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Abstract

Herbal plants with aphrodisiac claims are an important part of traditional medicine that continues to evolve within the modern scientific
context. However, the classification process for these plant claims is often done manually and subjectively, necessitating a more
objective, data-driven approach. Artificial Intelligence (Al) and its various derivatives, such as Machine Learning, present a reliable
solution for several related classification studies. The primary challenge in classification lies in data class imbalance and selecting the
optimal model parameters. This study proposes an integrated approach that utilizes machine learning algorithms, including Random
Forest, Support Vector Machine (SVM), and XGBoost, combined with SMOTE class balancing techniques and hyperparameter tuning
through Grid Search, Random Search, and Bayesian Optimization. Experiments were conducted on a dataset of herbal plants with
attributes and labels of aphrodisiac claims, and the results were evaluated based on accuracy, precision, recall, and execution time.
The findings indicated that the combinatorial approach significantly improved model performance compared to the basic approach.
Among the hyperparameter tuning results, the SVM method achieved the best accuracy (0.889) and precision (0.889). This research
contributes to the development of an Al-based classification system in the field of ethnopharmacology. It can serve as a reference for
creating scientifically validated databases of herbal plants.
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I INTRODUCTION

erbal plants have become an integral part of traditional medicine practices in many cultures worldwide,
Hincluding Indonesia, which is renowned for its extraordinary biodiversity. Thousands of plant species
have been used for generations by the community to treat various diseases, strengthen vitality, and
improve quality of life [1], [2], [3]. Among the most prominent benefit claims is the aphrodisiac effect,
which can increase arousal and sexual function [4], [5]. Plants believed to have this effect are often
incorporated into traditional herbal remedies, which are consumed in the form of extracts formulated into
modern health products [6], [7], [8]. However, the labeling and classification of these claims are still
performed manually and subjectively, thus posing challenges in terms of scientific validity and
standardization of classification [9].
In the era of digitalization and advances in Artificial Intelligence (AI) technology, data-driven
approaches are starting to be widely used to support scientific validation of traditional information,
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including claims of the benefits of herbal plants [10], [11]. One of the most promising approaches in this
regard is the application of Machine Learning techniques, which allow the modeling of complex
relationships between features without explicitly defining their mathematical functions [12]. Algorithms
such as Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Random Forest, Decision Tree, and
XGBoost have been proven to be effective in classification tasks, including in the fields of biomedicine,
digital agriculture, and plant pharmacology [13], [14]. The advantage of this approach lies in its ability to
learn from data and make predictions based on the statistical patterns stored within it [15], [16].

However, one of the main problems in the application of Machine Learning for the classification of
herbal plants, especially the claim of aphrodisiac effects, is the data imbalance (class imbalance) [17], [18].
In most cases, the available data tends to dominate one or two specific classes, while the rest have very low
representation. This imbalance causes the model to become biased towards the majority class, and its
performance in recognizing plants with minority claims becomes abysmally poor [19], [20]. In addition,
model performance is also affected by the configuration of parameters (syperparameters), which, if not set
correctly, can significantly reduce the accuracy, precision, and generalization ability of the model [21],
[22]. Therefore, these two problems must be addressed methodologically to ensure the classification results
are more representative and reliable.

Several previous studies have demonstrated that resampling approaches, such as the Synthetic Minority
Oversampling Technique (SMOTE), effectively address the problem of class imbalance by generating
synthetic samples that closely approximate the distribution of minority classes. For example, research by
Chawla et al. (2002) introduced SMOTE as a solution that significantly improves classification
performance compared to traditional undersampling approaches [22]. On the other hand, the
hyperparameter tuning process has also been empirically proven to have a direct impact on the final
performance of the model. For example, a study by Bergstra and Bengio (2012) showed that Random
Search can explore parameter spaces more effectively than Grid Search in many scenarios [23]. Then,
Bayesian Optimization offers a more efficient approach by modeling objective functions using probability
to focus the search on the most promising parameter regions. However, few studies have integratively
applied class balancing and hyperparameter optimization strategies simultaneously to the classification of
herbal plants, especially in specific contexts such as those related to aphrodisiac claims.

The knowledge gap that emerged from these studies was the lack of an integrated approach that
simultaneously addressed two critical aspects: class imbalance and model parameter tuning. In the context
of classifying herbal plants, especially as it relates to aphrodisiac claims, precision is of great importance
because misclassification can have implications for the use of inappropriate or therapeutically ineffective
plants. Therefore, research that focuses on selecting the correct algorithm and systematically integrates
class balancing strategies and parameter optimization is needed to build a more accurate and reliable
classification system.

