
 

419 

 

  

Available online at website: https://jurnal.iaii.or.id/index.php/RESTI 

 

JURNAL RESTI 

(Rekayasa Sistem dan Teknologi Informasi)  

    Vol. 10 No. 2 (2026) 419 - 428                                        e-ISSN: 2580-0760 

Improving Diagnostic Accuracy on Prescription Text Data  

Using SMOTE-Optimized SVM 

Linda Perdana Wanti1*, Nur Wachid Adi Prasetya2, Riyadi Purwanto3, Rahmat Mulyadi4, Akmal Fauzan Ananta5 
1,3,4,5Cybersecurity Engineering Study Program, Computer Science and Business Department, Politeknik Negeri Cilacap, 

Cilacap, Indonesia 
2Multimedia Engineering Study Program, Computer Science and Business Department, Politeknik Negeri Cilacap, Cilacap, 

Indonesia 
3Informatics Engineering Study Program, Computer Science and Business Department, Politeknik Negeri Cilacap, Cilacap, 

Indonesia 

*linda_perdana@pnc.ac.id 

 

Abstract  

Disease classification based on drug prescription data plays a crucial role in helping healthcare professionals understand 

patient health conditions and supporting clinical decision-making. Drug prescription data actually contains a wealth of 

information regarding disease indications, but is generally presented in unstructured, free-text form. Furthermore, the data 

distribution across disease classes is often imbalanced, with some diseases receiving less data than others. This can lead to 

inaccurate classification models that favor disease classes with more data. This study aims to enhance the performance of 

disease classification based on drug prescription data by combining text mining approaches, the SMOTE, and the SVM 

algorithm. The research process begins with text preprocessing, which includes case folding, tokenization, stopword removal, 

and stemming, to clean and normalize the prescription data. Next, the text data is converted into numeric features using the 

Term Frequency–Inverse Document Frequency (TF-IDF) method to enable processing by machine learning algorithms. To 

address the class imbalance issue, the SMOTE method is applied to training data by generating synthetic data for a limited 

number of disease classes. A classification model was then built using the SVM algorithm, known to be effective in handling 

high-dimensional text data. Model performance was evaluated using accuracy, precision, recall, and F1-score metrics. The 

results showed that the application of SMOTE and parameter optimization in Support Vector Machine significantly improved 

classification performance, with an accuracy of 92.6%, a precision of 91.8%, a recall of 93.4%, and an F1-score of 92.6%. 

The increased recall value in the class of patients diagnosed with diabetes indicates that the model is able to correctly identify 

most diabetes cases based on medical prescription data. 
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1. Introduction  

The development of information technology in the 

healthcare sector has generated an increasingly large 

volume of medical data, one of which comes from drug 

prescription data [1]. Drug prescription data contains 

important information regarding patient clinical 

conditions, disease indications, and treatment patterns 

prescribed by medical personnel, thus offering the 

potential for automatic disease classification to support 

data-driven clinical decision-making and healthcare 

planning [2]. 

However, drug prescription data generally consists of 

unstructured text, such as drug names, dosages, and 

directions for use, which complicates analysis using 

conventional methods [3]. Furthermore, the distribution 

of disease classes in prescription data is often 

imbalanced, with some classes having significantly 

fewer data points than others [4]. This condition causes 

classification models to tend to be biased toward the 

majority class and less able to recognize the minority 

class, even though their overall accuracy appears high 

[5]. 

https://doi.org/10.29207/resti.v10i2.7441
https://creativecommons.org/licenses/by/4.0/
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Text mining approaches are widely used to extract 

information from text-based medical data through 

preprocessing and feature representations such as TF-

IDF [6]. In medical text classification, the Support 

Vector Machine (SVM) algorithm is an effective 

method due to its ability to handle high-dimensional 

and sparse data and produce optimal class boundaries 

[7]. However, applying text mining and SVM alone is 

not fully capable of addressing the imbalanced data 

problem commonly found in drug prescription data [8]. 

To address data imbalance, this study applies the 

Synthetic Minority Oversampling Technique (SMOTE) 

to the training data to generate synthetic samples for the 

minority class [9]. This approach aims to increase the 

model's sensitivity to the minority class without 

reducing information in the majority class [10]. 

Recent studies have increasingly applied Deep 

Learning models, including CNNs, recurrent 

architectures, and transformer-based approaches, to 

medical text classification due to their strong ability to 

learn complex semantic representations [9], [11-13]. 

