e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1863 - 1870

International Research Journal on Advanced Engineering
and Management

https://goldncloudpublications.com
https://doi.org/10.47392/IRJAEM.2026.0273

Al-Driven Drug Discovery Platform

G.Swapna' E.Susmitha’, G. Kavyamrutha® J Hyma4,M.Sameera’

12 gssistant Professors, Department Of Computer Science and Engineering, Rajiv Gandhi University Of
Knowledge Technologies RK Valley, Kadapa, 516330, Andhra Pradesh, India.

343Students, Department Of Computer Science And Engineering,Rajiv Gandhi University Of Knowledge
Technologies RK Valley, Kadapa, 516330, Andhra Pradesh, India.

Email ID: gswapna5l@gmail.com’ |  susmisuni@gmail.com’ |
Jjinkalahyma2005@gmail.com? , msameera2610@gmail.com’

kavyamrutha.g@gmail.com®

Abstract

The process of drug discovery using traditional methods is time-consuming, expensive, and often inefficient in
meeting urgent medical needs. This study presents an Al-driven drug discovery platform designed to assist
healthcare professionals in identifying effective treatments quickly and accurately. The primary aim of this
research is to reduce the time required for drug identification and improve decision-making in medical
applications. The proposed system utilizes Artificial Intelligence techniques to analyze disease inputs and
recommend the top three suitable drugs based on key parameters such as absorption and toxicity. In addition,
the platform provides insights into possible deficiencies in the body that may lead to specific diseases. It also
offers dosage recommendations tailored to different age groups, including infants, adults, and the elderly.
Furthermore, the system evaluates the probability of side effects and presents detailed drug information,
including physicochemical properties and 2D/3D structural representations. The model was trained and tested
on relevant datasets, achieving an accuracy of 95%, demonstrating its effectiveness compared to conventional
approaches. The results indicate that the system can significantly enhance the efficiency and reliability of drug
discovery and recommendation processes. In conclusion, the proposed platform serves as a comprehensive
and intelligent tool for supporting medical professionals, enabling faster diagnosis support, personalized
treatment planning, and improved patient outcomes.
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1. Introduction
Drug discovery is a fundamental process in
pharmaceutical research aimed at identifying

and drug effectiveness, allowing researchers to
predict potential drug candidates prior to laboratory

effective therapeutic compounds for treating various
diseases. However, the conventional drug
development pipeline is highly time-consuming,
expensive, and requires extensive experimental
validation. It involves screening a large number of
chemical compounds followed by multiple stages of
safety and efficacy testing. These limitations
highlight the need for efficient and data-driven
approaches to accelerate the early stages of drug
discovery. In recent years, advancements in machine
learning and artificial intelligence (AI) have
significantly transformed biomedical research by
enabling the analysis of large-scale chemical and
biological datasets[1]. These techniques help identify
complex relationships between molecular properties

validation. As a result, computational approaches can
reduce both time and cost associated with traditional
methods. Several studies have explored the
application of machine learning in drug discovery
(Johnson and Lee, 2022; Gupta and Sharma, 2023).
These works demonstrate that data mining,
classification  algorithms, and  visualization
techniques can improve prediction accuracy and
support decision-making. However, most existing
approaches focus on specific tasks such as prediction
or classification, lacking a comprehensive framework
that integrates multiple functionalities into a single
system[2]. To address these limitations, this study
proposes a machine learning-based drug discovery
platform that combines data preprocessing, feature
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extraction, predictive modeling, and visualization.
Unlike existing methods, the proposed system
provides an integrated and scalable solution for
identifying potential drug candidates and generating
meaningful insights. This approach aims to enhance
the efficiency, accuracy, and reliability of drug
discovery processes [3].
1. 1 Background Of The Study
The traditional drug discovery process relies heavily
on laboratory experiments and manual analysis,
making it both resource-intensive and time-
consuming[5]. Researchers must evaluate numerous
chemical compounds and their interactions with
biological targets, which increases the complexity of
the process. As highlighted in previous studies,
handling large volumes of molecular data using
conventional methods is inefficient and prone to
errors. Machine learning provides an effective
solution to these challenges by enabling automated
data analysis and predictive modeling. It allows the
system to learn from existing datasets and identify
relationships between molecular features and drug
effectiveness[6]. This shift from experimental to
computational approaches has significantly improved
the efficiency of pharmaceutical research Figure 1.
1.2 Objective Of The Study
The main objective of this study is to develop an
intelligent drug discovery platform using machine
learning techniques that can assist researchers in
identifying potential drug candidates efficiently. The
system focuses on analyzing chemical compound
data, extracting relevant features, and applying
machine learning models to predict biological
activity[7].
The proposed work aims to:
e Reduce the time and cost
traditional drug discovery
e Improve prediction accuracy using machine
learning models
e Provide a user-friendly platform for analyzing
chemical datasets
e Support data-driven decision-making in
pharmaceutical research
2. Method
The proposed methodology presents a structured
machine learning framework designed to identify