This research will address this need by developing a machine learning-based approach for classifying
aphrodisiac herbal plant claims, which combines SMOTE class balancing techniques with hyperparameter
tuning using Grid Search, Random Search, and Bayesian Optimization. By comparing the performance of
several commonly used classification algorithms, this study aims to identify the optimal combination of
techniques and parameters that improves accuracy, precision, recall, and processing time efficiency. The
focus on this evaluation indicator is very relevant, considering the importance of scientific validation of
herbal plant claims in supporting the development of safe and effective herbal medicines.

With this approach, this research aims to contribute to the development of an artificial intelligence-
based classification system in plant ethnopharmacology and bioinformatics. In addition, the results of this
study can serve as a starting point for the development of a more comprehensive, data-driven automatic
classification system, which relies not only on ethnobotanical narratives but also incorporates predictive
analysis that can be scientifically accounted for.

1L RESEARCH METHOD

This research was conducted through the following main stages: data acquisition, preprocessing, class
balancing, development and tuning of machine learning models, and model performance evaluation, as
illustrated in Figure 1. The dataset comprises a collection of aphrodisiac herbal plants from various
provinces in Indonesia, including taxonomic attributes (such as Family, Species, and Local Names) and
geographic information (Province, County), as shown in Table 1. The dataset was collected from several
research studies related to herbal plants [24], [25], [26]. The data consists of 466 rows and six features.
Target labels (Claims) are classified into several categories of medical claims that are discrete and serve as
dependent variables in the classification task [27], [28].
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Fig. 1. Research Methodology
TABLE L DATASET DESCRIPTION
Attribute Datatype Description

Family String Taxonomic families of herbal plants, such as Acanthaceae, Zingiberaceae, etc.

Species String Scientific species names of herbal plants are written in binomial format, such as Acorus calamus L.
Local Name String Local or common names of herbs in the local area.

Province String Provinces where the plant is used as an herb.

Regency String Regency/city where the plant is used as an herbal medicine.

Claims String Claims of the benefits of herbal plants associated with aphrodisiacs or male reproductive organs.

The preprocessing stage begins with the conversion of categorical attributes to numerical forms. The
data cleanup process involves removing blank values and duplicate data. A label encoding technique
converts each unique class into an integer for the Claims target variable. Mathematically, this process can
be written as an injective function in Equation (1) [15]. With C is a set of aphrodisiac claims, class k is the
total sum of unique claims, and f is the mapping function that associates each claim c; integers are not
negative.

f:C->2Z, fl)=i-1,i=12..k (1)

Furthermore, categorical predictor attributes, such as family, species, local name, province, and regency,
are converted using One-Hot Encoding (OHE). This representation forms a dimensional binary vector | 4 |,
where each category value is represented by a vector with one value of 1 and the rest of the values being 0.
This representation can be written on Equation (2), with x; The category value j of the 4, and the result
vector has a value of | in position j [15].

OHE(x;) =[0,0, ...,1, ...,0] 2

After the encoding process, the data is divided into two experimental paths. The first track uses original
data (imbalanced), while the second uses the data from class balancing through the Synthetic Minority
Over-sampling Technique (SMOTE). The SMOTE technique performs a linear interpolation between the
minority data and its closest neighbors, generating synthetic data with Equations (3), with x; a feature vector
of minority data x,; as a near neighbor of x;, and A is a random number from a uniform distribution U (0, 1).

Xnew = X t A+ (X — x),A~U(0,1) 3

SMOTE was chosen because the dataset exhibits a disparity between frequent and infrequent claims.
The oversampling process was carried out before the data was divided into training and test sets, with an
80:20 split ratio on each track. This approach aims to evaluate the impact of class balancing on the
performance of the classification model.

In the next stage, three machine learning models were used to build a classification system: Random
Forest, Support Vector Machine (SVM), and XGBoost. All three were chosen because they represent three
different architectures. Random Forest represents a decision tree-based ensemble approach, and SVM relies
on the maximal margin principle for class separation. At the same time, XGBoost is a robust boosting
algorithm with regularization capabilities. Each model was implemented under two conditions: as a baseline
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without tuning using the original data and with hyperparameter tuning using data balanced via SMOTE.
Random Forest employs the ensemble principle by combining the results of T decision trees [29]. The final
prediction is determined by majority voting, expressed in Equation (4). Where h,(x) is a prediction from
the tree t, and ¥ is the result of the final prediction.

y = mode({ he(x) }{=1) “4)

SVM seeks an optimal separator hyperplane that maximizes the margin between the two classes. SVM
optimization function as in Equation (5) [30]. With w is the weight vector b is biased, y; is the target label
of the observation i, and ¢ (x;) is the transformation of a feature into a high-dimensional space through a
Gaussian kernel.

