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Abstract

Predicting anti-cancer drug response can help with personalized cancer treatment and is an important topic in modern oncology
research. Although some methods have been used for anti-cancer drug response prediction, how to effectively integrate various features
related to cancer cell lines, drugs, and their known responses is still affected by the redundant information of input features and
the complex interactions between features. In this study, we propose a bilinear attention model, named BANDRP, based on multiple
omics data of cancer cell lines and multiple molecular fingerprints of drugs to predict potential anti-cancer drug responses. Compared
with existing models, BANDRP uses gene expression data to calculate pathway enrichment scores to enrich the features of cancer
cell lines and can automatically learn the interactive information of cancer cell lines and drugs through bilinear attention networks.
Benchmarking and independent tests demonstrate that BANDRP surpasses baseline models and exhibits robust generalization
performance. Ablation experiments affirm the optimality of the current model architecture and feature selection scheme for our
prediction task. Furthermore, analytical experiments and case studies on unknown anti-cancer drug response predictions underscore

BANDRP’s potential as a potent and reliable framework for predicting anti-cancer drug response.
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Introduction

The heterogeneity of the same cancer among different patients
leads to variations in the effectiveness of the same drug across
individuals. Consequently, tailoring therapeutic regimens for each
patient based on individual genes, lifestyle, and environment
poses a significant challenge in precision medicine [1]. Conven-
tional methods of discovering anti-cancer drugs rely on in vivo
animal experiments and in vitro drug screening, both expensive
and labor-intensive [2]. In recent years, the progress in high-
throughput screening technologies has allowed the archival of
experimental results of anti-cancer drug response from several
large-scale cancer genetic projects in public databases such as
Cancer Cell Line Encyclopedia (CCLE) [3] and Genomics of Drug
Sensitivity in Cancer (GDSC) [4]. These databases offer not only
extensive anti-cancer drug response data but also provide genetic
profiles of cancer cell lines. Furthermore, the PubChem database,
serving as a repository of chemical information, contains val-
idated structural details for 19 million unique compounds [5].
The advent of large-scale, high-throughput screening databases
establishes a solid data foundation for developing computational
prediction models. Using these models to forecast anti-cancer
drug responses can assist in identifying potential therapeutic

approaches in cancer treatment and advance research in predict-
ing anti-cancer drug efficacy.

Over the decades, researchers have proposed a series of
computational methods for drug response prediction based
on machine learning techniques. For example, GUAN et al.[6]
proposed a matrix factorization method to construct sparse
drug similarity matrices and cell line similarity matrices to
generate potential response matrices for drugs and cell lines.
Liu et al.[7] framed the drug response prediction problem as a
recommendation system issue, estimating the anti-cancer drug
response of cell lines by integrating cell line similarity networks
and drug similarity networks. Stanfield et al[8] constructed
heterogeneous networks of cancer cell lines and drugs, using
link prediction methods to forecast drug responses. Wang et al.[9]
established representations of cancer cell lines and drugs based
on similarity, using support vector machines to infer associations
between cancer cell lines and drugs. Wan et al[10] applied a
random forest-based approach to generate sensitivity predictions
from each type of data and combined these predictions in a
linear regression model to produce the final drug sensitivity
prediction. Although machine learning-based computational
methods for drug response prediction have achieved significant
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results, the high dimensionality and noise in multi-omics data
from cancer cell lines, along with the lack of consideration for
the synergistic effects among different omics data, have limited
the generalization and scalability of machine learning-based drug
response prediction methods.

In recent years, deep learning-based methods have been
applied in many fields due to their capacity to handle high-
dimensional and large-scale complex data. Many researchers
have introduced the technology to anti-cancer drug response
prediction. Compared with other methods, deep learning-based
methods can automatically learn the potential relationships
between drugs and cancer cell lines, making it easier to process
multi-source data. For instance, Liu et al. [11] proposed a method
using drug molecular fingerprints and genomic mutation data
of cancer cell lines as input, learning drug representations
through two convolutional neural networks. Liu et al. [12]
presented the DeepCDR method, which utilizes graph neural
networks to acquire representations of drug molecular graphs
and integrates multi-omics data to represent cancer cell lines.
DeepCDR demonstrates the benefits of leveraging multi-omics
data of cancer cell lines. Chawla et al. [13] proposed a predictive
method to infer cancer drug responses using gene expression
data of cancer cell lines and molecular descriptors of drugs.
Their findings highlight the importance of pathway activity
estimates. Jiang et al. [14] proposed the DeepTTA method. It
adopts a Transformer-based architecture to improve the drug
representation capability and uses a multi-layer perceptron (MLP)
to learn representations of cancer cell lines. Then, it concatenates
the representations of drugs and cancer cell lines and inputs them
into a fully connected neural network to predict anti-cancer drug
responses. Wang et al. [15] employ the similarity of drug-cell line
pairs to build a sparse network and predicts anti-cancer drug
response by graph convolutional networks and autoencoders.

