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Abstract 
 

Accurate drug classification is essential in medical decision-making to ensure patients 
receive appropriate prescriptions based on their physiological and biochemical 
characteristics. This study compares the performance of K-Nearest Neighbors (KNN), 
Support Vector Machine (SVM), and Random Forest models in predicting drug 
prescriptions using patient attributes such as age, sex, blood pressure, cholesterol level, and 
sodium-to-potassium ratio. The dataset, obtained from Kaggle, was preprocessed and split 
into training and testing sets to evaluate model performance using accuracy as the primary 
metric. The results indicate that Random Forest outperformed KNN and SVM, achieving 
a perfect test accuracy of 100%, demonstrating superior generalization and robustness. 
SVM also performed well, with a test accuracy of 97.50%, while KNN achieved the lowest 
accuracy of 70%, indicating its limitations in handling complex feature interactions. These 
findings highlight the effectiveness of ensemble learning methods in medical classification 
tasks, suggesting that Random Forest is the most suitable model for drug prediction. 
Furthermore, the potential applications of these findings in clinical settings could enhance 
treatment outcomes and patient care. Future research should explore feature engineering 
techniques, larger datasets, and additional machine learning approaches to enhance 
predictive accuracy and applicability in real-world healthcare settings. 
 
Keywords: Drug classification, Machine Learning, K-Nearest Neighbors (KNN), Support 
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1. INTRODUCTION 
 
Essential medical diagnosis and treatment programs rely heavily on patient data. 
Using this data correctly allows for precise forecasts, specific treatment plans, and 
better healthcare results [1]. In recent years, artificial intelligence (AI) and machine 
learning (ML) have transformed healthcare through offering advanced tools for 
analyzing large amounts of data. These technologies are essential for forecasting 
the effectiveness of drugs, suggesting appropriate prescriptions, and reducing side 
effects. Healthcare professionals can improve decision-making and lessen the 
workload related to conventional techniques by using AI-driven technologies [1], 
[2]. 
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While patient data is critical in medical diagnosis and treatment, the growing 
complexity and volume of healthcare datasets provide substantial hurdles to 
reliable analysis and decision-making. Predicting the best medicine for a patient 
requires examining a variety of data types, including categorical factors such as 
gender and cholesterol levels, as well as numerical variables such as age and 
sodium-to-potassium ratio. Traditional methods often have a hard time handling 
different types of data well, which can result in poor predictions. 
 
Machine learning (ML) models provide a solution by automating the study of large 
information and detecting patterns that might otherwise go undiscovered. 
However, finding the most effective ML model remains a crucial difficulty due to 
algorithm performance variability [1], [3], [4]. The promise of models such as K-
Nearest Neighbors (KNN), Support Vector Machines (SVM), and Random Forest 
have been highlighted. Previous studies have explored various machine learning 
algorithms for drug prediction, emphasizing their potential applications and 
limitations [5], [6], [7], [8]. These studies have shown the strengths of each model 
in various circumstances. However, their effectiveness in handling datasets with 
mixed categorical and numerical features for drug prediction remains an open 
question. The challenge lies in how different algorithms process categorical and 
numerical data, affecting their ability to generalize well in real-world medical 
applications. Addressing this gap is essential for improving automated drug 
prescription systems, potentially leading to more personalized and effective 
treatments. 
 
This study compares the performance of three commonly used medication 
prediction models: K-Nearest Neighbors (KNN), Support Vector Machines 
(SVM), and Random Forest. These models were chosen for their distinct strengths 
in dealing with diverse datasets: KNN for its ease of use and effectiveness in 
classifying data based on similarity [9], SVM for its ability to find optimal decision 
boundaries in complex and non-linear datasets [10], and Random Forest for its 
robustness and high accuracy in capturing complex feature relationships [11], [12]. 
This study evaluates these models on a dataset containing both numerical (e.g., 
Age, Na to K) and categorical (e.g., Sex, Blood Pressure, Cholesterol) 
characteristics. Age, Na-K ratio, sex, blood pressure, and cholesterol are critical 
health indicators that directly impact treatment decisions. For instance, age affects 
drug metabolism and response, the Na to K ratio is linked to electrolyte balance 
and blood pressure regulation, and physiological differences by sex can influence 
drug efficacy. Likewise, blood pressure and cholesterol levels serve as essential 
cardiovascular health markers that guide prescription choices.  
 
