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Cancer treatments always face challenging problems, particularly drug resistance due to tumor cell 
heterogeneity. The existing datasets include the relationship between gene expression and drug sensitivities; 
however, the majority are based on tissue-level studies. Study drugs at the single-cell level are perspective 
to overcome minimal residual disease caused by subclonal resistant cancer cells retained after initial 
curative therapy. Fortunately, machine learning techniques can help us understand how different types of 
cells respond to different cancer drugs from the perspective of single-cell gene expression. Good modeling 
using single-cell data and drug response information will not only improve machine learning for cell–drug 
outcome prediction but also facilitate the discovery of drugs for specific cancer subgroups and specific 
cancer treatments. In this paper, we review machine learning and deep learning approaches in drug 
research. By analyzing the application of these methods on cancer cell lines and single-cell data and 
comparing the technical gap between single-cell sequencing data analysis and single-cell drug sensitivity 
analysis, we hope to explore the trends and potential of drug research at the single-cell data level and 
provide more inspiration for drug research at the single-cell level. We anticipate that this review will 
stimulate the innovative use of machine learning methods to address new challenges in precision medicine 
more broadly.

Introduction

Drug study is a very important problem in the cancer commu-
nity, and many tasks aim to ultimately increase the e�ectiveness 
of cancer drugs by looking at the impact of the drug and its 
resistance on cancer cells [1]. �e focus of drug development 
studies includes understanding drug response, discovering new 
drugs, predicting interactions between drugs and target dis-
eases, and ranking drugs according to their potential [2]. �ese 
studies are important to develop new and e�ective treatments 
for various diseases. All these studies aim to improve the quality 
of life by reducing the burden of diseases and making treat-
ments more e�ective.

Concentrating on the above aspects could provide valuable 
insights into the understanding of drug biomechanism [3]. 
However, considering the complexity of the disease, individual 
di�erences, and the huge number of drug compounds, it is 
almost impossible to discover drugs experimentally [4]. �us, 
it is necessary to apply machine learning (ML) and deep learn-
ing (DL) technologies to drug response studies so as to save 
development costs and time [5,6].

At present, there are enough public data on disease cell lines 
to develop genomic signatures. For example, Genomics of Drug 
Sensitivity in Cancer (GDSC) [7], Cancer Cell Line Encyclopedia 
(CCLE) [8], the Cancer �erapeutic Response Portal (CTRPv2) 

[9], and the National Institutes of Health Library of Integrated 
Network-based Cellular Signatures Connectivity Map (NIH 
LINCS CMap L1000) [10] are the most popular drug screens 
in cancer cell line databases. �ese cancer cell line data can be 
used to develop better treatments for diseases and to improve 
our understanding of how diseases develop. Besides, more 
research is needed to mine data information.

ML and DL technologies make it possible to screen cell lines 
against thousands of chemical compounds, both clinically 
approved and experimental [11]. As a result, these public cancer 
cell line datasets spurred the development of predictive models. 
ML technologies can help identify new therapeutic targets and 
optimize existing treatments. Currently, numerous ML methods, 
especially DL models, have been developed to make drug 
response predictions [12]. For example, SCATTome is an ML 
model that combined random forest (RF) [13], LASSO [14], 
and support vector machine (SVM) [15] to predict drug 
sensitivity on targeted gene expression pro�ling of single cells 
within human myeloma tumors [8].

However, due to tumor cell heterogeneity, drug resistance 
and low e�ciency are always challenging problems in clinical 
treatments [16]. If we can successfully predict the cell–drug 
response at the single-cell level, it will greatly in�uence the way 
cancer patients use drugs, which in turn will somehow provide 
great bene�ts for future cancer patients [17]. Not only would 
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the outcome greatly bene�t the health of cancer patients but 
also cancer occurs at the cellular level [18]. Studies look at 
cancer cell drug resistances, cancer drug side e�ects, and cancer 
drug sensitivities to measure the right outcomes, so it has the 
high potential to make way for cancer advancements [19].