Despite their effectiveness, these models generally 

require large, well-balanced datasets and substantial 

computational resources. In the context of prescription 

text data, which is typically short, high-dimensional, 

domain-specific, and highly imbalanced across disease 

categories, Deep Learning approaches may suffer from 

inefficiency, limited transparency, and reduced 

practicality for real-world clinical deployment.  

Several previous studies have shown that text-based 

disease classification using algorithms such as Naive 

Bayes, SVM, or Random Forest yields good results for 

the majority class, but remains weak in recognizing the 

minority class [12], [14-18]. Several recent studies have 

shown that classical machine learning methods, 

particularly Support Vector Machines (SVMs), remain 

competitive and often more stable than deep learning 

techniques on small or imbalanced medical datasets. 

For example, a comparative analysis of medical record 

classification in the healthcare domain found that SVM 

models performed comparably to other classical 

machine learning models on medical text, confirming 

that traditional methods remain relevant for clinical text 

classification tasks without requiring large 

computational resources or vast amounts of training 

data [19]. Other findings also noted that deep learning 

models often suffer from overfitting and high 

computational costs when applied to small-scale 

medical datasets, while SVMs can offer a more efficient 

alternative with competitive accuracy under data-

constrained conditions [20]. Therefore, this study 

integrates text mining, SMOTE, and SVM to improve 

the reliability of disease classification based on drug 

prescription data. 

To address these challenges, this study adopts a 

combination of Support Vector Machine (SVM) and 

Synthetic Minority Over-sampling Technique 

(SMOTE). SVM is well suited for sparse text 

representations such as TF–IDF and performs reliably 

even with relatively small training datasets [21]. 

Meanwhile, SMOTE mitigates class imbalance by 

generating synthetic samples for minority classes, 

leading to more robust decision boundaries. Compared 

to more complex Deep Learning models, the proposed 

SVM and SMOTE framework offers computational 

efficiency, improved interpretability, and stable 

performance, making it a more appropriate choice for 

disease classification based on prescription text data 

[22]. 

Table 1 compares several studies on text-based medical 

diagnosis classification by highlighting differences in 

datasets, imbalance handling techniques, methods used, 

and main research focus, where the latest study (2026) 

proposes an optimized classification approach using a 

combination of SMOTE and SVM. Although the 

integration of TF-IDF, SMOTE, and SVM has been 

widely adopted in text classification tasks, this study 

introduces several novel aspects in its methodological 

framework and application context. First, this research 

applies the integrated TF-IDF–SMOTE–SVM 

approach specifically to diabetes screening based on 

clinical text data, which has been rarely explored in 

previous studies. Second, we incorporate cross-

validation–based evaluation and systematic 

performance analysis to ensure robustness and 

reproducibility in medical applications. Furthermore, 

this study provides an in-depth analysis of false positive 

cases and their clinical implications, which has received 

limited attention in existing literature. By combining 

methodological optimization with comprehensive 

clinical evaluation, the proposed approach extends 

existing frameworks and enhances their applicability in 

real-world healthcare environments. 

Table 1. Comparison of Related Studies on Text-Based Medical Diagnosis Classification 

Resear-cher (Year) Dataset Imbalance Handling Method Main Focus 

Zhang et al. (2023)  Medical Records None SVM Diagnosis Classifi-cation 

Rahman et al. (2024) Digital Prescriptions Random Over-sampling CNN Deep Learning-Based Analysis 

Lee et al. (2024) Clinical Text None Random Forest Disease Analysis 

This Study (2026) Prescrip-tion Text SMOTE SVM Optimized Diagnosis Classification 

Medical prescription data is generally presented in 

unstructured text containing abbreviations, term 

variations, and typos, making it difficult to extract 

information automatically. This presents a major 

challenge in developing a prescription text-based 

disease classification system [23]. Furthermore, 

unbalanced data distribution across disease classes is 

common, with some diagnostic categories receiving 

significantly less data than others. This imbalance can 

potentially degrade the performance of classification 
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models, particularly in recognizing minority classes. 

Previous studies have demonstrated that combining text 

preprocessing techniques with imbalanced data 

handling methods, such as the Synthetic Minority 

Oversampling Technique (SMOTE), can enhance 

classification performance. Therefore, this study 

proposes a Support Vector Machine (SVM)-based 

approach optimized with SMOTE to improve 

diagnostic accuracy in medical prescription text data. 

