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Abstract 

The evolving complexity of drug discovery and the demand for focused therapeutics have given further impetus to the implementation 
of AI and data science-based approaches. Such methods can analyze genomic and pharmacological data more rapidly, facilitating 
the precision design of drugs and genetic biomarkers of such drugs. This work is a machine learning framework that seeks to predict 
drug responses and find genetic biomarkers in the Genomics of Drug Sensitivity in Cancer (GDSC) dataset. Numerous data 
cleansing, normalization and one-hot encoding were also done to maintain credibility in the analysis. The robustness of a Random 
Forest classifier on the processing of high-dimensional biological data and excellent predictive performance was also demonstrated, 
with 97.7% accuracy, 98.4% precision, recall, and F1-score. The comparative studies provided better results than other models like 
SVM 95%, BiLSTM 80%, and GATv2 77.9%. The discriminative power of the model was proved using ROC and precision-recall 
curves. The framework of AI + data science in pharmacogenomics can be used to identify patterns of drug sensitivity efficiently, 
and, thus, promote personalized medicine and biomarker-based treatments. The method is a scalable, interpretable, and time-saving 
alternative to the traditional pipelines of drug discovery. 

Keywords: Artificial Intelligence, Drug Development, Genetic Biomarkers, Biomarker, Data Science, Genomics of Drug 

Sensitivity in Cancer (GDSC). 

 

Introduction 

The increasing demand in personalized and targeted treatment redefined the face of modern 
medicine that forcing reconsidering the overall drug discovery, development, and delivery 
process. At the center of this revolution lies the study of pharmacology that seeks to understand 
the effects of drugs on biological systems by studying the interaction between chemical agents 
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and biological systems [1]. In this field, drug discovery is a significant endeavor that has 
historically involved a multi-step process that includes target selection, high-throughput 
screening, lead optimization, and experimental confirmation. Although they are fundamental, 
such techniques can be time-consuming, resource-consuming, and small in their capacity to 
support the molecular heterogeneity of patients and diseases. 

The recent development in genomics and molecular biology has presented the genetic biomarker 
as a critical factor in augmenting the drug development strategy [2]. These biomarkers like gene 
mutations, their expression, and structural variants are measurable factors that aid in forecasting 
of disease progression, response to therapy as well as aspects of vulnerability of an individual 
patient. And, their entry into the drug development pipeline is aligned to the paradigm of 
precision medicine that seeks to get the right drug, to the right patient at the right time. Stratified 
clinical decision-making, reduction of adverse effects, and the overall enhancement of effective 
treatment are facilitated through the utilization of biomarkers [3]. Nonetheless, the 
operationalization of precision medicine is associated with severe complications that emerge 
because of the exponential expansion of biological data collected using high-throughput 
sequencing technologies and multi-omics profiling. Genomic, transcriptomic, proteomic, and 
metabolomic data are generally big, noisy, and very high-dimensional but are also very 
information-rich. The task of combining all these different types of data with pharmacological 
responses is a complicated issue far beyond the reach of classical statistical procedures [4]. 
Scalability, interpretability, and difficulty with non-linear relationships in biomedical data are 
common problems of traditional models. To overcome these limitations, artificial intelligence 
(AI) [5],  

Data science, machine learning (ML), and data intelligence have been introduced as potent 
means of computing. Such technologies provide powerful data mining abilities to learn and 
model complex, high-volume data, to learn hidden patterns and come up with predictive models 
without explicit rule-based programming [6][7][8]. AI has already proven useful in drug 
discovery in diverse areas such as drug-target interaction prediction, virtual screening, toxicity 
prediction, and the identification of a biomarker. One of the best machine learning algorithms 
that is commonly used is the ensemble algorithms such as Random Forests that have good 
robustness, scalability, and interpretability and hence fit biomedical tools that deal with 
heterogeneous data. 

