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 A B S T R A C T

Background and Objective: Glioblastoma (GBM), a very aggressive type of brain tumor, sometimes creates 
a chemoresistant state that compromises the effectiveness of chemotherapy and leads to serious clinical 
complications in treatment. Predicting drug resistance is crucial for the improvement of medication effect 
during cancer treatment. Assessing drug resistance is difficult due to the pricey chemotherapeutic trails 
and prolonged laboratory investigations. Deep learning plays a significant role in drug resistance prediction 
nowadays.
Methods: This paper presents a novel deep learning model that combines Convolutional Neural Networks 
(CNN), Long Short Term Memory Networks (LSTM), and transformer architectures to predict drug resistance. 
The proposed application acts as a system that estimate the resistance of drugs based on gene expression details 
and chemical properties.
Results: As compared with existing model for drug resistance prediction, proposed model achieved lower Mean 
Squared Error (MSE) of 0.4109 and Mean Absolute Error (MAE) of 0.5040, along with higher 𝑅2 of 0.9635 
and pearson correlation of 0.9999.
Conclusions: This work significantly advances the fields of pharmacogenomics and personalized medicine 
through an in-depth evaluation that includes complex performance metrics and visualizations.
1. Introduction

According to Gottesman et al. (2023) GBM is very aggressive type 
of brain tumor, Sometimes it creates a chemoresistant state that nega-
tively affects the results of chemotherapy. The interaction of epigenetic 
and genetic features has been investigated as an important factor in 
drug resistance in GBM, demonstrating the complexity of this type of 
cancer [1]. Some GBM-related genes develop chemoresistance during 
treatment [2].

In order to address the issue of drug resistance, personalized treat-
ments are necessitated and require an understanding of drug resistance 
pathways [3]. Although resistance to personalized medication in GBM 
remains an obstacle that requires further exploration of the underly-
ing molecular pathways, these drugs have shown promise in treating 
the disease [4]. The optimal treatment for GBM could be selected 
by evaluating the drug resistance in cancer genes. Advanced cancer 
treatments with Half Maximal Inhibitory Concentrations (IC50) have 
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also been practiced nowadays [5]. Expression promoter methylation 
and circadian regulation of MGMT may be a factor that increases 
chemosensitivity in GBM treatment [6]. Sensitivity to chemotherapy 
is promoted by GBM stem cells, which have the unique ability to 
self-renew and show lower resistance to chemotherapy [7].

Since Trim25 inhibited further cleavage of ITPKB, the glioma was 
also resistant to chemotherapy [2]. Personalized medicine has marked 
the emergence of a new approach to medicine where treatment, man-
agement strategies, and diagnostic methods are the cure for an individ-
ual’s cancer type and stage [2]. By using biological markers, oncologists 
can ensure that their approaches are more targeted by personalized 
medicine based on the unique genetic changes found in malignan-
cies [8]. Precision oncology is a promising application of personalized 
medicine that personalizes cancer treatment by applying genetic and 
molecular data. [9]. A model that precisely responds to certain char-
acteristics in a personalized way (a method known as personalized 
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medicine) is an admirable strategy for managing malignancy [10]. 
Personalized medicine has introduced an innovative way to treat cancer 
based on the genetics and circumstances of patients [11].

The main difference between personalized medicine and traditional 
treatments is that personalized treatments are designed specifically 
based on genetic mutations and the degree of drug sensitivity [12]. 
Sometimes, due to drug resistance similar medicines and treatments do 
not work for similar symptoms and conditions. Personalized medicine 
then plays an significant role in predicting the amount of drug resis-
tance to a particular chemotherapy [13]. Because this type of therapy 
is based on genetic mutation, it is also effective in reducing the side 
effects and reactions with other drugs. The method, which represents 
a paradigm shift in healthcare towards personalized care, involves 
evaluating massive volumes of data about medical history, lifestyle, 
genetic, and environmental factors to decide the best course of action 
for cancer patients [14].

Precision medicine has great potential, but as complex diseases 
involve many genetic and non-genetic risk factors and heterogeneous 
patients, there are obstacles along the way. Drug resistance is a major 
obstacle in the development of anticancer drugs and in the treatment 
of cancer [15]. Estimation of drug resistance plays an leading role in 
optimizing the effect of drug treatment [16]. Deep learning models 
utilizing gene expression are not only useful for cancer treatments but 
are also widely used in drug design, drug resistance, and biomarker 
identification [17]. The majority of GBM patients show resistance 
to almost all traditional therapies [18]. Predicting drug resistance is 
crucial to the improvement of personalized medicine [19].

AI-based drug sensitivity prediction models face several obsta-
cles, including overfitting, interpretation issues, integration challenges 
with heterogeneous data, and the need for improved predictive ac-
curacy [16]. In addition, some prediction models are complicated 
to understand and apply in clinical settings [20], making it difficult 
to understand the prediction process. Moreover, the complexity of 
diseases such as cancer, which involve complex genetic networks, is 
challenging because previous researches has focused on individual 
genes rather than their interactions [21]. When it comes to drug 
sensitivity (efficacy) prediction using multiple omics data, the task 
of coming up with complex criteria that can be used to develop and 
evaluate the most suitable machine learning models is not an easy 
task. This is another aspect that makes it even more complicated [22]. 
We need to address these questions to develop reliable predictive 
models relevant to personalized medicine and innovations in precision 
oncology. By predicting the resistance of cancer genes, the combination 
of computer algorithms can accelerate the search for drugs to treat 
GBM [23]. Deep learning holds a significant role in drug resistance 
prediction using multi-omic data to improve model interpretation and 
accuracy [24–26]. These models accurately predict resistance to cancer 
therapies using various data sources, including gene expressions, copy 
number variations, gene mutations, and metabolic expressions [27]. 
Researchers can extract highly interpretable biological information 
through the use of deep learning approaches such as deep neural 
networks and decision tree-based algorithms. This allows scientists to 
accurately predict the resistance of nonspecific and targeted anticancer 
drugs. Also, by incorporating drug-target interaction data through fused 
neural networks, the performance of existing deep learning-based drug 
resistance prediction models is further improved, especially for situa-
tions involving unknown drugs, showing remarkable improvements in 
correlation coefficient performance.