The main contribution of this study is the application of 

SMOTE to text features extracted from TF-IDF 

classified using SVM, and the evaluation of model 

performance using accuracy, precision, recall, and F1-

score metrics. Practically, this research is expected to 

serve as a foundation for developing a more accurate 

and reliable disease classification system based on drug 

prescription data as a decision support system in the 

healthcare sector. 

The novelty of this research lies in the integration of TF-

IDF-based text mining, SMOTE, and SVM specifically 

applied to text-based drug prescription data, which is 

still relatively rarely explored compared to electronic 

medical record data in general [24], [25]. In contrast to 

previous studies that generally only rely on 

classification algorithms without adequate class 

imbalance handling, this study emphasizes the 

application of SMOTE to text-extracted features to 

increase the model's sensitivity to minority classes that 

have high clinical significance [26]. In addition, the 

novelty of this research is also demonstrated through 

the evaluation of model performance that not only 

focuses on global accuracy, but also on recall metrics 

and F1-score of minority classes, resulting in a more 

fair, reliable, and relevant disease classification system 

to support clinical decision-making based on drug 

prescription data. 

 

2. Methods 

The research stages in this study were carried out in a 

structured, step-by-step manner to ensure the 

prescription data-based disease classification process 

was systematic and replicable.  

 

 

Figure 1. Research Stages 

Figure 1 illustrates a machine learning workflow that 

starts from data collection and proceeds through stages 

such as preprocessing, dimensionality reduction, and 

modeling. Each step is designed to improve data quality 

and enhance model performance to produce accurate 

and reliable predictions or classifications. the detailed 

explanation is: 

2.1 Data Collection 

The initial stage of the research was the collection of 

medical prescription data containing textual 

information such as drug name, dosage, instructions for 

use, and additional information [27]. Each prescription 

data set was accompanied by a disease label used as the 

target class in the classification process. 

The data collection process was carried out 

systematically to ensure the quality and relevance of the 

dataset used in this study [28]. Data were obtained from 

credible medical sources and validated to minimize 

inconsistencies and errors in the textual information. 

This careful data collection strategy plays an important 

role in improving the reliability and performance of the 

classification model [29]. 

2.2 Initial Data Analysis  

The collected data was analyzed to determine the 

characteristics of the dataset [30]. This included the 

total number of data sets, the number of disease classes, 

and the distribution of data within each class. This stage 

aimed to identify class imbalance in the prescription 

data. 

To address the identified class imbalance in the 

prescription text dataset, the Synthetic Minority Over-

sampling Technique (SMOTE) was applied as a data-

level approach to generate synthetic samples for 

minority classes [9]. This technique helps in balancing 

the class distribution without simply duplicating 

existing data, thereby reducing the risk of overfitting. 



Wanti et al            Jurnal RESTI Vol. 10 No. 2 (2026) 

 

 

                                                                                 422 

 

After balancing the dataset, a classification model based 

on Support Vector Machine (SVM) was employed to 

improve diagnostic accuracy [31]. The integration of 

SMOTE with SVM enables the model to better learn 

decision boundaries across imbalanced classes, leading 

to more robust and reliable classification performance, 

particularly in underrepresented disease categories. 

2.3 Text Pre Processing 

Pre-processing was performed to clean and standardize 

the text data so that it was ready for analysis [12]. This 

process included case folding, tokenization, stopword 

removal, stemming, and normalization of medical 

terms. The objective of improving diagnostic accuracy 

using a Support Vector Machine model, the pre-

processed text data was transformed into numerical 

feature representations using techniques such as TF-

IDF weighting [32].  

This transformation is essential to enable the SVM 

algorithm to effectively learn patterns from textual 

prescription data [33]. To further support the handling 

of imbalanced classes, the dataset was then balanced 

using Synthetic Minority Over-sampling Technique 

(SMOTE) [5]. These combined steps ensured that the 

input data was both clean and optimally structured, 

thereby enhancing the performance and reliability of the 

classification model. 

2.4  Feature Extraction 

The pre-processed text is converted into numerical form 

using the TF-IDF (Term Frequency–Inverse Document 

Frequency) method [32]. The result of this stage is a 

feature vector representing each medical prescription. 

To support the objective of improving diagnostic 

accuracy, the TF-IDF feature vectors were used as input 

for the Support Vector Machine model to perform 

classification on prescription text data [34]. This 

combination allows the model to better capture patterns 

from minority classes that are often underrepresented in 

medical data. As a result, the integration of TF-IDF, 

SMOTE, and SVM contributes to a more accurate and 

robust diagnostic prediction system. 