Although the previous methods appear to be effective, they
have certain limitations. First, most targeted therapies work
through biological pathways, but many of these methods ignore
the importance of biological pathway information. Second, some
studies suggest that the contribution of existing drug features
to model performance is greater than that of cancer cell line
features [16]. This implies the need for a new perspective to
learn cancer cell representations better to capture the differences
among various cancer cell lines. To address these limitations, we
propose a deep learning framework, named BANDRP for anti-
cancer drug response prediction. BANDRP constructs a deep
learning-based framework to integrate the multi-omics data and
pathway enrichment scores of cancer cell lines and fingerprints of
drugs. Specifically, we first collect the gene expression, genomic
mutation, and DNA methylation data for cancer cell lines, as
well as simplified molecular-input line-entry system (SMILES)
strings for drugs. Then, we use Gene Set Variation Analysis (GSVA)
[17] to obtain pathway enrichment scores for cancer cell lines
and compile molecular fingerprints for the drugs. Afterward, we
adopt some MLPs to capture representations of the input data,
then employ a multi-head bilinear attention network to obtain
fused representations, which are subsequently input into the
MLP for anti-cancer drug response prediction. The experimental
results demonstrate that BANDRP outperforms other state-
of-the-art methods in anti-cancer drug response prediction.
Independent test and de novo test indicate that BANDRP exhibits
strong generalization capabilities. Furthermore, a set of ablation
experiments demonstrates the optimality of our model’s feature
combinations. Finally, analytical experiments and case studies
on unknown anti-cancer drug response prediction evaluate the

reliability of our model. All results show that BANDRP effectively
predicts drug responses.

Materials and methods
Materials and data preparation

GDSC [4] is a large public resource for information on drug
sensitivity, which provides muti-omics data of cancer cell lines,
molecular markers of drugs, and known anti-cancer drug
responses. In this study, we collect half-maximal inhibitory
concentration (IC50) values (log-transformed) between 969 cancer
cell lines and 286 drugs from the GDSC v2 database. CCLE [3]
performs large-scale deep sequencing of more than 1,000 cancer
cell lines, providing muti-omics data including gene expression,
genomic mutation, and DNA methylation data. We download gene
expression, genomic mutation, and DNA methylation data related
to cancer cell lines from CCLE. Following DeepCDR [12], to reduce
dimensionality and redundant information, we only consider
733 human genes in COSMIC Cancer Gene Census [18] that are
strongly associated with cancer development. Specifically, we
first remove genes from the three omics data that are not in
the COSMIC gene set. Due to the potential redundancy in having
multiple mutation points on the same gene in genomic mutation
data, we merge different mutation points on the same gene. After
processing, the number of genes in the three omics data (i.e.
gene expression, genomic mutation, and DNA methylation) is 714,
715, and 603, respectively. PubChem [5] database offers extensive
information on drug molecules and is the world'’s largest chemical
information database. We download the SMILES strings for all
drugs from the PubChem database. Then, we exclude cancer cell
lines with any missing omics data and drugs without PubChem
ID or with incorrect PubChem ID. Due to the presence of multiple
GDSC IDs for the same drug in the GDSC database resulting from
database updates, we will retain only the entry with the most
IC50 values. Finally, we compile a benchmark dataset containing
81,467 IC50 values across 169 drugs and 536 cancer cell lines.
Among all the 90,584 (169 x 536) IC50 values, approximately 10%
of the IC50 values are missing. Additionally, we download IC50
values from the CCLE database. By removing cancer cell line-drug
pairs that duplicated with the benchmark dataset, we create an
independent test set containing 8,909 IC50 values involving 551
cancer cell lines and 184 drugs.

Methods
Overview

In this study, we propose the BANDRP framework as shown in
Fig. 1. First, based on the SMILES strings of drugs, we compute
the Extended Connectivity Fingerprints (ECFP) [19], Explainable
Substructure Partition Fingerprint (ESPF) [20], and PubChem Fin-
gerprint (PubchemFP) for drugs. Second, we use the GSVA to cal-
culate the pathway enrichment scores for each cell line based on
gene expression. Third, we integrate the gene expression, genomic
mutation, DNA methylation, and pathway enrichment scores into
the cancer feature encoder, along with the molecular fingerprints
of drugs into the drug feature encoder. MLPs tailored to specific
features are designed within the feature encoder to acquire latent
representations for drugs and cell lines. Fourth, we feed these
latent representations into the bilinear attention module, which
comprises the bilinear attention layer and bilinear pooling layer,
to generate the fused representations of cancer cell lines and
drugs. Finally, the fused representations are input into an MLP for
prediction, resulting in the estimation of IC50 values.
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Figure 1. (A) Overview of BANDRP framework. The cancer feature encoder and drug feature encoder learn latent representations of cancer cell lines
and drugs using different MLPs, respectively. The bilinear attention module utilizes the latent representation matrices of cancer cell lines and drugs.
Through bilinear interaction and bilinear pooling, it produces a fused representation f, which is then fed into a classifier network composed of MLPs.
(B) The bilinear attention module architecture. In the first step, bilinear interaction is used to obtain the bilinear attention mapping matrix I between
the latent representations of cancer cell lines and drugs. In the second step, bilinear pooling is performed using I and shared transformation matrices

U and V to obtain the fused representation f.