Motivation and Contributions of the Study 

The emergence of more complex diseases like cancer, and the need to produce more personalized 
medicine have led to a paradigm shift in the drug development and the identification of 
biomarkers. The conventional experimentation practices, although useful, tend to be time-
consuming, costly, and limited in their scope. Recent developments in the field of AI and data 
science can provide a transformative opportunity to overcome these issues and speed up the 
discovery of both therapeutic targets and genetic biomarkers. The integration of AI into this 
domain not only enhances the efficiency of drug screening and response prediction but also 
propels the advancement of precision medicine. The combination of AI and the data-driven 
approach is promising to transform the drug discovery process by making it possible to apply 
therapeutics to the patient according to his or her genetic makeup and eventually, increasing 
treatment efficacy. The key contribution of the study as follows: 

Utilization of the Genomics of Drug Sensitivity in Cancer (GDSC) dataset, has been used, which 
possesses enriched genomic and pharmacological data, and is used to assist in making 
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predictions on drug sensitivity. 

Proper use of data preprocessing methods such as data cleaning, one-hot encoding of categorical 
variables, and normalization in order to equate the values of the input variables. 

Division of the preprocessed dataset into subsets for testing and training in order to enable 
objective performance assessment and reliable model training. 

Implementation of a Random Forest classification model to predict drug response based on 
genomic features and gene expression profiles. 

The model's predictive capacity and possible clinical significance are validated by performance 
evaluation utilizing measures such as accuracy, precision, recall, and F1-score. 

Justification and Novelty  

This study is justified by the growing need to accelerate drug development and genetic 
biomarker discovery through advanced, data-driven approaches. Traditional methods are often 
slow, costly, and limited in handling complex genomic data. The proposed framework introduces 
a machine learning-based pipeline utilizing the GDSC dataset and a Random Forest model to 
predict drug sensitivity. The novelty lies in integrating AI techniques with genomic data 
preprocessing to uncover hidden patterns in drug response. This approach enhances predictive 
accuracy and supports the development of targeted therapies, contributing to more efficient and 
Personalized therapeutic approaches in the rapidly evolving field of precision medicine. 

Organization of the Paper 

The paper is organized as follows: Section II reviews related work. Section III describes the 
proposed methodology and evaluation metrics. Section IV presents experimental results and 
comparative analysis. Section V concludes the study and outlines future research directions for 
advancing AI-driven drug development and genetic biomarker discovery. 

Literature Review 

This section reviews recent advances in artificial intelligence and data science applied to drug 
development and genetic biomarker discovery, highlighting machine learning and deep learning 
techniques that accelerate drug discovery, identify key biomarkers, and enhance precision 
medicine through improved prediction, molecular targeting, and data-driven insights. Recently 
selected studies were reviewed: 

Ahmad et al. (2025) highlighted the importance of genomics in early diagnosis and drug 
development strategies. ML algorithms like RF, GB, Deep Belief Networks, Autoencoders, 
SVM, CNN, and RNN are used extensively in modern genomics. Reinforcement Learning, 
DNN, GANs, and GNNs are used for optimized drug discovery. However, ML algorithms face 
data scarcity and interpretability issues, challenging accuracy and integration with experimental 
validation. Lung cancer therapeutics are experiencing rapid advancements with remarkable 
accuracy, often exceeding 95% in specific applications. More optimization is needed to 
efficiently integrate AI for clinical validation [9]. 

Mehta et al. (2025) explored the use of machine learning (ML) in understanding autoimmune 
diseases, which involve multiple genes and gene-by-context interactions. Traditional 
biochemical-genetic approaches struggle to provide answers due to the high dimensionality and 
epistatic interactions between genes. ML algorithms, such as the XGBoost classifier, have been 
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shown to help in understanding these diseases by processing big genomic data. The optimizer 
achieved 94.75% accuracy, revealing that other genes, such as WBC count, are compatible with 
inherent genes influencing autoimmune disease risk. The study emphasizes ML's potential for 
finding biomarkers and figuring out the genetics of autoimmune disorders, providing future 
directions for developing psychological therapies targeted at genetic vulnerabilities in 
autoimmune disease management [10]. 

