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Abstraci—A thorough understanding of cell-line drug
response mechanisms is crucial for drug development,
repurposing, and resistance reversal. While targeted an-
ticancer therapies have shown promise, not all cancers
have well-established biomarkers to stratify drug response.
Single-gene associations only explain a small fraction of
the observed drug sensitivity, so a more comprehensive
method is needed. However, while deep learning models
have shown promise in predicting drug response in cell
lines, they still face significant challenges when it comes
to their application in clinical applications. Therefore, this
study proposed a new strategy called DD-Response for
cell-line drug response prediction. First, a limitation of nar-
row modeling horizons was overcome to expand the model
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training domain by integrating multiple datasets through
source-specific label binarization. Second, a modified rep-
resentation based on a two-dimensional structurized grid-
ding map (SGM) was developed for cell lines & drugs,
avoiding feature correlation neglect and potential infor-
mation loss. Third, a dual-branch, multi-channel convolu-
tional neural network-based model for pairwise response
prediction was constructed, enabling accurate outcomes
and improved exploration of underlying mechanisms. As
a result, the DD-Response demonstrated superior perfor-
mance, captured cell-line characteristic variations, and pro-
vided insights into key factors impacting cell-line drug re-
sponse. In addition, DD-Response exhibited scalability in
predicting clinical patient responses to drug therapy. Over-
all, because of DD-response’s excellent ability to predict
drug response and capture key molecules behind them,
DD-response is expected to greatly facilitate drug dis-
covery, repurposing, resistance reversal, and therapeutic
optimization.

Index Terms—Drug response prediction, cell lines
representation, precision medicine, structurized gridding
map.

|. INTRODUCTION

COMPREHENSIVE understanding of the mechanisms
A governing drug response is vital for drug discovery [1],
drug repurposing [2], and drug resistance reversal [3]. Con-
temporary cancer treatment strategies often rely on low-toxicity
anticancer drugs that specifically target proteins with abnormal
expression or mutations [4], such as BCR-ABL fusion [5],
EGFR mutations [6], HER2 overexpression [7], and KRAS
mutations [8]. Unfortunately, not all types of cancer exhibit
well-established biomarkers that are causally linked to drug
response stratification [9], [10], and in most cases, the response
of cancer to drugs is likely to depend on a combination of
genomic variables [11]. In fact, single gene-drug associations
can only account for a small fraction of the observed range of
drug sensitivity across cancer for a given drug [12]. Therefore,
considering only the simple relationship between drug targets
or their mutation status is not sufficient for predicting the ther-
apeutic efficacy of specific anticancer drugs [13]. Instead, early
inference of drug response based on the pre-treatment cancer
molecular profile and understanding the molecular mechanisms
underlying drug response will greatly contribute to the develop-
ment of precision medicine [1], [14], [15].
Recently, a certain amount of research has been reported on
the prediction of drug cell line responses. At the early stage of
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the study, classical machine learning (ML) algorithms such as
lasso regression [16], elastic net regression [17], support vector
machines [18], and random forests [19] were adopted by many
methods [20], [21]. With the rapid development of artificial
intelligence (AI), deep learning (DL) algorithms have been
widely used in contemporary model construction, and significant
achievements have been made. For instance, many methods were
presented based on deep neural networks, such as RefDNN [22],
DeepDRK [23], and Precily [24]. Some methods were developed
based on the graph neural network and the contrastive learning
technique such as DeepCDR [25] and GraphCDR [26]. In addi-
tion, some methods integrated their model with cellular biology
hierarchy, such as DrugCell [1] with its developed visible neural
network.

However, despite the existence of numerous established meth-
ods, there remains a dearth of clear guidelines regarding their
clinical implementation for drug therapy stratification [10], [27].
Several key concerns contribute to this issue: First, limitations
arise from the narrow horizon of the model, stemming from
the single-source and unilateral modeling [28], [29], [30]. Due
to inconsistent data annotations and standards from different
sources [28], current methods, especially regression models,
are hampered by multi-data source availability. The restricted
training domain [24] and the overuse of unilateral architectures
for opportunistic promotion [31] would reduce the functionality
and representativeness of the model [29]. Second, limitations
arise from the defective representation of cell lines, stemming
from the feature correlation neglect and potential information
loss [31]. On the one hand, without considering the feature
dependency, direct adoption of high-dimensional cell-line gene
expression profiles in existing methods can lead to the “curse
of dimensionality” and model overfitting [10], [22], [32]. On
the other hand, rough engineering or over-simplification of
the high-dimensional vectors by prior methods can result in
information loss or imprecise characterization [23], [33], [34].
Last, limitations arise from the low efficiency of knowledge
extraction [35], stemming from the utilization of inappropriate
models [36]. Most existing methods employed ordinary DL
models which are unsatisfactory and incompetent in some as-
pects, and are usually optimized as “black boxes” that seek only
predictive accuracy with little consideration of the underlying
biological mechanisms [37]. This limitation severely restricts
the identification of drug action mechanisms and hinders the
development of precision medicine [1]. Therefore, there is an
urgent need for novel drug response prediction models that
accurately forecast outcomes and facilitate the exploration of
the underlying mechanisms driving drug response.