Cancer feature encoder

Let Scen = {C1,C2, ..., Cn} represent the set of all n cancer cell lines.
The cancer feature encoder calculates the latent representations
of multi-omics data. Taking cancer cell line ¢; € Se as an
example, we obtain three feature vectors based on 733 human
genes and their associated gene expression, genomic mutation,
and DNA methylation data, denoted as akyp, aiyr, and alpery,
respectively. In aly,, each bit signifies a log-normalized Tran-
scripts Per Million (TPM) value of gene expression. For al,;;, each
bit indicates whether the gene has a mutation (1 for mutated, 0
otherwise). Similarly, each bit in al,;1,; represents the methylation
value of the corresponding gene.

The pathway enrichment score incorporates predefined biolog-
ical pathway information and reveals underlying biological mech-
anisms by considering the collective behavior of genes. There-
fore, we introduced the pathway enrichment score as a feature
of cancer cell lines. We first downloaded the c2 gene set from
the Molecular Signatures Database (MSigDB) [21], which con-
tains canonical pathway gene sets related to humans. Next, we
intersect the 714 genes from the gene expression data of cancer
cell lines with each biological pathway gene set, and biological
pathway gene sets with fewer than 5 genes in the intersection are
removed. Finally, 1,283 biological pathway gene sets are selected
as background gene sets, denoted Spary. Sparn contains 1,283
elements, each representing a predefined biological pathway and

the genes it includes. Then, we use the GSVA R package [17] to cal-
culate the pathway enrichment scores. GSVA is a non-parametric,
unsupervised method used to calculate sample-wise gene set
enrichment scores. The input parameters for the GSVA method
include the gene expression vectors of the samples to be analyzed,
the background gene sets representing biological pathways, and
an optional kernel function. The output is the enrichment score
for each sample in the biological pathways of the background
gene sets. Taking the cancer cell line ¢; as an example, we use aiyp
and Spary as inputs and set the kernel function to Gaussian. Next,
GSVA calculates the probability density of aky, using kernel den-
sity estimation. Then, GSVA transforms these probability densities
into normalized ranks to minimize errors. Subsequently, Spary and
normalized ranks are used to calculate the Kolmogorov-Smirnov
(KS) like random walk statistic for each biological pathway in Spary
relative to ¢;. Finally, the normalized KS statistic is used as the
pathway enrichment score, denoted as al,;y;. We utilize al,y; as
the pathway enrichment feature vector for ¢;.

Next, we use different MLPs based on akyp, a7, Giery and abary
to calculate the latent representations for ¢;. In the cancer feature
encoder, each MLP consists of two hidden layers and each layer in
the MLP is expressed as follows:

imlp =0 (wmlpaimlp + bm1p) (1)
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where a;ﬂp represents the input data, tinlp is the latent representa-
tion, Wmp and by, are learnable parameters, and o is the Rectified
Linear Unit (ReLU) activation function. Additionally, we apply
Batch Normalization (BN) to standardize activation values within
each batch, ensuring a zero mean and unit variance, expressed as

follows:

t}nlpfﬂB
,/GBZ-‘,-E

where pup and o denote the mean and variance of all data within
a batch, and € is a constant to prevent division by zero. Finally, we
obtain 4 latent representations of the cell line ¢; with the same
dimension: tiyp, tyyr, tyer, and thyry. These representations are
then concatenated vertically into a matrix hi € R**!:

= BN () = o

e = tixp @ tyyr @ tuern @ tharn (3)

where h is the latent representation matrix for the cancer cell
line ¢;, and | is a hyperparameter of the dimension of the latent
representations.

Drug feature encoder

Let Sgrug = {d1,d>,...,dn} represent the set of all m drugs, and
then the ECFP, ESPF, and PubchemFP are calculated for each
drug using the RDKit Python package [22], respectively. ECFP is
a classical method for calculating molecular fingerprints that
represent molecules by constructing bit strings based on atoms
and their surrounding molecular structures, incorporating both
the topological information and local chemical information of the
molecules. ESPF decomposes drugs into a set of moderately sized
discrete drug substructures and then encodes the drugs using a
byte-pair encoding algorithm. According to the principle of simi-
larity [23], molecules inducing similar effects in cancer cell lines
often have similar substructures or pharmacophore signatures.
Thus, the substructure information provided by ESPF enhances
the ability of the model to identify and predict the biological
activity of new compounds by leveraging the structural simi-
larities and common pharmacophores among known effective
molecules. PubchemFP, provided by the PubChem database, is a
bit-string encoding based on chemical molecular fragments. Each
bit position in the encoding corresponds to a specific molecular
or chemical feature. We compute the three fingerprints above for
each drugin default settings, with dimensions of 2,048, 2,586, and
881, respectively. Similar to the representations for cancer cell
lines, let the three molecular fingerprints for drug d; be denoted
as @scpp, @hgpr, AN @y, 4o pp- Then, they are input into the drug
feature encoder to obtain latent representations of the same
dimension: tepp, thopr, a0A thy o emep- The MLP in the drug feature
encoder consists of two hidden layers. Finally, the latent represen-
tations of d; are concatenated vertically into a matrix I, € R**":

J_ ¢ J J
g = t)ECFP ® tespr O thubchemep ()

where h{j is the latent representation matrix for drug d;.