1 2 )
min- [wl* s.ty;(w.¢d(x;)) + b) = 1
wb 2

For the XGBoost model, the learning process is based on the optimization of objective functions through
regularization, aformulated in Equation (6) [31]. With | as a logarithmic loss function, Q(f) as a
regularization function, y as a penalty of tree complexity, A as a parameter of L2 regularization, and w as
the weight of the leaves in the decision tree.

n t
t 1 (6)
L@ = Y L0uID + ) 000,00 = yT + 34 1w I?
i=1 k=1

To improve the classification accuracy, a hyperparameter search was conducted using three different
approaches: Randomized Search CV, Grid Search CV, and Bayesian Optimization (BayesSearchCV). The
Randomized Search approach explores the parameter space randomly in a limited number of iterations,
while Grid Search performs a thorough search of the entire specified parameter combination. At the same
time, Bayesian Optimization uses a probabilistic approach to redirect searches to more promising parameter
areas. The tuned parameters are adapted to the characteristics of each model. For Random Forest, tuning is
performed on the number of trees (n_estimators), maximum depth (max_depth), and the minimum number
of samples required for separation (min_samples_split). The C, gamma, and kernel type parameters are
optimized for SVM. For XGBoost, tuning involves adjusting the number of estimators, maximum depth,
and learning rate. The entire tuning process employs a three-fold Stratified K-fold cross-validation strategy
to maintain consistent class distributions in each fold, thereby making the model evaluation more robust.
For Bayesian Optimization, parameters are selected based on acquisition functions such as Expected
Improvement, which is formulated as in Equation (7) with f(x) as a surrogate model (e.g., Gaussian
Process) and f(x*) is the highest value that has been found so far.

Xepq = arg max E [max(0, f(x) — f(x™))] (7

The performance of each model was evaluated using the main classification metrics, precision, recall,
and F1-score. All metrics are calculated based on a weighted average for class imbalances. Evaluation is
done on test data not involved in the training process or oversampling [32], [33]. The review results are
obtained through the classification report function of Scikit-learn and stored in a structured format for
comparative analysis. Evaluation is carried out using precision, recall, and F1-score metrics in Equations
(8), (9), (10), whereTP;, FP; dan FN; Each is the number of True Positives, False Positives, and False
Negatives in the class i, and K is the total number of classes [17], [18].

. i, TP, )
Precision = o—————
i=1 TP + FP;

Recall = (=1 Th ©)

* TP, + FN;
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Precision X Recall (10)
Precision + Recall

Execution Time = tripisn — tseare (11)

In addition, to evaluate the efficiency of the tuning method used, the computational time of each
approach is recorded using the time() function. This allows for a trade-off analysis between improved
accuracy performance and computational time load, particularly relevant in real-world model applications.
The execution time of each tuning method is also recorded as a metric of computational efficiency, as
shown in Equation (11). Where tfn;sn and tspqrc Each is the final timestamp, and the tuning process begins
in seconds.

111 RESULTS AND DISCUSSION

Table II presents the performance evaluation results of three Machine Learning algorithms — Random
Forest, Support Vector Machine (SVM), and XGBoost — on the classification of aphrodisiac herbal plant
claims. Each algorithm was evaluated based on three main metrics: precision, recall, and F1-score, as well
as execution time (in seconds), both at baseline and after applying three hyperparameter tuning techniques:
RandomizedSearchCV, GridSearchCV, and BayesSearchCV.

TABLE II. RESULT MATRIX COMPARISON
Hyperparameter Matrix Random Forest SVM XGBoost
Baseline Precision 0,548 0,376 0,562
Recall 0,559 0,613 0,591
Fl-score 0,49 0,466 0,552
Execution Time (s) 0,359 1,491 2,932
RandomizedSearchCV Precision 0,832 0,889 0,788
Recall 0,328 0,889 0,783
Fl-score 0,328 0,888 0,784
Execution Time (s) 17,092 5,257 16,568
GridSearchCV Precision 0,832 0,389 0,788
Recall 0,328 0,889 0,783
F1-score 0,828 0,888 0,784
Execution Time (s) 6,135 8,154 19,579
BayesSearchCV Precision 0,824 0,836 0,773
Recall 0,811 0,839 0,772
F1-score 0,81 0,836 0,772
Execution Time (s) 7,998 16,496 15,589

The visualization in Figure 2 shows that the three tuning methods provide a significant improvement
over the baseline. For example, the precision value in Random Forest increased from 0.548 to 0.832 after
implementing RandomizedSearchCV. Similar improvements are also observed in the recall and F1-score,
as shown in Figures 3 and 4. For SVM, GridSearchCV and RandomizedSearchCV managed to maintain
recall values above 0.88, reflecting the model's ability to identify almost all relevant aphrodisiac claims.
XGBoost also increased F1-score after tuning, although not as high as the other two algorithms.

