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ABSTRACT

The classification of drugs into Prescription (Rx) and Over-the-Counter
(OTC) categories is an important aspect of pharmaceutical governance
because it has a direct impact on patient safety, drug access, and regulatory
compliance. However, large-scale pharmaceutical data often consists of
heterogeneous categorical variables and short texts, such as product names or
indications, which poses challenges in the form of duplication,
inconsistencies, and potential class imbalances. This condition demands a
modeling approach that is not only accurate, but also lightweight and
explainable. This study proposes a hybrid ensemble model that combines
three algorithms, namely CART, Random Forest, and LightGBM, through a
weighted soft-voting mechanism. This approach combines decision tree
transparency with the reliability of modern boosting techniques. The main
contribution of this study is to show that a low-complexity domain-based
pipeline can produce accurate, efficient, and easily auditable Rx and OTC
classifications for both clinical and regulatory needs. The pre-processing
pipeline includes TF-IDF for short text, One-Hot Encoding for categorical
features, as well as simple dosage variables. All features were combined into
a solid matrix, then trained using weighted ensembles [1,1,8]. Evaluations
include Accuracy, Precision, Recall, Fl-score, ROC-AUC, Brier score,
confusion matrix, and ROC curve. Test results on a dataset of 50,000
balanced samples showed consistent in-sample performance: Accuracy =
0.742; Accuracy = 0.742; Recall = 0.742; F1 = 0.742; ROC-AUC = 0.819;
then Brier score = 0.214. The model is able to stably distinguish classes with
a balance between False Positive and False Negative errors. In conclusion,
this lightweight ensemble is able to present competitive prediction
performance as well as interpretation, so that it has the potential to be applied
to pharmacovigilance and drug classification. Further studies suggest adding
cross-validation, probability calibration, as well as robustness tests to data
outside the distribution to strengthen the reliability of the model.

This work is licensed under a Creative Commons Attribution-Share Alike 4.0

Reina Melani, Universitas Harapan Bangsa, JI. Raden Patah No.100, Kec. Kembaran, Banyumas, Indonesia

Email: reinamelani@uhb.ac.id

Journal homepage: https://ejournal.ptti.web.id/index.php/jahir/

Email: jahir@ptti.web.id


https://creativecommons.org/licenses/by-sa/4.0/deed.id
https://creativecommons.org/licenses/by-sa/4.0/deed.id

Page | 10 Journal of Advanced Health Informatics Research (JAHIR) ISSN: 2985-6124
Vol. 3, No. 1, April 2025, pp. 9-18

1. INTRODUCTION

The classification of drugs into Prescription (Rx) and Over-the-Counter (OTC) categories is a pillar of
pharmaceutical governance because it has a direct impact on patient safety, drug access, and regulatory
compliance. Rx drugs can only be obtained through a doctor's prescription because their use requires diagnosis,
clinical monitoring, or has a risk profile that demands the supervision of a healthcare professional [1]. OTC
drugs can be purchased without a prescription for self-medication for mild conditions and are considered safe
and effective when used according to the label [2]. Nonetheless, the risk of side effects, potential abuse, and
variations in standards across jurisdictions demand strict governance [3]. Pharmaceutical data are generally
categorical and short text at scale, posing particular challenges for modeling and evaluation.

In the context of implementation, pharmaceutical data is generally categorical and in the form of short
text, e.g. drug names that often vary due to differences in trademarks and generic names, forms of preparations
such as tablets, capsules, syrups, injections that can appear in different combinations, dosage or strength of
drugs written in non-uniform formats, manufacturers with very diverse quantities and different production
scales, as well as indications of use that tend to be brief but have the potential to overlap between categories
[4]. These characteristics produce large amounts of data with a high degree of heterogeneity, often
accompanied by duplication or inconsistencies in writing [5]. This complexity poses particular challenges in
modeling, as the analysis method must be able to overcome variations in category representation, minimize the
impact of distribution imbalances between classes, and maintain the consistency and reliability of prediction
results even though the data is massive and not fully structured [6] .

This study used a lightweight ensemble that combined three algorithms, namely CART (Decision Tree),
Random Forest, and LightGBM, through a weighted soft-voting mechanism. This approach was chosen to
balance between predictive performance and model clarity [7]. CART provides a transparent and easily
auditable decision path [8] , Random Forest and LightGBM contribute to consistently improving accuracy on
large-scale text-category datasets [9]. Feature representations follow baseline design. For short texts, such as
Name and Indication, TF-IDF is used, which is capable of highlighting important words in the context of
prediction [10]. The main categorical features, including Category, Dosage Form, and Manufacturer, are
encoded using One-Hot Encoding (OHE), so that each category is represented separately [11]. This study added
simple dosage features, such as logarithmic transformation of dose and mild interactions between dose form
and dose units, to enrich information related to drug use.