Fortunately, we have noticed some progress in drug response 
studies at the single-cell level. For example, scGen used varia-
tional autoencoder (VAE) and latent space vector arithmetic 
to capture features and successfully distinguish responding 
from nonresponding genes and cells on single-cell gene expres-
sion data [20]. Besides, DeepHACKS integrated bidirectional 
long short-term memory (LSTM), conventional ML, and an 
autoencoder model to implement temporal feature extraction 
and drug response prediction [21]. �ese methods demonstrate 
that DL can help predict drug response at the single-cell level. 
ML technologies are revolutionizing drug discovery and devel-
opment, and hold great promise for the future of personalized 
medicine. Ultimately, ML and DL technologies have the poten-
tial to improve the lives of patients by providing more e�ective 
and tailored treatments.

However, to date, drug response studies at the single-cell 
level lag behind relatively, and most of the published review 
literature focuses on the comparison of developed ML on 
cancer cell line data [129–131]. �is is due, in part, to the challenge 
of measuring drug response at the single-cell level. �e chal-
lenge of studying drug response based on single-cell sequencing 
data is that there are not enough single-cell sequencing data 
and cells’ responses a�er drug exposure [22]. Obviously, delays 
during the lack of collection of necessary data information 
would a�ect the conduct of research.

In this review, we focus more on DL techniques with a much 
more detailed description and method comparison in the �eld 
of drug study. First, to better understand the process of drug 
development, we provide a work�ow about drug discovery and 
development and show the role of ML methods in the overall 
pipeline. Further, we introduce ML methods following the anal-
ysis pipeline and public data format and cell line databases in 
cancer. As a comparison, we also present the limited publicly 
available single-cell datasets of cancer. Besides the data and 
models, we also summarize the applications on both cancer 
cell lines and single-cell data of ML and DL methods in drug 
response, drug discovery, interaction prediction among drug–
target–disease, and so on. Notably, to compare the technical 
application gap between single-cell sequencing data analysis 
and cancer single-cell drug sensitivity analysis, we systemati-
cally summarized the single-cell sequencing data analysis 
methods. Finally, we conclude the advantages and disadvan-
tages in the �eld of drug studies, then discuss the challenges 
and opportunities of predicting drug sensitivity at the single-cell 
level, and give the potential direction for future studies on can-
cer single cells.

General Methods and Workflows for ML and DL 
in Drug Study

An overview of ML and DL methods and their  
model training
Common conventional ML contains kernel-based [23], Bayesian-
based [24], and NLP-based methods [25], SVM [15], RF [13], 
and Ensemble learning [26,27]. Here, Ensemble learning refers 
to a class of strategies where, instead of building a single model, 
multiple base models are combined to perform tasks [27]. DL 

methods in Figs. 1 and 2 contain deep neural network (DNN), 
convolutional neural network (CNN), recurrent neural network 
(RNN), auto-encoder or variational auto-encoder (AE/VAE), 
graph neural network (GNN), deep transfer learning (DTL), 
and other variants. Speci�cally, autoencoders have been used 
to impute missing data [28], extract gene expression signatures 
[29], and detect expression outliers in microarray data and RNA 
sequencing (RNA-seq) gene expression data [30]. Especially in 
biological data, there are a lot of unlabeled data, but they are 
related to very important issues that need to be studied.

A DNN is a multilayer unsupervised neural network with 
multiple nonlinearly mapped feature transformations that can 
be �tted to highly complex functions. DNNs use the output 
features of the previous layer as the input of the next layer for 
feature learning, and learn a better feature representation of 
the existing input by mapping the features of the existing space 
samples to another feature space a�er layer-by-layer feature 
mapping. Here, we brie�y introduce the main structure and 
training process of a basic neural network. A most basic neural 
network structure contains an input layer, a hidden layer, and 
an output layer [31]. Generally, data are �rst input in the input 
layer of a DNN, then the data are mapped through several 
nonlinear hidden layers, and the result is �nally obtained in 
the output layer by a suitable activation function. �e training 
process of the network consists of 3 parts: the �rst part is data 
partitioning. �e general dataset is divided into 3 subsets, 
namely, the training set for optimizing the model parameters, 
the validation set for verifying the model performance, and the 
test set for the �nal evaluation of the model performance. �e 
second part is parameter �tting. �e initial values of the model 
parameters of the neural network can be random, and then the 
parameters of the model are optimized iteratively using the 
gradient descent method. �e third part is the model evaluation. 
Here, the model has been trained and the hyperparameters 
have been trained �xed by the data in the validation set, and 
this step is to evaluate the performance of the trained model 
on the test set.

