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ABSTRACT 1\\

Due to their recurrence and complex biology, brain tumors remain among the most challenging cancers and
significantly contribute to global cancer mortality. With continuous development in precision oncology,
accurately predicting patient-specific drug responses is essential for effective treatment and drug design. In this
study, we propose a novel multimodal framework utilizing a Light Gradient Boosting Machine (LightGBM)
regressor for brain tumors drug response prediction. The model integrates both biological and chemical data
features using three modality-specific Variational Autoencoders (VAES) to encode gene expression, gene
mutation, and drug molecular fingerprint features respectively. The integrated feature representations are used by
the LightGBM regressor to predict the half-maximal inhibitory concentration 1Cso of drugs. Reliable results are
obtained using subject-level stratified nested cross-validation. Our model has yielded improved RMSE and
correlation R2 values 1.12 and 0.76, respectively. These results are statistically significant (p<0.05) as compared
to several existing models. Furthermore, using proposed model five FDA-approved drugs with the most accurately
predicted 1Cso values were identified. Using the statistical apdT¥sis of Glioblastoma (GBM) cell lines, we explored
several over-expressed genes: EGFR, MKI67, BIRC5, TOP2A, AURKA and under-expressed genes: GFAP,
MBP, NEFL, SLC1A2, PLP1., highlighting their biological roles in tumor progression and suppression. For
clinical perspective, we have carried out the Survival analysis that showed that highly expressed tumor genes did
not significantly affect normal patient survival (p > 0.05). It is anticipated that this study would be useful in
precision oncology for anticancer drug development.
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1. Introduction

Brain tumors are highly e@neous diseases that is characterized by complex biological mechanisms and

limited therapeutic effegti s. Brain tumours contribute significantly to global cancer mortality. As shown in

Figure 1, mortality fr n tumours is high across all continents. This figure highlights that brain tumour deaths

are highest in Asi the lowest in Oceania. However, brain tumour death in Europe has a high impact, while

other continen oderate levels of mortality. This mortality differences reflect healthcare quality across the

population @
r

The growth of tumor cells is mainly caused by DNA damage and uncontrolled invasion into surrounding
tissu h rapid and irregular cell activity leads to malfunctioning of vital organs and leads to severe health
complieations. Genetic disruptions in brain tumors can harm several biological mechanisms such as cell apoptosis
[2], DNA repair mechanisms and cell cycle checkpoints.

The Glioblastoma multiforme (GBM) is one of the most aggressive and hard to treat forms in the brain tumors.
This type of tumor is the most common primary brain tumor [3]. In adults, brain tumors often progress rapidly
and show resistance to existing treatments. Despite rigorous treatment protocols, GBM frequently develops drug-
resistant clones [4]. This complicates the therapeutic decision-making efforts and reduce treatment efficacy. Due
to its selective nature, the blood—brain barrier (BBB) poses a major challenge in the effective treatment of brain
tumors [5]. This prevents over 95% of therapeutic compounds from entering the central nervous system. Even
when the BBB becomes leaky in glioblastoma, drug build up stays low because transporters like P-gp push drugs
back into the blood.
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In GBM tumour tissues, gene expression levels play major clinical and biological role in pathway dysregulation.
The variation in gene expression level would help to identify significantly unregulated genes. This would highlight
their potential role in cancer initiation and progression. These genes are widely recognized as key biomarkers of
cell proliferation. As compared to the gene expression in the normal tissue, genes in the brain tumour (EGFR,
MKI67, BIRC5, TOP2A, and AURKA) have shown over/under expression. They actively involved in tumour
initiation and progression. These highly expressed genes can be potential biomarker for therapeutic targets.
Among these genes, AURKA is a key regulator of mitosis and is strongly associated with uncontrolled cell
proliferations[6][7].

In this study, through the statistical analysis of GBM cell lines, we identified over-expressed and under-expressed
genes by comparing the expression levels of brain tumour samples with normal tissue samples. We also
highlighted the biological roles of these highly expressed genes. Further, in the study, we statistically found under
expressed genes such as GFAP, MBP, NEFL, SLC1A2, and PLP1. Their abnormal expression highlights their
potential biomarker and therapeutic relevance. The detailed analysis of these over/under expressed genes é&en
in the differential gene expression analysis. Furthermore, we analysed these genes using the cancer g tlas
(TCGA)[8] data that revealed their statistical significance between tumour and normal samples. Alt , their
survival analysis through Kaplan-Meier (KM) curves indicates no strong correlation betwe@expression

levels and patient outcomes [9].
a

Due to less availability of genomic profile, cancer is being treated through conven@ ns. Still major cancer
treatment methodologies include surgery, chemotherapy, immunotherapy, radiothefapy etc. However, these