By systematically comparing these models, this study seeks to identify the most 
effective approach for drug prediction in datasets containing mixed data types, 
addressing a key challenge in machine learning applications for healthcare [13], 
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[14]. The results will help identify the best model for predicting drug groups, 
tackling issues with varied medical data.  The rest of this paper is organized as 
follows: Section 2 explains the dataset, preprocessing, machine learning models, 
and evaluation metrics. Section 3 presents and analyzes the performance of the 
models. Section 4 summarizes findings and suggests future research directions. 
Section 5 lists the cited works supporting this study.  
 
2. METHODS 
 
The methods section involves understanding the business problem to define 
objectives and guide data collection. It includes exploring and describing the data 
to uncover patterns, verifying its quality, and preparing it for analysis through data 
cleaning, transformation, and encoding. Finally, various models are applied and 
evaluated to address the business objectives, with statistical insights used to 
interpret and optimize the results. The process followed in this study is illustrated 
in Figure 1. 

 
Figure 1. Methodology 

 
2.1. Business Understanding 

 
The main aim of this study is to review and compare the prediction abilities of 
three machine learning models: K-Nearest Neighbors (KNN), Support Vector 
Machine (SVM), and Random Forest—in classifying drug types based on patient 
attributes. Effective drug classification is crucial in medical decision-making, as it 
ensures that patients receive appropriate prescriptions based on their physiological 
and biochemical characteristics. By analyzing various patient-related factors, this 
research aims to identify the most accurate and generalizable model for drug 
prediction, providing insights into the applicability of machine learning in 
healthcare. 
 
2.2. Data Understanding 
 
The dataset utilized in this study was obtained from Kaggle, a widely recognized 
open-source data repository. It contains structured patient information, including 
demographic details and biochemical markers, which are essential for drug 
classification. The dataset consists of five independent variables—Age, Sex, 
Blood Pressure (BP), Cholesterol, and Sodium-to-Potassium (Na to K) ratio—
used to predict the dependent variable, Drug. 

1) Age: A continuous variable representing the patient's age. 
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2) Sex: A categorical variable indicating the patient's gender (Male/Female). 
3) Blood Pressure (BP): A categorical variable with three levels—Low, 

Normal, and High. 
4) Cholesterol: A categorical variable with two levels—Normal and High. 
5) Sodium-to-Potassium Ratio (Na to K): A continuous variable 

representing the ratio of sodium concentration to potassium 
concentration in the patient’s system. 

6) Drug: A categorical variable representing the prescribed drug class. This 
serves as the target variable. 

Understanding the relationships among these variables is fundamental to 
developing an effective predictive model, as variations in these attributes influence 
drug prescriptions. Describing the data involves summarizing and characterizing 
the collected dataset to gain an initial understanding of its key features. A summary 
of the distribution and core patterns of the data may be obtained by calculating 
descriptive statistics like range, standard deviation, median, and mean. Histograms, 
bar charts, and box plots help visualize data and find patterns and trends. This step 
helps to identify any potential issues with the data and serves as the foundation for 
more in-depth analysis in the next stages of the project. 
 
2.3. Data Exploration 
 
Exploratory analysis was conducted to assess data distribution, identify potential 
outliers, and detect missing values. Descriptive statistics were utilized to summarize 
numerical features, and frequency distributions were analyzed for categorical 
variables. Box plots and histograms were employed to visualize data dispersion, 
particularly for Age and Na to K ratio, while bar charts were used to examine 
categorical feature distributions. Correlation analysis was performed to assess 
relationships between numerical variables, while cross-tabulation was used to 
explore interactions between categorical predictors and drug classifications. This 
preliminary analysis provided insights into feature importance and potential 
patterns in the data. 
 
2.4. Data Preparation 

 
Data preparation is a critical phase that involves cleaning and transforming the data 
into a format suitable for modeling. In the data preparation phase, relevant features 
were selected based on their potential influence on drug classification. The dataset 
was cleaned and preprocessed, ensuring consistency in categorical variable 
encoding and numerical feature normalization where necessary. In this step, data 
issues such as missing values, duplicates, or incorrect entries are addressed [15], 
[16]. Missing data can be handled using techniques such as imputation or removing 
rows/columns with too many missing values. Data transformation might include 
normalization or scaling of numerical features, encoding categorical variables, and 
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creating new features based on domain knowledge [16]. The target variable, Drug, 
was encoded into numerical representations for compatibility with machine 
learning models. The final dataset structure included: 

1) Target variable: Drug classification. 
2) Predictor variables: Age (continuous), Sex (categorical), BP (categorical), 

Cholesterol (categorical), and Na to K ratio (continuous). 
Categorical variables such as Sex, BP, and Cholesterol were encoded using one-
hot encoding, while numerical variables were scaled to maintain feature uniformity 
across models. The dataset was then split into training (80%) and testing (20%) 
subsets to evaluate model generalization. 
 