In this study, a novel strategy, named DD-Response, for
cell-line drug response prediction was therefore constructed.
Firstly, to overcome the limitations of narrow horizons, DD-
Response harmonized multiple datasets by source-specific la-
bel binarization, enlarging the data space for modeling [38].
Secondly, to avoid the defective representations of cell lines,
DD-Response developed modified representations based on
the created two-dimensional (2D) structurized gridding map
(SGM), where the previous unordered feature vectors were re-
arranged into the organized grids for subsequent model learning

[39]. Lastly, to address the obstacles of inefficient knowledge
extraction, DD-Response developed a dual-branch and multi-
channel convolutional neural network-based model for pairwise
response prediction, which is considered to be highly capable
of learning on image-like grid data [39]. Benefiting from the
broad training domain, correlation-based SGM representations,
and well-designed neural network, DD-Response achieved bet-
ter cell-line drug response prediction performance compared
with existing comparable methods. Furthermore, new insights
into the cell-line characteristic variations from gene expression
to drug response were also captured by DD-Response. DD-
Response scored key factors affecting drug response in cell
lines to gain an understanding of underlying mechanisms, and
their involved functional pathways provided important clues
to drug resistance reversal and repurposing. More importantly,
DD-Response showed its scalability to predict the response of
clinical patients to cancer drug therapy, which offers a valuable
data reference for the rational utilization of drugs. All in all,
DD-response is expected to greatly facilitate drug discovery,
repurposing, resistance reversal, and therapeutic optimization.
The source code and datasets of DD-Response are now available
at https://github.com/idrblab/DD-Response.

[I. MATERIALS AND METHODS

A. Feature Encoding With Cancer Cell-Line Gene
Expression and Drug Fingerprint

In this study, drug molecular fingerprint profiles and cell-line
gene expression profiles were used as original representations,
respectively. For drugs, their ISOSMILES were obtained from
the PubChem database [40] via the open-source software RDkit
(https://www.rdkit.org) for calculating molecular fingerprints
(FPs), which consisted of 441 PharmacoErG FPs based on phar-
macophore profiles [41], 881 PubChem FPs and 167 MACCS
FPs based on key substructural features [42], [43]. For cell
lines, 37,607 gene RNA-seq data (gene TPM values per million
transcripts) from 1,432 cell lines were gathered from the GDSC,
and log?2 transformed to TPM values with pseudo-count 1, i.e.,
log2 (TPM+1) [44], [45]. Next, a comprehensive literature
review of 37,607 genes was performed and combined with drug
transporter and metabolizing enzyme data from VARIDT [46],
INTEDE [47], and DrugMAP [48], which ultimately resulted in
approximately 15,000 genes that were regarded as key features
for cancer development and drug ADME. Then, the information
on gene-related pathways was incorporated into this study, with a
total 0f 9,497 genes having associated pathway information from
the KEGG [49] and Reactome [50] databases. Ultimately, the
expression profiles of the 9,497 genes were used as the original
feature vectors of the cell lines.

Furthermore, optimal filtering was achievable by removing
the lowest variance features [51]. The filtering of genes was
guided by the variance of its expression across the 1,432 cell lines
in GDSC. The filtering of FPs was guided by the variance of its
manifestation across the 8,506,208 drug molecules in PubChem.
The removal variance threshold value of < 0.0001 was set as the
results-oriented selection, finally, 9,481 genes and 1,303 FPs
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Fig. 1

Framework of DD-Response. (a) Template Construction for Gridding: Based on the pairwise similarity of features (represented by the

distance matrix), the feature objects (genes for cell lines and FPs for drugs) were rearranged into a 2D grid using UMAP and J-V Algorithm step by
step, to construct the templates for SGM representations of cell lines and drugs, respectively. (b) Feature Encoding and Gridding Translation: the
feature value assignments and multilayer mapping transformations were performed for drug molecular fingerprints and cell line gene expression
profiles, respectively. (c) Multi-Channel CNN-based Model Construction: a dual-branch and multi-channel convolutional neural network-based
model, consisting of two CNN branches for feature embedding extraction and an FC-NN module for concatenating and classifying, was subsequently
designed to learn the feature profiles of drugs and cell lines, respectively, and to predict the cell-line drug response patterns.

were used to constitute original feature vectors of cell lines and
drugs.