To summarize, there are 3 core ideas of DNNs: (a) unsupervised 
learning is used to pretrain each layer of the network; (b) 
unsupervised learning uses the output of the previous layer as 
the input of the next layer to train each layer by layer; and (c) 
�nally, all layer parameters are �ne-tuned by a classi�er (super-
vised learning). �e above training process is the basic operation 
of neural networks, and we can select the appropriate neural 
network model according to the task objective and continu-
ously reduce the loss between predicted and true labels through 
model training. Speci�cally, among all neural network models, 
DNN and AE/VAE are the most basic and widely used, and 
they can be integrated and inserted into other models. In addi-
tion, CNN is o�en applied to image data analysis, RNN can be 
useful in context-dependent sequence data analysis, GNN mines 
data association through graph theory, and DTL performs fea-
ture migration through adversarial learning among neural 
networks [32]. �erefore, we can select the appropriate neural 
network for cell classi�cation, disease detection, and sequence 
analysis according to the task type in practical applications [28].

ML and DL method training procedures and 
downstream analysis workflow
In general, ML methods can model gene expression features 
and cell–drug responses (Fig. 1). Here, we list the commonly 
used method models in di�erent step categories above Fig. 1A. 
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First, gene expression data are generally preprocessed before 
being input to ML training models (Fig. 1A), and since 
high-throughput single-cell sequencing data contain a large 
number of low-quality genes, we need to perform quality con-
trol on single-cell sequencing data to remove low-quality genes. 
In addition, the gene dimension of single-cell sequencing data 
is large relative to the number of cells, and dimensionality 
reduction is usually performed before feature extraction. Second, 
ML models need to perform feature extraction. �ere are many 
methods for feature extraction, such as AE, VAE, kernel-based 
methods, and GNN. �e low-dimensional features obtained 
by feature extraction are high-level features, which can char-
acterize the gene expression of cells. Besides gene features, the 
molecular structure of drug compounds can also be helpful as 
features for the prediction of cell–drug responses. Here, GNN 
can be used to learn the edge and atomic features in the graph 
structure of drug compounds on the one hand, and to trans-
form drug compound molecules into vector features on the 
other hand (Fig. 1B). Multiple types of features can work 
together through feature fusion. In the model prediction step, 
we can obtain label information of cell–drug responses from 
publicly available datasets (Fig. 1C), and then ML models can 
use the gap between the true label and the predicted label to 

train a correction on the extracted features and derive the gene 
expression features that are most associated with drug responses. 
Finally, the trained ML model not only is able to study the 
relationship between gene expression and drug response but 
also can perform cell clustering analysis, enrichment gene analysis, 
motif analysis, and pseudo-time trajectory analysis by the 
extracted feature genes (Fig. 1D).

Besides, Fig. 2 illustrates the role of a trained ML model in 
the overall drug research process. Usually, di�erent ML approaches 
require different types of data features as input. In drug 
research, the data used as input can be nucleic acids, proteins, 
drugs, diseases, and information about their interactions. 
In general, indispensable input data are gene expression matri-
ces of cells and labels of cell–drug responses. Figure 3 shows 
common data information and combinations as input in drug 
study. Here, Fig. 2B gives information about the data that may 
be input in a drug study. Assuming that the data related to drug 
studies are trained using the ML approach in Fig. 2A, the 
resulting models can be used to predict drug sensitivities, val-
idate biomarkers, etc., and the resulting models and conclu-
sions from training for di�erent research purposes can also be 
used to conduct early clinical trials (Fig. 2C). In addition, 
trained ML models can be used to facilitate the discovery of 

Fig. 1. (A to D) ML training procedures and downstream analysis workflow. SVM, support vector machine; RF, random forest; NLP, natural language processing.
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new functions of drugs (Fig. 2D). For example, the RNN in a 
neural network model can feed back information on drug–drug 
interactions (DDIs) or drug–target binding inferred by the ML 
model to the ML training, and this process can facilitate further 
re�nement of the ML model. Further, we can take the drug 
information mined by training re�nement (Fig. 2D) and exper-
imentally validate it with patient or internal or external data 
(Fig. 2E). �is process can facilitate the implementation of dif-
ferent treatment options for di�erent patients and help clinical 
sta� to determine di�erent mechanisms of action and disease 
indications (Fig. 2F). Finally, feedback from the clinical data 
can also be used to optimize ML training. It is only through 
iterative training and continuous access to feedback from the 
model and the clinic that the model can continue to drive the 
overall development of drug research.