In terms of execution time, as shown in Figure 5, the baseline consistently takes the shortest time
because it does not involve a parameter search process. However, the RandomizedSearchCV and
BayesSearchCV techniques provide a pretty good trade-off between accuracy and time efficiency. For
example, GridSearchCV on XGBoost takes almost 20 seconds, whereas BayesSearchCV delivers
competitive results in about 15 seconds.

The results obtained from this study show that the application of the data balancing technique (class
balancing) using the Synthetic Minority Oversampling Technique (SMOTE) substantially improves the
classification performance of aphrodisiac herbal plant claims. Before SMOTE, the dataset's class
distribution was highly unbalanced, which caused the model to tend to be biased towards the majority class.
This imbalance is evident from the relatively low values of precision and recall in the baseline model,
particularly in the Support Vector Machine (SVM) and Random Forest models.
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After the data balancing process, the hyperparameter tuning stage was carried out using three different
approaches: RandomizedSearchCV, GridSearchCV, and BayesSearchCV. Each approach contributes
differently to improving model performance. RandomizedSearchCV has proven to be time-efficient and
highly effective in finding optimal parameter combinations, as demonstrated by the increase in F1-scores
across all three algorithms. This approach performs a random search of a predefined parameter space, thus
reducing the computational burden compared to GridSearchCV, which tests all parameter combinations.

GridSearchCV, although it has higher execution times, provides more stable and precise results on
SVMs. This follows the characteristics of the SVM algorithm, which relies heavily on selecting kernel
parameters, as well as C and gamma values. The advantages of GridSearchCV in thoroughly exploring the
parameter space give this algorithm an edge. However, the increased computing costs make this method
less efficient for real-world application scenarios with limited resources.

BayesSearchCV, as a Bayesian Optimization method, demonstrates promising performance in terms of
efficiency and effectiveness. Based on previous results, this technique leverages the acquisition function to
explore the most promising parameter space adaptively. This approach yields competitive results,
particularly on Random Forest, with a more efficient execution time compared to GridSearchCV. These
findings align with the research of Hutter et al. (2019), which showed that Bayesian Optimization is
effective in refining models with complex parameter spaces [21].

When evaluated based on precision and recall metrics, Random Forest and SVM achieve the most
significant gains from parameter tuning. With its complex tree structure and sensitivity to the number of
estimators and tree depth, Random Forest gains improved prediction accuracy once parameters such as
n_estimators, max_depth, and min_samples_split are set appropriately. Meanwhile, in SVM, the C and
gamma parameter adjustments greatly determine the optimal margin in the classification hyperplane.

The influence of data balancing and parameter tuning can also be evaluated from the perspective of
execution time. Execution time increased significantly after implementing GridSearchCV, which aligns
with the exponential computational complexity of the end-to-end parameter search. However, this
improvement is still acceptable in the study context, especially when compared to the significant
improvement in the classification evaluation metrics. This confirms the importance of the trade-off between
execution time and predictive performance in applying machine learning algorithms for biological
classification.

This study shows that the combination strategy of class balancing using SMOTE and hyperparameter
optimization can significantly improve model performance. Bayesian-based parameter adjustment and
other heuristic approaches have proven essential in enhancing the accuracy of classification systems,
particularly in bioinformatics and ethnobotany, which often encounter data limitations and uneven
distribution.

I\A CONCLUSION

This study successfully showed that the combination of class balancing techniques using SMOTE and
hyperparameter tuning significantly improved the classification performance of aphrodisiac herbal plant
claims. Machine learning models, such as Random Forest, Support Vector Machine, and XGBoost, have
consistently improved in accuracy, precision, and recall after undergoing data balancing and parameter
optimization. The application of the Bayesian Optimization method (BayesSearchCV) has proven to be
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efficient and effective in finding the optimal parameter configuration with lower execution time compared
to GridSearchCV. These findings underscore the crucial role of precise preprocessing and parameter tuning
in developing reliable classification models, particularly on frequently imbalanced biological datasets.

As a suggestion, future research could expand the scope of algorithms by integrating advanced ensemble
approaches such as LightGBM or CatBoost for more optimal performance. Additionally, exploring other
data balancing techniques, such as ADASYN or a combination of undersampling and oversampling, could
be a focus of further development. Applying more complex cross-validation methods, such as stratified K-
fold, is also recommended to ensure the model's generalization on new data. With a more comprehensive
methodological approach, machine learning-based classification systems in the herbal domain can be
developed into more accurate and reliable decision-making tools.
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