Kalyani et al. (2024) investigated how AI-driven predictive modelling can revolutionize 
personalized medicine and speed up drug discovery. Through the utilization of sophisticated ML 
algorithms and vast biomedical datasets, the research endeavors to expedite the identification of 
auspicious medication candidates and customize therapies to specific patient profiles. This 
research holds the potential to completely transform the pharmaceutical sector by cutting down 
on the duration and expenses associated with medication development and enhancing patient 
outcomes via more focused treatments. AI technologies enable a significant improvement in the 
accuracy and effectiveness of medical treatments; the model shows a 20% increase in accuracy 
over conventional approaches [11]. 

Zhou et al. (2024) investigated the effectiveness of cancer drugs in mouse models, with a 
particular emphasis on growth kinetic models.  The tumor volume data from over 30,000 mice 
in 930 trials were used to evaluate the semiparametric generalized additive model (GAM) and 
six parametric models.   The researchers discovered that, when compared to other models such 
as von Bertalanffy and Gompertz, the exponential quadratic model was the most successful 
parametric model, including 87% of the studies.  Because 7.5% of the growth data at the mouse 
group level could not be fitted by any model, GAM was employed.  Both the exponential and 
exponential quadratic models were equally accurate in identifying the study's biomarkers and 
pharmacological mechanisms [12]. 

Spooner et al. (2023) investigated feature selection ensembles to improve high-dimensional 
dataset stability.  They evaluated their anticipatory accuracy and strength by employing data-
driven upper bounds to choose relevant features with an ensemble feature chooser.  Results 
stabilities were shown to be up to 34% higher with an ensemble feature selector with data-driven 
thresholds compared with a single feature selector. Both the threshold algorithm threshold and 
the robust rank aggregation threshold, which were related to the information retrieval domain, 
were the best-performing data-driven thresholds. The approach does not compromise speed and 
provides more reliable and repeatable feature selections. [13]. 

Dwivedi et al. (2023) proposed a novel AI-based DL approach for identifying the biomarkers of 
NSCLC subtypes. It has a feed-forward neural network, an autoencoder, and a biomarker finding 
component. It was determined that the biomarkers were relevant in classifying the NSCLC 
subtypes. On the basis of these biomarkers, many ML models were created, and the accuracy of 
the Multilayer Perceptron was 95.74%.  Of the 52 biomarkers, 45 have been previously 
documented in the literature, while the remaining 7 have not. These biomarkers are utilized to 
subtype non-small cell lung cancer (NSCLC) and may thus be examined to determine their 
potential contribution to targeted lung cancer treatment [14]. 

Table I collects and summarizes previous works and published research in the field of drug 
development and biomarker discovery, summarizing their methodology, data used, main 
findings, limitations, and future research, with special emphasis on predictive modelling, 
biomarker discovery, and the combination of artificial intelligence and data science 
methodologies 
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Author’s Methodology Data Key Findings 
Limitation / Future 

Work 

Ahmad et 
al. (2025) 

ML algorithms 
(RF, GB, DBN, 

AE, SVM, 
CNN, RNN, 
RL, DNN, 

GANs, GNNs) 

Genomics 
datasets 

from public 
studies 

ML aids in lung 
cancer diagnosis 
and drug design; 

accuracy >95% in 
some tasks 

Challenges: data 
scarcity, 

heterogeneity, 
interpretability; needs 

better clinical 
validation 

Mehta et 
al. (2025) 

XGBoost 
classifier, 

feature 
selection, data 

imputation, 
hyperparameter 

optimization 

Genetic 
datasets of 

autoimmune 
patients 

Achieved 94.75% 
accuracy; 

identified key 
features (e.g., 
WBC count); 

pathway insights 

Lacks integration 
with 

experimental/clinical 
validation; limited 
dataset diversity 

Kalyani 
et al. 

(2024) 

Predictive 
modelling using 

AI 

Biomedical 
datasets for 
drug-target 
interaction 

AI boosts DTI 
prediction 

accuracy and 
reduces discovery 

time; 20% 
improvement over 
traditional models 

Requires further 
validation in clinical 

and regulatory 
environments 

Zhou et 
al. (2024) 

Parametric 
(exponential, 

Gompertz, von 
Bertalanffy, 

etc.) and 
semiparametric 
GAM modeling 

Tumor 
volume data 

from 
30,000+ 

mice across 
930 

oncology 
experiments 

Exponential 
quadratic model 
best fits 87% of 
studies; GAM 

handles 
nonparametric 

cases; validated 
for efficacy 
analysis and 
biomarker 
discovery 

Lacks integration of 
AI-based nonlinear 
models; future work 
may explore deep 
learning for more 
complex growth 

dynamics 

Spooner 
et al. 