methods have certain limitations explained in [10]. In this scenario, the development in precision oncology would
be helped by accurately predicting patient-specific drug responses[11]. It is very important for effective drug
design and treatment strategies. However, with the increasing availability of large genomic and chemoinformatic
datasets such as GDSC[12], CCLE [13], TCGA [14], ChEMBL [15], DrugBank [16], and PubChem [17]. This
publicly available dataset has accelerated research in the computational oncology for personalized cancer

therapies. \V

In the study, we have developed several traditio learning (ML) models (support vector machines
[18]and random forests [19], multi layer perceptro for drug response prediction. However, these simple
models often faced challenges in the high dimensionality of the biological data and complex heterogeneity present
in the genomic data. In this scenario, we yed advanced ML method such as variational Autoencoders
(VAEs) for useful feature extraction @2], 23]. We developed VAE-based Gradient Boosting Machine
(LightGBM) regressor to enhanceshe predietion accuracy of drug response prediction.

In this study, first, we develo imodal learning framework that integrates genomic and chemoinformatic
data. This framework emp e modality-specific VAES to encode gene expression, gene mutation, and drug
molecular fingerprint d generated features from multimodal framework are processed through LightGBM
regressor. Our predi odel has utilized light gradient boosting machine for predicting drug response of
minimal inhibitor ration 1Cso values. The VAEs multimodal framework preserved the biologically
important feat@v ile modelling complex data. The proposed LightGBM model has performed better due to its
leafwise trge’g h and histogram-based tuning modelling. Our model has performed well in comparison with
sev dr@esponse prediction models such as KMBTL Kernelized Multi-task Learning [24], the hybrid
conv al framework, the neighbour-based collaborative filtering model, and the Weighted Graph
Regulgrized Collaborative Matrix Factorization (WGRCMF) [25]. The detailed description of these prediction
models and conventional models such as MLP, SVR and RF are given in the supplementary materiel file. We
evaluate and compare performance of drug response prediction models in terms of root mean squared error
(RMSE) and coefficient of determination R?.

Main Contributions:

@ In the study, we developed a novel VAE-LightGBM regressor by integrating genomic and chemical
features to predict drug response.



@ Using proposed regressor model, we identified most accurately predicted 1C50 values of drugs such as
Erlotinib, Linifanib, Pictilisib, and Acetyleshikonin. Furthermore, by analyzing GDSC dataset based on
the lowest IC50 values, we identified most potent FDA-approved drugs such as Midostaurin, GW-2580,
FMK, Imatinib, and A-443654.

@ From the statistical analysis using volcano plot, we identified several over-expressed genes and under-
expressed genes. Furthermore, we compared their gene expression in tumor samples with normal tissue
samples. The biological role of these genes is highlighted.

@ For clinical perspective, the survival analysis of these over/under expressed genes is carried out.

Remaining part of the paper is summarized as follows:
The remainder of this research is structured as follows: In Sect. 2, we will provide our proposeehML
methodology. Section 3 provides detailed feature extraction and dataset preprocessing. The di on
of the experiment results is covered in Sect. 4, followed by the conclusion and future diwcti@

2. Proposed methodology of LightGBM model Q

We developed LightGBM model using VAE based multimodal learning framework for sponse prediction
of brain tumor cell lines. The proposed model uses three different VAE to handl r%p ogical features gene
expression, gene mutation, and cheminformatics features like molecular fingerprints A approved anticancer
drugs. We obtained gene expression and gene mutation biological features fro DSC dataset. From a biological
perspective, gene expression patterns illustrate the cellular context of medica?&ésponse from cancer cell lines
of patients suffering from brain tumor. The variable threshold-based filt % od was employed to handle the
curse of dimensionality. This helped to prevent model overfitting whi dling large data instances. These
preprocessed biological and cheminformatics features are integral fed into the proposed model for the
prediction of drug response as ICsq values. Figure 2 represen eVglata-processing module and the proposed
framework for regression model prediction. The data fronf’ ermression, gene mutation, and drug chemical
structures are preprocessed and feed into VAE frameworkgseparately with the aim of useful feature extraction.
These features are then concatenated into a single v or@re used to train the LightGBM regressor model to
predict drug response for 1Cs values.