The evaluation of the model is carried out thoroughly. In addition to accuracy, the metrics used include
Precision, Recall, F1-score, ROC-AUC, and Brier score, along with the Confusion Matrix and ROC curve as
the main output. The default decision threshold of 0.5 is applied to all threshold-based classification metrics.
The model does not use additional probability calibration, so the Brier score is used as a simple indicator to
assess probability calibration. To prevent information leakage and maintain computational efficiency, all
transformations of TF-IDF, OHE, and dose and interaction engineering features are only applied to the training
data before being used on validation or test data. The validation scheme follows a computationally efficient
baseline design, without the use of nested cross-validation. Overall, this baseline strategy emphasizes the
achievement of a model that is lightweight, accurate, and easy to audit. The combination of TF-IDF, OHE, and
simple dose features combined through sof#-voting in the form of CART/RF/LGBM results in a good balance
between performance and clarity, while maintaining the simplicity of the model so that it is easy to reproduce
and interpret in the context of Prescription (Rx) and Over-the-Counter (OTC) drug classifications.

2. METHODS

2.1. Study Design

This study assesses the extent to which the use of the combined light ensemble method of several simple
models can be used to classify the types of Prescription and OTC drugs on data dominated by categories such
as the name of the manufacturer or the form of the preparation and short text such as the name of the drug or
the indication of its use [12] . The three models used are CART, Random Forest (RF), and LightGBM (LGB).
All three are combined with "soft-voting" methods, where LGBs are given greater weight because they are
considered to contribute the most. Each model has certain initial settings, such as the number of decision trees,
depth, and data sharing rules that generally aim to balance accuracy and overfitting risk [13]. In the
preprocessing stage, text data such as Name and Indication are converted into numbers through the TF-IDF
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technique so that they can be processed by computer, while category data such as Category or Dosage Form is
converted into numerical code with One-Hot Encoding (OHE). The dosage information from Strength is also
broken down into several simple forms (dose log, dose unit, dose bucket) to ensure that the scale and
variations can still be properly analyzed.

Evaluation of the performance of the baseline model was carried out after training on all data. The main
results are seen from how well the model differentiates drug classes, as well as the general metrics of
classification, namely accuracy, precision, recall, and F1-score. Brier Score is used to assess the accuracy of
prediction probability [14]. The results of the analysis are visualized in the form of a Confusion Matrix table
that shows the number of true and false predictions and an ROC curve that illustrates the balance of sensitivity
and specificity [15] . To maintain transparency and for the study to be repeated, all results such as metric values,
graphs, and hybrid models are stored as artifacts.
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Fig 1. System Architecture

2.2 Dataset and Variables

The dataset used in this study is derived from Kaggle and contains pharmaceutical data in medium to
large scales, which is mostly in the form of categories and text. The main variable predicted is Classification
with two classes, namely Prescription (Rx) for prescription drugs, and Over-the-counter (OTC) for over-the-
counter drugs. Since there are only two categories, this problem is formulated as a binary classification. The
data includes important information such as product name, category of therapy, form or route of preparation,
dosage or strength of the drug, manufacturer, as well as clinical indications. In accordance with the basic needs
of the research, dose information has been prepared in the form of structured variables such as dose log,
dose_unit, and dose_bucket so that it is ready to be used in modeling. Given that data is diverse and sometimes
repetitive, the next steps are focused on standardizing writing and encoding the categorical data consistently.
All processes are carefully carried out to prevent information leakage between training and testing data, so that
the evaluation results remain valid.

2.3 Data Preprocessing and Cleaning

The preprocessing stage is carried out to standardize categorical data and short text, with all steps designed
to avoid information leakage between the training data and the test data (in-fold). The process begins with
normalizing the text on attributes such as Name, Category, Dosage Form, Manufacturer, and Indication, which
includes lowercase equalization, redundancy of excess space, and standardization of hyphens [16] [17] . In
accordance with the baseline design, the dosage information that has been described before, namely dose log,
dose unit, and dose_bucket is assumed to be available so that at this stage there is no further decomposition
from the Strength column. For missing data, a simple strategy is used: category values or text are filled with
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"Missing" tokens, while numerical values are filled in using the median of the training data in each fold. After
that, the data is separated with a stratification scheme to keep the class distribution balanced, and if necessary,
manufacturer-based separation can be carried out to test the robustness of the model.

