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Abstract 
Since multi-omics data (high-dimensional data, including many variables, like genomics, 
transcriptomics and proteomics) are high-dimensional (have many variables), heterogeneous 
(are data of different types), and interdependent (variables can affect each other), there is a 
significant challenge in integrating various data types in a synergistic manner (without, it may 
not be feasible). This paper is an attempt to tackle the problem of predicting drug sensitivity 
by offering a hybrid machine learning (ML, algorithms that learn patterns by analyzing data) 
and deep learning (DL, a type of ML based on neural network architectures to learn patterns of 
data) model of not only predicting drug sensitivity, but also using Genomics of Drug Sensitivity 
in Cancer (GDSC) data. The method involves applying sophisticated preprocessing, strict 
feature selection techniques (Random Forest, tree-based algorithm; LASSO regression, feature 
selection that chooses features by pruning irrelevant ones; Mutual Information which is a 
dependency measure between variables) as well as a hybrid model design favoring classical 
ML models (Random Forest, SVM--Support Vector Machine) over the deep learning style 
(LSTM-Long short-term memory networks, a sequence-based version of recurrent neural 
network). The metrics of the evaluation give a very high R 2 (coefficient of determination, a 
measure of model fit) of 0.991, and the evaluations are very small MAE ( Mean absolute error: 
square root of average squared error), RMSE (Root mean squared error: square root of average 
squared error), and MSE ( Mean squared error: square root of average squared error), resulting 
in approximately 12 percent higher accuracy than conventional approximations: Ridge 
Regression, XGBoost (Extreme gradient boosting), and Random Forest alone. This also shows 
the strength (capacity to work with diverse circumstances), generalizability (capacity to be 
used in new information), and enhanced predictive capabilities of the hybrid method of 
modeling nonlinear associations in multi-omics information, thus enhancing precision 
medicine (health care customized to patients in terms of genetic, environmental, and lifestyle 
determinants) uses. 
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1. Introduction 
With high-throughput technologies such as next-generation sequencing, multi-omics data—
including genomics, transcriptomics, proteomics, metabolomics, and epigenetics—have 
rapidly expanded. These data types together provide information about biological processes 
at the cell or tissue level and illuminate the roles of smaller molecules. Integrating multi-
omics data offers unprecedented promise for understanding variability in disease 
progression and cancer subtypes, as highlighted in several studies [1][2][3]. 
Integrating multimodal omics datasets—such as genomics, transcriptomics, and 
proteomics—remains a crucial computational problem in biology due to their high 
dimensionality, heterogeneity, and inherent noise1. Analyzing only one omics type in 
isolation lacks the power to capture interactions across molecular levels. Thus, simply 
identifying genomic mutations (known cause) is insufficient; instead, understanding their 
roles in disease phenotypes (observable characteristics) and the influence of environmental 
modifiers (external factors) on molecular phenotypes is essential to determine how diseases 
can be switched on or off [4][5]. 
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Machine learning (ML) Computer algorithm that acquires pattern by learning on data and 
deep learning (DL), which is a subdivision of the former based on layered neural networks, 
has been used to process, analyze, and interpret multi-omics data [6]. Classification and 
predictive performance Traditionally, ML algorithms including, SVM (Support Vector 
Machine), random forests (classifications of decision trees), and k-nearest neighbors (k-NN, 
which categorizes data based on the k most similar) have demonstrated impressive 
classification and predictive accuracy on single-omics studies [7]. There are however a few 
challenges associated with their application to multi-omics data such as those data are 
complex and heterogeneous. Moreover, the methods also tend to be very resource intensive 
in terms of feature engineering (hand choosing or converting variables) and ad hoc treatment 
of missing data, data noise, and varying measurement scales across layers of omics. 
Moreover, classical ML models might not be able to learn nonlinear interactions and higher-