2.1 Data Preprocessing stage:@ >

Traditional drug screening metho as 2D cell culture assays, face problems to capture the complete spatial
complexity and cellular heter of tumor environments. This limitation highlights the need for advanced
ML-based approaches to p armacological responses more accurately. With the availability of large-scale
genomic datasets and powe ML algorithms, we can develop reliable drug response prediction models. Public
repositories like GD 4@ d CCLE have comprehensive pharmacogenomic data for improved cancer drug
response predictio € current work, we selected 1,478 genes in 56 brain tumor cell lines from the GDSC
dataset. The 2" @s omprised on anticancer drugs that is used for brain tumor treatment. We have employed
SMILES (sim;@j molecular input line entry system) format[26] of drugs retrieved from PubChem dataset. The
molecular ors are converted into the binary representation using RDKit python Library [27].

of d odality such as gene expression, gene mutation, and drug chemical structure. We retrieved gene
expression profiles of 1,478 genes from 56 brain tumor cell lines using the GDSC database. This helped us to
understand tumor biology and its drug response. Further, we also collected binary mutation data for the same
genes and cell lines, marking O for wild type and 1 for mutation. In addition, we have obtained chemical structures
of 220 anticancer drugs from the PubChem database. These were converted from SMILES format to ECFP4
fingerprints. Among the 56 brain tumor cell lines, most are classified as glioblastoma multiforme (GBM),
however, others included low-grade glioma (LGG) and medulloblastoma [28]. This provide a diverse range of
tumor subtypes for analyzing therapeutic responses. Table 1 presents an exemplary 10 anticancer drugs including
their PubChem compound IDs, molecular formulas, SMILES representations, and 2D structures.

In trw, first, datasets are collected from public cancer research databases. Then, we employed three types



2.2 Data Preprocessing

Firstly, we removed those cell drug combinations, for which 1Csy values were missing or redundant to retain
complete data instances. Gene expression profiles were normalized through z-score normalization for symmetry
among genes. Gene mutation data were binarized, where 0 indicated wild-type and 1 represented mutation status.
This ensured a consistent representation that would enable effective latent feature learning using Variational
Autoencoders (VAES). In the 2nd step, for drug chemoinformatic features, SMILES notation is used for drug to
transform into 1024 bit binary Extended-Connectivity Fingerprints (ECFP4) using the RDKkit library. This library
is widely employed for encoding molecular structure information. Next, dataset of three different modalities (gene
expression, gene mutation and chemical structures of drugs) were integrated by aligning corresponding drugs with

cancer cell lines. (b’

2.3 Cross-Validation Technique ¢ O

To address the limitations of the single hold-out split, we have employed subject-level stratifi Sfold Cross-

validation (CV). This technique will help to improve the robustness and generalizabilit model. The

integrated dataset is obtained by combining the three modalities of gene expression@umtion, and drug
a

chemical structures. All samples were derived from 56 unique brain tumor cell li partition, subject-
level 5-fold cross-validation was performed. In the scheme, the cell lines were d into five folds, with
stratification based on tumor subtypes such as glioblastoma multiforme (GBM), low-grade glioma (LGG), and
medulloblastoma. This would ensure that each fold preserved the overafl distribution. To prevent data
leakage, we placed all drug—cell line samples from the same cell line inﬁ d. This ensured that each cell line
appeared only one-fold and that the test data contained only unseen ines.

S.

Nested Cross-Validation for Hyperparameter Tuning: T@event the test fold from influencing the
hyperparameter tuning, we implemented a nested model s strategy. Inside each outer fold, we created a
separate inner validation set to tune the LightGBM d@i apply early stopping. Training was stopped after
100 iterations if the RMSE did not improve. We p normalization and feature scaling on the inner training
data only and then applied them to the validation test data, ensuring stringent leakage control. The full
pipeline, including VAE and LightGBM training, was repeated separately for each of the five outer folds. Figure
3 represents different pre-processing stages, for effective feature extraction for the development of improved
prediction models. %

2.3 VAE based muItimc@ arning framework

VAEs is generative m oyed to extract useful hybrid features that capture complex and nonlinear patterns
in high-dimensiona pression data. The method compresses the input data space into a smooth latent space
by effectively re @10 e. This model retains biologically meaningful features for further downstream analysis
[29], [30], [31@% study, we employed VAEs for efficient feature extraction to predict drug response for brain
tumor cell@. he hybrid feature space is developed using three distinct modalities for gene expression, gene
mutatign datayand cheminformatics data features like molecular fingerprints of cancer drugs. Each of these distinct
vari%utoencoders have uniform architecture configuration consisting of an encoder, a feature representation
featurg”space. We have used encoder with three fully connected layers containing 256,128 and 64 neurons
respectively. Each layer of encoder followed by a batch normalization and a dropout layer at a rate of 0.2 to resist
20% of neurons for training that help to avoid over fitting. The encoder output is divided into two parallel dense
layers with 32 neurons each. One layer generates the mean vector (u), and the other produces the log-variance
vector (log 62). A latent feature vector (z) is then created using stochastic sampling that enable backpropagation
through the network as follows in Eq. (1):



z=u+o-®, where, where ® € N(0,I), and ¢ = exp(0.5log(c?)) Eq. (1)