B. Feature Correlation-Based Template Construction for
Structurized Gridding

Based on the correlation of the feature manifestation in cell
lines and in drugs (9,481x 1,432 and 1,303 x8,506,208 respec-
tively), the pairwise distances among 9,481 genes and among
1,303 FPs were respectively calculated using the cosine correla-
tion function (1), where fea, and feay, are both vectors of either
genes (1,432 length) or FPs (8,506,208 length), then stored in
the distance matrix of genes (9,481x9,481) and distance matrix
of FPs (1,303 x1,303) [39].

fea, - feay

distance (feay, fea,) = 1 — [Feaa] x [Feau]
a

ey

For either genes or FPs, each feature was projected into a 2D
space as a scattered feature point based on their distance corre-
lation. The embedding of these scatters was found by the closest
possible equivalent fuzzy topological structure searching using
Uniform Manifold Approximation and Projection (UMAP) [52].
These scatters were further assigned to a grid map, and structur-
ized by minimizing the cost-squared distance matrix between
feature scatters and feature grids (2). This linear assignment
was implemented using the Jonker—Volgenant (J-V) algorithm
[53]. Ultimately, the constructed grid maps for cell lines and
drugs maintained the broadly learned correlation relationships
and then were regarded as templates for original feature vector
rearrangement (Fig. 1(a)).

distance Uscatter, Ggrid — HUscatter _ Ggrid”2

@)
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Fig. 2 Performance evaluation of DD-Response. (a) Cell lines and drugs from different data sources. Orange circles: interlacement of drugs; Blue
circles: interlacement of cell lines. (b) The AUROC and AUPR testing results of DD-Response, RF, XGBoost, and FCNN models, DD-Response
significantly outperformed the other classic ML models. Blue bar: DD-Response; Red bar: RF; Green bar: XGBoost; Orange bar: FCNN. (c) The
performance of the DD-Response main model (Main model, colored in darker purple) and single-source trained models (CTRP only, GDSC only, and
CCLE only, colored in three lighter purples in order) on the independent gCSl testing dataset. (d) The density distribution of neural network weights
for processing cell-line (colored in blue) and drug (colored in orange) latent vectors. (e) Comparison with three existing methods, DD-Response
outperformed the competing method. Green bar: GraphCDR; Orange bar: DeepDRK; Yellow bar: RefDNN; Blue bars: DD-Response.

Asdescribed above, a newly structurized gridding map (SGM)
representation for each cell line and drug could be translated by
mapping the intensities of all features to their corresponding
locations in the relevant template (98x97 for cell lines and
37x36 for drugs). Moreover, additional grouping was employed
to further enhance the representation of cell lines and drugs.
For the cell lines, their SGM representations were grouped into
8 different channels based on the KEGG-defined biological
pathway of the genes [49]. These categories included cellular
processes, developmental biology, drug development, environ-
mental information processing, genetic information processing,
human diseases, metabolism, and organismal systems. For the
drugs, their SGM representations were grouped into 3 channels
based on the FP sources and properties. In summary, for the
input of the model, each cell line would be represented by an
8x98x97 feature map, and each drug would be represented by
a 3x37x36 feature map (Fig. 1(b)).

C. Preprocessing of Cell-Line Drug Response Labels
From Diverse Data Sources

The fusion dataset utilized in this study was sourced from
three prominent databases, namely Cancer Therapeutics Re-
sponse Portal (CTRP) [54], [55], Genomics of Drug Sensitivity
in Cancer (GDSC) [44], [45], and Cancer Cell Line Encyclo-
pedia (CCLE) [38]. The information on drug high-throughput
screening and cell line gene expression levels was extracted from
the public websites of these databases. To elaborate, the GDSC
dataset provided half maximal inhibitory concentration (IC50)

values and area under the dose-response curve (AUC) values
for 978 cancer cell lines and 543 drugs. The CCLE dataset
contributed IC50 values and activity area values for 504 cancer
cell lines and 24 drugs. As for the CTRP dataset, AUC values
were obtained for 860 cancer cell lines and 547 drugs. Since
the inconsistencies across the databases hindered comprehensive
data analysis, this study initially normalized the compounds and
cell lines across data sources. Compounds were standardized
using Compound IDs (CID) from the PubChem database, while
cell lines were standardized using cell line IDs from the GDSC
database [45]. Ultimately, a total of 689 drugs and 1,227 cancer
cell lines were included in the subsequent analysis. (as shown
in Fig. 2(a) and Table I).

