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Abstract

Adverse drug events (ADES) in clinical trials present significant challenges, as delayed
or inaccurate detection can compromise patient safety and trial outcomes. This research
focuses on automating the detection of ADESs using machine learning models, leveraging
the FDA Adverse Event Reporting System (FAERS) dataset. The goal is to improve the
speed and accuracy of ADE identification by developing a robust predictive model. The
FAERS dataset, consisting of millions of records, was preprocessed to address missing
values, outliers, and inconsistencies. Key variables, such as patient demographics, drug
characteristics, and trial-specific parameters, were identified and used to train machine
learning models, including logistic regression, random forests, and XGBoost. XGBoost,
in particular, demonstrated superior performance with an accuracy of 66.09% and a
precision of 0.78, highlighting its effectiveness in handling complex, high-dimensional
data. Data preprocessing techniques, such as normalization, encoding, and feature
engineering, were essential to improving model performance.
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A real-time prediction tool was also developed using Streamlit, enabling healthcare
professionals to predict ADE outcomes based on input features. This study concludes
that machine learning models, particularly XGBoost, offer significant potential for
improving ADE detection in clinical trials, reducing reliance on manual reporting, and
enhancing drug safety monitoring. Future work will focus on expanding the dataset,
incorporating real-time data streams, and refining the predictive tool for broader
application in pharmacovigilance systems (Bhatt et al., 2020; Mysore et al., 2019).

Keywords: Adverse Drug Events (ADEs), Machine Learning, FDA Adverse Event
Reporting System (FAERS), Clinical Trials, Pharmacovigilance, XGBoost, Predictive
Modeling.

1. Introduction

Adverse drug events (ADEs) refer to harmful or unintended reactions that occur when
a drug or treatment is administered. They are a major concern in clinical trials and post-
marketing drug surveillance due to their impact on patient safety and treatment
outcomes (Sultana et al.,, 2021). ADEs can lead to serious health complications,
extended hospital stays, and, in severe cases, mortality. According to the World Health
Organization (WHO), ADEs account for a significant proportion of hospitalizations and
healthcare costs worldwide (WHO, 2021).

Traditionally, the detection of ADEs has relied on passive surveillance systems where
healthcare professionals report adverse events manually. This approach is often slow,
prone to underreporting, and lacks the timeliness needed to respond to safety signals
(Lundh et al., 2017). The complexity of clinical trial data, combined with the high
volume of reports, necessitates advanced data analysis techniques to enhance the
detection of ADEs.

The FDA Adverse Event Reporting System (FAERS) is a critical resource that collects data
on ADEs reported to the FDA, including demographic information, drug exposure, and
outcomes (FDA, 2023). Machine learning (ML) offers the potential to automate and
improve ADE detection by analyzing large datasets efficiently. ML techniques can
uncover hidden patterns and relationships within the data that may not be apparent
through traditional analysis methods (Nguyen et al., 2018).

This study aims to develop a machine learning-based predictive model for automating
ADE detection in clinical trials. By leveraging the FAERS dataset, the research will
explore the efficacy of various machine learning algorithms, focusing on their ability to
predict severe adverse events. The findings aim to enhance pharmacovigilance efforts
and improve patient safety by providing timely insights into drug safety.
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2. Literature Review

Pharmacovigilance is defined as the science and activities related to the detection,
assessment, understanding, and prevention of adverse effects or any other drug-related
problems. The need for effective pharmacovigilance has increased with the growing
complexity of medications and the diversity of patient populations (Bahl et al., 2020).
Traditional methods of ADE detection rely on passive reporting systems, which have
several limitations, including underreporting and delays in data processing (Lundh et
al., 2017).

Machine learning techniques have emerged as powerful tools in pharmacovigilance,
enabling the analysis of large and complex datasets. Research by Aldughayfiqg et al.
(2024) demonstrated the use of natural language processing (NLP) combined with layer-
weighted attention mechanisms to predict the seriousness of adverse drug reactions from
clinical narratives. Their study highlighted the significance of integrating demographic
data with advanced analytical techniques to improve predictive accuracy.

Cai et al. (2020) applied various machine learning models, including gradient boosting
methods like XGBoost, to analyze the FAERS dataset for ADE prediction. Their
findings underscored the potential of machine learning in identifying significant
relationships between patient characteristics, drug properties, and adverse events.

Feature selection plays a critical role in enhancing the performance of machine learning
models in pharmacovigilance. Nguyen et al. (2018) noted that demographic features,
drug characteristics, and trial-specific variables significantly influence ADE prediction
outcomes. The inclusion of key variables can improve the predictive power of machine
learning models, leading to better identification of severe adverse reactions.