According to the baseline, the text was processed using the TF-IDF method which calculates the
importance of words based on the frequency of their occurrence. This process is implemented separately for
Names and Indications with specific configurations maximum feature count of 3500, word combinations of 1—
6 words, and common word exclusions in English. Key categorical features such as Category, Dosage Form,
and Manufacturer are converted into numerical representations using One-Hot Encoding (OHE), which is a
technique that assigns special marks to each category [18]. Additional domain-relevant interactions are created,
Dosage Form x dose unit combinations, which are also processed with OHE. All pre-processing outputs, both
OHE results, numerical dose variables, and TF-IDF matrices, are then combined into one final feature matrix.
This matrix is designed to remain in accordance with the needs of the baseline model (CART, RF, LGB) and
can be used directly at the training and evaluation stages.

2.4 Domain-Aware Feature Engineering

The feature engineering stage is focused on important clinical information without adding unnecessary
complexity, according to the baseline design. Dose information is considered available in a structured form,
especially dose_log, dose unit, and dose_bucket so that there is no need to re-decompose the Strength column.
To capture the relationship between the form/route of the preparation and the dosage unit, a simple combination
(Dosage Form x dose_unit) was used which was then converted into a numerical format. The main categorical
features (Category, Dosage Form, Manufacturer) are changed using OHE, which is a technique that codes each
category specifically so that it can be processed by the model [19] . Short texts such as Name and Indication
are processed by the TF-IDF method which measures how important a word is based on its frequency and is
processed separately [20] . All of these pre-processing steps are carefully carried out to prevent information
leakage between the training and test data, and then combined into a single feature matrix that is ready to be
used by the CART, RF, and LGB models according to the baseline.

As an additional option at the tuning stage, combinations between other relevant categorical variables
such as Category x Dosage Form or adding dose_bucket to an existing interaction can be tried gradually. The
impact of these additions was evaluated by looking at changes in model performance measures, such as class
differentiation ability and predictive probability accuracy (Brier score), without changing the main
configuration of the TF-IDF baseline for text, OHE for categories, as well as the CART + RF + LGB ensemble
with weighted soft-voting.

2.5 Categorical Feature Encoding

In the baseline design, categorical data is changed using OHE, which is a technique that provides binary
code for each category so that the model can be processed. This process is applied to the Category, Dosage
Form, and Manufacturer attributes, with settings so that new, unknown categories don't cause errors. For data
in the form of short text, namely Name and Indication, the TF-IDF method is used, which assesses how
important a word is based on its frequency in the data. These two columns are processed separately with
specific configurations (maximum 3,500 features, word combinations of up to six words in a row, and ignore
English stop words). The results of OHE, TF-IDF, and dose-related numerical features are then combined into
a dense data matrix and ready to be used by CART, RF, and LGB models according to the baseline design.

As an additional option for experiments, techniques such as rare-bucketing combining very rarely
appearing categories into a single group [21], or Target Encoding (TE) converting categories into numerical
values based on relationships to targets can be considered for features where the number of categories is very
large [22]. If used, this technique must be applied carefully to the training data of each fold (in-fold) so that
there is no information leakage between the training and test data. The main configuration of the study remains
using OHE for categorical data and TF-IDF for short text.

2.6 Classification Models

The classification model used in this study is in the form of light ensembles, which are a combination of
several models to complement each other's strengths. The three models combined are a simple CART decision
tree that is easy to understand [23] , a Random Forest (RF) combination of many decision trees to improve
generalization [24] , and LightGBM (LGB) a gradient-based model that is faster and more efficient [25]. All

Hybrid Ensemble Learning for Classifying Prescription vs. Over-the-Counter Medicines on Large-Scale Categorical and
Textual Data (Reina Melani)



ISSN: 2985-6124 Journal of Advanced Health Informatics Research (JAHIR) Page | 13
Vol. 3, No.1, April 2025, pp. 9-18

three models are combined with the soft-voting method, where the final prediction is determined based on the
average probability of each model. The initial weight given is [1, 1, 8], so LGB has a greater influence because
it generally provides the most accurate results with light computing. All models run using the same data (dense
features of OHE and TF-IDF), so no additional conversion is required.

The basic settings of each model follow a baseline configuration of CART limited tree depth to keep it
simple and balanced [26] , RF uses multiple decision trees with settings to avoid bias [27] , while LGB is set
with a similar number of trees, limited depth, and a certain learning speed to maintain accuracy as well as
efficiency [28] . The baseline training process is carried out using all available data, while voting weight
adjustments are only made if needed at the advanced stage (tuning). Parameter adjustments (hyperparameter
tuning) can also be done gradually, focusing on key factors such as tree depth, minimum amount of data per
node, number of trees, and learning rate. In this baseline, no additional calibration is carried out on the
prediction probability to remain efficient; Probability values are taken directly from the model.