Furthermore, new disease mechanisms can be identi�ed 
using ML methods for drug studies, which will help discover 
key genes mutated in tumor cells, while trajectory analysis of 

gene expression patterns can �nd upstream regulators of drug 
resistance genes, which in turn can identify new therapeutic 
targets. Clinics can predict drug response based on the corre-
lation of di�erent single cells, using common key genes as 
potential targets for drug intervention. ML approaches may 
enable a shi� in cancer drug design and use, and help to address 
key issues such as the continued decline in drug action in 
cancer drug development. Besides, approaches have the poten-
tial to provide new insights into the mechanisms of drug action 
and resistance. �e model generated by ML approaches can be 
used to develop new drugs and to optimize existing treatments.

Genomics data with drug response information
Cancer cell line data with drug response information
GDSC [7] contains 860 human cancer cell lines and 481 drug 
compound combinations. Information can be searched by drug, 
gene, or cell line name. Users can also browse all cancer features, 
cell lines, and compounds at https://www.cancerrxgene.org/. 

Fig. 2.  (A to F) Drug response and development workflow using ML technologies. SVM, support vector machine; RF, random forest; NLP, natural language processing; MP, 
molecular profiling; GE, gene expression data; MOA, mechanism of action; TDD, target–disease–drug associations.
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For example, GDSC provides targets, pathways, relative datasets, and 
cell line half-maximal inhibitory concentration (IC50) and Area Under 
Curve (AUC) values in the part of compounds. We found that 
GDSC was the most used cell line database in research (Fig. 4A).

L1000 [10] pro�led 1,000 landmark genes in 77 human cell 
lines with drug treatment (Fig. 4B). �e latest version can 
search for information by datasets, small molecules, cells, genes, 
proteins, and antibodies. Besides, L1000 provides a KINOMEscan 
kinase small-molecule binding assay to test if molecules bind 
the kinase. All information is obtained from the portal https://
lincsportal.ccs.miami.edu/dcic-portal/.

CCLE [8] project provides the genetic and pharmacologic 
characterization of many human cancer models. In the diseased 
part, the CCLE portal presents cell line, primary disease, tumor 
type in cell lines in disease, and gene, compound, dataset, 
t statistic, and P value in dependencies enriched in disease. In 
the compound part, it provides relative sensitive cell lines, 
enriched lineages, top correlated expression, datasets with data 
for a certain compound, and metadata (https://depmap.org/
portal/ccle/). We showed diseases included in CCLE and their 
corresponding cell line numbers in Fig. 4C.

CTRPv2 [9] contains 860 cell lines and 481 drug compound 
combinations (Fig. 4D). Functions of this portal contain annotations 
for small molecules and cancer cell lines (CCls), interactive inter-
face, enrichment, correlation analysis, visualization, scatterplots and 
curves, and �lters (https://portals.broadinstitute.org/ctrp.v2.1/).

While bulk RNA-seq expression data re�ect the average 
expression of genes in all cells of a piece of tissue, single-cell 
sequencing re�ects the gene expression of each cell in the tissue, 
so single-cell sequencing data have a precision that cannot be 
replaced by bulk sequencing data.

Single-cell data with drug response information
Currently, single-cell sequencing technologies can be divided 
into 2 categories according to the counting method. �e �rst 

category is full-length sequencing represented by smart-seq. 
�is double-end sequencing is suitable for studies such as 
embryonic development because it sequences complete tran-
scripts with high accuracy, although the cell count throughput of 
the sequenced cells is low. �e other type is the more common 
3' end or 5' end sequencing, which usually has higher throughput 
because it sequences only the ends of transcripts and is the 
more commonly used single-cell sequencing technique today.

With the development of single-cell sequencing technology, 
the volume of single-cell sequencing data has grown exponen-
tially. �e database that stores the most single-cell data is the 
Gene Expression Omnibus (GEO) database. �e GEO database 
collects a rich amount of single-cell data, and the data types 
are relatively standardized and have more detailed original 
experimental designs and experimental procedures described. 
Although many single-cell data resources already exist, most of 
the single-cell sequencing data do not provide drug response 
labels. In this article, we intend to contribute to the research 
of precision medicine from the perspective of precision of 
single-cell sequencing data, so we found 27 cancer single-cell 
sequencing data with drug response labeling information from 
publicly released cancer single-cell sequencing data of di�erent 
species and data sources.