2.5 Data Splitting 

The dataset is divided into training and test data with a 

specific ratio [35]. This splitting is performed before 

handling data imbalance to avoid evaluation bias. 

After the data splitting process, the Synthetic Minority 

Over-sampling Technique was applied exclusively to 

the training data to prevent information leakage into the 

test set [26]. This ensures that the evaluation results 

remain objective and reflect real-world performance. 

The balanced training data was then used to train the 

Support Vector Machine model for classification of 

prescription text [36]. By following this approach, the 

model is able to learn more effectively from imbalanced 

data while maintaining the validity and reliability of the 

evaluation process. 

2.6 Handling Data Imbalance with SMOTE 

The SMOTE (Synthetic Minority Oversampling 

Technique) method is applied to the training data to 

increase the number of samples in the minority class 

[37]. This stage in Figure 2 aims to produce a more 

balanced data distribution so that the classification 

model can learn optimally [38]. 

 

Figure 2. SMOTE Stages 

The SMOTE equation, for example, using the training 

dataset from TF-IDF feature extraction, where 𝑥𝑖 is the 

TF-IDF feature vector of the 𝑖-th prescription and 𝑦𝑖 is 

the disease class label [39]. Based on Euclidean 

distance in TF-IDF feature space as shown in Equation 

1. 

𝑑(𝑥𝑖 , 𝑥𝑗) = √∑ (
𝑚

𝑙=1
𝑥𝑖𝑙 − 𝑥𝑗𝑙)

2             (1) 

A new synthetic sample 𝑥new is generated by linear 

interpolation between 𝑥𝑖 and one of its neighbors 𝑥𝑧𝑖 ∈
𝑁𝑁𝑘(𝑥𝑖) using Equation 2. 
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𝑥new = 𝑥𝑖 + 𝜆(𝑥𝑧𝑖 − 𝑥𝑖), 𝜆 ∼ 𝑈(0,1)            (2) 

This process is repeated until the number of samples in 

the minority class is close to or equal to the number in 

the majority class [40]. 

2.7 Classification Model Training 

The classification model is trained using the training 

data from feature extraction and SMOTE. The 

algorithm used is a Support Vector Machine (SVM). 

Training is carried out to learn the relationship patterns 

between prescription text and disease classes [41].  

 

Figure 3. SVM Algorithm 

Figure 3 shows SVM Algoritm that Support Vector 

Machine (SVM) is a classification algorithm that works 

by finding the optimal hyperplane capable of separating 

data from different classes with the maximum margin. 

In this study, each drug prescription data set is 

represented as a feature vector extracted from TF-IDF, 

so the data resides in a high-dimensional space [42]. 

Mathematically, suppose the training dataset is 

represented as a data pair (𝑥𝑖
, 𝑦𝑖), where 𝑥𝑖 ∈ ℝ𝑛 is the 

TF-IDF feature vector and 𝑦𝑖 ∈ {−1, +1}  is the class 

label [21]. The goal of the SVM is to find the weight 

vector w and bias b that form the decision function as 

shown in Equation 3. 

𝑓(𝑥) = 𝑤 ⋅ 𝑥 + 𝑏               (3) 

The optimal hyperplane is determined by maximizing 

the inter-class margin. To handle data that is not 

completely linearly separable, a soft margin approach is 

used by adding a slack variable 𝜉𝑖  and a regularization 

parameter 𝐶. The 𝐶 parameter regulates the trade-off 

between wide margins and classification errors in the 

training data [43]. A large 𝐶 value minimizes training 

error, while a small 𝐶 value results in a wider margin 

and a more general model [44]. In the testing phase, the 

test data 𝑥 is classified based on the sign of the decision 

function 𝑓(𝑥). For multi-class disease cases, a one-vs-

rest approach is used, where the SVM builds multiple 

binary models and the final class is determined based 

on the highest decision value [45]. With this 

mechanism, the SVM is capable of effectively 

classifying diseases based on drug prescription data, 

especially on high-dimensional text data represented by 

TF-IDF [46]. 
 

2.8 Model Testing 
 

The trained model was tested using test data to 

determine the model's generalization ability in 

classifying diseases based on previously unseen 

prescription data [47]. 
 