order interactions across multiple types of omics [8][9][10][11]. 
However, deep learning (DL, models with multiple computational layers) has shown great 
promise in overcoming these challenges; it may enable automatic representation learning 
(letting the model discover features) from large, high-dimensional datasets. DNN (Deep 
Neural Networks), CNN (Convolutional Neural Networks, which excel at grid-like data such 
as images), and RNN (Recurrent Neural Networks, suited for sequence data) have gained 
importance in fields such as computer vision, natural language processing, and genomics due 
to their capacity to produce meaningful results and recognize complicated relations between 
features without the requirement of manual feature engineering. Deep learning models 
address this issue by learning holistic (overall) interactions across multi-omics data types 
that are important for gaining meaningful insights but may be ignored in traditional methods. 
Although these models are successful, deep learning approaches often require large amounts 
of data and are not easily interpretable (difficult to understand the reasoning behind model 
decisions), which limits understanding of how the model is making decisions and what 
biological insights can be drawn [3][16][17]. 
In recent times, one of the strongest solutions for multi-omics data integration was developed 
using a hybrid machine learning (combining multiple computational approaches) and deep 
learning model [18]. Hybrid models provide the best of both worlds for researchers, 
achieving accurate predictive results while maintaining model interpretability (the ability to 
explain how predictions are made). Feature selection (identifying important variables), 
normalization (making data comparable), and dimension reduction (reducing the number of 
variables analyzed) are areas where machine learning methods can help, and deep learning 
models are known to excel at capturing high-order (complex) interactions and representing 
complex features across multiple omics layers. This approach provides less rigid, clearer, and 
more interpretable analysis of multi-omics data [19][20][21]. 
There is increased research interest in hybrid ML/DL algorithms that integrate multimodal 
omics data for applications such as disease classification, biomarker screening, and patient 
stratification. Hybrid frameworks are advantageous because they inherit nonlinear 
representation learning from deep learning methods and computational efficiency and 
interpretability from machine learning. Further, hybrid models better address issues like 
missing values, noise, and heterogeneity, making them effective for multi-omics integration 
[22][23][18]. 
Here is where we provided a comprehensive summary of recent advancements in hybrid 
machine learning and deep learning that enable embedding networks from multi-omics data 
in bioinformatics. Herein, we describe several hybrid approaches for integrating and 
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analyzing multiple omics data types. Here, we emphasize how hybrid models like SLiM can 
leverage multiple layers of information to address the high dimensionality, noise, and 
complexity issues associated with multi-omics data, as well as to gain valuable insights into 
biological systems and disease mechanisms. We also analyze the limitations and challenges 
of hybrid methods, including model interpretability, generalization to unknown datasets, and 
scalability. Lastly, we conclude with challenges and prospects toward the application of 
machine learning and deep learning models in multi-omics bioinformatics for personalized 
medicine, cancer research, and beyond. 
This contribution captures the following in this work: 
1. It is also seen as proposing a novel hybrid design that amalgamates classical machine 
learning models, e.g. Random Forests, with deep learning networks, specifically Long Short-
Term Memory (LSTM), to enhance drug sensitivity prediction. 
2. The current study employs a strong feature selection technique that combines the random 
forests, Lasso regression and mutual information technique to deal with the large 
dimensionality and complexity of multi-omics data. 
3 .It addresses the problem of synergistic combination of heterogeneous, interdependent 
multi-omics information, which makes it possible to extract biologically useful features. 
4. Our analysis identifies the efficiency and applicability of a mixed methodology in modeling 
multifaceted, nonlinear relationships, which are expected to have a great influence on the 
development of precision medicine. 
 