(2023) 

Ensemble 
feature selection 

using 
thresholding 
based on data 

 

Alzheimer’s 
disease 
datasets 

 

Data-driven 
thresholds 

improve feature 
selection stability 

by up to 34%; 
selected features 
align with current 

AD literature; 
more reproducible 

without loss of 
predictive 

performance 

Needs testing on 
other diseases; 

integration with 
clinical validation for 

early biomarker 
discovery 
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Dwivedi 
et al. 

(2023) 

Explainable AI-
based deep 

learning 
(autoencoder + 
feed-forward 

neural network 
+ XAI) 

NSCLC 
molecular 

data 
(subtypes 
LUAD & 
LUSC) 

Discovered 52 
biomarkers for 

NSCLC subtype 
classification with 
95.74% accuracy; 

14 druggable 
biomarkers; 7 

novel biomarkers 
identified for 

further 
exploration 

Requires clinical 
validation of novel 
biomarkers; expand 

to larger, diverse 
cohorts 

Table:1 Summary of Related Works on AI And Data Science Applications in Drug Development and 
Biomarker Discovery 

 Methodology 

 

Fig:1 Proposed AI-Driven Framework for Drug Development and Genetic Biomarker Discovery 

The use of an AI-based framework has been established to advance and fast-track drug 
development and genetic biomarker identification, utilizing the Genomics of Drug Sensitivity in 
Cancer (GDSC) dataset as demonstrated in Figure 1, which offers high-resolution molecular and 
drug response profiles across numerous cancer cell lines. The procedure begins with the GDSC 
data that undergoes a data preprocessing treatment consisting of the cleaning, one-hot encoding, 
and normalization stages to guarantee consistency and analysis preparedness. The purged data 
will be divided into training data and test data so as to achieve a sensible development of the 
model. RF classifier, due to its robustness and interpretability, is used to determine complex 
patterns and relationships between genomic features and drug sensitivity. Accuracy, precision, 
recall, and F1-score are used to measure the performance of the model, making it possible to 
confirm its prediction skills. The knowledge acquired in this way allows identifying the crucial 
genetic biomarkers and leads to an improvement in the prediction of drug sensitivity, 
contributing to the future development of personalized medicine and the use of targeted cancer 
treatment. 

 

GDSC 

Data 
 

Data 

Preprocessing 

-Data 

Cleaning 

-One-Hot 
Encoding 

-

Data Splitting 

Train data 

Test data 

 
 

Proposed 

Model 
Random 

Forest 

  

Evaluation 

metrics 
Accuracy 

Precision 
Recall 

F1-score 

Result 
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Data Collection 

The Genomics of Drug Sensitivity in Cancer (GDSC) dataset includes information on more than 
1,000 cancer cell lines that correspond to more than 30 different forms of cancer. It includes 
profiles of genome mutation, copy number variations as well as a gene expression level. 
Pharmacological screening encompasses sensitivity to approximately 300 anticancer agents 
assayed by parameters of known drug concentrations such as dose-response activity such as 
IC50 and AUC values. The visualizations of the data are given below: 

 

Fig:2 Distribution of GDSC Dataset Features 

This plot shown in Figure 2 the distribution of important features in the GDSC dataset, including 
COSMIC_ID, DRUG_ID, LN_IC50, AUC, and Z_SCORE. LN_IC50 and Z_SCORE exhibit 
near-normal distributions, while AUC is highly right-skewed, indicating a concentration of 
values toward the lower end. COSMIC_ID and DRUG_ID show distinct, non-continuous spikes, 
representing their categorical nature as unique identifiers for cell lines and drugs. 