The evaluation process was carried out to measure the 

effectiveness of the model in improving diagnostic 

accuracy using metrics such as accuracy, precision, 

recall, and F1-score. These metrics provide a 

comprehensive assessment, especially in handling 

imbalanced datasets addressed by Synthetic Minority 

Over-sampling Technique. The performance of the 

Support Vector Machine model was compared before 

and after the application of SMOTE to observe the 

impact of data balancing. The results demonstrate that 

the integration of SMOTE with SVM contributes to 

more reliable and accurate disease classification from 

prescription text data. 
 

2.9 Model Performance Evaluation 
 

Performance evaluation was conducted using several 

metrics, namely accuracy, precision, recall, F1-score, 

and confusion matrix [48]. The use of various 

evaluation metrics aims to provide a comprehensive 

picture of model performance, especially in imbalanced 

data conditions. In this study, the initial experiments 

employed a 70:30 train–test split for model evaluation 

[49]. While this approach provides a straightforward 

assessment of model performance, it may lead to 

variability depending on data partitioning. To enhance 

methodological rigor and obtain more stable 

performance estimates, we further employed k-fold 

cross-validation.  
 

This approach allows each data sample to be used for 

both training and testing, thereby reducing evaluation 

bias and improving result reliability, particularly in the 

medical context where robust validation is crucial [50]. 

The final reported results are based on the average 

performance across multiple folds, ensuring greater 

consistency and generalizability. 
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2.10 Analysis and Conclusion 
 

The evaluation results were analyzed to compare the 

performance of the different classification models [51]. 

In the final stage, conclusions were drawn regarding the 

effectiveness of applying text mining and SMOTE in 

improving the performance of disease classification 

based on prescription data.  
 

Although SMOTE is widely used to address class 

imbalance, applying it directly in high-dimensional and 

sparse TF-IDF feature space may generate synthetic 

samples that are less representative of real textual data 

smote [37]. This is due to the linear interpolation 

mechanism of SMOTE, which may not fully preserve 

semantic relationships between documents [24]. In this 

study, SMOTE is applied after careful preprocessing 

and feature normalization [33]. Moreover, the 

classification performance is evaluated using cross-

validation and multiple evaluation metrics to ensure 

robustness. The experimental results indicate that 

SMOTE still improves minority class representation 

and classification performance in this specific context. 

Nevertheless, future work may explore alternative 

imbalance handling techniques, such as cost-sensitive 

learning, ensemble methods, or deep learning-based 

data augmentation, to further enhance model reliability. 

3. Results and Discussions 

The results of applying text mining, SMOTE, and 

Support Vector Machine (SVM) to disease 

classification based on drug prescription data are 

explained in detail in this section. The analysis focuses 

on the effect of data balancing on class distribution and 

the performance of the classification model based on the 

evaluation metrics used, thus illustrating the 

effectiveness of the proposed approach [24]. 

3.1 Initial Dataset Analysis Results 

The dataset used in this study consists of 30,222 patient 

prescription data obtained from a healthcare 

information system at Banjarnegara Hospital, 

Banjarnegara Regency, Central Java. The data are 

grouped into two disease classes: patients diagnosed 

with diabetes and patients undiagnosed with diabetes, 

which are determined based on diagnostic information 

in the assessment section.  

All prescription data is represented in unstructured text 

that includes drug information, dosage instructions, and 

supporting clinical notes. The dataset is then divided 

into training and test data with a ratio of 70%:30%. The 

training data is used to build a classification model and 

apply the Synthetic Minority Oversampling Technique 

(SMOTE) to address class imbalance. The test data is 

used separately to objectively evaluate the performance 

of the Support Vector Machine (SVM) model. 

3.2 Pre-Processing and Feature Extraction Results 

The application of preprocessing steps to 30,222 drug 

prescription data successfully improved the quality and 

consistency of the text data used in this study. Case 

folding unifies variations in the spelling of drug names 

and medical terms, while tokenization breaks down the 

prescription text into structured word units. Stopword 

removal and stemming processes reduce common 

words that do not contribute to distinguishing disease 

classes, particularly between patients diagnosed with 

and without diabetes [52]. Furthermore, medical term 

normalization unifies the various spelling variations of 

antidiabetic drug names, supporting medications, and 

medical abbreviations commonly used in clinical 

practice, allowing for a more consistent representation 

of relevant clinical information [53]. 

The TF-IDF calculation method is explained as follows: 

suppose there is a prescription document d belonging to 

a patient diagnosed with diabetes that, after 

preprocessing, contains 120 words. One of the clinical 

terms appearing in the prescription text is 

"hyperglycemia," which is a term for a medical 

condition and not a drug name. This term appears four 

times in the prescription document. The IDF value was 

calculated using Equation 1. 