1. Related Work 
An emerging study (2024) aimed to utilize deep learning for the prediction and prognosis of 
TNBC subtypes by creating models enriched with multi-omics data, including mRNA, miRNA, 
gene mutations, DNA methylation, and MRI images. The accuracy of single-omics models was 
lower than that of the multi-omics model in cross-validation (98.0%). An additional strength 
of the model, based on merging multi-omics data and using Bayesian optimization to optimize 
statistical performance and transfer learning, was emphasized. Nonetheless, the initial 
validation was conducted on a dataset separate from the training cohort, with lower 
performance indicating the need for further optimization of the MRI radionics model [24]. 
Separate approaches have been taken by Mkhedlidze et al, who proposed using Multiple 
Kernel Learning (MKL) methods (2024) for the integrated analysis of multi-omics data with 
several kernel fusion strategies. MKL-based models achieved competitive results compared 
to more complex, state-of-the-art methods for data mining in genomics. They further studied 
deep learning architectures for kernel fusion and showed that MKL approaches, while 
simpler than advanced methods, outperform or achieve comparable performance to 
advanced methods for multi-omics binary classification problems. MKL is proposed as a 
cross-platform, simple integrative solution [25]. 
In this regard, a Multimodal Functional Deep Learning (MFDL) method has been proposed to 
perform phenomic analysis of high-dimensional multi-omics data and model the complex 
relationships between omics variants and disease phenotypes. The method is a functional 
data method that leverages multiple neural networks to address high dimensionality. MFDL 
demonstrated high predictive accuracy and robustness to noise across simulation studies and 
real-data applications. The approach can capture relationships among various types of omics 
data and provides a versatile solution for integrating and analyzing multi-omics data [26]. 
Several approaches to integrate transcriptomics,proteomics, and metabolomics data are 
presented in a paper (2024). The authors identified three principal integration approaches: 
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merged omics integration, correlation-based, and machine learning techniques. They 
discussed the advantages of combining omics data types to achieve a more integrated view 
of biological systems and observed that using machine-learning methods for integration 
could detect complex patterns and relationships that are not discoverable from any single-
omics analysis. However, the paper did not explicitly address limitations [27]. 
Tsagiopoulou and Gut (2024) described machine-learning approaches for integrating multi-
omics data in Chronic Lymphocytic Leukemia (CLL). In this work, various machine learning 
techniques, including PCA, SVM, and hierarchical clustering, were examined to analyze single-
omic and multi-omic research data in the domain of CLL. They knew that machine learning 
could reveal new forms of heterogeneity, whether among diseases, patient subgroups, or in 
the context of precision medicine. However, the authors identified problems arising from 
noisy data, small sample sizes, and biological complexity oversimplified by some models [28]. 
Lan et al. (2024) developed a new interpretable model, DeepKEGG, for integrating multi-
omics data to predict cancer recurrence and identify novel biomarkers. DeepKEGG adopts a 
hierarchical biological module approach to connect omics features (e.g., genes and miRNAs) 
to pathways, thereby enabling model interpretability. Furthermore, a pathway self-attention 
module is proposed within the framework to improve prediction performance by 
investigating sample correlations. In predicting cancer recurrence, DeepKEGG significantly 
outperformed all other state-of-the-art methods in the field while providing interpretable 
insights for biomarker discovery[29]. 
There has been significant progress in computational oncology, including the application of 
machine learning and deep learning models for predicting drug sensitivity in cancer 
treatment. Various researchers have pointed to techniques to improve personalized medicine 
using genomic data and advanced clinical analytics. 
In predicting the sensitivity of different drugs to genomic features of cancer cell lines, Hasan 
and colleagues (2024) employed different machine learning models such as Ridge 
Regression, Linear Regression, and Stochastic Gradient Descent (SGD). They demonstrated 
that Ridge Regression was able to predict phenomena better than any other model of interest, 
which suggests that it has a high potential to inform clinical decision-making in a way based 
on tailored treatment selection. Nevertheless, the issue of data quality, incorporating 
genomic knowledge into clinical practice, and ethics continue to be the primary limitations 
[30]. 
Equally, Mehmood et al. (2023) identified 6 drugs and 5 biomarkers that were active against 
the cancer cell lines and sensitive to radiations in breast cancer. Their interpretation of the 
drug sensitivity based on data in Cancer Cell Line Encyclopedia (CCLE) and Genomics of Drug 
Sensitivity in Cancer (GDSC) databases with Elastic Net, LASSO and Ridge regression models. 
The findings have the potential to be applied in clinical trials in the future, but issues related 
to dataset generalizability and validation are yet to be [31]. 
Deep learning was used to develop the Network Fusion method of predicting drug sensitivity 
(Liu and Mei 2023). The model has used multi-omics data (RNA sequencing, copy number 
alterations, and DNA methylation) in order to enhance the accuracy of its prediction. The 
NDSP had the highest sensitivity, specificity, and generalizability in comparison with a 
traditional machine learning classifier re-investigated on the same data set. However, 
interpretability and the likelihood of overfitting with the high-dimensional data are among 
the key issues [32]. 
Huang et al. (2023) explored the application of organotypic in precision oncology 
therapeutics using organotypic models to test the efficacy of functional drugs. The testing of 
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the drug sensitivities on human tissue cultures, especially on the biological mechanism of 
action of drugs, is one of its main differentiators compared to computational approaches. 
Although it was encouraging in clinical uses, the study was found that there was not any 
uniform platform on which the real-world implementation was to be implemented and that 
much advancement in technology is justified [33]. 
Pant et al. (2024) built the Random Forests to implement the prediction of drug response 
based on the genomic information. Their study also shows evidence of outperformance by 
Random Forest Linear Regression and MLP(XG-Boost) and hence, proves the ability of RF to 
provide insight on the molecular mechanisms of drug resistance. It understood, however, that 
there were constraints on sample size, the ability to generalize models, and that other 
legitimate sources of data in the real world were needed to enhance accuracy and clinical 
applicability [34]. 
Altogether, these studies show the potential of machine learning and deep learning 
algorithms in the prediction of drug sensitivity. The existing statistical models provide us 
with a baseline level of accuracy and we find that a more sophisticated, advanced model like 
a Deep Neural Network and a random Forest provides us with a higher performance. 
Nonetheless, several important issues related to the interpretability of the models, data 
integration, and clinical validation remain to be resolved before these strategies may be 
implemented into the everyday practice in the area of precision oncology. 
 