 

Fig:3 Correlation Heatmap of Numeric Features in GDSC Dataset 

The correlation heatmap illustrates relationships among numeric features in the GDSC dataset 
in Figure 3. A strong positive correlation exists between AUC and LN_IC50 (0.76), suggesting 
similar patterns in drug response. Z_SCORE also shows moderate correlation with both 
LN_IC50 and AUC. COSMIC_ID and DRUG_ID demonstrate near-zero correlations, 
confirming their categorical nature and lack of direct linear relationship with the continuous 
features. 
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Data Preprocessing 

In order to design and implement ML models, data preparation is essential.  It guarantees the 
input data's accuracy and consistency, and suitably structured, enabling the model to identify 
meaningful patterns and make reliable predictions on unseen data. The following steps were 
performed during the preprocessing phase: 

Data Cleaning 

Effective data cleaning is essential to ensure the reliability and accuracy of downstream analysis, 
particularly in biomedical datasets that often contain missing values, noise, and outliers. The 
data preprocessing steps involved in this study are as follows: 

Removed missing and outlier data from gene expression and mutation datasets using statistical 
thresholds and quality control filters. 

Imputed missing gene expression and mutation values and domain-specific methods to ensure 
data completeness and consistency. 

One-Hot Encoding 

The preprocessing technique of one-hot encoding involves normalizing categorical data to 
numerical form suitable for ML models. It makes a binary column to all different categories 
where 1 is added to the corresponding category and 0 to the rest. This does not make any ordinal 
assumptions about the data. Although one-hot encoding does not transform the categorical data 
into other types, it may also result in high dimensionality in case there are a lot of different 
categories. Notwithstanding this, it is an essential approach to data preprocessing used in 
classification and regression. 

Data Normalization 

Normalization is a technique used to rescale data from its original range to a new, defined range. 
It reduces variations within the dataset, making the values more consistent and comparable, and 
ensuring they behave in a more uniform manner [15]. The range of independent variables or data 
features can be rescaled using the feature scaling approach known as min-max normalization. 
This method transforms features to a fixed range, typically [0, 1] or [-1, 1], preserving the 
relationships among the original data values. The transformation is defined by the following 
expressed in Equation 1: 

 𝑋𝑛𝑜𝑟𝑚 =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 −𝑋𝑚𝑖𝑛
 (1) 

Where X is the initial value of the data, and 𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥 He feature's minimum and maximum 
values, respectively. 

Data Splitting 

The dataset was divided into two segments: 30% was set aside for testing in order to assess the 
model, and 70% was used for training the model in order to discover underlying patterns.  The 
usefulness and generalize of the model to previously unseen data. 

Proposed Random Forest Model 

As an appropriate tool, the Random Forest method has already developed into a common data 
analysis tool for high-throughput data. Since the RF approach is straightforward, interpretable, 
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and adaptable to a wide range of predictor factors, it is helpful in molecular biology research. 
RF's ability to accurately determine the role of each variable used in response prediction is one 
of its most important characteristics [16]. Additionally, it performs exceptionally well even in 
situations with more than two classes, when the majority of the predictive variables contain noise, 
and when there are significantly more variables than observations. 

The random forest's output is the one that the majority of trees choose for classification tasks. 
Decision trees are typically outperformed by them. The characteristic that has to be separated is 
selected in order to construct a decision tree. A split measure is used to determine the best split 
[17]. As a measure of a node's impurity, Equation (2) shows how to calculate the Gini index, one 
such split measure.  If a value-based split were to be performed, how distributed would each split 
dataset be: 

 𝑔𝑖𝑛𝑖 𝑖𝑛𝑑𝑒𝑥 = 1 − ∑ (𝑃𝑖)2𝑛
𝑖=1  (2) 

This metric for measuring the computational efficiency of a node's impurity is significantly higher 
than that of entropy. The split results in a subset of the dataset where each split node has one 
fewer feature and fewer columns. This procedure is carried out repeatedly to create a tree and 
then a forest. A decision tree with two nodes is always produced. To determine the Gini 
significance, use Equation (3): 

 𝐺𝐼𝑗 = 𝑤𝑗𝐶𝑗 − 𝑤𝑙𝑒𝑓𝑡(𝑗)𝐶𝑙𝑒𝑓𝑡(𝑗) − 𝑤𝑟𝑖𝑔ℎ𝑡(𝑗)𝐶𝑟𝑖𝑔ℎ𝑡(𝑗) (3) 

Where 𝐶𝑗 is the node's impurity value, 𝐺𝐼𝑗 is its significance, 𝑤𝑗 is the weighted number of 

samples that reach node j, 𝑙𝑒𝑓𝑡(𝑗) is the child node from the left split on node j, and 𝑟𝑖𝑔ℎ𝑡(𝑗) is 
the child node from the right split on node j.  Each feature vector's significance is determined 
using the formula in Equation (4). 