This research paper presents a new hybrid deep learning model that 
makes use of three deep learning architectures in order to predict drug 
resistance. We bring together CNN, LSTM, and transformer architec-
tures as additive ingredients that enable analysis and interpretation of 
gene expression profiles besides molecular fingerprints.
2 
2. Related work

Drug resistance prediction is one of the important areas in drug 
discovery, as it assistances for finding the most suitable treatments 
according to individual’s gene expression. Thus, existing techniques 
and models are being established to address the concern of estimating 
the drug resistance. The Boundary Privileged Knowledge Distillation 
(BPKD) technique is the one that has been proposed [25]. This method 
solves the issue of poor learner edge predictions in dense prediction 
tasks through spatial boundary impedance information. BPKD concen-
trates on border sites to enhance the precision in the prediction of drug 
resistance patterns [28].

Experts have identified a straightforward but productive method to 
improve the overall efficacy of drug resistance prediction approaches 
and enhance their accuracy. By using graph-based non-autoregressive 
reaction prediction models like ReactionSink have effectively predicted 
suitable drug compositions during medical treatment [29]. The inte-
gration of ReactionSink doubly stochastic self-attention maps enables 
high-accuracy simultaneous sampling, which is valuable in calculating 
drug resistance. In the field of molecular property prediction (MPP), 
approaches using graph structure learning (GSL) have been developed 
to exploit relationships between genes and molecules for more ac-
curate predictions [29]. In addition, Graph Multi-Similarity Learning 
(GraphMSL), a molecular property prediction framework, was devel-
oped and proven effective in drug development screening [30]. In 
2023, Calmet et al. worked with a variety of different spray input 
parameters to improve drug delivery to the nose through targeting 
spray deposition using resistance analysis and machine learning [31]. 
This study exhibited that predictive models can improve the treatment 
efficiency of traditional medical practices by optimizing drug-targeting 
strategies. Shi et al. (2023) made a vast bioinformatics exploration 
to reveal the oncogenic role of FoxM1 in osteosarcoma [32]. Their 
findings highlight the importance of genetic and molecular markers 
in predicting treatment outcomes and have important implications 
for drug resistance, regulation of the immune microenvironment, and 
prognosis.

In the same way, Zhang et al. (2023) built an in-depth gene sig-
nature model focused on HGLRGs to predict drug resistance, immune 
resistance, metabolic characteristics, and survival in gastric cancer. 
This approach intends to fuse multidimensional data to improve fore-
cast accuracy [33]. Wang et al. (2024) demonstrated the potential of 
fusing genetic and metabolomic data to improve drug resistance predic-
tions by cross-referencing gene expression patterns with sphingolipid 
metabolism genes to predict prognosis and therapeutic resistance in 
patients with GBM [34]. In lung cancer, Chen et al. (2024) discovered 
genomic clusters with an acetylation-related ncRNA fingerprint that 
can more accurately estimate the cancer stage by using epigenome 
mutations on cancer drug [35]. Lu et al. (2024) predict alteration of 
psychological state of a cancer patient due to side effect of a cancer 
drugs using gene expression [36]. Pan et al. (2024) utilize biomarkers 
of immune system for estimate the effects of medication [37]. The 
research conducted by Wang et al. utilize spectrometer for forecast the 
medication effects for hypertension [38]. Naveed et al. [39] utilized K-
mer fragmentation of drug SMILES with the Light Gradient Boosting 
Machine (LightGBM) to build a system for recommending the most 
effective drug.

In addition, Zhou et al. (2024) observed variations in gene expres-
sion of GBM patients due to chemo-drug [40]. The researchers used 
ML based model for prognostic the effect of medical treatment [18]. 
Predicting drug resistance for various diseases is one of the trending 
topic of scientific researches nowadays. They include using percep-
tual similarity that reduces proprietary data with bounds, graph-based 
non-autoregressive resistance prediction, and graph structure learn-
ing. AI-based systems and models are smart enough to diagnose drug 
resistance.
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Fig. 1. Workflow of proposed methodology.

A crucial aspect of personalized medicinal care is the prediction of 
drug resistance, a critical factor in determining how efficient therapies 
are in treating different types of cancer. Personalized medicine gets the 
best possible therapy outcomes because it tailors treatments for patients 
based on their unique genetic and molecular characteristics. Although 
improving the accuracy and reliability of prediction models is still in 
progress, most studies highlight its importance in cancer treatment.

3. Materials and methods

The use of molecular descriptors and gene expression data will help 
develop an AI and deep learning-based recommendation system used 
to predict resistance to drug reactions, after which a series of steps will 
be followed, as outlined below (see Fig.  1).

3.1. Data source

The primary dataset for our research is The Genomics of Drug 
Sensitivity in Cancer (GDSC) [41]. The main goal of the GDSC project 
is a comprehensive database linking the molecular properties of cancer 
genes to their resistances to a wide range of therapeutic drugs. GDSC 
facilitates the identification of drug resistance biomarkers and the 
design of precision medicine strategies by integrating gene expression, 
inhibitory concentration (IC50) values, and molecular descriptors. Fur-
thermore, we utilize the data from the Cancer Genome Atlas Program 
(TCGA) [42]. This dataset contains classified information on all 30 
cancer types. We only selected data on GBM cancer.