2.5. Model 
 
The modeling phase in machine learning involves exploring different algorithms 
to determine the most effective one for solving a given problem. In the context of 
classification and regression tasks, three common models often compared for their 
effectiveness are K-Nearest Neighbors (KNN), Support Vector Machine (SVM), 
and Random Forest. Each of these algorithms has unique strengths and 
weaknesses, making them suitable for different types of data and problem 
structures. 
 
K-Nearest Neighbors (KNN) is a non-parametric, instance-based learning 
method. It classifies new data points using the majority class or average value of 
the feature space's k-nearest neighbors. The user-defined "k" number specifies 
how many neighbors are evaluated while predicting [9], [16]. Support Vector 
Machine (SVM) is a strong supervised learning technique that is commonly used 
for classification problems. One advantage of SVM is that it provides a 
regularization hyperparameter C that, if properly adjusted, prevents overfitting 
[17]. SVM works by identifying a hyperplane that optimally separates various 
classes of data with the greatest feasible margin, hence increasing the model's 
generalizability.  
 
Random Forest is an ensemble learning technique that builds many decision trees 
and then combines their outputs to get a final prediction. Each tree is created on 
a random selection of data and characteristics, which reduces the danger of 
overfitting as compared to individual decision trees. The Random Forest model 
combines predictions from all of the trees in the forest, usually using a majority 
vote for classification tasks or an average for regression. One of the primary 
benefits of Random Forest is its resistance to overfitting, especially when dealing 
with noisy data and big feature sets. Furthermore, Random Forest can handle both 
classification and regression problems and produces feature significance scores, 
which can be valuable in understanding the contribution of different variables to 
the model's predictions [11], [12], [16]. 
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For instance, KNN may be appropriate for smaller datasets with non-linear 
decision boundaries, SVM may excel in high-dimensional spaces with clear class 
separations, and Random Forest may be the best choice when handling large 
datasets with complex relationships and a need for robustness. Three machine 
learning models KNN, SVM, and Random Forest were implemented and trained 
on the prepared dataset. 
1) K-Nearest Neighbors (KNN): The KNN model was configured with specific 

hyperparameter settings to optimize its performance for the given dataset. 
These choices represent a balance between model complexity, sensitivity to 
local patterns, and robustness to noise. 

a) n_neighbors = 10:  
The choice of 10 neighbors is a trade-off between bias and variance. 
A smaller value (e.g., 1 or 2) can make the model overly sensitive to 
noise, increasing variance and leading to overfitting. A larger value 
averages predictions over more data points, which may smooth 
decision boundaries and cause underfitting (higher bias) [18]. A value 
of 10 was chosen as a balance, capturing local patterns while avoiding 
excessive sensitivity to noise or outliers. 

b) p = 1 (Manhattan Distance):  
The choice of Manhattan distance (L1 norm) over Euclidean distance 
(L2 norm) is intentional, especially when the features are not 
necessarily continuous or when data has a sparse or grid-like structure. 
Manhattan distance works well in situations where each dimension 
contributes independently to the distance, and this metric tends to be 
more effective in high-dimensional [19]. 

c) spaces.weights = 'distance':  
Using distance-based weighting assigns greater importance to closer 
neighbors when making predictions [20]. This is useful in cases where 
the data exhibits non-linear relationships or varying densities. It allows 
the model to focus on more relevant, nearby points and reduces the 
influence of distant points, which may be less relevant, especially in 
high-dimensional spaces where the curse of dimensionality can make 
most points appear similarly distant. 