This produces an enriched 32D latent space representation z for each input. The decoder mirrored the encoder
architecture having three layers with 64, 128, and 256 neurons, respectively. The Batch normalization process and
the dropout layers were used in the same way as in the encoder so that the feature space could be normalized that
helped to prevent the model over-fitting. The sample latent feature space z was reconstructed for gene expression
data. The reconstruction loss was calculated using mean squared error (MSE) as follows in Eq. (2):

1 -
MSELoss = — i, (x; — £)? Eq. (2)
Similarly, for gene 6 binary cross entropy (BCE) as follows in Eq. (3):

BCE = — 23, [yilog®) + (1 - yDlog(1 - )] ¥
N o

)

where, N represents the total number of samples, yi denotes the true label for each sample (gi or 1), and yi®
indicates the predicted probability that the sample belongs to class 1. This measure é&\es how well the
predicted probabilities match the actual binary outcomes. To make the reconstructe ea&s ore like the original
input features, we used Kullback-Leibler (KLD) divergence [32]. This mezi%? esses how much the
reconstructed feature space is different from the original input space. This measure is calculated as follows in Eq.

(4): o
KLD = 3L (1 +log(o l)Qir o?) Eq. (4)
The total training loss for all three VAES is represe oIIows in Eq. (5):

LVAE econ "Ly Ea. (5)
where B represents a coefficient of regularization that\;ates balance between the reconstruction accuracy (Lrecon)
and latent space regularization. After the succes§ful completion of VAE training, the gene expression variational
autoencoder (VAge) has generated a useful 3 ne expression latent vector (LV ). Similarly, the gene mutation
autoencoder (VAgm) has yielded a Iat r r the gene mutation (LVgm) of 32D feature space. Finally, the
third autoencoder (VAchem) has g erate atent vector (LVcnem = 32D) for the drug cheminformatics feature
space. These 32D vectors from ea toencoder were then integrated to form a 96D hybrid feature space for each
drug and cell line pair. These f ere then used to train and test the LightGBM regressor for that specific
fold. The proposed model has@tlvely utilized this hybrid feature space to accurately predict 1Csq values.

N

O

2.4 VA ed hybrid feature learning

All thige variational autoencoders were trained separately, for each outer cross-validation fold, using the inner
training and validation splits. The VAEs showed robust and accurate reconstruction performance. For Gene
Expression, we found the value of 0.0034 for mean minimum validation loss across all folds. However, the mean
Binary Cross Entropy (BCE) losses for Gene Mutation and Drug Cheminformatics were 0.00004316 and
0.00002114, respectively. This indicate effective learning of high-quality binary feature spaces. Figure 4 (A-C)
show the loss curve for training and validation data using gene expression, gene mutation, and drug
cheminformatics. From these figures, we observe closely convergence between the training and inner validation
data. These figures with their exponential decreasing loss trend highlight effective VAE learning in the high-
dimensional feature space across all modalities. For gene expression data, we noted a minor gap around 0.05
between training and validation losses. In contrast, the gene mutation and drug cheminformatics losses have



demonstrated stable learning for the binary features. In general, we obtained a convergence around 50 epochs that
informed us of the early stopping criterion.

3. LightGBM model development

We used the LightGBM algorithm, based on decision trees, to predict ICso drug response. It can effectively learn
complex nonlinear relationships between genes and drugs. The model was trained using hybrid features derived
from gene expression, gene mutation, and drug cheminformatics features. During training, LightGBM employed
the gradient boosting process. The weak learners were added step by step to reduce the prediction error. We used
the RMSE measure as the loss function for continuous ICsg values. The integrated hybrid features were effjgiently
used by the LightGBM regressor to accurately predict the drug response in brain tumor cell lines. @

LightGBM employed rectified linear unit (ReLu) activation function for efficient Iearnin@id feature
representation that avoid the vanishing gradient problem as well. The LightGBM regress tegrated with VAE
tries to improve next prediction ¥ iteratively as follows in Eq. (6): &

Pr=9ED - fi(x) Eq. (6)

Here, n represents the learning rate, which controls the weight update pr egax) denotes the output of each
trained residual. A small learning rate (1 = 0.005) was chosen to e &adual and stable learning across
iterations. We used 5000 boosting rounds that achieved sufficient ing depth and model flexibility. Unlike
other tree-growing methods, LightGBM grows trees leaf-wise i @’i’evel—wise to improve accuracy. In this
way, the leaf nodes are expanded to provide the greatest e(@)n in the loss function. To manage model
complexity, the maximum tree depth was set at 7 and the praximum number of leaves limited to 64. Moreover, to

avoid model over-fitting problem, we used optimal b samples (40) for a split.