 𝑓𝑖 =
∑ 𝐺𝐼𝑗𝑗

∑ 𝐺𝐼𝑗𝑘∈𝑎𝑙𝑙_𝑛𝑜𝑑𝑒𝑠
 (4) 

where 𝑓𝑖Hat is the importance of feature i, 𝐺𝐼𝑗 is the significance of node j.  The tree is constructed 

based on this metric, after which the subsequent set of input vectors (bag) is chosen and the 
procedure is repeated.  A group of created trees makes up the final forest. 

Performance Metrics 

Performance indicators are crucial for assessing predictive models' reliability and accuracy, 
particularly in classification tasks.  These metrics shed light on a model's ability to differentiate 
between several classes. Performance indicators are crucial for assessing predictive models' 
reliability and accuracy, particularly in classification tasks.  These metrics shed light on a 
model's ability to differentiate between several classes. Some of the key terms used in 
classification performance evaluation are: These include the number of false positives (FP), true 
negatives (TN), false negatives (FN), and true positives (TP).  The efficacy of the models was 
assessed using the performance measures listed below: 

Accuracy 

Accuracy, which is the proportion of properly detected labels in the whole population, is another 
indicator of the overall robustness of the model. [18]. It can be presented in Equation (5) 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑁+𝐹𝑃+𝑇𝑁
 (5) 
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Precision 

A predicted true label's likelihood of being true is known as the model's precision, or positive 
predictive value. It is defined as follows Formula (6) was used to express the accuracy: 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (6) 

Recall 

Recall, also known as Sensitivity or the TPR, is defined by Equation (7) and may be thought of 
as the proportion of true class labels that the model correctly detected as true. 

 𝑅𝑒𝑐𝑎𝑙𝑙(𝑅𝑐) =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (7) 

F1 score 

The significance of TP and TN is taken into account by the F1-score or F-measure. Equation (8) 
indicates that the F1-score is just the accuracy and recall harmonic means: 

 𝐹1 𝑠𝑐𝑜𝑟𝑒(𝐹1) = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (8) 

To determine the reliability of the model, its predictions on the test dataset were analyzed using 
various performance metrics. 

RESULT ANALYSIS AND DISCUSSION 

This study evaluates the effectiveness of a Random Forest-based predictive analytics framework 
for advancing drug development and identifying genetic biomarkers. The experiments were 
conducted using Python 3.9 and scikit-learn, with training executed on a high-performance 
computing environment equipped with an NVIDIA Tesla (16 GB VRAM) to efficiently handle 
large-scale genomic and biomedical data. As detailed in Table II, the Random Forest model 
demonstrated excellent performance across key evaluation metrics, achieving an accuracy of 
97.7%, a precision, recall and F1-score of 98.4%. The combined results demonstrate that the 
Random Forest model can be an excellent tool in finding meaningful patterns in the biomedical 
data and providing accurate and reliable detection of the possible genetic biomarkers. 

 

Evaluation 

Metrics 

Random 

Forest 

Accuracy 97.7 

Precision 98.4 

Recall 98.4 

F1-score 98.4 

Table II: Predictive Performance of Random Forest for Drug Discovery and Biomarker 
Identification 
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Fig. 4. Confusion Matrix of Random Forest Model for Drug Development and Genetic Biomarker 
Discovery 

The forest model is used in drug development and genetic biomarker discovery. An accurate 
prediction was seen with 492 true positives and 492 true negatives demonstrating the high 
predictive accuracy shown in Figure 4. Its sensitivity is high with only 8 false positives, and the 
specificity is good with only 8 false negatives, which testify to the high reliability of the model 
and minimal misclassification of the relevant genetic or drug-related biomarkers. 