2) Support Vector Machine (SVM): The SVM model was trained with specific 
hyperparameter settings to optimize its performance and generalization 
capabilities.  The choices made reflect a balance between model complexity, 
computational efficiency, and the characteristics of the data. 

a) kernel = ‘linear’: 
The linear kernel was chosen because it assumes the data is linearly 
separable, which is computationally efficient and simpler to interpret. 
If the data were highly complex or non-linearly separable, a more 
complex kernel (like radial basis function) would be more appropriate. 
A linear kernel is often a good first choice for classification tasks, 
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especially when the feature space is not expected to require complex 
transformations [21]. 

b) C = 1: 
The parameter C controls the trade-off between achieving a low error 
on the training data and minimizing the complexity of the decision 
boundary [22]. A value of 1 is a typical starting point, balancing model 
accuracy and generalization. If C were too large, the model would 
prioritize low training error, potentially leading to overfitting; if it were 
too small, the model might underfit by being too simple. 

c) degree = 1: 
This parameter controls the degree of the polynomial kernel, but since 
the linear kernel is used, it has no effect here. It's included as part of 
the default configuration for the sake of completeness. If a 
polynomial kernel were used, a degree of 1 would represent a linear 
decision boundary [21]. 

d) gamma = 0.01: 
Gamma controls the influence of individual training points on the 
decision boundary [23]. A lower value (like 0.01) ensures that the 
model is less sensitive to individual data points and can generalize 
better. In this case, a small gamma prevents the model from 
overfitting by making it less sensitive to noise or outliers. 

3) Random Forest: The Random Forest model was trained with specific 
hyperparameter configurations to optimize its predictive performance and 
computational efficiency.  These choices reflect a balance between model 
accuracy, complexity, and training time. 

a) criterion = ‘gini’: 
The Gini impurity is a widely used metric for classification in decision 
trees, as it measures the “impurity” of a set of data. The lower the 
Gini index, the more homogenous the class labels are within a node. 
This criterion was chosen because it is efficient and works well in 
practice, particularly for binary or multi-class classification problems. 
It's a good balance between simplicity and effectiveness [24], [25]. 

b) n_estimators = 200: 
Random Forest is an ensemble method, and the number of estimators 
(trees) plays a crucial role in its performance [26]. While adding more 
trees typically improves performance by reducing variance and 
avoiding overfitting, it also increases computational cost [26], [27]. A 
value of 200 is a reasonable choice that provides good model accuracy 
while maintaining computational efficiency. More trees beyond this 
point generally show diminishing returns in accuracy but increase 
training time. 
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Each model was trained on the training set and evaluated on the test set, with 
performance measured using accuracy scores. These scores were compared to 
assessing the models' predictive efficacy and determine the most reliable 
classification method for drug prescription. 
 
2.6. Metric Evaluation 
 
Once the model has been constructed and trained, it is necessary to assess its 
performance using pertinent metrics. The performance of the K-Nearest 
Neighbors (KNN), Support Vector Machine (SVM), and Random Forest models 
were evaluated primarily on the basis of accuracy. Out of all the predictions, 
accuracy is the percentage of properly categorized cases. It is defined as shown in 
Equation 1. 
 

Accuracy = number of correct predictions
total number of predictions

   (1) 
 

Accuracy is a simple but effective measure of model performance that shows how 
effectively each model generalizes to previously encountered data. Training 
accuracy shows how well the model fits the training data, while test accuracy shows 
how well it can predict on unseen data; these metrics were used to evaluate the 
models [16]. 
 
3. RESULTS AND DISCUSSION 
 
3.1. Experimental Performance 
 
The results of this study highlight the varying effectiveness of different machine 
learning models—K-Nearest Neighbors (KNN), Support Vector Machine (SVM), 
and Random Forest—in predicting drug classification based on patient attributes. 
Table 1 presents the comparative performance of these models, measured in terms 
of training and test accuracy. 
  

Tabel 1. Train vs Test Score based on Model 
Model Train Score (%) Test Score (%) 

KNN 76.25 70 
SVM 98.75 97.50 
Random Forest 99.38 100 

 
The findings indicate that Random Forest achieved the highest predictive accuracy, 
with a training score of 99.38% and a perfect generalization score of 100% on the 
test set. In contrast, SVM displayed strong performance, attaining a training score 
of 98.75% and a test score of 97.50%, while KNN showed moderate predictive 
ability, with a training accuracy of 76.25% and a test accuracy of 70%. 
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The KNN model, implemented with n_neighbors=10, p=1, and weight=distance, 
exhibited moderate learning capability but struggled with generalization, as 
indicated by the gap between its training and test scores. This limitation stems from 
KNN’s reliance on distance-based classification, making it highly sensitive to 
variations in feature scales. Additionally, its effectiveness diminishes when dealing 
with datasets containing both categorical and continuous features, leading to 
suboptimal decision boundaries in complex classification problems. 
 