We set the random training subsample value at 0. e random feature subset parameter (colsample_bytree)
at 0.6. This would help to minimize bias agd enf@nce model generalization. This setting also improved
regularization during training. Both L1 and gularization parameters were set to 0.12. Here, w; denotes the

weight of each leaf, o and A represemyt gularization strengths of L1 and L2, respectively. These penalty
parameters (o and A) regulates the deaf we and model complexity as follows in Eq. (7):

@o 1 = Lryse + aX|ow;| + 1Y w? Eq. (7)

We incorporated an topping criterion to enhance the efficiency of the training process. This approach
continuously obse MSE values on the validation dataset. The training process is stopped after 100
iterations if there i appreciable improvement is obtained. This strategy helped to reduce the computational
costs and pre@d the model from learning noise or irrelevant data. Figure 5 illustrates the detailed
implementation strategy of the LightGBM model development.

4, It d Discussions

In thissection, we explain different statistical analyses to understand the biological and clinical impact of different
gene expressions in brain tumors. First, we describe performance analysis of the proposed prediction model with
several baseline models and existing models. Their performance is evaluated in terms of RMSE and R? metrics.
Then, we explain the most accurately predicted drug and their therapeutic impact. From GDSC dataset, we
observed the most potent drugs having minimum ICso values. Their ICsp values highlight the minimal inhibitory
concentration to obtain the maximum sensitivity or resistivity of drug. In the second phase, the statistical gene
analysis is carried out to identify the over-expressed and under-expressed genes that has potential to contribute to
brain tumor progression and suppression. Finally, we compare the gene expression levels in brain tumor samples
with those in normal brain tissues. For clinical perspective, we carried out survival analysis of over/under
expression genes with normal brain tissues.



4.1 Comparative Analysis of prediction models

Table 2 highlights the performance of our proposed model with several existing models SVR, RF and MLP, Hybrid
CNN, NCFGER, KMBTL and WGRMF. All these models are trained using the same integrated biological and
chemoinformatic feature representations. Their predictive performance was evaluated using metrics like RMSE
and R2. The reliable results are obtained using five-folds subject-level stratified cross-validation. Our model has
yielded improved RMSE and R2 values of 1.12 and 0.76, respectively with low standard deviations (SDs) across
the folds. Among the existing models, MLP (1.14) and Random Forest (1.15) have achieved relatively lower
RMSE values as compared to SVR (1.31), WGRMF (1.37), and Hybrid CNN (1.46). This indicate MLP and
Random Forest obtained better prediction accuracy. The proposed VAE-LightGBM model achieved the lowest
RMSE value at 1.12. This demonstrates the better performance of our model as compared to all other models in
terms of RMSE. The statistical test was carried out using paired t-test, where the proposed model has ob% t-
value of 4.27 with p-value 0.003. This highlights that our model prediction performance is statist'wall@g)n Icant

(p < 0.05). N

Further, Table 2 compares the performance of our proposed model with several existing mo@ terms of R2
measure. The value of the coefficient of determination (R?) shows how well the model fi ata. A higher R?
value means better prediction performance. Among the previous existing models, P40.82yand Random Forest
(0.81) have performed better than SVR (0.77), Hybrid CNN (0.72), NCFGE 53)y KMBTL (0.51), and
WGRMF (0.41) models. However, our model has achieved the highest R2 Score of 06 show that 76% of 1C50
values are predicted accurately. Figure 6 show the scatter plot betweeg ac%nd predicted 1C50 values for
LightGBM model with MLP, SVR and RF. This figure shows the imprgve rformance of our model with
baseline MLP, SVR and RF. This indicate the improved performance ofjgur el in terms of R2 as well. Further,
our model has obtained t-value 4.36 with p-value of 0.025, that shoywgighificant improvement with our model.
This means, overall, the proposed model predicts more accuratelythan’the other predictors. This is due to the
integration of useful VAE features employed for LightGBM evelopment that has enhanced the model

prediction accuracy. \

4.2: Biological implication of the most acc%y predicted drugs

Using proposed regressor model, we identified most accurately predicted 1Cso values of drugs such as Erlotinib,
Linifanib, Pictilisib, and Acetyleshikonin. In further analysis, we identified five drugs FDA approved drugs from
the testing GDSC dataset. Our model showed the best prediction of 1Csq values for Midostaurin, GW-2580, FMK,
Imatinib, and A-443654. The model has achieved the lowest RMSE values of 0.186, 0.277, 0.322, 0.330, and
0.332 for these drugs.

Table 3 presents several FDA approved drugs with their biological activity in brain tumor and their important
therapeutic effects. For these drugs, our predictor effectively captured the complex relationship between the hybrid
features from the VAE and their target bioactivity. The VAE-based hybrid features have captured the most relevant
patterns that fit well with the data distribution. This is since our model employed the most relevant hybrid features
to better fit with the underlying data distribution. The improved performance metrics show that our model can be
useful for predicting new drugs with unknown bioactivities. The accurate prediction of the proposed model would
help to establish improved treatment strategies.