2.7 Evaluation Protocols

Evaluation at baseline was carried out after all models (CART, RF, LGB) and the data preparation process
was trained using all available data. The data is processed into several types of features, including the text in
the Name and Indication is converted into numbers using the TF-IDF method, while category data such as
Category, Dosage Form, and Manufacturer are changed with OHE so that it can be read by machines.
Additional information such as drug dosage (dose log, dose unit, dose bucket) is also used as a feature,
including a simple combination of the drug preparation form and the dosage unit. After all the features were
combined, the combined model (ensemble soft-voting) with the initial weights [1,1,8] was fully trained, and
then predictions were made on the same data to calculate the performance size.

The main performance reported was the ROC AUC, as it was able to illustrate the overall accuracy of the
model. In addition, other standard measures such as Accuracy, Precision, Recall, and F1 are also used, as well
as an additional measure to assess the reliability of the predictive probability (Brier score). The results of the
evaluation are visualized in the form of a Confusion Matrix (heatmap) and a ROC curve. Classification
decisions are determined with a standard threshold of 0.5, as per common practice at baseline. The saved final
result includes metric values, two main visualizations, and a reusable trained model (hybrid model) object.
Additional evaluation methods such as cross-validation, leave-manufacturer-out testing, or bootstrap
confidence interval calculation are not included in the baseline, but can be added at a later stage of research if
needed.

3.  RESULTS AND DISCUSSION

3.1. Dataset Profile and Preprocessing Outcomes

The dataset consisted of 50,000 entries with a balanced label distribution between Prescription (Rx) and
Over-the-Counter (OTC), so that the estimation of discriminatory performance was not affected by class
inequality. This balance is important because it makes the results of the model evaluation unbiased to one of
the classes. The data has many variations, especially in the information of the manufacturer (Manufacturer),
category of therapy (Category), and dosage form (Dosage form). Meanwhile, the information in the product
name and usage indication columns (Indication) is often written in different styles, such as differences in
uppercase letters or the use of hyphens. Therefore, data cleaning is carried out by equalizing the text format to
make it neater and more consistent. Data on drug doses (dose log, dose_unit, dose bucket) are available from
the beginning, so there is no longer a need to process them from the Strength column.

According to the baseline, the text in the Name and Indication columns is converted into numbers using
a special method that assesses how important a particular word is in the entire dataset. The main category
information such as Category, Dosage Form, and Manufacturer is also converted to numerical form so that it
can be processed by the computer. In addition, a simple combination of the dosage form and dosage units is
made as an additional feature. All data processing results from text, categories, and doses are then combined
into a single unit so that they are ready to be used to train classification models, both single models (CART,
Random Forest, LightGBM) and combined models (soft-voting ensemble) according to the research design.
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3.2 Training Summary

In the initial stage, the training was carried out directly on all data (in-sample) with a matrix of features
that had been combined in solid form. This matrix consists of: category data (Category, Dosage Form,
Manufacturer) modified with One-Hot Encoding (OHE), short text (Name and Indication) processed using TF-
IDF (maximum 3500 important words, combination of 1-6 words, with English stop words), numerical dosage
feature (dose log), and simple interaction between Dosage Form and dose unit which is also encoded with
OHE. The three main CART models, Random Forest (RF), and LightGBM (LGB) were then combined with a
soft-voting method using weights [1, 1, 8], where LGBs were given greater weight because they were
considered to contribute the most. Baseline evaluation was carried out on all data with a standard decision
threshold of 0.5.

3.3 In-Sample Performance

After all the pre-processing stages of the data were applied, a hybrid model with the weighted soft-voting
method [1, 1, 8] was tested using all available data. This pre-processing process includes encoding category
data such as Category, Dosage Form, and Manufacturer into numerical format, processing short texts such as
Name and Indication using the TF-IDF method (with a combination of 1-6 words), as well as adding simple
dose information (dose_log) and interaction between the dosage form and the dosage unit. Evaluation was
carried out with a standard decision threshold of 0.5. Reported performance measures include Accuracy,
Precision, Recall, F1-score, ROC-AUC, and Brier score. Since this test was performed on the same data as the
training data (in-sample), the results obtained mainly illustrate the model's ability to adapt to the data, so keep
in mind the risk of overfitting.

In a dataset of 50,000 samples, the hybrid model showed the following results: Accuracy = 0.742;
Accuracy = 0.742; Recall = 0.742; F1 = 0.742; ROC-AUC = 0.819; then Brier score = 0.214. These results
indicate that the model is able to differentiate classes well (indicated by the high AUC value) and maintain a
balance between precision and recall in training data. However, these findings are still indicative of fit, not a
guarantee of the same performance when faced with new data. In the next stage, Macro-F1 can be added as a
complementary measure to provide a more comprehensive picture.