3. Methodology 
Multi-omics data integration of hybrid machine learning (ML) and deep learning (DL) models 
is a new technique to integrate the capabilities of the two techniques to effectively fuse data, 
analyze, and predict in bioinformatics. The following (Figure 1) shows the Algorithm 1, a step-
by-step suggested methodology of implementing this hybrid model to use in data fusion of 
multi-omics in bioinformatics applications, biomarker discovery and personalized medicine.. 
 

 
Figure 1: Proposed methodology 
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3.1 Multi-Omics Data Acquisition 
The Genomics of Drug Sensitivity in Cancer (GDSC) dataset is a valuable resource for 
therapeutic biomarker discovery in cancer research. This dataset combines drug response 
data with genomic profiles of cancer cell lines, allowing researchers to investigate the 
relationship between genetic features and drug sensitivity (see Figure 2).  

 
 

Figure 2: GDSC dataset 
 

The overriding objective in this dataset is to forecast drug sensitivity (using the form of IC50 
values) in response to genomic characteristics of cancer cell lines. This may entail regression 
exercises to give the precise IC50 values or classification exercises to label cell lines as 
sensitive or resistant to certain drugs. Genomic markers related to drug response can also be 
identified using the dataset as shown in Figure 3 (a, b). 
 

 
 

         Figure 3 :a: Distribution of IC50                      



 
Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 1, 2026 

 

1340 

 

 
Figure 3 :b: Numeric Features 

 
3.2. Data Preprocessing  
The Genomics of Drug Sensitivity in Cancer (GDSC) dataset was preprocessed before model 
development to improve data quality and ensure compatibility with the proposed hybrid 
machine learning and deep learning framework. The target variable used in this study was 
LN_IC50, which represents drug sensitivity. As an initial data-cleaning step, all records with 
missing target values were removed because such observations could not contribute reliably 
to supervised learning. After target cleaning, missing values in categorical variables were 
handled using mode imputation. In the present dataset, this procedure was applied to two 
categorical fields, namely cancer conf_ID and microsatellite instability status, because these 
variables were categorical in nature and the manuscript indicates that the missing values 
were replaced by the most frequent category. Categorical predictors such as drug name, 
cancer type, and target pathway were then converted into numerical representations using 
one-hot encoding. In addition, identifier variables, including COSMIC_ID and 
CELL_LINE_NAME, were excluded from model training because they served only as labels and 
did not contain predictive biological information. Numerical variables were normalized using 
Min–Max scaling to place the features on a comparable range prior to modeling. Duplicate 
entries were removed, and highly correlated variables were filtered to reduce redundancy in 
the input space. (see Figure 4). 
1. Removing Incomplete Target Data 
The first step in your data cleaning process is to remove any rows where the TARGET column 
is missing. This is essential because the TARGET variable is usually the outcome you're trying 
to predict in a machine learning model. If it's missing, that row can't contribute useful 
information to your training or evaluation process. 
2. Filling Missing Categorical Data 
Next, handle NULL values in 2 propositional columns: one is a yes/no for cancer conf_ID, and 
the other represents microsatellite instability status. You fill them in with the most frequent 
value of each column. Imputation by mode. This approach is a practical, no-nonsense method 
for handling missing values in categorical features when the missing rate is low. 
3. Converting Categorical Features to Numeric 
Once the missing values are imputed (input variable imputation), we consider converting 
some categorical variables, such as drug name, cancer type, and target pathway, to numerical 
representations. This is achieved using one-hot encoding. Basically, it creates a new binary 
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column for each category, and the machine learning algorithm can work directly on those 
categorical values. 