3.2. Data preprocessing

Incorporating gene molecular descriptors with expression data deals 
a noteworthy advantage by providing a more general consideration 
of drug resistance methods. Gene expression data discloses the cell 
response to drug experience, emphasizing alterations in gene activity 
3 
Fig. 2. Process of drugs SMILES to morgan fingerprints.

that cause drug resistance. On the other hand, molecular descriptors 
detention the physicochemical properties of drug combinations, which 
effect their interactions with target molecules and cellular components. 
By combining these data types, we capture both the biological context 
of resistance (gene expression) and the chemical context of drug action 
(molecular descriptors), allowing the model to identify difficult, multi-
faceted resistance mechanisms that are often neglected when relying on 
either data type alone. This incorporated approach allows for a more 
precise and broad prediction of drug resistance, leading to improved 
insights for drug development and precision medication strategies.

3.2.1. Molecular descriptors
Molecular descriptors or drug SMILES strings are transformed to 

1024-bit morgan vector fingerprints using RDKit. This technique pro-
duces a binary vector indicating the presence or absence of molecular 
substructures

3.2.2. Morgan fingerprint
Morgan fingerprints, also called circular fingerprints, are commonly 

used for demonstrating the chemical compositions of a drug (see Fig. 
2).

These fingerprints utilize the connections of atoms in a chemical 
compound.

Steps for Morgan Fingerprint Construction 
Identifier𝑖 = 𝑓 (atom𝑖) (1)

Identifier(𝑟)𝑖 = 𝑔
(

Identifier(𝑟−1)𝑖 ,
{

Identifier(𝑟−1)𝑗 ∶ 𝑗 ∈  (𝑖)
})

(2)

bitvector
[

ℎ
(

Identifier(𝑟)𝑖
)]

= 1 (3)

Morgan Fingerprint =
{

𝑉
for all 𝑖 ∈ Identifiers bitvector𝑖 (4)

Where:

• atom𝑖 : The 𝑖th atom in the molecule.
• Identifier𝑖 : Initial identifier assigned to atom 𝑖.
• 𝑓 (⋅) : Function that computes the initial identifier from atomic 
features.

• Identifier(𝑟)𝑖  : Identifier of atom 𝑖 at iteration (or radius) 𝑟.
• 𝑔(⋅) : Update function that aggregates the identifier of atom 𝑖 with 
those of its neighboring atoms.

•  (𝑖) : Set of neighboring atoms of atom 𝑖.
• bitvector[ℎ(⋅)] : Binary vector where the index determined by the 
hash function is set to 1.
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Fig. 3. Gene Expression representation of sample ID 687586 from the GDSC dataset.

• ℎ(⋅) : Hashing function that maps a compound identifier to a 
unique bit position.

• bitvector𝑖 : Bit vector representation for atom 𝑖 after hashing.
• Morgan Fingerprint : Final fingerprint vector 𝑉  representing the 
molecule, obtained by aggregating all hashed identifiers.

3.2.3. Gene expression data
Gene expression data: StandardScaler is used to standardize all gene 

expression (see Fig.  3) features to mean 0 and 1 standard deviation. 
Model convergence and performance are improved with this scaling.

3.2.4. Data fusion
Data fusion involves merging synthetic gene expression data with 

molecular descriptors to create a single input matrix.

3.3. Model construction

The hybrid model combines three distinct deep learning architec-
tures to capture different features of the input data: CNN for molecular 
descriptors, LSTM for gene expression data, and Transform for complex 
interactions (see Fig.  4).

3.3.1. CNN (molecular descriptors)
CNN are utilized to analyze chemical descriptors (see Fig.  4). First, 

1024-bit morgan fingerprints are provided to the network, indicating 
that a molecule can have more than one substructure. These finger-
prints represent the structure of each molecule as a binary vector of 
fixed size. The multiple convolutional layers of the CNN architecture 
are applied to extract hierarchical features from the input fingerprints. 
We introduce a maximum level of aggregation between these layers to 
reduce the spatial dimensions of the data, thereby minimize the risk of 
overfitting and reducing the computational complexity. The product of 
the process of clusters and convolutions is a feature map that is trans-
formed into a one-dimensional vector. The final output layer passes 
this flattened vector through several dense (fully connected) layers. 
This model increases the predictive capabilities of CNN, particularly for 
tasks such as drug resistance testing, enabling it to recognize complex 
patterns or associations present among chemical descriptors.

Steps for CNN Construction for Molecular Descriptors 
Input Shape = (1024) (5)

(𝑥 ∗ 𝑊 + 𝑏)[𝑖, 𝑗] =
𝑀−1
∑

𝑚=0
(𝑥[𝑖, 𝑗 + 𝑚] ⋅𝑊 [𝑚]) + 𝑏 (6)

𝑓 (𝑧) =

{

𝑧, if 𝑧 ≥ 0
0.01𝑧, if 𝑧 < 0

(7)

𝑥 = MaxPooling1D(size = 3)(𝑥 ) (8)
1 1

4 
𝑝[𝑖, 𝑗] = max
(

𝑥1[𝑖, 𝑗], 𝑥1[𝑖, 𝑗 + 1], 𝑥1[𝑖, 𝑗 + 2]
)

(9)

𝑥1 = Flatten(𝑥1) (10)

Flatten(𝑋) = 𝑋vector (11)

𝑥 = Dense(32, activation = LeakyReLU)(𝑥1) (12)

𝑧 = 𝑊 ⋅ 𝑥vector1 + 𝑏 (13)

𝑓 (𝑧) =

{

𝑧, if 𝑧 ≥ 0
0.01𝑧, if 𝑧 < 0

(14)

𝑥1 = Dropout(0.025)(𝑥1) (15)

𝑥1[𝑖] =

{

𝑥1[𝑖], with probability 1 − 0.025
0, with probability 0.025 (16)

Where:

• 𝑥 : Scalar input value.
• 𝑋 : Vector or matrix input.
• 𝑥1 : Intermediate feature representation.
• 𝑊  : Weight matrix used in convolution or dense layer.
• 𝑏 : Bias vector added after linear transformation.
• 𝑖, 𝑗 : Indices representing spatial positions in input or feature 
maps.