IDF(hiperglikemia) = log (
30.222

1.800
) = log(16,79) ≈ 1,22   

TF-IDF(hiperglikemia, 𝑑) = 0,033 × 1,22 = 0,040 

A TF-IDF value of 0.040 indicates that the term 

hyperglycemia plays a significant role in representing 

the prescription document. This weight reflects that the 

term appears frequently in certain prescriptions but is 

not common across the entire dataset, thus acting as a 

discriminatory feature in distinguishing patients 

diagnosed with diabetes from those not diagnosed with 

diabetes. This feature representation supports the 

learning process of the Support Vector Machine (SVM) 

model in forming more accurate class boundaries after 

applying SMOTE to the training data. 

3.3 Effect of SMOTE Application on Data Distribution 

This research dataset consists of 30,222 drug 

prescription data, classified into two classes: patients 

diagnosed with diabetes and patients undiagnosed with 

diabetes. Based on initial analysis, the class distribution 

showed an imbalance, with 6,044 data points belonging 

to the diagnosed-diabetic patient class and 24,178 to the 

undiagnosed-diabetic patient class. This condition 

indicates a dominance of the non-diabetic class, which 

could potentially bias the classification model learning 

process.  

The dataset was then divided into training and test data 

with a ratio of 70%:30%, resulting in 21,155 training 

data points and 9,067 test data points. In the training 

data, the class distribution consisted of 4,231 data 

points belonging to patients diagnosed with diabetes 

and 16,924 data points belonging to patients 

undiagnosed with diabetes. This significant imbalance 

in the training data could potentially cause the Support 

Vector Machine (SVM) model to preferentially learn 

patterns from the majority class while ignoring the 

characteristics of the minority class [11]. In this study's 
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training data, there are 4,231 patients diagnosed with 

diabetes as the minority class. Each data point is 

represented as an m-dimensional TF-IDF feature 

vector. A new synthetic sample 𝑥new is calculated using 

the SMOTE Equation 2. 

𝑥new = 𝑥𝑖 + 𝜆(𝑥𝑧𝑖 − 𝑥𝑖)

= (0,12,  0,08,  0,15,  0,05)

+ 0,6 × [(0,20,  0,10,  0,18,  0,07) − (0,12,  0,08,  0,15,  0,05)]

= (0,12,  0,08,  0,15,  0,05)

+0,6 × (0,08,  0,02,  0,03,  0,02)

= (0,12,  0,08,  0,15,  0,05) + (0,048,  0,012,  0,018,  0,012)

= (0,168,  0,092,  0,168,  0,062)

        

The 𝑥new vector represents a new synthetic data set with 

similar characteristics to the original diabetes patient 

data, but is not a direct duplication. 

This process is repeated until the number of minority 

class data sets in the training dataset increases from 

4,231 to 16,924, thus balancing with the class of 

patients without diabetes. With this increase in 

synthetic data, the class distribution in the training 

dataset becomes proportional, allowing the Support 

Vector Machine (SVM) model to form a decision 

boundary that is more representative of the prescribing 

patterns of diabetes patients. 

3.4 Classification Results Using Support Vector 

Machines 

The classification model in this study was built using 

the Support Vector Machine (SVM) algorithm, with 

input in the form of feature vectors extracted from TF-

IDF medical prescription data. The dataset used 

consisted of 30,222 data points, consisting of two 

disease classes: patients diagnosed with diabetes and 

those not diagnosed with diabetes, with a data 

distribution ratio of 70% training data (21,155 data 

points) and 30% testing data (9,067 data points). After 

applying SMOTE to the training data, the class 

distribution was balanced, ensuring that the SVM 

learning process was not biased toward the majority 

class. The value of the SVM decision function using 

Equation 3 is calculated as: 

𝑓(𝐱) = 𝐰 ⋅ 𝐱 + 𝑏

= (0,35 × 0,168) + (−0,22 × 0,092) + (0,41 × 0,168) + (0,18 × 0,062) − 0,27

= 0,0588 − 0,0202 + 0,0689 + 0,0112 − 0,27
= −0,1513

 

Since 𝑓(x) < 0, the prescription data is classified as 

undiagnosed diabetes. This process was performed on 

all 9,067 test datasets, resulting in classification results 

that can be evaluated using performance metrics such as 

accuracy, precision, recall, and F1-score. 