Bilinear attention module

We construct the bilinear attention module using a multi-head
bilinear attention network. In the bilinear attention module, for a
given cancer cell line and a drug, different latent representations
of the cancer cell line and the drug are combined in pairs. Firstly,
the attention weights of each combined latent representation

for the cancer cell line and the drug are generated according to
Equations (5) and (6). Subsequently, these drug-cancer cell line
representation pairs, along with their corresponding attention
weights, are fed into the bilinear pooling layer (Equations 7 and
8) to produce the final latent representation f for the drug-cancer
cell line pair.

Using a single-head bilinear attention network as an example,
the first part is a bilinear attention layer used to calculate the
interaction intensity between the latent representations of cancer
cell lines and drugs. For cancer cell line ¢; and drug d;, we construct
a bilinear attention map using their latent representations h. and
I, to obtain a pairwise interaction matrix I € R***, which can be
expressed as follows:

1=((1-q") o0 (D))o (VI (5)

where U € R®*! and V e R**! are learnable weight matrices, q € R
is a learnable weight vector, 1 is the unit vector, o represents the
activation function ReLU and o denotes the Hadamard product.
More specifically, let hi(0) be one of the four latent representations
of cancer cell line ¢;, and h)d (p) be one of the three latent represen-
tations of drug d;. The interaction between hi(o) and hjd(p) can be
formally represented by the element i, in I, as expressed below:

fop=0q" (O‘(UThiC(O)) o U(VTh{i(p)) 6)

where hi(0) and h;(p) are mapped into a common feature space
with weight matrices U and V, and then learn the element-wise
interaction between hi(o) and M,(p) using Hadamard product.
Finally, we get pairwise interactions between different latent rep-
resentations.

The second part is the bilinear pooling layer, which processes
the interaction matrix I to generate a fused representation f’. The
kth element of f’ can be expressed as follows:

fr=o ((1)"0) 1o () ).
S>3, (o) (vi)ie 0)

0=1p=1

where Uy, and Vy, are the kth columns of learnable weight matrices
U and V, respectively. U and V are shared with the previous
bilinear attention layer to decrease the number of parameters and
alleviate overfitting. Then, the fused representation is fed into the
pooling layer to obtain a compact feature map:

f = SumPool (f', s) (8)

where SumPool(:) is a 1D non-overlapping pooling operation with
stride s of 3. BANDRP adopts a multi-head form to learn the fused
representations between drugs and cancer cell lines, and the final
fused representation vector is a sum of individual heads.

Classifier

We employ an MLP classifier to further extract features from
the output f and perform the final prediction. The input layer
of the MLP classifier receives f. The intermediate layers of the
MLP classifier consist of three sets of fully connected layers with
RelU activations and BN, with 512 and 128 neurons, respectively.
Ultimately, a fully connected layer with one neuron serves as the
output layer for IC50 value prediction.



Model training

To minimize the difference between the predicted and known
drug response values, we use the mean squared error loss func-
tion for model training. The mean squared error loss function is
defined as follows:

Loss = % Z (Yi — ?i)z (9)

where n represents the number of samples, Y; represents the
true value, and (¥)) represents the predicted value. Additionally,
our model includes some important hyper-parameters, namely
the learning rate, the batch size, the number of attention heads,
the dropout rate, and . These hyper-parameters are determined
through grid search. In the grid search, the learning rate is in
{le — 2,1e — 3,1e — 4, 1e — 5}, the batch size is in {32, 64, 128, 256},
the number of attention heads is in {1, 2, 3,4}, the dropout rate is
in{0.1,0.2,0.3,0.4,0.5} and lis in {64, 128, 256, 512}. Specifically, we
first determine the learning rate and batch size. After the learning
rate and batch size are fixed, we further select the number of
attention heads and dropout rate to enhance the model’s perfor-
mance and robustness. Finally, the optimized hyper-parameters
for learning rate, batch size, number of attention heads, dropout
rate, and | are le — 3, 128, 3, 0.5, and 128, respectively. Detailed
experimental results are shown in Supplementary Section 1. In
addition, we utilize the Adam optimization algorithm [24] to
update the model parameters. During the training process, we
save the model with the best performance in the validation set.