• 𝑚 : Filter index used in convolutional operations.
• Convolution : Operation to extract local features using filters.
• MaxPooling1D : Reduces spatial dimensions by selecting maxi-
mum values in 1D segments.

• max(⋅) : Function that returns the maximum of a set of inputs.
• Flatten : Transforms multidimensional input into a 1D vector.
• Dense(32) : Fully connected neural network layer with 32 output 
units.

• 𝑧 : Output before applying the activation function.
• 𝑓 (𝑧) : Activation function, here using LeakyReLU.
• Dropout(0.025) : Regularization technique that randomly sets 2.5

3.3.2. LSTM (gene expression data)
LSTM networks process gene expression values depending on stan-

dardized gene expression profiles. These profiles are processed to en-
sure that the expression level of each gene is consistent between 
samples (see Fig.  5).

The first two LSTM layers capture long-range interactions and tem-
poral dependencies within the ordered gene expression samples. This 
arrangement makes it possible for AI models to recognize genetic 
indicators for GBM tumors; it also allows it to quickly predict drug 
reactions through detecting regularities and associations among genetic 
facts. The ability of LSTM layers to maintain memories over long ranges 
makes them capable of encompassing intricate interconnectedness in 
gene expressions. For that reason, this desired outcome becomes true 
in that following LSTM layer outputs, dense or fully connected layers 
receive it as features at once .

Steps for LSTM Construction for Gene Expression Data 
Input Shape = (

𝐗Train.Shape[1] − 1024, 1
)

(17)

𝑥2 = LSTM(16, return_sequences = True)(gene_input) (18)

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓 ) (19)

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (20)

𝐶̃𝑡 = tanh(𝑊𝑐 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐 ) (21)

𝜎𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (22)

𝐶 = 𝑓 ⊙ 𝐶 + 𝑖 ⊙ 𝐶̃ (23)
𝑡 𝑡 𝑡−1 𝑡 𝑡
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Fig. 4. Overview of the Hybrid Deep Learning-Based Drug Resistance Prediction System. The framework integrates molecular descriptors and gene expression data through three 
parallel deep learning branches. (1) In the preprocessing step, SMILES are converted into molecular descriptors, gene expression data are standardized, and all features are merged 
into a unified matrix for model input. (2) A Transformer encoder for capturing complex dependencies in gene expression, (3) a CNN for SMILES-derived molecular fingerprints, 
(4) an LSTM for sequential gene expression features. (5) The outputs are concatenated and processed through fully connected layers to predict drug resistance.
ℎ𝑡 = 𝜎𝑡 ⊙ tanh(𝐶𝑡) (24)

𝑥2 = LSTM(16)(𝑥2) (25)

𝑥2 = Dense(32, activation = LeakyReLU)(𝑥2) (26)

𝑥2 = Dropout(0.025)(𝑥2) (27)

Where:

• 𝐗Train.Shape[1] : Number of training sequences.
• 𝑥𝑡 : Input at current time step 𝑡.
• ℎ𝑡−1 : Hidden state from previous time step.
• 𝑓𝑡 : Output of the forget gate.
• 𝑖  : Output of the input gate.
𝑡

5 
• 𝐶̃𝑡 : Candidate memory cell.
• 𝐶𝑡 : Final cell state at time 𝑡.
• ℎ𝑡 : Hidden state at time 𝑡 (also LSTM output).
• 𝜎 : Sigmoid activation function.
• tanh : Hyperbolic tangent activation function.
• 𝑊𝑓 ,𝑊𝑖,𝑊𝑐 ,𝑊𝑜 : Weight matrices for forget, input, candidate, and 
output gates respectively.

• 𝑏𝑓 , 𝑏𝑖, 𝑏𝑐 , 𝑏𝑜 : Bias terms for each respective gate.
• ⊙ : Element-wise (Hadamard) product.
• LSTM(16) : LSTM layer with 16 hidden units.
• Dense(32) : Fully connected layer with 32 neurons.
• Dropout(0.025) : Regularization layer that randomly drops 2.5
• 𝑥  : Intermediate feature representation.
2
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Fig. 5. Gene expression values of different samples from GDSC dataset.

3.3.3. Transformer (gene expression data)
We standardized the gene expression profiles for transformer model 

input using the GDSC dataset. We preprocessed these profiles to stan-
dardize gene expression levels across samples. The transformer archi-
tecture processes this data through several encoder layers. A multi-head 
attention mechanism incorporated in each encoder layer allows the 
model to simultaneously focus on different areas of the gene expression 
profile, thus capturing complex genetic connections and interactions. 
Layers of feedback neural networks are applied to refine and modify the 
representations produced. Feedback layers improve the model’s ability 
to recognize non-linear patterns, and multi-head focus allows the model 
to dynamically determine the relative importance of different genes 
and their interactions. The transformer’s complex construction makes it 
a valuable tool for examining drug reactions, diseases and identifying 
critical genes. The program can be used to conduct a thorough analysis 
of genetic and expression data.