involved in

potential drug candidates from chemical compound
datasets. The system follows a step-by-step approach
that transforms raw molecular data into meaningful
predictions [4]. Each stage in the pipeline is carefully
designed to improve accuracy, reduce computational
complexity, and ensure reliable outcomes.
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2.1 Data Description
The proposed system utilizes multiple datasets, each
containing approximately 14,000 records, to support
different  predictive tasks such as drug
recommendation, side-effect prediction, deficiency
identification, dosage estimation, and drug property
analysis[8]. The drug recommendation dataset
includes disease names, drug information, and
features such as absorption, toxicity, and solubility,
which are used for ranking and selection of suitable
drugs. The side-effect dataset contains drug attributes
and corresponding severity values, enabling
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regression-based prediction evaluated using MAE
and RMSE. The deficiency dataset consists of
disease-related biological deficiencies and is
processed using text encoding techniques for
classification using Multinomial Naive Bayes. The
dosage dataset includes drug names, age groups
(infants, adults, elderly), and dosage values, which
are used to train a Ridge Regression model.
Additionally, the drug properties dataset contains
physicochemical features such as lipophilicity and
binding affinity, which are used for regression
analysis. All datasets undergo preprocessing steps
including data cleaning, encoding, and normalization
to ensure consistency and improve model
performance[9].
2.2 Data Preprocessing
Data preprocessing is a crucial step to ensure the
quality and consistency of the datasets used in the
proposed system. Initially, all datasets were
examined for missing and inconsistent values.
Missing data was handled wusing appropriate
techniques such as removal or imputation to maintain
dataset integrity. Categorical and textual data,
particularly in the deficiency dataset, were converted
into numerical format using encoding techniques
suitable for Machine Learning models. Feature
scaling and normalization were applied to numerical
attributes such as absorption, toxicity, solubility,
dosage, and physicochemical properties to improve
model performance and convergence. Outliers were
identified and treated to reduce their impact on
prediction accuracy. The datasets were then divided
into training and testing sets to evaluate model
performance effectively. Additionally, feature
selection techniques were applied to retain only the
most relevant attributes, reducing dimensionality and
improving computational efficiency[10]. These
preprocessing steps ensure that the data is clean,
structured, and suitable for training multiple Machine
Learning models used in the system.
2.3 Feature Extraction

Feature extraction is performed to identify and select
the most relevant attributes from the datasets for
effective model training[11]. In the proposed system,
different features are extracted based on the specific
task. For drug recommendation, key pharmacokinetic

