Vector Machine (SVM) has been widely 

applied in healthcare and medical classification studies because of its strong generalization capability, effectiveness 

in handling high-dimensional data, and ability to provide accurate and reliable classification performance when 

training data are limited [16], [21]. 
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The algorithm determines the optimal decision boundary that maximizes the margin between classes, thereby 

enabling accurate classification of patient medication adherence patterns [22]. Several studies have reported the 

effective use of Support Vector Machine (SVM) in healthcare classification applications, such as disease prediction, 

patient monitoring, and the prediction of tuberculosis treatment outcomes [15], [16], [23]. By classifying patients into 

adherence categories, healthcare workers can more easily identify patients who require additional monitoring and 

intervention during tuberculosis treatment. 

Method  

A. Research Framework 

This study employs a system development approach to design a mobile-based smart reminder system for monitoring 
tuberculosis (TB) medication adherence at Puskesmas Ariodillah. The proposed system automatically sends medication 
reminders according to patient treatment schedules and records patient responses. The collected response data are then 
analyzed using the Support Vector Machine (SVM) algorithm to classify patient adherence levels. The implementation 
of a digital reminder system is expected to improve monitoring effectiveness and support healthcare workers in 
managing patient adherence more efficiently[24].  

The research framework consists of five main stages: literature study, data collection, system design, system 
implementation, and results analysis. The overall research framework is presented in Figure 1. 

 
Figure 1. Research Framework 

 Based on Figure 1, the research begins with a literature study to review theories and previous studies related to 
tuberculosis treatment monitoring, mobile health applications, and machine learning classification. The data collection 
stage involves gathering patient response data generated by the smart reminder system. The system design stage focuses 
on designing the application architecture, database structure, and user interfaces. During system implementation, the 
designed application is developed and integrated with the reminder and classification modules. Finally, the collected 
data are analyzed using the Support Vector Machine (SVM) algorithm, and the system performance is evaluated using 
classification metrics. 

B. Dataset Collection and Preprocessing 
The dataset used in this study is obtained from patient responses recorded through the smart reminder application. 

The collected data include patient identity, medication schedule, reminder status, and response status indicating whether 
the patient has taken the medication. These data are stored in a database and used as input for the classification process. 
Mobile-based applications have been widely utilized to support patient monitoring, medication reminders, and 
healthcare information management. Previous studies reported that mobile health interventions can improve medication 
adherence and facilitate patient monitoring during tuberculosis treatment [8].  

Before classification, the dataset undergoes preprocessing, including data cleaning and data transformation. In order 
to prepare the gathered data in a structured format appropriate for machine learning algorithms, data transformation 
comes after data cleansing, which eliminates missing, redundant, and inconsistent records. Once preprocessing was 
completed, the data were separated into training and testing sets using an 80:20 split. 

Table 1. Dataset Partition 

Dataset Percentage 

Training Data 80% 

Testing Data 20% 

 Following the preprocessing stage, the dataset was partitioned into training and testing subsets using an 80:20 ratio. 
The training data were utilized to develop the Support Vector Machine (SVM) model, whereas the testing data were 
retained for evaluating model performance. To improve the reliability of the evaluation results and minimize the 
likelihood of overfitting, a 10-fold cross-validation procedure was incorporated during the training phase. 
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Table 2. Dataset Attributes 

Attribute Description 

Medication Schedule Schedule medication time 

Reminder Status Status of reminder notification 

Medication Response Patient confirmation of medication intake 

Adherence Class Recovered / Continue Medication 

 Table 2 presents the attributes used in the classification process. The Medication Schedule attribute records the 
scheduled time for tuberculosis medication intake and provides information regarding the patient's prescribed treatment 
schedule. Reminder Status indicates whether the reminder notification has been successfully delivered to the patient. 
Medication Response represents the patient's confirmation after receiving the reminder and reflects the patient's 
medication-taking behavior. The classification model utilizes Adherence Class as the target variable, which is divided 
into two distinct categories representing patient treatment status: Recovered and Continue Medication.   These attributes 
were selected because they directly represent patient adherence behavior and provide relevant information for the 
Support Vector Machine (SVM) classification model. 

C. Support Vector Machine Classification 
The Support Vector Machine (SVM) algorithm is employed to classify tuberculosis patient adherence levels based 

on response data collected through the smart reminder system. As a supervised machine learning technique, SVM 
operates by generating an optimal hyperplane that maximizes the separation between different data classes. Due to its 
strong classification capability and robustness in handling healthcare datasets, SVM has been widely utilized in 
biomedical data analysis, disease prediction, and medication adherence classification studies [16], [22], [25].  