Steps for Transformer Construction for Gene Expression Data 
Input Shape = (

𝐗Train.Shape[1] − 1024, 1
)

(28)

𝑥3 = Transformer_Encoder(𝑥) (29)

LN(𝑥) = 𝑥 − 𝜇
√

𝜎2 + 𝜖
(30)

Attention(𝑄,𝐾, 𝑉 ) = softmax
(

𝑄𝐾⊤
√

𝑑𝑘

)

𝑉 (31)

FFN(𝑥) = max
(

0, 𝑥𝑊1 + 𝑏1
)

𝑊2 + 𝑏2 (32)

𝑥3 = GlobalAveragePooling1D(𝑥3) (33)

𝑥3 = Dense(32, activation = LeakyReLU)(𝑥3) (34)

𝑥3 = Dropout(0.025)(𝑥3) (35)

Where:

• 𝐗Train.Shape[1] : Number of training sequences.
• 𝑥 : Input feature at a given position (scalar or vectorized).
• 𝑥3 : Output of the Transformer encoder block after processing.
• 𝜇 : Mean of input vector 𝑥.
• 𝜎2 : Variance of input vector 𝑥.
• 𝜖 : Small constant to prevent division by zero during normaliza-
tion.

• 𝑄 = 𝑋𝑊𝑄 : Query matrix (projection of input).
• 𝐾 = 𝑋𝑊𝐾 : Key matrix (projection of input).
• 𝑉 = 𝑋𝑊  : Value matrix (projection of input).
𝑉
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• 𝑑𝑘 : Dimension of the key vectors.
• Attention(𝑄,𝐾, 𝑉 ) : Scaled dot-product attention result.
• LN(𝑥) : Layer normalization output.
• FFN(𝑥) : Position-wise feed-forward network applied after atten-
tion.

• 𝑊1,𝑊2 : Weight matrices of the dense layers in FFN.
• 𝑏1, 𝑏2 : Bias vectors of the dense layers in FFN.
• GlobalAveragePooling1D : Reduces dimensionality by averaging 
across all positions.

• Dense(32) : Fully connected layer with 32 output neurons.
• Dropout(0.025) : Regularization technique that randomly zeroes 
out 2.5

3.3.4. Concatenate layers
These layers combine outputs from transformers, LSTMs, and CNNs 

to create a unified model representation. CNN models can relate mRNA 
quantities to temporal correlations by extracting information from 
descriptors, while transform models interpret complex relationships. 
Combining the capabilities of CNN, LSTM and transformer in a mul-
tifaceted way. Following it through some connected layers further 
processes and fuses the data. After that, these deep layers use dropout 
regularization, which randomly removes some neurons during training 
to increase model generalization and reduce overfitting .

Steps for Concatenate Construction 

Concatenated = Concatenate(
[

𝑥1, 𝑥2, 𝑥3
]

) (36)

𝑥 = Dense(32, activation = LeakyReLU)(Concatenated) (37)

𝑥 = Dropout(0.025)(𝑥) (38)

Output = Dense(1)(𝑥) (39)

Where:

• Concatenate : Combines the outputs of multiple models into a 
single tensor.

• [𝑥1, 𝑥2, 𝑥3] : Outputs from CNN, LSTM, and Transformer models.
• Dense(32) : Fully connected layer with 32 neurons.
• 𝑥 : Value after dropout regularization.
• LeakyReLU : Activation function applied to the output of the 
dense layer.

3.4. Model training

3.4.1. Training setup
The MSE loss function, which quantifies the RMSE difference be-

tween predicted and real values, is a convenient tool for regression 
tasks such as estimating IC50 values and is used in model training. 
Model weights are optimized by Adam optimizer, with a learning rate 
of 0.05, to strike a balance between stability and efficient convergence. 
Two important enhancement mechanisms are append to improve train-
ing efficiency and avoid overfitting: Plateau learning rate reduction 
(which reduces the learning rate when validation loss stagnates and 
allows finer adjustments) and early termination (which stops training 
when the performance on the validation set stops improving).

3.4.2. Training procedure
80% of the split was used in training, and 20% was retained for the 

testing phase, the model performance evaluation in the while-training–
validation set. The proposed model rationalizes the weights during 
training and manages the inputs through callbacks, which constantly 
assess its progress on the validation data. This hybrid model aims to 
construct a noteworthy prediction model for estimate the resistance in 
IC50 values by utilizing the concatenating molecular and genomic data.
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Fig. 6. Model training and validation loss.

3.4.3. Model evaluation and validation
The proposed model improved the training loss by 0.8372, and MAE 

by 0.7122. The model reduced the valid loss by 1.2608 and valid MAE 
loss by 0.8076 (see Fig.  6).

3.4.4. Robustness of the methodology
To improve the generalizability s and robustness our model, we in-

corporated multiple regularization techniques, including learning rate 
reduction, dropout, and early stopping. Dropout was integrated at 
many layers of the CNN, LSTM, and Transformer components to avoid 
overfitting by randomly deactivating neurons during training, thereby 
imposing the model to learn more generalizable features. We applied 
a dropout rate of 0.05 across different layers to balance effective 
learning and regularization. Early stopping was employed to monitor 
validation loss, confirming that the model training halts once per-
formance begins to degrade on unseen data. This avoids overfitting 
while maintaining computational effectiveness. Moreover, learning rate 
reduction on plateau was utilized to adaptively drop the learning 
rate if no enhancement in validation loss was detected. This gradual 
reduction allows the model to converge more efficiently by fine-tuning 
the weight updates in later training phases. Together, these methods 
contribute to the model’s robustness, confirming that it not only learns 
complex patterns effectively but also generalizes well to unseen data. 
This organized approach reduces the risk of overfitting and improves 
the model’s reliability for real-world applications.