Recent advancements in machine learning algorithms, including deep learning
techniques, have further enhanced the ability to predict adverse events. However,
challenges remain, particularly regarding data quality, interpretability of models, and
ethical considerations (Mysore et al., 2019). Addressing these challenges will be crucial
for the successful implementation of machine learning in pharmacovigilance.
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3. Methodology
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FIG 1: RESEARCH DESIGN

3.1 Dataset Description

The FDA Adverse Event Reporting System (FAERS) dataset was selected for this
research due to its comprehensive nature, containing millions of records on adverse drug
events reported from clinical trials and post-marketing surveillance. The dataset
includes critical information on patient demographics, drug characteristics, adverse
event outcomes, and reporting sources. The FAERS dataset for Q2 2024 was utilized,
containing a wealth of data relevant for analysis.

FIG 2: ASCII Entity Relationship Diagram (ERD)
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3.2 Data Preprocessing

The dataset was preprocessed to address common issues such as missing values,
outliers, and inconsistencies, which could negatively impact model performance. The
preprocessing steps included:

. Handling Missing Values: Missing data can significantly affect model
performance. Imputation techniques were employed, including mean imputation
for numerical variables and mode imputation for categorical variables. The
proportion of missing data was analyzed to determine appropriate imputation
methods.

« Outlier Detection and Treatment: Statistical methods, including Z-scores and
Interquartile Range (IQR), were used to detect outliers in continuous variables
like age and weight. Outliers were either transformed or removed based on their
Impact on the analysis.

« Normalization and Encoding: Continuous variables, such as weight and dosage,
were normalized to a standard scale (0 to 1). Categorical variables, including drug
names and gender, were encoded using one-hot encoding to ensure their
compatibility with machine learning algorithms.

3.3 Feature Engineering

Feature engineering involved identifying key variables that could improve the
predictive power of the machine learning models. The analysis identified features
including patient age, gender, drug classification, dosage, route of administration, and
drug interactions. These features were derived from exploratory data analysis (EDA) to
ascertain their significance in predicting severe adverse events.

3.4 Machine Learning Models

Three machine learning models were selected for this study based on their capabilities
and suitability for the dataset:

. Logistic Regression: This model served as a baseline for binary classification of
adverse event severity. It is straightforward and interpretable but may struggle
with complex data patterns.
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« Random Forests: An ensemble method that builds multiple decision trees to
Improve prediction accuracy. It is robust against overfitting and effective for
handling missing values.

« XGBoost: A gradient boosting algorithm known for its efficiency and ability to
handle large datasets. XGBoost incorporates regularization techniques to prevent
overfitting, making it well-suited for the FAERS dataset.

3.5 Model Training and Evaluation

The models were trained using a subset of the FAERS dataset, split into training and test
sets. Cross-validation was employed to ensure robustness and mitigate overfitting. Each
model’s performance was evaluated using metrics such as accuracy, precision, recall,
F1-score, and area under the receiver operating characteristic curve (AUC-ROC). These
metrics provide insights into the models’ effectiveness in predicting severe adverse
events.

4. Results and Analysis

The analysis of the FAERS dataset provided insights into the characteristics of adverse
drug events (ADESs) and the factors influencing their occurrence. Key findings from the
analysis include:

4.1 Descriptive Statistics

Descriptive statistics revealed critical information about the patient demographics, drug
information, and outcomes associated with adverse events. The analysis focused on
central tendency measures, such as the mean and median, along with variability
measures, including standard deviation and range.
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Table 1: Demographic Profile of Patients

Demographic Variable Mean Standard Deviation Range
Age (years) 452 18.6 0-92
Weight (kg) 70.5 |15.3 40 - 120
Female (%) 58 NA NA
Male (%) 42 NA NA

The average age of patients was found to be 45.2 years, with a standard deviation of
18.6 years, showcasing a wide age range among the reports. The gender distribution
highlighted that 58% of the reports were from female patients, while 42% were from
males. The mean weight of patients was 70.5 kg, accompanied by a relatively high
standard deviation of 15.3 kg, suggesting varied metabolic responses to drugs across

different individuals.

4.2 Drug Administration Routes and

Dosage Information

The analysis of drug-related information included dosage and routes of administration.

Table 2: Drug Administration Routes

Route of Administration

Percentage

Oral

60%

Intravenous (V)

25%

Other (topical, inhalation, subcutaneous)

15%

Dosage data was available in approximately 92% of reports, revealing that higher doses
were commonly associated with severe ADEs. The most frequent routes of
administration identified were oral (60%), intravenous (25%), and other routes such as
topical, inhalation, and subcutaneous (15%).
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4.3 Adverse Event Outcomes

Table 3: Severity of Adverse Events

Severity Percentage

Severe 35%

Non-Severe 65%

The outcomes of adverse events were categorized by severity. The results showed that
35% of reports indicated severe outcomes, while 65% were classified as non-severe.
Commonly reported adverse events included nausea, vomiting, and liver toxicity,
aligning with known side effects of many commonly prescribed drugs.