Recent studies have shown that SVM can effectively classify and predict tuberculosis treatment outcomes using 
healthcare data, demonstrating its suitability for tuberculosis-related decision support systems [23]. 

The training data were used for model development and learning processes, enabling the SVM classifier to capture 
adherence-related patterns, whereas the testing data were reserved for assessing the model’s predictive capability and 
classification performance. The classification results provide information regarding patient adherence levels and assist 
healthcare workers in identifying patients who may require additional monitoring during the treatment process. 

The output of the classification process is divided into two categories, namely adherent patients and non-adherent 
patients. These results are subsequently used to support medication adherence monitoring at Puskesmas Ariodillah. 

D. System Development 
The proposed system is designed as a mobile-based smart reminder application for tuberculosis patients. The 

application automatically sends medication reminders according to treatment schedules and records patient responses. 
Similar reminder-based interventions have been implemented in tuberculosis treatment programs and have 
demonstrated potential benefits in improving patient adherence and treatment monitoring [4]. The collected data are 
stored in a database and utilized for adherence classification using the SVM algorithm.  

The system consists of a mobile application, database, and server. Healthcare workers can manage patient data and 
treatment schedules, while patients receive reminder notifications and submit responses through the application. This 
design supports a more efficient and systematic medication adherence monitoring process.  

 
Figure 2. Smart Reminder System Prototype Design 

Figure 2 shows the prototype design of the proposed smart reminder application, which consists of several 

interconnected modules. Among these, the authentication module is responsible for managing user registration and 

authentication processes, including user login. The medication scheduling module allows healthcare workers to create 

medication schedules based on patient treatment plans. The reminder management module automatically sends 

medication reminders according to the predefined schedule and records patient responses. The medical record module 

stores diagnosis information, treatment history, and prescribed medications. In addition, the patient monitoring module 

enables healthcare workers to review adherence information and identify patients who may require further 

intervention. The collected response data are stored in a database and subsequently used as input for the SVM 

classification process. 
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E. Confusion Matrix 
To evaluate the classification capability of the proposed Support Vector Machine (SVM) model, a confusion matrix 

was employed to compare the predicted adherence classes against the corresponding actual patient adherence 
categories. The confusion matrix includes four possible classification outcomes: True Positive (TP), True Negative 
(TN), False Positive (FP), and False Negative (FN). A True Positive (TP) occurs when a patient in the recovered 
category is correctly classified as recovered by the proposed SVM model. True Negative (TN) represents patients who 
continue medication and are correctly classified as continuing medication. False Positive (FP) refers to patients who 
continue medication but are incorrectly classified as recovered. False Negative (FN) refers to recovered patients who 
are incorrectly classified as continuing medication. The four components of the confusion matrix are used as the basis 
for deriving the evaluation metrics employed to assess model performance. These components provide detailed 
information regarding correctly and incorrectly classified instances and serve as the basis for calculating evaluation 
metrics.  

Using the classification outcomes derived from the confusion matrix, multiple performance evaluation metrics were 
determined, including Accuracy, Precision, Recall, F1-Score, and the Area Under the Receiver Operating Characteristic 
Curve (AUC-ROC). Accuracy is used to quantify the overall performance of the classification model, whereas Precision 
and Recall measure the model’s effectiveness in correctly identifying and distinguishing adherence-related categories. 
The F1-Score provides a balanced assessment of Precision and Recall, whereas AUC-ROC indicates the model's 
capability to distinguish between different adherence classes. The combined use of these metrics provides a 
comprehensive evaluation of the effectiveness and reliability of the proposed system in classifying tuberculosis patient 
medication adherence. 
1. Accuracy 

Accuracy is a metric used to measure the overall correctness of the classification model. It represents the proportion 
of correctly classified instances among all observations. The accuracy formula is expressed as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
                              (1) 

where TP is True Positive, TN is True Negative, FP is False Positive, and FN is False Negative. 
Accuracy provides a general indication of model performance. However, when dealing with imbalanced datasets, 
accuracy alone may not be sufficient to comprehensively evaluate classification performance. 

2. Precision 
Precision measures the proportion of correctly predicted positive instances among all instances predicted as positive. 
It is calculated using the following equation: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                    (2) 

where TP is True Positive and FP is False Positive. 
Precision is particularly important in situations where false positive predictions can lead to undesirable 
consequences. A higher precision value indicates that the model generates fewer false positive classifications. 
 