To standardize response labels across different data sources,
the Waterfall method was employed to categorize the response
values of drug-related cell lines, thereby determining the sensi-
tivity (1) or resistance (0) [38]. The Waterfall method follows
a sequential procedure, initially arranging the AUC or IC50
values of the drug against the cell lines in descending order
to generate a curve. This curve represents the AUC/IC50 values
on the Y-axis and the corresponding cell lines on the X-axis. To
establish a cutoff value for the AUC/IC50 values, two distinct
strategies were employed: Firstly, for linear curves exhibiting
a Pearson correlation coefficient greater than 0.95, the median
AUC/ICS50 value across the cell lines was chosen as the cutoff
point distinguishing sensitive from resistant AUC/IC50 values.
Secondly, for non-linear curves with the Pearson correlation
coefficient lower than 0.95, the cutoff point was determined
based on the AUC/IC50 value of a specific boundary data point.
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TABLE |
FUSION DATASET COLLECTION AND PREPROCESSING RESULTS

No. of

No. of No. of No. of cell No. of drug-cell No. of sensitive data No. of resistance data
drugs q q q S N
drugs shared cell lines lines shared line response after binarization after binarization
GDSC 398 139 972 611 129 215 54127 75 088
CCLE 24 21 483 476 6551 1041 5510
CTRP 423 139 832 686 74317 28 166 46 151
Total 689 1227 210 083 83334 126 749

This data point was selected as the maximum distance from
the line connecting the highest and lowest AUC/IC50 values.
The Waterfall method was initially proposed in a notable study
focusing on the CCLE in 2012 and has since been adopted in
various subsequent studies [38], [56]. Its efficacy in segregating
data about drug sensitivity and resistance has been demonstrated
[57].

D. Neural Network Model Construction, Training,
Evaluation, Comparison, and Implementation

The DD-Response was composed of a multi-layer and multi-
channel convolutional neural network (CNN) branches module
for feature extraction and another fully connected layers module
for concatenation and classification (Fig. 1(c)) [58], [59]. Cell
lines and drugs were first learned by the two CNN branches.
Both branches consisted of eight layers. The first layer was a
convolutional layer (72 of 17x17 sized convolutional kernels
for cell lines, and 48 of 9x9 sized kernels for drugs), with a
stride of 1. The second layer was a max-pooling layer (72 of
5x5 sized pooling kernels for cell lines, and 48 of 3x3 sized
pooling kernels for drugs), with a stride of 2. The third layer was
a queue of three parallel convolutional layers (48 of 9x9, 5x35,
and 1 x 1 sized convolutional kernels for cell lines, and 32 of 5 x5,
3x3, and 1x1 sized kernels for drugs), with a stride of 1. The
fourth layer separately combined the three-feature embedding
obtained in parallel, and subsequently put into a max-pooling
layer of the same size as the second layer for downsampling.
The sixth layer was a queue of three parallel convolutional layers
(96 of 9x9, 5x5, and 1x1 sized kernels for cell lines, and 64
of 5x5, 3x3, and 1x1 sized kernels for drugs), with a stride
of 1. After completing an analogous combination in the seventh
layer, the eighth layer performed a global max-pooling to obtain
the final embedding. As a result, a 98 x 97 cell-line SGM
representation and a 37 x 36 drug SGM representation would be
learned to turn into a 288-length latent vector and a 192-length
latent vector, respectively. After that, the cell-line latent vector
and the drug latent vector were concatenated, and three fully
connected layers (FC-layers) with 512, 256, and 64 neurons
were stacked to learn the cell-line drug pairs and implement
response prediction. Except that the Softmax function was used
in the final discriminant layer, the ReL.U function was used as
the activation function [60].

For model training, the fusion dataset was split randomly, with
10% reserved for testing and the remaining 90% used as the
training dataset. Then the stratified 5-fold cross-validation (CV)
was employed for hyperparameter optimization while training.
In stratified 5-fold CV, the training datasets are divided into five

groups with the distribution of positive and negative samples as
close as possible. In each CV round, one group is treated as the
validation set in rotation, while the other four are collected as
the training set [60]. As a result, the learning rate of 0.0005,
batch size of 128, drop out of 0.0005, weight decay of 0.0005,
early-stop steps of 16, and optimizer of Adam, were decided for
model training in this study.

Model performance was evaluated according to the average
values of area under the receiver operating characteristic curve
(AUROC) and precision-recall curve (AUPR) on the prepared
testing dataset among 5-fold CV models [60]. For further as-
sessment, an independent testing dataset with 398 samples was
collected from gCSI [61] after clearing away the duplicates
already in the fusion dataset and binarizing.