 
Figure 4: Preprocessing steps 

 
4. Preparing Features and Target 

It starts by separating features (inputs) from your target (output). The LN_IC50 (drug 
sensitivity) is the aim. You also drop identifying data such as COSMIC_ID and 
CELL_LINE_NAME because they are not predictive; they are just labels. 
5.Encoding Categorical Variables 
Even though you've previously encoded it, you go to great lengths to ensure there are no 
leftover categorical variables by converting them all into numeric variables with the power 
of one-hot encoding. This is important for Random Forest because it does not naturally 
process non-numeric data. 
3.3.Feature Selection and Dimensionality Reduction 
Multi-stage feature-selection strategy was used to reduce the dimensions and include the 
most informative predictors. To estimate the effect of each variable, first, the contribution of 
each variable to the prediction was approximated by using Random Forest feature 
importance, which quantifies the effect of the variable across the ensemble. The features that 
had low contribution were deemed to be less informative and were dropped out of the further 
modeling. Second, LASSO regression was used as an in-built feature-selection algorithm. 
Since LASSO includes L1 regularization, it brings the coefficients of weak predictors to zero 
and only the variables whose predictive contribution is non-zero are retained. Third, each 
feature was computed against the target variable using the Mutual Information in order to 
obtain both linear and non-linear dependency models. Features that had greater scores on 
Mutual Information were deemed to be more informative and were kept in order to be 
trained on the model. The last set of features was selected through a combination of the 
results of the importances of the Random Forest and Lasso regression along with the results 
of the analysis of Mutual Information. Cross-validation was applied with the use of k-folding 
to evaluate the robustness of each feature in order to minimize the risk of overfitting, which 
was recorded in Algorithm 1. 
3.3.1 Random Forest for Feature Selection 
Random Forest is an ensemble method of learning that may be applied both in classification 
and regression. It operates by creating various decision trees and integrating their outcomes. 
Random Forest in terms of feature selection offers a feature importance score which is used 
to quantify the utility of each feature to predict, as demonstrated in Figure 5. 
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Its functionality in feature selection: Random Forest calculates the contribution made by each 
feature to the reduction of the impurity of the decision tree (in terms of the Gini Impurity or 
Entropy). The greater the contribution of a feature the greater its significance is to the model. 
Most important features (those that decrease impurity) are picked, and the less relevant ones 
are eliminated. 
 

 
Figure 5: Random Forest for Feature Selection 

 
3.3.2. LASSO Regression (Least Absolute Shrinkage and Selection Operator) 
LASSO Regression is a linear model that performs both regularization and feature selection 
simultaneously. LASSO imposes a penalty on the coefficients of less important features, 
effectively shrinking them toward zero. If a feature has a zero coefficient, it is irrelevant, and 
therefore the model can be considered to have excluded it. LASSO inserts a term in the least 
squares optimization that is proportional to the absolute size of coefficients (ie, L1 penalty). 
This will result in fewer significant features having zero coefficients. Benefits: The end result 
is a model with fewer predictors, containing only the most important ones. 
 

• It is known that LASSO has a built-in feature selection mechanism, setting some 
coefficients to zero. Features with non-zero coefficients are picked after training. 

• Cross-validation is an essential concept for verifying that your selected features from 
the dataset are not only useful but also generalise well to unseen data, thereby 
avoiding overfitting. When selecting features, it is very important to validate them 
using cross-validation, or else you're at risk of overfitting – where your model does 
well on the training data but starts making bad predictions on completely new data. 
 

3.4.Feature Selection Using Mutual Information 
MI provides a statistical framework for computing the amount of information that is jointly 
shared by two variables. In the context of feature selection, MI quantifies how much 
information a given feature carries about the target. The aim is to filter out uninformative 
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features that are directly correlated with the target variable (in this case, disease status) and 
retain informative features. 
 
Mutual Information is very effective, especially when relationships between features and the 
target are non-linear or complex. It aids in capturing linear and non-linear relationships and 
is therefore more flexible than traditional linear correlation tests. Procedure of Feature 
Selection Based on Mutual Information 
1. Compute Mutual Information Between Features and Target Variable 
One should compute the Mutual Information of each feature and the target variable first. The 
concept of Mutual Information could be calculated in the following general formula:

 
Where: 
I=communicated information between the target Y and the feature X. 
Where x is a feature and y is a target, p (x,y) is the probability distribution of both. 
p(x) and p(y) The marginal probability distribution of the feature and target. 
In machine learning libraries like scikit-learn, there are built-in functions to compute mutual 
information. 
2. Select Features with High Mutual Information 
Once the mutual information scores for all features are computed, the next step is to identify 
the most informative features by selecting those with the highest mutual information with 
the target variable. Features that have a high mutual information score with the target are 
deemed more relevant because they provide significant information about the target 
variable. These features are retained for model training. 
3. Rank and Threshold Selection 
After calculating the mutual information scores, you can rank the features based on their 
scores. You can set a threshold value for the mutual information score to decide which 
features to keep. 
•Top N Features: Select the top N features with the highest MI scores. 
•Threshold-based Selection: Alternatively, you can set a minimum threshold for MI scores 
and keep only the features with a score greater than this threshold. 
 