3.4.5. Computational resources and training parameters
For this study, we trained our model using an NVIDIA A100 GPU 

with 40 GB VRAM, running on a high-performance computing (HPC) 
cluster with 256 GB RAM and 64-core AMD EPYC processors. The 
training process took approximately 14 h for 100 epochs with a batch 
size of 2, leveraging TensorFlow and Keras as the primary deep learning 
frameworks. Despite optimizations, real-world deployment in clini-
cal settings or drug discovery pipelines may require further model 
compression techniques, such as quantization or pruning, to improve 
inference speed and reduce computational overhead. Moreover, hyper-
parameters such as the number of LSTM units (16), Transformer heads 
(4), feed-forward dimension (32), and CNN filters (16) were optimized 
through grid search experiments.

4. Results

The proposed research intended to estimate chemo-drug resistance 
on GBM samples with gene expression, drug molecular descriptors 
via SMILES using CNN, LSTM, and transformer deep learning models. 
We combines three state-of-the-art neural network architectures in 
a suitable composition for increase efficacy of the system. We used 
transformer models for identifying complex genetic interactions, LSTM 
networks for capturing temporal dependencies in gene expression data, 
and CNN for processing molecular descriptors. This fusion strategy 
exploits the advantages of each model in order to come up with a 
7 
Fig. 7. Overall difference between real and predicted IC50 values.

Fig. 8. Linear regression analysis between real and predicted IC50 values of the 
proposed system, showing MSE, R2, and Pearson correlation.

Fig. 9. Distribution of residual values of IC50.

thorough analysis framework for prediction. The outcomes demonstrate 
the clinically acceptable accuracy across different chemo-drugs. Hy-
bridDLDR performance was evaluated by coefficient of determination 
(𝑅2), MAE, MSE and Pearson Correlation. The proposed model per-
formed well with MSE 0.4109, MAE 0.5040, and 𝑅2 value 0.9635 and 
Pearson Correlation value 0.9999 (see Fig.  24). The outcomes show that 
this model performed with acceptable accuracy. Fig.  7 shows overall 
difference between real and predicted IC50 values. Fig.  8 shows Linear 
Regression analysis graph of real and predicted IC50 values. Fig.  9 
shows distribution of residual in real and prediction.
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Fig. 10. Pair plot of different cancer drugs.

Fig. 11. Real and predicted IC50 values of cancer drugs.

Fig. 12. Difference between real and predicted IC50 values of cancer drugs.

Fig.  10 shows pair plot of different drugs for deep analysis of the 
efficacy of the system. Figs.  11, 12 & 13 demonstrate the real and 
predicted values of IC50 for different chemo-drugs. Fig.  14 shows the 
real values of IC50 with their related drugs and Fig.  15 shows predicted 
values of IC50 with their related drugs.

For the chemo-drug namely 5-Fluorouracil, the proposed hybrid 
model was precisely forecasting the resistance, with a minor difference 
8 
Fig. 13. Linear regression analysis of real versus predicted IC50 values of various drugs 
on GBM cancer.

with real values of IC50 in GBM samples. The mode of real values is 
from 4.5502 to 9.5503, whereas the predicted values are fall in 5.2502 
to 7.7103. This proposes that though the model predict the tendency 
in IC50 values, there is spots of advancement (see Fig.  16).

Another drug named ABT737, the model succeeds for predicting 
the resistance, mostly real IC50 values around 2.213–4.324, but the 
proposed model obtained prediction difference such as 2.3820, where 
the predicted value was 3.3101. This shows the model’s trend are 
acceptable for resistance prediction (see Fig.  17).

The chemo-drug AGI-6780, the model estimation were reasonably 
precise to the real IC50 values, demonstrate that the proposed model 
perform well for predicting the drug’s resistance. The real IC50 values 
are in the bracket of 3.502 to 6.142, and the estimated values are very 
close to the real values of IC50 (see Fig.  18).

Some Drugs like AZD1332 and AZD8186 showed notable differences 
among real and predicted values. For the drug AZD1332, the trends of 
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Fig. 14. Real IC50 values of different drugs.

Fig. 15. Predicted IC50 values of different drugs.

Fig. 16. Real and Predicted IC50 values of drug named 5-Fluorouracil.
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Fig. 17. Real and Predicted IC50 values of drug named ABT737.

Fig. 18. Real and Predicted IC50 values of drug named AGI-6780.

Fig. 19. Real and Predicted IC50 values of drug named AGI-6780.

IC50 values are different from real values, as real IC50 values are 6.160 
and 1.751 and forecasted values are 4.272 and 3.513 respectively. Like-
wise, for AZD8186, the model usually miscalculated the IC50 values 
(see Figs.  19–20).

On the contrary, chemo-drugs such as Bortezomib and Dactino-
mycin, the proposed model achieved to retain a reliable estimation of 
drug resistance effectively. Such as, Bortezomib’s real IC50 values vary 
between −5.771 to −4.342, and the estimated values sustained this 
tendency with values from −5.452 to −4.241, presenting the model’s 
validity in managing negative IC50 values (see Figs.  21–22).

In the case of Cisplatin exhibited mixed effects, where the proposed 
model predicted the negative IC50 values accurately as well as positive 
values (see Fig.  23).

The proposed approach is competitive, often outperforming existing 
state-of-the-art models (see Table  1) regarding MSE, MAE, 𝑅2, and 
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Fig. 20. Real and Predicted IC50 values of drug named AGI-6780.

Fig. 21. Real and Predicted IC50 values of drug named Bortezomib.

Fig. 22. Real and Predicted IC50 values of drug named Dactinomycin.

Pearson Correlation, demonstrating its significant ability to predict 
drug resistance with smaller error margins.

The proposed hybrid model works well because of the efficient 
preprocessing procedures we followed, such as normalizing the gene 
expression data and converting the SMILES strings to morgan finger-
prints.

Our proposed model efficiently captures and combines comprehen-
sive biological inputs using CNNs, LSTMs, and transforms. By employ-
ing tactics like lowering the plateau learning rate and stopping on 
10 
Fig. 23. Real and Predicted IC50 values of drug named Cisplatin.