Furt e, by analyzing GDSC dataset based on the lowest 1Cso values, we have identified only five most potent
FDA-approved drugs such as Midostaurin, GW-2580, FMK, Imatinib, and A-443654. Their 1Cso values highlight
the minimal inhibitory concentration to obtain the maximum sensitivity or resistivity of drug.

4.3 Statistical Gene Expression Analysis

We carried out statistical gene analysis to identify the over-expressed and under-expressed genes for GDSC dataset
using volcano plot as shown in figure 7. We selected several abnormal genes and explained their biological impact
in brain tumor progression and suppression using recent literature. The GDSC database used cell lines to provide
genomic drug response and gene-cell line associations with differential expressions. The clinical perspective of
these highly expressed genes (HEG) is analyzed. Further statistical analysis is carried out using genomic TCGA
dataset for HEG. This genomic data resource contains additional information related to brain tissue across normal
and tumor cell lines, which are missing in the GDSC database. Then, the statistical significance of HEGs across

7



normal genes is carried out. The levels of HEG vary significantly across normal and brain tumor cell lines. This
analysis would provide useful information for disease diagnosis. We carried out survival analysis using UALCAN
[33] webserver to understate their impact on the patient survival.

4.3.1 Gene Expression Analysis: specific to brain tumor

The gene expression levels in brain tumor cells is analyzed using transcripts per million (TPM) values. Those
genes with TPM values above 10 are considered highly active. On the other hand, genes with TPM values 1-10
show moderate activity and genes with less than 1 TPM are considered weakly active or inactive.

We have employed volcano plot to show the significantly expressed genes in the brain tumor GDSC dataset. X-
axis represents log: fold change that shows how much gene expression level increases or decreases between tumor
and normal samples. However, on the other hand the Y-axis indicates —logio (p-value) with the statistical
significance of the gene expression. Those Genes with higher values on Y-axis are more significant. Hon
the X-axis, genes away from-2, and 2 indicate high up-regulation / down-regulation. The redyand(green dots
indicate the over and under expressed genes with a p-value less than 0.05. Further analyzing/he“gfaph, we
obtained the over-expressed genes: EGFR, MKI67, BIRC5, TOP2A, and AURKA. These g potentially
linked to tumor growth, cell division, and survival. We found the under-expressed genes;
SLC1A2, and PLP1. They are normally active/normal expressions in healthy brain i

expression level in tumor samples. The low expression level of these genes may% oss of normal brain

cell functions. These expression patterns can help identify potential biomarkers to further guide targeted therapies
for brain tumor patients. It is important to understand their biological roles and_therapeutic implications. Table 4
shows a detailed information about these over expressed and under exprosse@s for GBM, also highlighting
their biological functionality, therapeutic implications and biological in%

4.3.2 Differential Gene Expression (DGE) Analysi@@ﬁc to brain tumor

The volcano plots in figure 7 highlight the tendencies of ne. This figure helped to identify significantly
up/down regulated genes in tumors, highlighting their pgtential role in cancer progression. However, we have
selected only five sample genes (EGFR, MKI67, P2A, and AURKA) to investigate their differential

expression with respect to their statistical perspective intumor tissues comparison to normal brain samples.

Figure 8 in the form of boxplots were mad e UALCAN portal using TCGA data. The figure demonstrates
behavior of five HEG genes of EGFR, BIRC5, TOP2A, and AURKA in GBM samples for TCGA dataset.
Overall, this figure shows the sig 'ficmmr transcript levels in primary tumor tissues compared to normal
sample. The EGFR gene showed th&ighest expression among all other genes with a median transcript per million
(TPM) value 7.195 in tumor sam sus 13.029 in normal tissue.

However, in GBM gene, this \\@ reases up to 44.225 TPM. On the other hand, the MKI167 gene has exhibited
higher expression in tumm median value 0.519 TPM as compared to normal sample with median 0.148
TPM). This genre is kpey proliferation marker that indicates their active role in cell division. Similarly, the
BIRCS5 gene has obta @ edian value of 0.359 TPM against 0.181 TPM in normal tissues. This show their
upregulation patteri Witf or samples that reflect their crucial role in inhibiting apoptosis. Further, extending
the analysis for gene, we observed higher median of tumor tissue 0.954 TPM versus 0.364 TPM in normal.
This gene fu c@s associated with DNA replication and further enhanced proliferative activity. Lastly, AURKA
gene has d@strated higher expression level in tumors with median value of 7.129 TPM as compared to normal
medi 9 PM. This gene plays important role in mitotic regulation. From this, we conclude all five HEG
genes hés révealed overexpression in GBM primary tumors. This highlight their potential biomarkers and possible
therapgutic targets in glioblastoma progression.