3.5 Model Design and Architecture 
The proposed predictive framework combined classical machine learning models with a deep 
learning model in a hybrid architecture for multi-omics drug-sensitivity prediction. For the 
machine learning component, Random Forest and Support Vector Machine models were 
trained on the selected feature set. Random Forest was chosen because it is well suited to 
structured, high-dimensional biological data and can provide robust prediction while also 
supporting feature importance estimation. Support Vector Machine was included to 
complement the ensemble model with a margin-based learner capable of handling complex 
non-linear relationships in the selected feature space. For the deep learning component, a 
Long Short-Term Memory network was used. The manuscript identifies LSTM as the deep 
learning architecture because of its ability to learn complex patterns in high-dimensional data 
and to complement the machine learning branch in the hybrid framework.  
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Model integration was implemented through a hybridization strategy in which the 
predictions or learned representations from the machine learning models and the LSTM 
model were combined using a meta-model. The manuscript describes stacking as the 
principal integration strategy, while also acknowledging weighted averaging or voting as 
possible alternatives. In the present framework, the hybrid design was intended to exploit 
the robustness and interpretability of classical machine learning together with the 
representation-learning capacity of deep learning, thereby improving the predictive 
performance of the system on GDSC multi-omics data. 
 
3.6.Feature Fusion 
Feature fusion was performed by combining information learned from the classical machine 
learning models with information learned from the deep learning model. As described in the 
manuscript, this stage involved integrating raw or transformed features from the machine 
learning branch with features learned by the LSTM branch. Fusion could therefore be 
achieved through feature concatenation or through the transfer of deep representations into 
a machine learning stage. In the final hybrid framework, the combined feature representation 
was used to train the integrated predictive model. The purpose of this fusion step was to 
exploit complementary information extracted by the different modeling paradigms and 
thereby strengthen prediction accuracy in the presence of high-dimensional, heterogeneous, 
and interdependent omics data. 
 
3.7.Training the Hybrid Model 
Model development and evaluation were conducted using k-fold cross-validation. In each 
validation round, the model was trained on the training partition and evaluated on the held-
out fold in order to reduce the risk of overfitting and obtain a more reliable estimate of 
generalization performance. The manuscript further states that the validation set remained 
separate from the training data during model development. For the deep learning 
component, training was carried out using a learning rate of 0.0001 and a batch size of 32. 
These settings were applied during training of the LSTM branch within the hybrid 
framework. The same validation procedure was used to assess the performance of the 
individual machine learning models, the deep learning model, and the final hybrid model. 
 
3.8. Performance Metrics 
The coefficient of determination (R 2 ), mean squared error (MSE), root mean squared error 
(RMSE), and mean absolute error (MAE) were used in evaluating the predictive performance 
of the proposed hybrid framework. These measures were employed to evaluate 
complementary predictive performance measures. R 2 was a measure of the percentage of 
variance in LNIC50 accounted by the model, MAE, RMSE and MSE were measures of 
prediction error. Based on the reported findings, the last hybrid model was found to have an 
R 2 equal to 0.991, an MAE equal to 0.0726, an RMSE equal to 0.1113 and an MSE equal to 
0.0109, meaning the hybrid model exhibits high predictive value and minimized drug-
sensitivity estimation error.  
 
It is the best complete replacement I can give out of the document alone without creating the 
details of the method. The unresolved issues with the critical importance include the precise 
post-preprocessing sample size, the retained features count, the correlation threshold, the 
complete random forest and SVM parameters, the precise LSTM architecture, the amount of 
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epochs and the k value used in cross-validation. None of these values is seen in the uploaded 
manuscript. 
 