Fig. 24. Proposed model evaluation metrics on test data.

the maximum learning point, we managed to prevent overfitting and 
ensured that our classifier was still reliable.

5. Discussion

The results show that the HybridDLDR model efficiently estimates 
drug resistance in GBM samples, emphasizing its novel fusion of CNN, 
LSTM, and Transformer architectures. This combination enables the 
proposed model to process multidimensional gene expression data and 
molecular descriptors, thereby influencing the model’s ability for bet-
ter forecasting accuracy. The model successfully estimating the in-
hibitory concentration for chemo-drugs such as 5-fluorouracil, ABT737, 
and AGI-6780, demonstrates its accuracy in analyzing drug-specific 
resistance. However, differences between actual and predicted IC50 
values are detected in drugs such as AZD1332 and AZD8186. These 
miscalculations could be due to distinct data characteristics or drug 
properties that the model could not fully capture. The low MSE and 
MAE values, together with the high correlation values, highlight the 
strength of the model. Its ability to handle negative IC50 values for 
drugs such as bortezomib and dactinomycin further underlines its 
adaptability. The model’s performance with cisplatin requires further 
exploration of how it manage drugs with varying IC50 distributions. 
One of the important aspects that contributed to the success of the 
model is the preprocessing approach, particularly the normalization 
of gene expression data and the transformation of SMILES strings 
into Morgan fingerprints. These preprocessing steps allowed the model 
to successfully manage multidimensional genetic data. In addition, 
training techniques such as reducing the learning rate on plateaus 
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and using early stopping helped to avoid overfitting and confirm reli-
able estimates across multiple datasets. Our model establishes strong 
analytical performance, it has some limitations that warrant further 
exploration. Foremost, discrepancies in estimation for specific drugs 
suggest that certain gene expression or molecular structures designs 
may not be well caught by the proposed model. Additionally, the model 
does not specifically handle noise or null values in the input data, 
which could affect robustness. Moreover, the computational complexity 
of training a hybrid CNN-LSTM-Transformer model poses challenges for 
huge amount of date processing. To address these problems in future 
work, we plan to incorporate more refined imputation techniques for 
managing null or missing data, explore domain adaptation strategies 
to decrease biases from heterogeneous data sources, and utilize model 
compression techniques such as pruning and quantization to enhance 
computational effectiveness. Generally, the HybridDLDR model pro-
vides a reasonable method for guessing chemo-resistance in GBM. 
Future work could concentrate on improving the estimation accuracy 
for chem-drugs such as AZD1332 and AZD8186 by integrating more 
nuanced data preprocessing.

5.1. Performance comparison with existing models

We compared our results with existing models to provide context. 
For example, (Branson et al. 2024) used a neural network-based model 
in their recent study. The researchers used a combination of gene 
expression data with molecular descriptors from GDSC dataset. The 
results showed an MSE of 1.61 [43] which is higher than proposed 
model.

Another model (Bang et al. 2024) merges molecular descriptors and 
gene expression using transfer learning. The results from this model 
show a cell line-blind test MSE value 1.801, and Pearson correlation 
value 0.883. The proposed model more efficient in MSE and pearson 
correlation as compare to Bang et al. [44].

To predict drug activity, another model (Abbasi et al. 2024) also 
integrates multiple data sources, including chemical structures and 
genomic data by using GDSC and PubChem. They achieved MSE value 
1.075, which is higher than to proposed model and 𝑅2 value 0.809 
which is lower than proposed model [45].

In addition, a model (Yu-Chiao Chiu et al. 2019) incorporating 
several deep neural networks prediction methods there results shown 
as RMSE of 1.400 and MSE of 1.960 [46]. The researchers (Y. Chang 
et al. 2018) utilize deep neural networks and their results demonstrate 
as 𝑅2 of 0.720, RMSE of 1.067, and MSE of 1.139 [47]. The researchers 
of (Zuo et al. 2021) achieved 𝑅2 of 0.728, RMSE of 1.077, and MSE of 
1.160 [48].

We confirmed the effectiveness of proposed model by accurately 
calculating drug resistance and comparing it with other existing mod-
els. Proposed model achieved lower MAE and MSE values, along with 
higher 𝑅2, and Pearson correlation values (see Table  1) (see Figs. 
25–26). This enhanced predictive power of the model arises from a 
hybrid method in which we integrate CNNs for molecular descriptors, 
while using LSTM applied to gene expression with transformer to 
understand complex interactions. (see Fig.  4).

We handle the training phase of the model using early stopping 
techniques and the Adam optimizer. These methods ensure the relia-
bility and generalizability of proposed model.

5.2. Ablation study

To evaluate the individual contributions of deep learning compo-
nents in our model, we conducted an ablation study by isolating and 
testing CNN, LSTM, and Transformer models. As shown in Table  2, the 
CNN achieved an MSE of 0.5123 and an 𝑅2 of 0.9421. While CNNs 
are effective at capturing localized spatial features, they inherently 
lack mechanisms to account for long-range or sequential dependencies 
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Table 1
Comparison of performances with existing models.
 Models MSE 𝑅2 Pearson correlation 
 HybridDLDR 0.4109 0.9635 0.9999  
 Naveed et al.-CNN [49] 0.9822 – 0.9151  
 Naveed et al.-ANN [49] 1.2127 – 0.9140  
 Branson et al. [43] 1.61 – –  
 Bang el al. [44] 1.801 – 0.883  
 Abbasi et al. [45] 1.075 0.809 –  
 Yu-Chiao Chiu et al. [46] 1.960 – –  
 Y. Chang et al. [47] 1.139 0.720 –  
 Zuo et al. [48] 1.160 0.728 –  

Table 2
Ablation study: Performance comparison of individual and combined 
deep learning components. HybridDLDR achieves the best results by 
integrating CNN, LSTM, and Transformer models.
 Models MSE 𝑅2 Pearson correlation 
 HybridDLDR 0.4109 0.9635 0.9999  
 CNN 0.5123 0.9421 0.9978  
 LSTM 0.4786 0.9507 0.9984  
 Transformer 0.4352 0.9592 0.9991  
 CNN + LSTM 0.4507 0.9553 0.9987  
 CNN + Transformer 0.4289 0.9608 0.9990  
 LSTM + Transformer 0.4195 0.9621 0.9992  

within gene expression profiles. This architectural limitation likely con-
tributes to the CNN’s comparatively higher MSE, as biological datasets 
often exhibit complex temporal and contextual interactions that require 
broader receptive fields.