features such as absorption, toxicity, and solubility
are extracted and used for ranking drugs. In the side-
effect prediction module, drug-related attributes are
selected to estimate the probability and severity of
side effects[12]. For deficiency identification, textual
data related to diseases and deficiencies are
transformed into numerical representations using
feature extraction techniques such as vectorization,
enabling classification using Multinomial Naive
Bayes. In the dosage prediction module, features such
as drug type and patient age group are used to
estimate appropriate dosage values Figure 2.
Additionally, physicochemical properties such as
lipophilicity and binding affinity are extracted for
drug property analysis. These features play a crucial
role in understanding drug behavior and
effectiveness. The extracted features are further
refined through selection techniques to improve
model accuracy and reduce computational
complexity.
2.4 Model Training
2.4.1 Drug Recommendation
The drug recommendation module utilizes a Random
Forest classifier combined with transformer-based
techniques. Random Forest is an ensemble learning
method that consists of multiple decision trees, where
each tree is trained on a random subset of the data and
features. The final prediction is obtained through
majority voting across all trees.
Input features such as absorption, toxicity, and
solubility are used to train the model. Transformer-
based encoding is applied to capture complex
relationships within the data. This hybrid approach
improves the model’s ability to rank and recommend
suitable drugs for a given disease.
2.4.2 Side-Effect Prediction
The side-effect prediction module is implemented
using a Random Forest Regressor, which extends the
Random Forest structure for continuous output
prediction. The model consists of multiple regression
trees, where each tree predicts a numerical value, and
the final output is obtained by averaging the
predictions. Drug-related attributes are used as input
features to estimate the likelihood and severity of side
effects. The ensemble nature of the model helps in
reducing overfitting and improving prediction
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stability.
2.4.3 Deficiency Identification

The deficiency identification module uses
Multinomial Naive Bayes, a probabilistic classifier
based on Bayes’ theorem. The model assumes feature
independence and calculates the probability of each
class given the input features. Textual data
representing diseases and deficiencies are converted
into numerical form using vectorization techniques.
The model computes posterior probabilities for each
class and selects the class with the highest
probability, making it suitable for text-based
classification tasks[13].

< +

Disease Deficiency Predictor

Figure 2 Ul page of Deficiency Predictor

2.4.4 Dosage Prediction
The dosage prediction module employs Ridge
Regression, a linear regression model with L2
regularization. The model minimizes the cost
function by adding a penalty term to control large
coefficient values and reduce overfitting.Input
features include drug type and patient age
categories[15]. The model learns the relationship
between these inputs and the corresponding dosage
values, producing stable and generalized predictions.

2.4.5 2D And 3D Representation of Drug
Visualization of drug structures is an important
aspect of understanding their chemical and biological
properties. In the proposed system, drug structures
are represented in both two-dimensional (2D) and
three-dimensional ~ (3D) formats using the
PubChemPy library[16].

Drug Structure Visualization

Drug Selected: acetaminophen

Figure 3 2D And 3D Drug Structure
Visualization

2.4.6 Drug Property Prediction
The drug property prediction module uses a Random
Forest Regressor to estimate physicochemical
properties such as lipophilicity and binding affinity.
Similar to other ensemble methods, multiple
regression trees are trained, and their outputs are
averaged to obtain the final prediction [14].

Tablel Machine Learning Models Used in

System

Features Machine Learning Task

Model Used
Drug Random Forest Classification
Recommendation | Classifier
Side effect Random Forest Regression
Prediction Regressor
Deficiency Naive Bayes Classification
Prediction
Dosage Ridge Regression Regression
Prediction
Drug Properties | Random Forest Regression
Prediction Regressor
2.4.7 Training Pipeline

Each module follows a structured training pipeline
consisting of data preprocessing, feature extraction,
model training, and validation. Separate training
scripts are implemented for each dataset to ensure
modularity and efficient execution. This design
allows independent optimization of models and
improves the overall performance and scalability of
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the system Figure 3.

3. Results

The performance of the proposed Al-driven drug
discovery platform was evaluated through a series of
experiments conducted on multiple datasets, each
containing approximately 14,000 records. The
datasets were divided into training and testing sets to
ensure unbiased evaluation. Different Machine
Learning models were applied to specific tasks, and
appropriate evaluation metrics were used based on
the nature of each problem. For the drug
recommendation module, a Random Forest classifier
combined with transformer-based techniques was
used to rank drugs based on features such as
absorption, toxicity, and solubility. The model
achieved an accuracy of 95%, indicating its
effectiveness in identifying suitable drugs. The side-
effect prediction module was implemented using a
Random Forest Regressor. The experiment focused
on predicting the severity of side effects based on
drug-related attributes Table 1. The model achieved
a Mean Absolute Error (MAE) of 1.49 and a Root
Mean Square Error (RMSE) of 1.71, demonstrating
reliable regression performance. For deficiency
identification, the Multinomial Naive Bayes model
was trained on encoded textual data. The experiment
aimed to classify diseases based on associated
biological deficiencies. The model achieved an
accuracy of 84.77% and a recall of 0.85, indicating
good classification capability Table 2. The dosage
prediction module utilized Ridge Regression to
estimate appropriate dosage values for different age
groups[17]. The model achieved a Mean Absolute
Error (MAE) of 0.699 and a Mean Squared Error
(MSE) of 0.77, showing effective prediction of
continuous values. The drug property prediction
module employed a Random Forest Regressor to
estimate properties such as lipophilicity and binding
affinity. The model achieved a Mean Absolute Error
(MAE) of 1.494 and a Root Mean Square Error
(RMSE) of 1.705, indicating consistent performance.
Overall, the experimental results demonstrate that the
proposed system effectively handles multiple tasks
and provides accurate and reliable outputs across
different modules.