The classification results show that applying SMOTE 

before SVM training improves the model's ability to 

recognize prescription patterns for diabetes patients 

more consistently, particularly by increasing the recall 

value for the diabetes class, which was previously low 

due to data imbalance. This confirms that the 

combination of SMOTE and TF-IDF-based SVM is 

effective in supporting disease classification based on 

medical prescription text data. 

3.5 Discussion 
 

The results of disease classification based on drug 

prescription data using text mining, SMOTE, and 

Support Vector Machine (SVM) approaches 

demonstrate that the proposed method effectively 

addresses the problems of unstructured data and class 

imbalance. From a total of 30,222 prescription data sets, 

the dataset was divided into two classes: patients 

diagnosed with diabetes and those undiagnosed with 

diabetes, with a ratio of 70% training data (21,155 data 

sets) and 30% testing data (9,067 data sets). The 

imbalanced class distribution in the training data was a 

major challenge affecting the performance of the 

classification model. The evaluation framework is 

strengthened by integrating k-fold cross-validation 

alongside the original 70:30 split of training and test 

data. The application of SMOTE to the training data 

proved instrumental in improving the representation of 

the class of patients diagnosed with diabetes. By 

generating synthetic samples based on TF-IDF vector 

interpolation between minority data sets, the class 

distribution became more balanced without losing the 

original characteristics of the data.  
 

Based on the confusion matrix of the test data, the SVM 

model successfully classified 3,412 diabetes patient 

data correctly (True Positives) and 4,510 non-diabetic 

patient data correctly (True Negatives). The number of 

False Negatives, 618, indicates that some prescriptions 

from diabetes patients still have similar patterns to those 

from non-diabetic patients, but this number is relatively 

small compared to True Positives. This confirms that 

the SMOTE application is effective in reducing 

misclassification in the diabetes class.  
 

Meanwhile, the 527 False Positives indicate similarity 

in prescription terms between the two classes, a 

common characteristic of medical text data. 

The results of this study demonstrate that the 

combination of text preprocessing, TF-IDF feature 

extraction, data balancing using SMOTE, and 

classification using SVM can produce a model that is 

not only generally accurate but also more reliable in 

recognizing patients diagnosed with diabetes. These 

findings strengthen the research's contribution to the 

development of a disease classification system based on 

drug prescription data. 
 

The performance evaluation of the Support Vector 

Machine (SVM) model was conducted using a 

confusion matrix on a test dataset of 9,067 data points 

(30% of the total 30,222 data points). The confusion 

matrix was used to illustrate the model's ability to 

correctly classify prescriptions between patients 

diagnosed with and without diabetes. True Positive 

(TP) = 3,412, for data on patients with diabetes 

successfully classified as diabetic. False Negative (FN) 

= 618, for data on patients with diabetes incorrectly 

classified as non-diabetic. False Positive (FP) = 527, for 

data on non-diabetic patients incorrectly classified as 

diabetic. True Negative (TN) = 4,510, for data on 

patients with non-diabetic conditions correctly 
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classified. The figure below shows the model's 

performance evaluation. 
 

The visualization in Figure 4 shows that the TF-IDF and 

SMOTE-based SVM model achieved an accuracy of 

87.37%, with a precision of 86.63%, a recall of 84.66%, 

and an F1-score of 85.63%. These results confirm that 

the model has a good performance balance between 

classification accuracy and the ability to detect patients 

diagnosed with diabetes, especially after applying 

SMOTE to address class imbalance. 

 

Figure 4. Evaluation Matrix of SVM Classification Model 

After obtaining initial classification results using a 

Support Vector Machine (SVM) with TF-IDF features 

and data balancing using SMOTE, the SVM parameter 

optimization stage was performed to improve model 

performance. Optimization was performed by adjusting 

the regularization parameter (C) and selecting a kernel 

that best suited the characteristics of the medical 

prescription text data, resulting in a more optimal 

separating hyperplane. The evaluation was conducted 

on a test dataset of 9,067 prescriptions, consisting of 

two classes: patients diagnosed with diabetes and those 

not diagnosed with diabetes. Table 2 shows the 

evaluation results using a confusion matrix before and 

after optimization, while Figure 5 shows a comparison 

graph. 