 

Fig:5 ROC Curve for Random Forest Model in Drug Development and Genetic Biomarker Discovery 

In Figure 5, the ROC Curve shows the performance of a Random Forest model in Drug 
Development and Genetic Biomarker Discovery. A graph illustrating the TPR and FPR at various 
levels is displayed. With an AUC of 0.977, the model has an outstanding discriminative power, 
which means that the model was highly accurate in identifying the relevant or non-relevant cases 
of biomarkers or drug response. 
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Fig:6 Precision-Recall Curve for Random Forest Model in Drug Development and Genetic Biomarker 
Discovery 

Figure 6 shows the Precision-Recall Plot of a Random Forest model, in the field of Drug 
Development and Genetic Biomarker Discovery. The curve shows the tradeoff between precision 
and recall with different threshold settings. The Area Under the Curve (AUC) of the model is a 
high 0.986, which means that it is a highly effective model with its capacity to identify the 
presence of relevant positive instances and reduce the number of false positives, particularly in 
such an essential usage. 

Comparative Study 

In this section, the analysis of ML models is provided on a comparative basis. Table III 
represents the correctness of various algorithms in predicting the useful biomarkers and drug 
response. Random Forest had the highest accuracy of 97.7% emphasizing its effectiveness in 
working with high-dimensional genetic data, but also producing interpretable results that are 
necessary in clinical implications. Support Vector Machines (SVM) were close behind with an 
accuracy of 95%. The Bidirectional Long Short-Term Memory networks (BiLSTM) achieved 
an accuracy of 80%, while Graph Attention Networks version 2 (GATv2) achieved an accuracy 
of 77.9% with a new method of modeling relational structures in genetic networks. The results 
highlight the importance of Random Forest as a principal model to be adopted in AI-based 
frameworks in order to hasten achievements in personalized medicine and biomarker discovery. 

 

Model Accuracy 

Random Forest 97.7 

SVM[19] 95 

BiLSTM[20] 80 

GATv2[21] 77.9 

Table: III Comparative Results of Machine Learning Models For Genetic Biomarker Discovery and Drug 
Response Prediction 

The comparative analysis of the model’s performance according to the measure of accuracy 
indicates that the RF model has the best accuracy of 97.7% and therefore is better able to manage 
the task of classification as indicated in Table 3. SVM came next with an acceptable accuracy of 
95 percent which implied that it is very powerful yet just below Random Forest. However, the 
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deep learning models such as BiLSTM and GATv2 had a relatively lower performance measuring 
80% and 77.9 %, respectively. This indicates that more complicated deep learning networks did 
not perform as well as the more basic models of traditional machine learning in the given scenario, 
perhaps because of the nature of the dataset, or the representation of its features. 

Conclusion and Future Scope 

The study proposes an effective machine learning model for predictive drug response modeling 
and genetic biomarker identification on the GDSC dataset. The use of Random Forest learner 
with powerful preprocessing methods ensured impressive results, such as an accuracy of 97.7%, 
large precision, recall, and F1-scores of 98.4%. These metrics show that the model provides an 
opportunity to reveal complex relationships among genomic data and effectively forecast the 
therapeutic outcomes. In comparison with SVM, BiLSTM, and GATv2, Random Forest always 
yielded a better performance in terms of finding relevant biomarkers even though it is still 
interpretable and computationally meaningful. These accomplishments notwithstanding, it 
seems that there are still some constraints. The model is based on one set of data which might 
limit its applicability in wider genomic settings. Besides, although the framework is good with 
regards to classification, it lacks use of time-series biological data or relational biological data 
which would add value to even more predictions. Future studies are recommended to work on 
combination of multi-omics data to amplify prediction accuracy and biological significance. 
Explainable AI techniques are also possible additions that may bring greater insight to the model 
decisions leading to clinical trust. Also, the implementation of the model in real-time clinical 
structures and an assessment of its effectiveness in different types of cancer would guarantee its 
use in a wider range of cases. These advancements will become the precursor of a data-driven, 
patient-specific treatment approach in contemporary precision medicine. 
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