Results
Performance evaluation metrics

To evaluate the performance of BANDRP, we employ metrics
including Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), Coefficient of Determination (R?), Pearson Correlation
Coefficient (PCC), and Spearman Correlation Coefficient (SCC).
RMSE can quantify the deviation between the observed values and
the true values. MAE measures the average absolute difference
between predicted values and true values. R? characterizes the
accuracy of the fit of the model. PCC reflects the correlation
between the predicted values and the true values. SCC is a non-
parametric metric used to describe the PCC correlation between
variables after ranking. The formulas for these metrics are as
follows:

RMSE= |~ ; (YI - ?1) (10)
MAE = % ; Y, —Y; (11)
AN\2
4 Yi - YI
R=1-"" ( . )2 (12)
?:1 (Yi - Y)
(=) (Y- ¥
1 2 )(vi-9) )
L (%-0) VL (-9
63,8
ScC=1-- Ty (14)
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where n is the size of data,Y; represents the predicted IC50 value,
7 represents the real IC50 value. §; denotes the differepce in ranks
between Y; and ¥;, Y represents the mean of all Y, and ¥ represents
the mean of 7.

Performance comparison of BANDRP and
existing methods

We first design a comparative experiment to assess the per-
formance of BANDRP in anti-cancer drug response prediction.
We compare BANDRP against five state-of-the-art deep learning
methods, including GADRP [15], DeepTTA [14], precily [13], Deep-
CDR [12], and tCNNs [11]. All methods are based on the bench-
mark dataset, and each model uses default or best-performing
parameters. All baseline models preprocess the relevant data
according to their input features and preprocessing methods. The
benchmark dataset is divided into training, validation, and test
sets in an &:1:1 ratio. We evaluate the performance of different
models based on the test set.

The results of the comparative experiments are shown in
Table 1. BANDRP outperforms other baseline models on all met-
rics. Compared to the baseline models, BANDRP exhibits the
lowest RMSE (0.9305) and MAE (0.6769), as well as the highest
R? (0.8802), PCC (0.9382), and SCC (0.9168). The reason for the
superior performance of BANDRP may be attributed to the fact
that BANDRP not only integrates multi-omics data types and
molecular information of drugs but also incorporates biological
pathway information. We further evaluate the performance of
BANDRP using the datasets provided by DeepCDR, DeepTTA, and
GADRP, respectively, to demonstrate the robustness of our model
(Supplementary Section 2).

De novo test and independent test

To evaluate the predictive performance of BANDRP on new cancer
cell-drug responses, we conduct the de novo test with two exper-
imental settings for a comprehensive comparison. The specific
experimental settings are as follows:

1. ES;: Sear 1s divided into training set, validation set, and test
set in an 8:1:1 ratio. The IC50 values related to the cancer
cell lines in the validation set and test set will not appear in
the training set.

2. ESy: Sang 1s divided into training set, validation set, and test
set in an 8:1:1 ratio. The IC50 values related to the drugs
in the validation set and test set will not appear in the
training set.

Tables 2 and 3 present the results under ES; and ES,, respec-
tively. In both ES; and ES,, BANDRP exhibits the best performance.
In ES;, BANDRP outperforms DeepCDR, which also utilizes three
omics data. Compared to the second-ranked DeepTTA, BANDRP
achieves a lower RMSE and a higher PCC. These results underscore
the beneficial impact of incorporating multiple omics data and
pathway information on the model’s excellent generalization abil-
ity. In ES,, there is a slight decrease in performance for all models
in ES,, which can be attributed to the diversity of drug molecular
structures and the presence of similar genetic information in can-
cer cell lines. These findings suggest that BANDRP demonstrates
robust adaptability and generalization to new cancer cell-drug
responses.

Furthermore, we conduct independent tests using a separate
test set from CCLE. As hyper-parameter tuning and model training
occur independently of the benchmark dataset, this independent
test provides a more robust assessment of the model’s ability
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Table 1. Performance comparison of BANDRP and other methods on the benchmark dataset.

Method RMSE MAE R? PCC SCC

tCNNs 1.1574 0.8509 0.8166 0.9042 0.8776
DeepCDR 1.0189 0.7538 0.8579 0.9270 0.9003
Precily 1.1136 0.8345 0.8302 0.9125 0.8792
DeepTTA 0.9634 0.7182 0.8272 0.9105 0.8770
GADRP 0.9953 0.7263 0.8402 0.9298 0.9097
BANDRP 0.9305 0.6769 0.8802 0.9382 0.9168

Table 2. Comparison results of BANDRP and other methods on the benchmark dataset under the setting ES;.

Method RMSE MAE R? PCC SCC

tCNNs 1.6429 1.2348 0.6293 0.7952 0.7408
DeepCDR 1.4068 1.0552 0.7296 0.8604 0.8200
Precily 1.4399 1.0750 0.7154 0.8484 0.8030
DeepTTA 1.3512 1.0114 0.7506 0.8664 0.8288
GADRP 1.3528 1.0166 0.6589 0.8670 0.8289
BANDRP 1.2998 0.9692 0.7692 0.8783 0.8445

Table 3. Comparison results of BANDRP and other methods on the benchmark dataset under the setting ES,.