The SVM model, configured with C=1, degree=1, gamma=0.01, and a linear 
kernel, demonstrated significantly better performance than KNN, with a high 
degree of generalization. The linear kernel effectively captured the influence of 
categorical attributes like blood pressure (BP) and cholesterol while efficiently 
integrating the sodium-to-potassium (Na/K) ratio as a continuous feature. 
However, despite its high accuracy, SVM remains computationally demanding and 
requires careful parameter tuning, particularly in selecting the optimal kernel 
function for the dataset. These challenges must be considered when deploying 
SVM in practical applications. 
 
Among the three models, Random Forest emerged as the most effective, 
surpassing both KNN and SVM in predictive accuracy. Using criterion=gini and 
n_estimators=200, it achieved near-perfect performance, demonstrating robust 
generalization ability. The ensemble learning nature of Random Forest allows it to 
efficiently handle complex interactions between patient attributes, such as the 
correlation between blood pressure, cholesterol levels, and the Na/K ratio, which 
play a crucial role in determining drug suitability. Moreover, Random Forest 
provides feature importance rankings, offering valuable insights into the key 
factors influencing drug classification decisions. This interpretability makes it 
particularly advantageous in medical applications, where understanding the 
reasoning behind a model’s predictions is critical. 
 
The superior performance of Random Forest can be attributed to its ability to 
mitigate overfitting by aggregating multiple decision trees, ensuring high predictive 
accuracy even when applied to unseen data. Additionally, its ability to capture non-
linear relationships between categorical and numerical features enhances its 
reliability in drug classification tasks. However, computational efficiency remains 
a consideration, as the ensemble-based structure of Random Forest requires more 
processing power compared to simpler models like KNN. 
 
Given these results, several optimization strategies could further improve the 
models' performance. Fine-tuning Random Forest’s hyperparameters, such as 
n_estimators, max_depth, and min_samples_split, could enhance its accuracy 
while balancing computational efficiency. Feature engineering may also improve 
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predictions by incorporating additional patient-specific variables, such as lifestyle 
habits and medical history, which could provide deeper insights into drug 
prescription patterns. Furthermore, exploring hybrid modeling approaches, such 
as combining Random Forest with SVM, could refine decision boundaries and 
increase robustness in complex classification scenarios. Lastly, external validation 
on diverse patient datasets is essential to ensure the model's reliability across 
different demographics and medical conditions. 
 
These findings suggest that Random Forest is the most effective model for drug 
classification, offering both high accuracy and interpretability. By refining 
hyperparameters, incorporating additional features, and validating the model on 
external datasets, its real-world applicability in medical decision-making can be 
significantly enhanced. 
 
3.2. Discussion 
 
The findings of this study highlight the varying effectiveness of machine learning 
models in drug classification, with Random Forest emerging as the most reliable 
and accurate model. The performance comparison underscores key differences 
between K-Nearest Neighbors (KNN), Support Vector Machine (SVM), and 
Random Forest, each exhibiting unique strengths and limitations in terms of 
predictive accuracy, generalization ability, and computational complexity. 
 
The results indicate that Random Forest achieved a perfect generalization score of 
100%, demonstrating its robust predictive power and ability to handle complex 
medical data. In contrast, SVM exhibited strong but slightly lower accuracy 
(97.50% test score), while KNN lagged behind with a test score of 70%, suggesting 
limited generalization ability. The significant performance gap between KNN and 
the other two models suggests that distance-based classification methods may not 
be well-suited for complex medical datasets, especially those containing both 
categorical and continuous variables. 
 
The inferior performance of KNN can be attributed to its reliance on distance-
based classification, making it highly sensitive to variations in feature scales. Since 
patient attributes such as blood pressure, cholesterol levels, and sodium-to-
potassium (Na/K) ratio play a crucial role in drug classification, KNN’s inability 
to capture intricate relationships between these features likely led to its lower 
predictive accuracy. This limitation suggests that feature scaling and 
transformation techniques, such as normalization or principal component analysis 
(PCA), could improve KNN’s performance in future studies. 
 
The SVM model, which achieved a 97.50% test accuracy, demonstrated superior 
generalization compared to KNN. Its ability to effectively differentiate between 
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categorical and numerical features allowed it to capture meaningful patterns in the 
dataset. However, the computational complexity of SVM remains a challenge, 
especially in large-scale medical applications. The necessity for careful 
hyperparameter tuning—including kernel selection, regularization parameters, and 
margin optimization—adds another layer of difficulty when deploying SVM in 
real-world healthcare settings. 
 