3. Recall 
Recall, also known as sensitivity, measures the ability of the model to correctly identify positive instances. The 
recall formula is given as follows: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                          (3) 

where TP is True Positive and FN is False Negative. 
Recall is important for ensuring that adherent patients are correctly identified by the system. A higher recall value 
indicates that the model successfully detects a greater proportion of actual positive cases. 

4. F1-Score 
F1-Score is the harmonic mean of precision and recall. It is used to provide a balanced evaluation of classification 
performance, particularly when the dataset is imbalanced. The F1-Score is calculated as follows: 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2𝑥 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
                    (4) 

 where Precision represents the proportion of correct positive predictions and Recall represents the proportion of 
actual positive instances correctly identified by the model. 
A higher F1-Score indicates a better balance between precision and recall, making it a useful metric for evaluating 
the overall effectiveness of the classification model. 

Results and Discussion   
A. System Implementation 

The proposed smart reminder application was successfully implemented on the Android platform. The application 

provides several functionalities, including appointment scheduling, medication reminders, medical record 

management, and prescription information access. 
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Figure 3. Core Features of the Smart Reminder Application 

Figure 3 presents the core features of the Smart Reminder Application, including appointment scheduling, 

medication reminders, and medical record management. The appointment scheduling feature enables patients to select 

available doctors and consultation schedules through the mobile application. The medication reminder module 

automatically displays medication schedules and allows patients to confirm medication intake, while the recorded 

responses are stored in the database and utilized for adherence classification. In addition, the medical record and 

prescription module provides access to diagnosis results, treatment information, and prescribed medications, thereby 

supporting more effective monitoring of tuberculosis patient treatment [9]. 

B. Dataset Distribution 

The dataset used in this study was collected from patient responses recorded through the smart reminder 

application during tuberculosis treatment monitoring. Each response was automatically stored in the database and 

used as input for the classification process. An examination of the class distribution was done before the model was 

trained in order to determine the percentage of adherence categories and find any issues with class imbalance that 

might affect the classification model's efficacy. Figure 4 presents the distribution of patient adherence classes used in 

this study. 

 
Figure 4. Distribution of Tuberculosis Patient Adherence Classes 

Figure 4 illustrates the distribution of patient adherence classes after the preprocessing stage. The dataset consists 

of 900 records collected through the smart reminder application and transformed into structured attributes, including 

medication schedule information, reminder status, and medication intake responses. These attributes were utilized as 

input features for the SVM model, while the adherence category served as the target variable.  

The dataset contains 541 records categorized as "Recovered" and 359 records categorized as "Continue 

Medication". Although the recovered class contains a larger number of records, the difference between the two classes 

remains within an acceptable range, allowing the SVM model to learn representative patterns from both categories. 

This class distribution provides sufficient information for the classification process and supports the development of 

a reliable adherence prediction model. 

C. SVM Classification Performance 

In this study, the Support Vector Machine (SVM) algorithm was utilized to classify tuberculosis patient adherence 

based on data collected through the smart reminder application. The classification process uses medication schedule 
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information, reminder status, and medication intake responses as predictor variables, while the adherence category 

serves as the target output. SVM was selected because of its capability to identify an optimal separating hyperplane 

between classes, enabling effective classification performance for healthcare monitoring datasets.  

Model validation was conducted using a 10-fold cross-validation approach to evaluate the stability of the proposed 

classifier. The training dataset was divided into ten subsets of equal size. During each iteration, nine subsets were used 

for model training and one subset was reserved for validation. This process was repeated until every subset had been 

used once as validation data. The resulting accuracy values from all iterations were then analyzed to assess model 

consistency. 

 
Figure 5. Cross-Validation Accuracy 

Figure 5 presents the classification accuracy obtained from each fold during the 10-fold cross-validation process 

applied to the training dataset. The highest accuracy was achieved in Fold 2 and Fold 8 at approximately 87.5%, while 

the lowest accuracy was observed in Fold 4 at approximately 76.3%. The average cross-validation accuracy achieved 

by the SVM model was 82.22%, indicating stable classification performance during the training phase. The relatively 

small variation among folds demonstrates that the model maintains consistent performance across different training 

data partitions. These results suggest that the trained model has good generalization capability before being evaluated 

using the independent testing dataset. The consistent accuracy values across folds indicate that the proposed model is 

robust and less sensitive to variations in the training data. 

After the cross-validation process, the final SVM model was evaluated using the testing dataset obtained from the 

80:20 data partition. The evaluation results are presented through the confusion matrix and performance metrics shown 

in Figure 6. 