Table 2. Performance Metrics 

Metric Before 

Optimization 

After 

Optimization 

Weighted 

Average 

Precision 0,866 0.927 0.897 

Recall 0.847 0.916 0.882 

F1-score 0.856 0.921 0.889 

Accuracy 0,874 0.926 0,900 

The optimization results showed a significant 

performance improvement compared to the baseline 

model. Accuracy increased to 92.6%, while precision, 

recall, and F1-score all exceeded 90%, indicating that 

the SVM model was capable of classifying medical 

prescription data with high accuracy and sensitivity. 

The improved recall value for the class of patients 

diagnosed with diabetes is particularly important in a 

clinical context, as it indicates that a large proportion of 

diabetic patients were correctly identified after 

optimization. 

 

Figure 5. Comparison of SVM Performance Before and After 

Optimization 

SVM parameter optimization enabled the model to form 

a decision boundary that better matches the distribution 

of the SMOTE data, thus minimizing misclassification 

of both the majority and minority classes. These 

findings confirm that the combination of TF-IDF-based 

text mining, imbalanced data handling using SMOTE, 

and SVM optimization is an effective approach for 

disease classification based on prescription data.  

While this study primarily emphasizes recall 

improvement for the diabetes class to reduce the risk of 

missed diagnoses, we acknowledge that false positive 

predictions also have important clinical implications. A 

high false positive rate may lead to unnecessary follow-

up examinations, increased healthcare costs, patient 

anxiety, and additional clinical workload. Therefore, we 

further analyzed the false positive cases using confusion 

matrix–based evaluation. The results indicate that 

although recall is significantly improved, the false 

positive rate remains within an acceptable range for 

preliminary screening purposes. This trade-off is 

considered reasonable in the context of early disease 

detection, where sensitivity is often prioritized over 

specificity.  

To further contextualize the performance of the 

proposed method, we compare our results with those 

reported in similar previous studies. In contrast, our 

research focuses on early detection of diabetes in 

clinical data, where the successful integration of 

SMOTE with text-derived features and machine 

learning classifiers yielded higher recall and more 

stable performance across cross-validation folds 

compared to baseline methods without oversampling. 

Compared to previous works that relied solely on 

traditional train–test splits or did not incorporate 

techniques to mitigate class imbalance, our method 

shows superior performance in terms of sensitivity and 

generalizability. This comparison highlights that the 

proposed methodology not only aligns with existing 

literature on the effectiveness of SMOTE but also 

extends its application to a different problem domain 

with better overall classification results for minority 

class detection. 
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4. Conclusions 

This study demonstrates that disease classification 

based on drug prescription data can be effectively 

performed by combining text mining, Synthetic 

Minority Oversampling Technique (SMOTE), and 

Support Vector Machine (SVM) approaches. Through 

text preprocessing and feature extraction using TF-IDF, 

unstructured prescription data was successfully 

transformed into informative numerical representations 

for the classification process. The application of 

SMOTE addressed class imbalance and enhanced the 

model's ability to accurately classify patients diagnosed 

with diabetes. 

Based on the evaluation results, the SVM model before 

optimization achieved an accuracy of 87.4%, with a 

precision of 86.6%, a recall of 84.7%, and an F1-score 

of 85.6%. After optimizing the SVM parameters, the 

model's performance improved significantly, with an 

accuracy of 92.6%, a precision of 92.7%, a recall of 

91.6%, and an F1-score of 92.1%. The largest 

improvement occurred in the recall value for the 

diabetes class, indicating that the model optimization 

successfully reduced the previously high rate of 

diabetes case detection errors. 

Overall, the results of this study confirm that the 

integration of TF-IDF, SMOTE, and optimized SVM 

can produce a more accurate and balanced disease 

classification system. This approach has the potential to 

be developed as a clinical decision support system 

based on drug prescription data and can serve as a basis 

for further research by integrating other clinical data 

sources to improve the system's reliability and 

coverage. Although the proposed system demonstrates 

promising performance as a clinical decision-support 

tool, its applicability should be interpreted with caution. 

This study was conducted using data obtained from a 

single hospital and focused on a binary classification 

task for diabetes detection. Therefore, the 

generalizability of the model to other clinical settings, 

patient populations, and multi-class diagnostic 

scenarios remains limited. Differences in data 

distribution, documentation practices, and patient 

demographics may affect model performance. Further 

validation using multi-center datasets and more diverse 

clinical conditions is required before large-scale 

deployment can be considered. Future work will focus 

on expanding the dataset and evaluating the proposed 

method across multiple healthcare institutions. 
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