Method RMSE MAE R? PCC SCC

tCNNs 2.0739 1.6611 0.2422 0.5064 0.4298
DeepCDR 1.8569 1.3699 0.5171 0.7399 0.6470
Precily 1.8641 1.1292 0.4929 0.7151 0.6647
DeepTTA 1.7055 1.2975 0.5543 0.7507 0.6646
GADRP 1.7965 1.2970 0.4680 0.7501 0.6789
BANDRP 1.6348 1.2739 0.5926 0.7738 0.6969

to generalize to unknown data. The experimental results are in
Table 4. In independent tests, BANDRP achieves an RMSE that is
0.0514 lower than the second-ranked DeepTTA and an SCC that
is 0.0156 higher than the second-ranked GADRP. In summary,
BANDRP consistently outperforms state-of-the-art deep learning
methods, showcasing its superior adaptability and generaliza-
tion across various experimental settings and independent test
scenarios.

Ablation study

To investigate the contributions of different modules and features
within the BANDRP framework, we perform ablation experiments
on the input data of the model and the fusion methods of features.
In addition, we analyze the correlation between the features of
cancer cell lines and the features of drugs, as well as the impact
of other potential drug features on the model to validate the
optimality of the current feature selection and framework.

The impact of different input features

To further investigate the contributions of different input data
in BANDRP, we design the following BANDRP variants that retain
only one feature from drugs or cell lines or remove only one
feature from drugs or cell lines:

e BANDRP without gene expression (w/o EXP) removes the
gene expression feature.

¢ BANDRP without genomic mutation (w/o MUT) removes the
genomic mutation feature.

¢ BANDRP without DNA methylation (w/o METH) removes the
DNA methylation feature.

e BANDRP without pathway enrichment (w/o PATH) removes
the pathway enrichment feature.

e BANDRP without ECFP (w/o ECFP) removes the ECFP.

¢ BANDRP without ESPF (w/o ESPF) removes the ESPE.

¢ BANDRP without PubchemFP (w/o PubchemFP) removes the
PubchemFP.

¢ BANDRP keep gene expression(K_EXP) keep the gene expres-
sion feature and all drug features.

¢ BANDRP keep genomic mutation (K_MUT) keep the genomic
mutation feature and all drug features.

e BANDRP keep DNA methylation (K_METH) keep the DNA
methylation feature and all drug features.

¢ BANDRP keep pathway enrichment (K_PATH) keep the path-
way enrichment feature and all drug features.

* BANDRP keep ECFP (K_ECFP) keep the ECFP and all features
of the cancer cell line.

e BANDRP keep ESPF (K_ESPF) keep the ESPF and all features
of the cancer cell line.

¢ BANDRP keep PubchemFP (K_PubchemFP) keep the Pub-
chemFP and all features of the cancer cell line.

All variant models of BANDRP are constructed to benchmark
the dataset with consistent hyper-parameters and training strate-
gies. Table 5 shows the results of variant models with one feature
of a cancer cell line or drug removed, while Table 6 provides the
results of variant models retaining one feature of cancer cell lines
and all features of drugs, or retaining one feature of drugs and
all features of cancer cell lines. The RMSE of these variant models
ranges from 0.9313 to 0.9573, which is higher than that of BANDRP
(0.9305), indicating the usefulness of all individual features. For
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Table 4. Comparison results of BANDRP and other methods on the independent dataset.

Method RMSE MAE R? PCC SCC

tCNNs 2.0174 1.5780 0.2395 0.3706 0.3354
DeepCDR 1.6519 1.2948 0.4399 0.5026 0.4739
Precily 1.9919 1.5618 0.2881 0.4091 0.3698
DeepTTA 1.5436 1.2420 0.5118 0.6469 0.4739
GADRP 1.6465 1.2970 0.4514 0.4717 0.4217
BANDRP 1.3981 1.0844 0.5167 0.7561 0.5565

Table 5. Ablation experiment results of variant models in which one feature of cancer cell line or drug is removed.

Method RMSE MAE R2 PCC SCC
w/0 EXP 0.9573 0.6925 0.8732 0.9351 0.9164
w/o MUT 0.9494 0.6904 0.8753 0.9356 0.9142
w/0 METH 0.9458 0.6845 0.8762 0.9362 0.9156
w/o PATH 0.9359 0.6764 0.8788 0.9375 0.9168
w/o ECFP 0.9423 0.6810 0.8771 0.9368 0.9149
w/o ESPF 0.9313 0.6764 0.8800 0.9384 0.9187
w/o 0.9503 0.6911 0.8750 0.9356 0.9145
PubchemFP

BANDRP 0.9305 0.6769 0.8802 0.9382 0.9168

Table 6. Ablation experiment results of variant models that retain one feature of cancer cell lines and all features of drugs or retain one

feature of drugs and all features of cancer cell lines.