Table 2 Results of Classification Models

Machine |
Learning | Task Accuracy | Precision| Recall |F1Score!
Model |
Used |
Random Drug
Forest Recomme- | 95 92 93 93
Classifier | ndation |
Multinomial s
Naive Deﬁdglepcy 8477 |76 & |79 |
Bayes Prediction |
|

Table 3 Results of Regression Models

Machine Mean Mean Root Mean
Learning | Task Absolute | Square Square
Model Error Error Error
Used

Random Side 1.49 2.92 1.71
Forest Effects

Regressor | Prediction

gidge . Dosage 0.699 0.77 0.88
€Qression | prediction

Random Drug 1.49 2.90 1.70
Forest properties

Regressor | prediction

4. Discussion

The experimental results highlight the effectiveness
of using a multi-model approach for drug discovery
tasks. Instead of relying on a single model, the
proposed system assigns specific Machine Learning
techniques to different functionalities, which
improves overall performance and flexibility. This
modular design allows each model to focus on its
strengths, leading to better generalization across
tasks. The strong performance of the drug
recommendation module indicates that ensemble-
based approaches are well-suited for handling
complex relationships between pharmacokinetic
features[20]. The combination of Random Forest and
transformer-based techniques enables the system to
capture both structured and contextual patterns,
resulting in more reliable recommendations. The
side-effect and drug property prediction modules
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demonstrate the capability of regression models to
capture continuous relationships within the data. The
use of ensemble regression further enhances stability
and reduces the impact of noise, making the
predictions more consistent and dependable[18]. The
deficiency identification module shows that
probabilistic models like Multinomial Naive Bayes
are effective for text-based classification tasks. Its
ability to handle high-dimensional categorical data
makes it suitable for identifying disease-related
deficiencies Table 3. The dosage prediction module
highlights the importance of regularization
techniques in handling real-world medical data.
Ridge Regression helps control overfitting and
ensures stable predictions across different patient
categories. One of the key contributions of this work
is the integration of multiple functionalities into a
single platform. Unlike traditional systems that focus
on isolated tasks, the proposed approach provides a
comprehensive solution that supports various aspects
of medical decision-making. This integration
improves usability and reduces the need for multiple
independent  tools. However, the system’s
performance depends on the quality and diversity of
the datasets. Limited or biased data may affect
prediction reliability. Future work can focus on
incorporating larger datasets, real-time clinical data,
and advanced deep learning models to further
enhance system performance. Overall, the proposed
system demonstrates significant potential in
improving the efficiency and practicality of Al-
driven drug discovery[19].

Conclusion

This study addressed the challenges associated with
traditional drug discovery methods, which are often
time-consuming, costly, and inefficient. The
proposed Al-driven drug discovery platform
successfully integrates multiple Machine Learning
models to provide a comprehensive solution for
healthcare applications. Based on the results and
discussion, the system effectively performs various
tasks, including drug recommendation, side-effect
prediction,  deficiency identification, dosage
estimation, and drug property analysis. The modular
approach enables each model to contribute efficiently
to its respective task, improving overall system

performance. The findings confirm that the proposed
system enhances the efficiency and reliability of drug
discovery processes by leveraging data-driven
techniques. Additionally, the integration of multiple
functionalities into a single platform supports better
decision-making for healthcare professionals. Thus,
the proposed approach provides a scalable and
effective solution for modern drug discovery and
demonstrates the potential of Artificial Intelligence in
transforming healthcare systems.
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