The LSTM model improved upon this result, yielding an MSE of 
0.4786 and an 𝑅2 of 0.9507, due to its capacity to capture sequential 
dependencies through recurrent connections. The Transformer model 
further enhanced performance with an MSE of 0.4352 and an 𝑅2

of 0.9592, leveraging its self-attention mechanism to model global 
relationships across gene features more effectively.

We further evaluated combinations of these architectures to inves-
tigate synergistic effects. The LSTM + Transformer model achieved an 
MSE of 0.4195, closely approaching the performance of our proposed 
HybridDLDR model. This is attributable to the complementary nature 
of LSTM and Transformer components, where LSTMs model sequential 
dynamics and Transformers contribute a broader contextual under-
standing. However, the HybridDLDR architecture goes a step further by 
incorporating CNN modules to capture localized patterns in addition 
to temporal and global features. This integrated tri-modular design 
results in the lowest MSE of 0.4109 and the highest 𝑅2 of 0.9635, 
highlighting the benefit of unifying spatial, sequential, and contextual 
representations for robust prediction.

These findings underscore the significance of architectural diversity 
in modeling the multifaceted nature of drug response data and explain 
both the relatively weaker performance of CNN alone and the strong 
results obtained from LSTM+Transformer integration.

5.3. Evaluating the effect of artificial gene ordering

To address concerns regarding the use of CNN and LSTM models 
on gene expression data, specifically the lack of inherent biological or-
dering in gene features, we conducted a perturbation study to evaluate 
the impact of gene order on model performance. While gene expression 
profiles do not possess a natural sequence, models like CNNs and LSTMs 
require structured inputs. Therefore, we initially applied a consistent 
ordering based on gene IDs for reproducibility. However, to ensure that 
our results are not biased by any artificial ordering, we performed a 
robustness analysis through random gene order permutation.

We randomly permuted the order of gene expression features across 
all samples for 50 independent runs. For each permutation, the model 
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Fig. 25. Comparison of MSE on Test Data with existing models.

Fig. 26. Comparison of 𝑅2 on Test Data with existing models.

Table 3
Impact of gene order perturbation on model performance.
 Metric Original order Random order Std. Dev. 
 MSE 0.4109 0.4152 ±0.0063  
 Pearson Corr. 0.9999 0.9998 ±0.0001  
 𝑅2 0.9635 0.9612 ±0.0024  

was retrained from scratch using the same architecture, hyperparam-
eters, and data splits as in the main experiments. We evaluated the 
performance using MSE, PCC, and 𝑅2 on the test set for each run (Table 
3).

Across the 50 permutations, the model maintained stable perfor-
mance. The standard deviation in MSE was found to be low (e.g.,
±0.0063), and no notable differences were observed between the per-
formance metrics of the original gene order and randomly ordered 
genes. This demonstrates that the model does not rely on any specific 
gene ordering for its predictive

5.4. Potential real-world applications

The proposed deep learning model holds significant promise for 
real-world applications, particularly in clinical decision-support sys-
tems (CDSS) and drug development pipelines.

5.4.1. CDSS
• The model can support medical practitioners and oncologists by 
predicting drug effectiveness based on gene expression.

• Precision medicine recommendations can be produced by assess-
ing the molecular characteristics of a cancer and proposing the 
most effective drug.

• Incorporation with electronic health record (EHR) systems can 
allow real-time decision-making, refining treatment accuracy for 
cancer.
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5.4.2. Drug development and precision medicine
• Pharmacological firms can take advantage of the model for in 
silico screening of drug candidates, accelerating the prediction of 
the most effective drug without lab tests.

• The capability to calculate IC50 values based on genomic data 
and chemical structures allows for effective ordering of drug 
candidates, enhancing lead compound selection.

6. Conclusion and future work

A noteworthy development has been made in drug resistance pre-
diction with proposed hybrid deep learning-based resistance prediction 
system. By integrating gene expression data and molecular descriptors 
with CNNs, LSTMs, and transformers, we created a powerful tool that 
could enhance personalized medicine strategies. The proposed hybrid 
model demonstrates an acceptable estimation of drug resistance, learn 
tendency in IC50 values for several chemo-drugs. Although, the results 
accuracy varied drug to drug differently due to lack of data and noise 
in samples. The results showed a capable way for fit in composite deep 
learning models for resistance prediction, and play a role in precision 
medicine for efficacious malignance medical treatment.

We are committed to further improving our model, exploring var-
ious data types, and testing its performance with different datasets in 
the future.

7. Limitations

Certain limitations of the model, containing discrepancies in pre-
dictions for particular drugs such as AZD1332 and AZD8186, as well 
as possible issues rising from noise in the drug response and gene 
expression data. While regularization and dropout techniques aid miti-
gate overfitting, the model’s generalizability to unseen drug composites 
remains undefined. Furthermore, inconsistency in genes, such as batch 
effects in gene expression profiling or dissimilarities in experimental 
conditions, may effect model performance.
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