 
Figure 6. Confusion Matrix and Evaluation Metrics 

Figure 6 presents the classification results generated by the SVM model through a confusion matrix and several 

evaluation metrics. The matrix indicates that 79 recovered patients were correctly classified as positive instances and 

37 patients in the continue-medication category were correctly identified as negative instances. In addition, 42 records 

were incorrectly predicted as recovered patients, while 22 records were incorrectly categorized as continue-medication 

patients.  

The evaluation results indicate that the proposed model achieved acceptable classification performance. The recall 

value of 78.22% demonstrates that most recovered patients were successfully identified by the classifier. In addition, 

the F1-score of 71.17% reflects a balanced relationship between precision and recall, suggesting that the model can 

support tuberculosis medication adherence monitoring effectively. 

Based on the testing dataset, the SVM model achieved an accuracy of 64.44%. The precision value of 65.29% 

indicates the model's ability to generate relevant positive predictions, while the recall value shows its effectiveness in 

detecting recovered patients. Furthermore, the AUC-ROC value of 0.6594 suggests a moderate capability to 
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distinguish between adherence categories. These findings demonstrate the potential of the proposed model to assist 

healthcare workers in monitoring patient adherence during tuberculosis treatment. 

The confusion matrix indicates that the model was more effective in identifying recovered patients than patients 

who continued medication. This can be observed from the higher number of true positive predictions compared to true 

negative predictions. The relatively higher number of false positive classifications suggests that some patients who 

continued medication were incorrectly classified as recovered. Nevertheless, the recall value of 78.22% demonstrates 

that the model successfully identified the majority of recovered patients, which is important for adherence monitoring 

applications. 

D. Kernel Comparison Analysis 

Several kernel functions were evaluated to determine the most suitable kernel for adherence classification. 

 
Figure 7. Comparison of SVM Kernel Error Rates 

Figure 7 compares the testing error rates and cross-validation error rates produced by four SVM kernel functions: 

linear, Radial Basis Function (RBF), polynomial, and sigmoid. The RBF kernel achieved the lowest testing error rate 

of approximately 18.3% and a cross-validation error rate of approximately 24.1%, indicating superior classification 

performance. The linear kernel produced moderate error rates, while the polynomial kernel showed slightly higher 

classification errors. The sigmoid kernel generated the highest testing and cross-validation error rates, suggesting 

weaker capability in separating adherence classes. These results indicate that the nonlinear characteristics of the 

dataset are better represented by the RBF kernel, making it the most suitable kernel for tuberculosis medication 

adherence classification. 

Overall, the experimental results demonstrate that the proposed SVM model achieved satisfactory classification 

performance. The dataset distribution was sufficiently balanced for training, the cross-validation results indicated 

stable model performance, and the RBF kernel consistently produced the lowest error rates. These findings confirm 

the feasibility of integrating a smart reminder system with machine learning techniques to support tuberculosis 

medication adherence monitoring. The comparison of error rates further confirms that kernel selection significantly 

affects classification performance, with the RBF kernel providing the most reliable results for this dataset. 

Conclusion  
This study successfully developed a mobile-based smart reminder system for monitoring tuberculosis (TB) patient 

medication adherence at Puskesmas Ariodillah. The application provides several key features, including appointment 

scheduling, medication reminders, medical record management, and prescription information access, enabling 

healthcare workers to monitor patient adherence more effectively while supporting patients in following their 

prescribed treatment schedules.  

The developed system combines a mobile-based reminder application with an SVM classification model to 

evaluate medication adherence levels using patient response data. Using a dataset of 900 records, the model achieved 

an average cross-validation accuracy of 82.22% during training and obtained an accuracy of 64.44% on the testing 

dataset. Additional evaluation metrics, including precision, recall, F1-score, and AUC-ROC, indicate that the proposed 

approach is capable of supporting adherence monitoring and identifying patients who may require additional attention 

during treatment.  

In addition, kernel comparison analysis showed that the Radial Basis Function (RBF) kernel achieved the lowest 

classification error rate among the evaluated kernels, demonstrating its suitability for tuberculosis patient adherence 

classification. Overall, the integration of mobile health technology and machine learning provides a practical approach 

to supporting adherence monitoring and assisting healthcare workers in identifying patients who may require 

additional attention during treatment.  

Future research may focus on increasing the dataset size, incorporating additional adherence-related variables, 

implementing real-time notification services, and exploring advanced machine learning or deep learning approaches 

to further improve classification performance and patient monitoring capabilities. 
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