4.4 Survival Analysis

We have performed survival analysis of over expressed genes EGFR, MKI67, BIRC5, TOP2A, and AURKA. For
this purpose, we have employed Kaplan-Meier (KM) survival curves to examine survival rates in patient suffering
from GBM. This curve is used to illustrate the survival probabilities of tumor vs normal group over time. This
analysis helps the timely diagnosis of tumor to improve the patient survival rate by determining their levels of
severity. Figure 9 represent survival analysis through Kaplan-Meier curves for over expressed genes. We want to
perform survival analysis for the over-expressed genes EGFR, MKI167, BIRC5, TOP2A, and AURKA. For this



purpose, we have used KM survival curves for patients with glioblastoma multiforme (GBM). These curves show
the survival probability of patients in the tumor group compared with the normal group over time. This analysis
would help to understand how gene expression affects patient outcomes. This analysis would be useful for early
diagnosis and to determine the cancer severity. Figure 9 represent the KM curves for these genes. The KM results
showed that none of the over expressed genes were statistically significant with patient survival. For gene EGFR
with p value 0.33 has small increase in survival probability.

This gene possesses medium survival period, but it has no statistical significance with patient survival. Similarly,
both MKI167 and BIRC5 genes have exhibited survival probability values of 0.76 and 0.63, respectively. Therefore,
these genes do not provide meaningful stratification between high and low gene expression groups. Although,
these genes play crucial role in cell proliferation and inhibit apoptosis. But their individual expression levels have
not shown direct influence on patient survival in GBM. Similarly, TOP2A genes with p value 0.67 and A
with p value 0.59 have shown no significant difference in survival outcome. This means that these genes age' not
strong markers to predict survival in GBM patients. However, their biological role is significant fh @opying
and cell division. &
These genes keep their important biological roles in DNA replication and cell division. But
independent prognostic markers in GBM tumor prediction. Overall, these findings highli over-expressed
genes such as EGFR, MKI67, BIRC5, TOP2A, and AURKA contribute to tumo t individually these
genes may not predict patient prognosis. It is anticipated that multi-gene expressio els and their molecular
subtyping could provide accurate and reliable predictions of survival outcome‘sﬁ)rai tumor patients.

[
5. Conclusion &\

In this study, we proposed a multi-modal variational autoencod framework that integrates genomic and
chemoinformatic features to accurately predict drug resporfse i in tumor cell lines. This framework utilizes
three modality-specific VAEs to encode gene expressjign, gene mutation, and drug molecular fingerprint
information. The latent representations generated b es@Es are fused and then processed using LightGBM
regressor that enable accurate prediction of ICsp v “Jhis useful integration has preserved important features
to enhance the model prediction. The model demonstratéd improved performance compared to several prediction
models such as Support Vector Regression, Random Forest, Multi-Layer Perceptron, KMBTL, and WGRMF.

e’are not strong

Through the analysis of the GDSC da@e ve identified Midostaurin, GW-2580, FMK, Imatinib, and A-
443654 as the most potent FDA-apgroved @rlgs for brain tumor treatment. These drugs have the minimum RMSE
values 0.186, 0.277, 0.322, 0.330 32, respectively.

Furthermore, the statistical afalysis of Glioblastoma (GBM) cell lines is carried out. We found several over-
expressed genes: EGFR, 167, BIRC5, TOP2A, AURKA and under-expressed genes: GFAP, MBP, NEFL,
SLC1A2, PLP1. Thei rmal expression levels have potential roles in tumor progression and suppression.
Furthermore, we highti e impact of over- and under-expressed genes on patient survival using Kaplan-Meier
analysis. This is”1s based on comparisons with normal brain tissues. For clinical perspective, we have carried
out the survj lysis of highly expressed genes with normal tissue samples. This analysis revealed that most
expressed @s of tumor samples have no statistical significance (p > 0.05) with normal patient survival. In
sumw proposed silico study provided insights into how gene expression patterns contribute to brain tumors

that hElp in identifying potential biomarkers and therapeutic targets.
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Table 1: The detailed information of anticancer drugs retrieved from the PubChem dataset

Drug Name & Molecular ) ]
Drug 2-D Structure Isomeric SMILES Representation

Compound ID Formula

Midostaurin
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AXxitinib
C2H1sN10S CNC(=0)C1=C€=3C=C1SC2=CC3=C(C=C2)C(=NN3)/C=C/
6450551
[37] Q C4=CC=CC=N4

. \(bu
Q CC(C)(C#N)C1=CC=C(C=C1)N2C3=C4C=C(C=CC4=NC=C3
N(C2=0)C)C5=CC6=CC=CC=C6N=C5

Dactolisib 11977753 | CzoH23NsO
[38]