3.4 Confusion Matrix

Fig 2. shows the confusion matrix of the hybrid model soft-voting, w = [1,1,8] at the decision threshold
0.5 with class labels 0 and 1. Out of a total of 50,000 data, the correct predictions were recorded on the diagonal
18,532 for class 0 and 18,525 for class 1. The distribution of misclassification was almost evenly distributed,
namely False Positive (FP) as many as 6,483 (class 0 predicted as 1) and False Negative (FN) as many as 6,460
(class 1 predicted as 0).

This pattern resulted in an equivalent recall value in both classes, which was around 0.741 for class 0
(18,532/25,015) and 0.741 for class 1 (18,525/24,985). Likewise, the precision value per class is relatively
similar, which is around 0.742 for class 0 and 0.741 for class 1. These results are in line with the summary of
the previously presented in-sample metrics. From a practical point of view, the balance of the number of FP
and FN shows that at the threshold of 0.5 the model does not show bias towards either class. However, in real
application, FN errors may be considered more risky for example, misclassifying drugs that should be closely
monitored. In that context, decision threshold adjustments or weight additions to certain classes can be
considered at a later stage of development. These adjustments are not included in the scope of the in-sample
baseline evaluation reported here.
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3.5 ROC Analysis

At the evaluation stage, the combined model (soft-voting ensemble) with an initial weight (1,1,8) showed
good performance in distinguishing between prescription drugs (Rx) and over-the-counter drugs (OTC). The
ROC AUC value achieved is 0f.819, indicating a fairly high ability to distinguish the two classes. ROC curve
graph Figure 3. It looks clearly above a random line (dotted line), which means the model can separate classes
fairly stably across various decision thresholds.

ROC Curve
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Fig 3. ROC Curve Graph on Hybrid Model

The ROC curve graph in Fig. 3. shows that the combined model's performance is well above the random
line, so the resulting classification decisions are relatively consistent across multiple thresholds. In simple
terms, this suggests that the combination of information from product names and indications for use (processed
with TF-IDF), as well as categorical features such as drug category, dosage form, manufacturer (processed
with One-Hot Encoding), and available dosage data, is strong enough to distinguish between prescription and
over-the-counter drugs in this scenario. According to the scope of baseline research, the assessment is focused
on the ROC AUC.
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4. CONCLUSION

A lightweight and interpretable approach to the classification of Prescription (Rx) versus Over-the-
Counter (OTC) drugs on large datasets demonstrates competitive performance while being easy to audit. The
pipeline used combines TF-IDF for Name and Indication columns, One-Hot Encoding for Category, Dosage
Form, and Manufacturer, as well as additional simple dosing features. A soft-voting ensemble consisting of
CART, Random Forest, and LightGBM with weights [1,1,8] was trained on 50,000 samples, resulting in stable
in-sample performance: Accuracy 0.742; Precision 0.742; Recall 0.742; F1 0.742; ROC-AUC 0.819; and
Brier's score of 0.214. These results show a balance between prediction accuracy, computational efficiency,
and model interpretability.

However, these results need to be interpreted carefully because the evaluation is carried out in-sample, so
it tends to provide a more optimistic picture of performance. The risk of overfitting still exists, while the
evaluation of probability calibration such as ECE or reliability curve or Decision Curve Analysis (DCA) has
not been carried out. The model's resilience to out-of-distribution scenarios, such as leave-manufacturer-out or
time-split tests, has not been tested. The assumption that structured dosing features (dose log, dose unit,
dose bucket) are always available also needs to be verified, as variations in more complex dosing formats
could affect the results.

For further development, it is recommended to implement stricter validation, such as nested cross-
validation with bootstrap-based trust interval reporting. The determination of decision thresholds should be
adjusted to practical or policy needs. Efficient probability calibration using the Platt or Isotonic method can be
enriched by reporting additional metrics such as ECE, and reliability curves. Resistance tests to distribution
shifts and feature ablation analysis can also help balance model accuracy and complexity.

In the context of implementation in resource-constrained environments, lighter single-model usage
options may be prioritized, such as trimmed or calibrated LightGBM, or simplified CART with post-process
rules. This step should be accompanied by improvements to label normalization and rare category handling to
keep the pipeline stable and replicable. With this strategy, the model has the potential to evolve from a mere
proof of concept to a more reliable, scalable, and auditable solution, both in clinical and regulatory contexts.
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