Algorithm 1: Proposed System of the GDSC multi-omics dataset 
Step 1:LOAD dataset (GDSC multi-omics dataset), extract labels for drug sensitivity 
prediction. 
Step 2: Preprocessing 
- Data Cleaning and Quality Control 
- Remove duplicate entries 
- Normalize numerical features (Min-Max scaling) 
-Feature Engineering 
- Remove highly correlated features based on a threshold 
Step 3: Feature Selection and Dimensionality Reduction 
-Feature Selection using different methods (Random Forest, LASSO regression) 
- Compute Mutual Information between features and target 
- Select features above a defined threshold 
-Cross-Validation for feature robustness (k-fold cross-validation) 
- Store best-selected features 
Step 4: Model Design and Architecture 
-Train Machine Learning Models (Random Forest & SVM models on selected features) 
- Combine predictions from multiple models using a meta-model 
Step 5: Train Deep Learning Models 
-Train a Long Short-Term Memory (LSTM) network 
Step 6: Model Integration (Hybridization) 
-Combine ML and DL models 
-Concatenate learned features from ML and DL models 
-Train the final hybrid model using the combined feature set 
Step 7: Model Evaluation 
Calculate performance metrics: 
- R2, MSE, RMSE, MAE 
 

4. Results and Discussion 
The hybrid machine learning and deep learning model with the suggested framework 
achieved the high predictive accuracy in drug-sensitivity prediction on the GDSC dataset. The 
model had R 2 of 0.991, MAE of 0.0726, RMSE of 0.1113, and MSE of 0.0109 and summarised 
in Table 1 in Fig 6. These values showed that the model described a great fraction of the 
variance in LN_IC50 with reduction of small absolute and squared prediction error. In an 
experimental background used in the current research, the findings suggest that combining 
classical machine learning frameworks with an LSTM-based deep learning framework 
worked well in order to have a complex and heterogeneous structure of multi-omics data. 
The results as in Table 1 and Figure 6 also need to be viewed against the methodological 
pipeline in Figure 1 above in which, preprocessing, feature reduction, hybrid modeling and 
evaluation were all linked together in one workflow. Table 1: Results of the Proposed Method. 
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Matric Value 

R2 0.991 

MAE 0.0726 

RMSE 0.1113 

MSE 0.0109 

 
Table 1 shows in more detail the behavior of the model by the error values it gives. The MAE 
of 0.0726 shows that the average of the predicted and measured values of LN50 was not very 
large, but the RMSE of 0.1113 indicates that the magnitude of the residues was constrained. 
The value of MSE 0.0109, as presented in Table 1 and demonstrated in Figure 6, also fits the 
regularity of the model predictions to the analyzed samples. All these indicators together 
indicate that the hybrid structure not only explained all the data quite well, but it also 
preserved a small profile of errors in prediction. This is expected in accordance with the 
feature-selection as were the steps stated in the methodology, in which the importances of 
the Random Forest, LASSO regression and mutual information were utilized to exclude non-
informative variables and minimize overlaps and redundancy during model training.. 
 

 
Figure 6: Proposed Method Results 

 
Simultaneously, these results should be interpreted carefully. Even though the likelihood of 
optimistic evaluation decreases due to the use of the cross-validation strategy in the 
methodology, the abnormally large R 2 deserves special attention to the risk of overfitting. 
Figure 1 below depicts the workflow and Figure 5 above describes the feature-selection 
process that was used to minimize the risk of duplicate records, normalization of numerical 
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variables, filtering of highly correlated features, and validating the feature robustness of the 
final model using cross-validation. However, there was no validation on another dataset or 
on independent dataset in the present study. It is due to that reason that the results presented 
in Table 1 and Figure 6 indicate excellent internal predictive power, yet, they do not provide 
transportability besides the independent cohorts or different experimental conditions as yet. 
This limitation must be mentioned point-blank, as the present manuscript already 
acknowledges the fact that extrapolation on unobserved external data has not been proven.  
 

Table 2: Our work comparison with related studies. 

method R2 MAE RMSE MSE 

Ridge Regression 
[25] 

0.986 0.07588 0.11716 0.0137 

linear Regression 
[25] 

0.986177 0.0764 0.11756 0.13823 

linear Regression 
[27] 

0.69 1.09 1.58 2.5 

Random Forest 
Regression [27] 

0.99 0.16 0.29 0.08 

XGBoost Regression 
[27] 