(52)-7-Oxozeaenol
9863776
[39]

C[C@H]1C/C=C\C(=0)[C@H]([C@H](C/C=CIC2=C(C(=CC(

C1oH2207 =C2)0C)0)C(=0)01)0)0
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5-Fluorouracil (b'
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3385 \ =C(C(=O)NC(=O)N1)F
[40] E
Alectinib %CClzCCZ:C(C:C1NBCCC(CC3)N4CCOCC4)C(CS:C(C2:
49806720 Ca0H34N4Oz » 0)C6=C(N5)C=C(C=C6)C#N)(C)C
Cisplatin
CloHeN2Pt Pt
5460033 . N.N.CI[Pt]CI
[41] P Cl
H H
e“J
Pacinostat C22H25N30 Q - C1=CC=C2C(=C1)C(=CN2)CCN(CCO)CC3=CC=C(C=C3)/C=
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Table 2: Comparative performance of proposed models with the other models

Model RMSE R? Score

Hybrid CNN [34] 1.46 0.723
Existing | NCFGER [35] 118 0.532

WGRMF 1.37 0.416

KMBTL [36] 1.26 0511 2

Baseline SVR 131 0.621

Random Forest 1.25 0.714,6

MLP 1.24
Proposed VAE-LightGBM 1.12 (t=4.27, p = 0.003) ) ‘60.761 (t=4.36, p =0.025)
Model x
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Table 3: The most accurately predicted FDA approved drugs for brain tumor along with biological activity and
their therapeutic effects

Drug name Molecular Molecular I1Cso RMSE Biological function Therapeutic effect
Formula weight (UM)
(g/mol)
Therapeutic potential in
Multi-targeted kinase inhibitor glioblastoma and other
CasH3oN4O4 that blocks FLT3, KIT, and brain tumors, reducing
Midostaurin 570.65 0.0047 0.186 PDGFR signaling pathways, tumor cell viability
suppressing abnormal cell through jnhibition of
proliferation FLT3- ed signaling
pand projnoting apoptosis
Selective inhibitor of the colony- oes tumor—fal S.S oc_lated
. . crophage activity in the
stimulating factor-1 receptor rain tumor
GW-2580 366.4 0.0248 0.277 (CSFIR) kinase, _regul_a e (b microenvironment,
C20H22N4O3 6 macrophage prolife d o
. . Limiting tumor
tumor-associated micr . .
activation progression and enhancing
o m therapeutic response
o Suppresses glioma cell
Irreve Xﬁnibitor of MAP ;n\;astl(())tr;cagcdti[\)/ri(t)motes
FMK CuHzFNO | 4675 0015 | 0322 |k EK1) and ERK POPX .
si@ athwavs blocking MAPK signaling
! \v gp y cascades in brain tumor
N ‘ ) models
% Tyrosine kinase inhibitor LZT;}S&;;&?Z?;%Z?MM
C2oH31N7O i - ’
Imatinib 493.603 0.1 0.330 targeting BCR ABL’.PDGFR’. reducing tumor
A and c-KIT receptors involved in -
. . vascularization and
tumor growth and angiogenesis . o
@ enhancing sensitivity
Induces apoptosis in
glioblastoma cells by
@ 0.0001 Potent and selective inhibitor of | inhibiting AKT-mediated
A-443654 . ' 0.332 AKT kinase, a key regulator of signaling, leading to
Ca24H23NsO 60

o

cell growth and survival

reduced tumor
proliferation and increased
cell death
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R,
Table 4: Over/Under expressed genes their function and biological impact for GBM »\

>

Expression Status Gene Function Biological Insight Ref
EGFR Epidermal growth factor receptor Enhances tumor proliferation and invasion in GBM [43]
MKI67 Nuclear proliferation marker Marker of cell cycle progression and active mitosis [44]
BIRC5S Inhibitor of apoptosis (Survivin) Prevents cell death; linked to treatment resistance [45]
TOP2A DNA topoisomerase Il alpha Facilitates DNA replication and chromosome segregation [46]
Over-expressed AURKA Aurora kinase A Controls mitotic entry and spindle assembly; associated with tumor | [47]
Genes progression
GFAP Glial fibrillary acidic protein Astrocyte marker: loss indicates dedifferentiation in GBM [48]
MBP Myelin basic protein Essential for myelin sheath; typically reduced in glioma tissue [49]
NEFL Neurofilament light polypeptide Axonal structure protein: under-expression suggests neuronal | [50]
identity loss
Under-expressed SLC1A2 Excitatory amino acid transporter | Impaired glutamate uptake; associated with excitotoxicity in GBM | [51]
Genes (EAAT2)
PLP1 Proteolipid protein 1 Major myelin component in CNS; reduced expression reflects | [52]

disrupted oligodendrocyte function
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