Method RMSE MAE R2 PCC SCC

K_EXP 0.9565 0.7009 0.8734 0.9347 0.9134
K_MUT 0.9544 0.7023 0.8739 0.9350 0.9123
K_METH 0.9607 0.7013 0.8723 0.9340 0.9127
K_PATH 0.9707 0.7225 0.8696 0.9335 0.9108
K_ECFP 0.9376 0.6798 0.8783 0.9372 0.9176
K_ESPF 0.9405 0.6850 0.8776 0.9372 0.9164
K_PubchemFP 0.9448 0.6912 0.8765 0.9365 0.9146
BANDRP 0.9305 0.6769 0.8802 0.9382 0.9168

the three features of drugs, the variant (w/o PubchemFP) performs
the worst, while the variant (K_ECFP) exhibits the best perfor-
mance. However, the disparity in performance among the variant
models is not substantial. This may be attributed to the presence
of some overlapping chemical and structural information in the
molecular fingerprints. For the four features of cancer cell lines,
the result of the variants with only one feature removed shows
that (w/o EXP) is the most degraded performance, indicating
that the gene expression feature provides more information than
other features. Among the variants retaining only one cancer cell
line feature, the lowest RMSE is achieved by (K_MUT), while the
highest is by (K_PATH). The experimental results suggest that
each feature contributes uniquely to the overall performance of
the model, highlighting the importance of integrating multiple
features for optimal predictive accuracy. To further investigate
the contribution of different cancer cell line features, we extract
the attention map from the bilinear attention module in the
trained BANDRP model and analyze it using the attention weights
within the attention map. Detailed information can be found in
Supplementary Section 3.

In addition, we analyze the impact of molecular graphs and
physicochemical properties of drugs as drug features on the
model. We design the following BANDRP variant models with

different drug feature inputs while keeping other structures
unchanged.

e U_DMG: Using molecular graphs and convolutional neural
networks instead of molecular fingerprints and MLPs in BAN-
DRP.

e U_PC: Using physicochemical properties instead of finger-
prints in BANDRP.

e U_DMG_PC: Using molecular graphs and convolutional neu-
ral networks, as well as physicochemical properties and an
MLP, instead of molecular fingerprints and MLPs in BANDRP.

e U_DMG_FP: Adding molecular graphs and convolutional neu-
ral networks to BANDRP.

e U_PC_FP: Adding physicochemical properties and an MLP to
BANDRP.

e U_DMG_PC_FP: Adding molecular graphs and convolutional
neural networks, as well as physicochemical properties and
an MLP, to BANDRP.

Specifically, following Liu et al. [25], we generate molecular
graphs based on SMILES sequences of drugs and obtain drug rep-
resentations through a convolutional neural network graph. We
use the RDKit Python package to calculate the physicochemical
properties of drugs, resulting in a physicochemical property vector
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Table 7. Ablation experiment results of different drug input.

Method RMSE MAE R? PCC scc

U_DMG 1.0603 0.7700 0.8559 0.9277 0.9032
U_PC 1.0254 0.7512 0.8607 0.9286 0.9053
U_DMG_PC 1.2394 0.8544 0.8316 0.9228 0.8994
U_DMG_FP 1.1225 0.7996 0.8475 0.9245 0.9000
U_PC_FP 0.9834 0.7259 0.8686 0.9323 0.9092
U_DMG_PC_FP 1.0164 0.7412 0.8619 0.9292 0.9071
BANDRP 0.9305 0.6769 0.8802 0.9382 0.9168

Table 8. Ablation experiment results of different feature fusion methods.

Method RMSE MAE R? PCC scc

BANDRP_st 1.0279 0.7348 0.8607 0.9279 0.9050
BANDRP_mlp 1.0279 0.7348 0.8607 0.9279 0.9050
BANDRP 0.9305 0.6769 0.8802 0.9382 0.9168

of dimension 209 for each drug, and construct an MLP module to
obtain the drug representation. For variant models using multiple
features, such as U_DMG_PC, similar to BANDRP, we concatenate
the drug representations obtained from different methods into
a matrix, which serves as the input for the Bilinear attention
module. The experimental results, as shown in Table 7, indicate
that the best performance is achieved when only molecular fin-
gerprints are used within the current task and model framework.

In general, BANDRP leverages diverse information from cancer
cell lines and drugs for predictions of anti-cancer drug response.
The removal of features may reduce its predictive capabilities,
underscoring the effectiveness of the feature selection scheme for
the prediction task.

The impact of feature fusion methods

To validate the impact of the bilinear attention network on feature
fusion in the model, we construct two variant models. BAN-
DRP_st, which uses a self-attention network for feature fusion,
and BANDRP_mlp, which uses an MLP network for feature fusion.
Under the same experimental conditions, the results are shown in
Table 8. The experimental results indicate that the feature fusion
method using a bilinear attention network is optimal.