Random Forest outperformed both KNN and SVM due to its ensemble learning 
nature, which combines multiple decision trees to improve prediction accuracy and 
mitigate overfitting. The model’s ability to capture non-linear interactions between 
features—such as how blood pressure, cholesterol levels, and Na/K ratios 
correlate—contributed to its superior generalization performance. Additionally, 
Random Forest provides feature importance rankings, allowing medical 
professionals to identify the most critical factors influencing drug classification. 
This interpretability makes it highly valuable in clinical decision-making. 
 
Another advantage of Random Forest is its resilience to overfitting, which is a 
common issue in machine learning models. While highly complex models tend to 
memorize training data rather than generalizing from it, Random Forest reduces 
this risk by aggregating multiple decision trees, each trained on different subsets of 
the data. This ensemble approach enhances model robustness, making it suitable 
for medical applications where accurate and explainable predictions are crucial. 
 
Despite its strong performance, Random Forest has higher computational 
demands than simpler models like KNN. Training and deploying Random Forest 
in large-scale healthcare systems may require significant processing power, which 
can be a limiting factor when working with extensive datasets. Future research 
should explore techniques such as reducing the number of estimators, optimizing 
tree depth, and implementing feature selection to enhance efficiency while 
maintaining high predictive accuracy. 
 
The findings of this study have important implications for the use of machine 
learning in medical decision-making. Given its high accuracy and ability to handle 
complex relationships between patient attributes, Random Forest could be 
integrated into clinical decision support systems (CDSS) to assist healthcare 
providers in drug prescription. The model’s ability to rank feature importance also 
makes it a valuable tool for identifying key patient characteristics that influence 
drug selection, potentially leading to more personalized treatment plans. However, 
before deploying machine learning models in real-world medical settings, 
additional considerations must be addressed: 

1) External Validation: The model should be tested on larger, more diverse 
datasets to ensure its reliability across different patient demographics and 
medical conditions. 
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2) Feature Expansion: Additional patient-specific attributes such as lifestyle 
habits, genetic factors, and medical history should be incorporated to 
further refine drug classification accuracy. 

3) Hybrid Modeling Approaches: Combining Random Forest with other 
machine learning techniques, such as SVM or deep learning models, could 
enhance classification performance by refining decision boundaries. 

4) Computational Efficiency: Optimization techniques, such as reducing the 
number of trees in Random Forest, should be explored to balance 
accuracy with processing speed, making the model more feasible for real-
time applications. 

 
While this study demonstrates the effectiveness of Random Forest in drug 
classification, there are certain limitations that should be addressed in future 
research. First, the dataset size and diversity may impact model generalizability, 
requiring validation on real-world clinical datasets. Second, hyperparameter tuning 
could further enhance model performance, particularly for SVM and Random 
Forest, where optimal configurations may improve accuracy and efficiency. Lastly, 
interpretability remains a challenge for machine learning models in healthcare, and 
efforts should be made to integrate explainable AI (XAI) techniques to provide 
clearer insights into model predictions. 
 
In summary, the Random Forest model demonstrated the highest accuracy and 
generalization ability, making it the most effective machine learning approach for 
drug classification in this study. While SVM also performed well, its computational 
complexity poses challenges for real-world implementation. KNN, despite its 
simplicity, showed limited generalization capability, highlighting the need for 
feature scaling and transformation techniques to improve performance. By 
integrating Random Forest into clinical decision-support systems, healthcare 
providers can enhance drug prescription accuracy and optimize patient treatment 
plans. Future studies should validate these findings on larger datasets, explore 
feature expansion, and investigate hybrid modeling techniques to further improve 
predictive performance in medical applications. 
 
4. CONCLUSION 
 
This study compared KNN, SVM, and Random Forest for drug classification 
based on key patient attributes. Random Forest emerged as the most effective 
model, achieving perfect test accuracy (100%) due to its ensemble learning 
approach, which enhances predictive power and reduces overfitting. SVM 
performed well (97.50% test accuracy) but required careful hyperparameter tuning, 
while KNN had the lowest accuracy (70%), struggling with mixed data types and 
feature scaling. These findings highlight Random Forest’s potential for medical 
decision-making, offering high accuracy, interpretability, and resilience in complex 
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datasets. Future work should validate results on larger, diverse datasets, optimize 
hyperparameters, and explore additional patient-specific factors. Expanding AI-
driven approaches in healthcare could enhance drug classification and improve 
treatment outcomes. 
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