0.98 0.26 0.36 0.13 

Our Work 0.991 0.0726 0.1113 0.0109 

 
The useful nature of the offered method can be more clearly understood in the results of the 
comparison in Table 2 and Figure 7. The suggested framework yielded a better R 2 (0.991) 
and the reduction of MAE (0.07588), RMSE (0.11716), and MSE (0.0137) compared with 
Ridge Regression [25] (0.986). The absolute increase in R 2 in the model compared to 
Random Forest Regression [27] was less, which was 0.99 to 0.991, but the decrease in 
prediction error was greater: MAE to 0.0726, RMSE to 0.1113, and MSE to 0.0109. The 
difference to that of XGBoost Regression [27] was even greater, with the proposed model 
scoring higher on R -squared, 0.98 and 0.991; there was a smaller MAE of 0.0726, RMSE of 
0.1113, and MSE of 0.0109. These comparisons as shown in Table 2 and Figure 7 in point to 
the major benefit of the proposed hybrid architecture, the better explained variance, but 
more significantly the substantially reduced prediction error. 
Behaviour in Table 2 and Figure 7 can be viewed and understood in reference to the 
methodology fabricated in Figure 1. Traditional regressors like the Ridge Regression and 
classical Linear Regression use a less generalized form of the representation of the 
relationship between predictors and response and the suggested framework brings the 
feature-space refinement and hybrid prediction together. The dimensionality-reduction 
stages outlined in the methodology and relating to Figure 5 help then train dimensionalities 
and then enables the model to infer organized relationships, as well as more complicated, 
nonlinear interactions. This combination seems to offer superior trade-off between variable 
screening and predictive modeling compared to the single-model versions of the same in 
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Table 2, in the context of multi-omics data, where the space of features is high-dimensional, 
and heterogeneous. 

 
Figure 7: Comparison of our work with related studies 

 
Despite this fact, the analogy should also not be exaggerated. The methods described in Table 
2 were compiled based on related literature and were not necessarily compared on the same 
preprocessing pipeline, feature sets or evaluation. Table 2 and Figure 7 should therefore be 
viewed as reflective evidence between the context of the reviewed literature but not 
necessarily as vestigial evidence of universal excellence across all conditions of the analysis. 
It is safe to say that in the comparative context that is gathered in this manuscript, the 
minimum reported error values and maximum reported R 2 were found in this proposed 
method.  
One more aspect that should not be excluded in the discussion is interpretability. Despite the 
fact that the hybrid architecture increased the accuracy of the predictions, it includes LSTM 
component, which causes the inference mechanism to be not as transparent as the simpler 
tree-based approaches. This matter holds significance since in bioinformatics and precision 
oncology, in many situations interpretability is important, especially since it may 
subsequently be accompanied by an association of model outputs with biomarker discovery 
or treatment prioritization. The paper thus has the advantage of reporting that the 
framework enhances predictive performance as observed in Table 1, Table 2, Figure 6 and 
Figure 7 although some model description and external validation is left to be done before 
generalized practical assertions could be done.  
The results available in Table 1 and Figure 6, along with the evidence of comparison as 
presented above in Table 2 and Figure 7, show that the generated hybrid ML-DL framework 
is effective with the analyzed GDSC data in the context of internal drug-sensitivity prediction. 
Simultaneously, a complete workflow shown in Figure 1 demonstrates that it is not a single 
architectural decision that allows making the results quality but a combination of 
preprocessing, features selection, and model integration. It is a moderate interpretation that 
therefore the proposed framework enhances predictive accuracy in the existing data and 
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provides a methodologically consistent foundation upon which additional justification is 
made on independent groups. 
 

Conclusion 
Consequently, the fact that our hybrid ML-DL architecture has been trained to make multi-
omic drug sensitivity predictions has shown that it can achieve better prediction than the 
traditional methods and thus is a suitable representative of such capabilities. A combination 
of powerful singular feature selection algorithms, Random Forest, LASSO, and Mutual 
Information, with the models being designed based on the Random Forest and the LSTM, is 
able to achieve state-of-the-art R 2 of 99.1 on data in the test set. The MAE, RMSE, and MSE 
are very low and it means that the predictive accuracy of our results is good and we could put 
our trust on our results. The hybrid framework is particularly significant as it deals with such 
critical issues in multi-omics as dimensionality of data, redundancy and complex associations 
between features and targets. In comparison with the other work, our model is not only better 
in predictive performance, but also better in generalizing due to paying attention to non-
redundant informative features. Still, interpretation and external validation are somehow 
problematic. The model will be improved in the future through the use of a larger cohort and 
explainable AI methods, which are useful to apply AI in personalized medicine.. 
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