DD-Response was further analyzed by comparing it with dif-
ferent classic machine-learning models and other existing meth-
ods. Here, three classic ML models, including Random Forrest
(RF), Extreme Gradient Boosting (XGBoost), and a three-layer
fully connected Neural Network (FCNN), were trained from
scratch based on the same fusion dataset, feature engineering,
hyperparameter optimization, and training strategy. As for the
comparison with other existing methods, DD-Response took
turns competing with the methods and used the dataset estab-
lished by the rivals for model training. This is due to limitations
in the availability of multi-omics data, where many cell lines in
the fusion dataset cannot be not correctly encoded and do not
fulfill the requirements of other existing methods for complete
annotation of fusion datasets. The competing methods mainly
included GraphCDR [26], DeepDRK [23], and RefDNN [22].
They all employed classification models and were published
after 2020, which should be fully reproduced. In each paired
comparison, the DD-Response model was trained from scratch
based on the same strategy, while the model for comparison was
trained from scratch based on the strategy reported in its original
publication.

The whole framework was developed mainly based on Py-
torch 1.8.1 and employed on the platform with Intel(R) Xeon(R)
Gold 6132 CPU @ 2.60GHz, NVIDIA(R) Tesla(R) P100 16GB
GPU and 263GB RAM on CentOS Linux release 7.9.2009
(Core). All the scripts were written in Python 3.6.8.

E. Visualization of Characteristic Variation Before and
After Model Learning

To reflect the characteristics of cell lines and drugs that the
model had learned, their relative distribution variation before
and after infusing the model with cell-line drug response in-
formation was compared. Based on UMAP, cell lines with
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Fig. 3 Cell-line characterization and variations captured by DD-response. (a) The SGM representations of six different cancer cell lines (K052,
SU4, NCI-H889, PC14, M059K, NH-6). Each grid in SGM represented a gene, and the intensity represented its expression. Specific clustered
DEGs were framed by the red box. It could be observed that DEG clustering varied for different cancerous tissues and cancer types. (b) Drugs
that were projected in a 2D space, each scatter represented a drug, and their relative distribution before and after model learning (upper panel
and lower panel respectively). The sensitive and resistant drugs for the Gl-1 cell line were more significantly separated after infusing cell-line drug
response information. Black ones: resistant drugs to Gl-1; Yellow ones: sensitive drugs to Gl-1; Gray ones: drugs with unknown response to Gl-1.
(c) Cell lines that were projected in a 2D space, each scatter represented a cell line, and their relative distribution before and after model learning
(upper panel and lower panel respectively). The sensitive and resistant cell lines for Osimertinib were more significantly separated after infusing
cell-line drug response information. Black ones: resistant cell lines to Osimertinib; Yellow ones: sensitive cell lines to Osimertinib; Gray ones: cell
lines with unknown response to Osimertinib. (d) The relative distribution of cancer types in cell lines before and after model learning (upper panel
and lower panel respectively). Each scatter represented a cell line. (e)—(g) The relative distribution of Neuroblastoma (NBL), Ewing’s sarcoma (ES),
and Glioma (GBMLGG) cell lines before and after model learning. Red section: hematologic malignancy cell lines; Dark blue: Neuroblastoma cell
lines; Green: Ewing’s sarcoma cell lines; azure blue: Glioma cell lines; Gray: other solid tumor cell lines. (h) The responses of diverse drugs to
T-cell lymphoblastic lymphoma (T-LBL), B-cell lymphoblastic lymphoma (B-LBL), chronic myelogenous leukemia (CML), NBL, ES, and GBMLGG
cell lines.

original gene expression vectors and post-learned cell lines F Key Gene Identification With Integrated Gradients and
with latent embedding vectors were reduced to two dimen- Functional Enrichment

sions and projected into two two-dimensional spaces, respec-
tively, and a similar manipulation was carried out for the
drugs with original fingerprint vectors and drugs with latent
embedding vectors after learning (as shown in Fig. 3(b)—(g)).
The distribution of their projection still preserved the high-
dimensional global structure and therefore the relative posi-
tions of cell lines in the projected space could reveal their
correlation [62].

To identify the key genes (KGs) that mediate cell-line drug
response, the Integrated-Gradient (IG) score was applied to
measure the impact of each gene in model reasoning [57]. For
any individual genejj on the feature map, its IG score was defined
by the integral of gradients along the path from the baseline to the
input expression level [63]. The integral could be approximated
using the Riemann rule and be calculated through (3), where
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