Exploratory Data Analysis (EDA) Using Bar Charts and Histograms

As part of the exploratory data analysis (EDA), various visualizations were generated
to better understand the distribution and relationships between key variables in the
FAERS dataset. Bar charts and histograms were employed to illustrate trends in patient
demographics, such as age, gender, weight, and drug usage patterns. For instance,
histograms were used to display the frequency distribution of age and weight across the
dataset, highlighting clusters and potential outliers. Similarly, bar charts helped in
visualizing the count of adverse events based on gender and the route of administration.
These visual insights clarified how different factors influence the likelihood and severity
of adverse drug events (ADEs) and guided further feature selection for machine learning
models.
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Fig 5: Bar Chart Gender Vs Count

4.4 Missing Data Analysis

Table 4: Missing Data Overview

Variable Missing Percentage

Patient Weight|10%

Drug Dosage 8%

The dataset also had some missing values, particularly in critical fields. Approximately
10% of the reports lacked patient weight data, and around 8% were missing drug dosage
information. Strategies to address missing data during preprocessing included mean
imputation for numerical values and mode imputation for categorical variables, ensuring
a more complete dataset for analysis.

4.5 Machine Learning Model Performance

The analysis involved developing multiple machine learning models to predict ADEs,
focusing on logistic regression, random forests, and XGBoost.
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Table 5: Model Performance Metrics

Model Accuracy Precision Recall F1-Score AUC-ROC
Logistic Regression 61.90% 0.65 0.70 0.67 0.74
Random Forests 63.50% 0.68 0.71 0.69 0.76
XGBoost 66.09% 0.78 0.75 0.76 0.78

XGBoost emerged as the top-performing model with an accuracy of 66.09%,
outperforming other models in terms of predictive power. The ability of XGBoost to
handle large and complex datasets, as well as its effectiveness in managing imbalanced
classes, contributed to its superior performance.

4.6 Real-Time Prediction Tool Development

A Streamlit application was developed to facilitate real-time predictions based on the
trained models. This application allows healthcare professionals to input relevant patient and
drug information and receive immediate predictions regarding the severity of potential
adverse events.

Figure 6: Streamlit Application Interface
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User testing of the application indicated a high level of satisfaction, suggesting that it
could significantly enhance clinical decision-making processes by providing timely and
actionable insights into patient safety. The real-world applicability of the application
emphasizes the importance of translating complex machine learning models into
practical tools that can support healthcare providers in mitigating risks associated with
adverse drug reactions. Overall, the successful integration of the predictive model into
a functional application demonstrates the potential for machine learning to play a critical
role in enhancing pharmacovigilance efforts and improving patient outcomes in clinical
settings.

5. Discussion

The findings of this research demonstrate the significant potential of machine learning,
particularly the XGBoost algorithm, in automating ADE detection in clinical trials. The
model's ability to achieve an accuracy of 66.09% indicates that machine learning can
effectively analyze complex datasets to identify adverse reactions. The use of FAERS
data illustrates the importance of real-world evidence in pharmacovigilance, enabling a
more comprehensive understanding of drug safety.

The integration of real-time prediction tools, such as the Streamlit application developed
in this study, can greatly enhance the ability of healthcare professionals to make
informed decisions regarding drug therapy. The application facilitates immediate
insights into the likelihood of adverse events, thereby improving patient safety and
potentially reducing the incidence of serious adverse reactions in clinical settings.

However, several challenges remain in implementing machine learning for
pharmacovigilance. Data quality issues, including missing values and inconsistencies,
must be systematically addressed to improve model performance further. Additionally,
the interpretability of machine learning models is crucial for gaining the trust of
healthcare providers and regulatory bodies. Future research should focus on developing
more interpretable models or incorporating explainability techniques to clarify how
predictions are made.

Moreover, as machine learning techniques continue to evolve, integrating advanced
algorithms such as deep learning could further enhance the predictive capabilities of
ADE detection systems. The potential of incorporating NLP to analyze unstructured
data from clinical trial reports also warrants exploration, as it may provide richer
insights into adverse drug reactions that are often overlooked in structured datasets.

Page 350 https://doi.org/10.5281/zenodo.14282801



Periodico di Mineralogia Volume 93, No. 6, 2024
ISSN: 0369-8963

6. Conclusion

This research demonstrates the potential of machine learning, particularly XGBoost, in
automating ADE detection in clinical trials. By leveraging the FAERS dataset, the study
provides significant insights into the predictors of adverse drug reactions, enhancing the
accuracy and speed of detection. The development of a real-time prediction tool offers
a practical solution for healthcare professionals to make informed decisions regarding
drug safety.

The findings of this study underscore the need for continued exploration of machine
learning techniques in pharmacovigilance, emphasizing the importance of data quality,
model interpretability, and the integration of advanced analytical methods. Future work
will focus on expanding the dataset, incorporating real-time data streams, and refining
the predictive tool for broader application in pharmacovigilance systems. The successful
integration of machine learning into clinical practice can significantly improve patient
outcomes and promote safer drug use, ultimately benefiting public health.
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