Prediction of unknown drug responses

In this section, we employ the known IC50 values from the bench-
mark dataset to train the model and predict the missing 9,117 IC50
values. The result illustrates the distribution of predicted values
for missing drug responses, organized by drugs, with a focus on
the top 10 sensitive drugs and the last 10 resistant drugs (see
Fig. 2). Notably, Bortezomib ranks as the top 'sensitive’ drug. Func-
tioning as a proteasome inhibitor, Bortezomib induces apoptosis
in cancer cells by inhibiting angiogenesis and reducing cancer cell
adhesion to the matrix [26]. Numerous studies have substantiated
its efficacy in multiple myeloma and various hematologic and
solid tumors [27, 28]. Specifically, the predicted IC50 value for
Bortezomib in the esophageal squamous cell carcinoma cell line
TE-15 is —5.12, underscoring its therapeutic effect against this
cancer cell line, as corroborated by Lioni et al.’s study [29]. Dapor-
inad (also known as FK886) secures the second rank. As an anti-
tumor and anti-angiogenic agent, it depletes the energy reserves
of metabolically active tumor cells by inhibiting the synthesis of

nicotinamide adenine dinucleotide (NAD+), inducing apoptosis
[30]. In the prediction results, Daporinad shows lower average IC50
values across multiple types of cancer cell lines. Temozolomide
ranks first among 'resistant’ drugs, primarily designed for the
treatment of specific types of brain tumors [31]. Therefore, it
exhibits a higher average IC50 value in the results. Collectively,
this evidence underscores the accurate predictive capabilities of
BANDRP.

Case study

Acute myeloid leukemia (AML) is distinguished by the abnormal
proliferation of blood cells in the bone marrow, exhibiting resis-
tance to treatment, high relapse rates, and challenges in achieving
a cure [32]. Despite the utilization of some effective drugs for AML,
there is a pressing need for innovative therapeutic approaches
to enhance patient survival rates. In this study, we conduct a De
novo test, focusing on AML cell lines using a benchmark dataset.
More specifically, nine AML cell lines are selected, and the drug
responses associated with these cell lines are designated as the
test set. The remaining drug responses are utilized for model
training. The outcome involves the prediction of IC50 values for
169 drugs across 9 AML cell lines (see Fig. 3). Upon ranking the
predicted drug values in AML cell lines by their mean values,
the top 3 drugs exhibiting sensitivity are Vinblastine, Docetaxel,
and Bortezomib. Notably, existing biological experiments [33-35]
affirm the efficacy of these drugs in AML treatment. These results
suggest that BANDRP can aid in discovering novel therapeu-
tic effects of anti-cancer drugs and provide potential treatment
options for cancer therapy.

Discussion and conclusion

In this study, we present BANDRP, a novel approach for predicting
anti-cancer drug response by integrating multi-modal data from
cancer cell lines and drugs. BANDRP captures the features of
cancer cell lines across four views: transcriptomics, genomics,
epigenetics, and biological pathways. Similarly, it learns the fea-
tures of drugs using diverse molecular fingerprints. Notably, BAN-
DRP incorporates a bilinear attention module to effectively fuse
features from cancer cell lines and drugs. Experimental results
on benchmark datasets and an independent test set consistently
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Figure 3. Heatmap of drug responses across 9 AML cell lines and 169 drugs. The horizontal axis represents drugs, the vertical axis represents AML cell

lines, and the darker the color, the lower the predicted IC50 value.

demonstrate the superiority of BANDRP over competing methods.
Feature analysis and ablation experiments provide insights into
the viability of our feature selection scheme for the prediction
task. Additionally, analytical experiments and case studies on
unknown anti-cancer drug response predictions underscore the
predictive capabilities of BANDRP.

Despite the promising performance of BANDRP in anti-cancer
drug response prediction, there are areas for potential improve-
ment. Firstly, the model does not currently account for biological
entities such as targets and diseases. Exploring the inclusion of
biological entities and managing the challenges of data sparsity
in this context is an avenue for future exploration. Secondly,
while the use of molecular fingerprint-based drug representa-
tion proves effective, further exploration is needed to enhance
the model’s predictive performance when dealing with unknown
drugs. Third, BANDRP focuses on predicting drug responses in
single-drug scenarios. Considering clinical drug use scenarios,
the prediction of synergistic drug combinations deserves further

exploration, and some computational methods to predict syner-
gistic drug combinations have already been proposed [36, 37]. In
future research, we plan to develop our model on larger datasets
and explore the integration of pre-trained models to enhance
drug representations. Additionally, we will aim to focus on various
combinations of drugs and develop prediction models for drug
combination responses to better reflect real clinical treatment
strategies, optimize combination therapies, and improve thera-
peutic outcomes.

Key Points
e This study proposes a bilinear attention network, named
BANDRP, for anti-cancer drug response prediction based
on multi-omics data of cancer cell lines and molecular
fingerprints of drugs.
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e This study utilizes pathway enrichment scores to
enhance the features of cancer cell lines. It also auto-
matically learns the interactive information between
cancer cell lines and drugs through bilinear attention
networks, improving prediction accuracy.

e Experiments demonstrate that BANDRP surpasses exist-
ing models in predictive performance. Feature analysis
and ablation experiments confirm the optimality of the
model’s architecture and feature selection scheme.

Supplementary data

Supplementary data are available at Briefings in Bioinformatics
online.
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