Table 1 shows the collected publicly available cancer 
single-cell datasets with drug responses. �ese data include 13 
diseases such as acute myeloid leukemia, breast cancer, chronic 
lymphocytic leukemia, melanoma, and circulating tumor cells 
in human or mouse organisms. However, the information col-
lected for most single-cell datasets remains incomplete. Drug 
response prediction studies at the single-cell level face great 
challenges due to the presence of these problems such as gene 
expression before or a�er exposure to drug compounds only 
or the lack of some information on the duration of drug expo-
sure. Details of the cancer single-cell datasets with drug 
response labels are shown in Table 1.

Fig. 3.  Existing drug–target–disease information, interaction, and combinations. Data information as input could be nucleic acid sequences, protein, drugs, disease, and 
interactions among them. Names of data information and interaction are listed accordingly.
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ML and DL Techniques Can Accelerate  
Drug Study
�e study of cancer single cell sequencing data is critical to 
understanding the complexity of the cancer genome and facili-
tating the development of precision medicine. �e clinical 
outcome, drug resistance, and cancer metastasis recurrence are 
all related to the heterogeneity of cancer cells. However, there 
are few cancer cell gene expression and drug response cancer 
studies studied at the single-cell level, most of the existing studies 
have been performed at the bulk level, and many computational 
methods have been developed for analyzing cancer cell lines 
with drug responses. �erefore, this paper provides a review 
of ML and DL techniques and related tools for drug response 
analysis, at both the cancer cell line and single-cell level. �ese 
literature include di�erent types of tasks, including drug dis-
covery, drug response, and drug interaction studies. Among 
the literature we collected, 9 of the models require drug target 

information as input, 4 tools require protein structures, 6 methods 
require drug molecules as input, and 2 additional methods 
require protein sequences. Furthermore, by summarizing the 
literature in Fig. 5, we found that the simplest DNN is the most 
frequently used model in drug research. Figure 5 provides a 
detailed summary of the models used by ML methods during 
drug research, the data features that require input, and the 
functions implemented by the models.

Drug discovery
�ere are 2 main approaches to drug discovery: phenotypic 
screening and molecular target-based approaches [33]. Phenotypic 
screening is mainly used to identify drugs that have a desired 
e�ect on a particular disease or condition. Molecular target-based 
approaches are used to identify drugs that bind to a speci�c 
target protein or enzyme. Phenotypic screening is a powerful 
tool for identifying new drug candidates. For example, peni-
cillin was serendipitously found by phenotypic activity [34]. 

Fig. 4. (A to D) Platforms of cancer cell lines screened with compounds. These platforms provide drug response data, genomic markers of sensitivity, and basic processing 
functions for biomarker discovery. CCL, cancer cell lines; DC, drug compounds.

https://doi.org/10.34133/research.0050
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Many models were developed on large amounts of RNA-seq 
data with drug response to evaluate the drug sensitivity of 
various cancer subpopulations given their gene expression pro�le 
[35]. �ese approaches help to identify new therapeutic targets 
and to evaluate the potential of new drugs. For example, RACS 
is a ranking system for predicting the potential anti-cancer 
synergy of drug combinations [36]. �e method used manifold 
ranking and integrated multiple features extracted from a breast 
cancer cell line. DeepMACT presented a new DNN model for 
the quanti�cation of cancer metastases and antibody targeting 
by embedding CNNs and autoencoder [37]. In DL methods, 
all DNNs apply di�erent parameters across di�erent input fea-
tures, and CNNs apply the same �lter at each position.

Pharmacogenomic data are multisource and multiomics, 
including genomics, drug–target interaction (DTI), and 
epigenomics. DeepDRK provided a kernel-based method that 
could integrate these data and transfer information [38]. KRL also 
used kernel learning, but it was for personalized drug recom-
mendations [39]. Heterogeneous biological networks have been 
applied in drug repurposing. Here, deepDR learned features of 

drugs by a multimodal deep autoencoder that integrated 10 
networks, and then according to drug-disease information infer 
drug candidates by VAE [40].

Among all DL networks, the graph convolutional network 
(GCN) is prevalent in drug discovery. GCNs apply the same 
set of parameters to each node and, in combination with data 
of �ngerprint descriptors, have made features extracted from 
graph structure more meaningful and explainable. Yu et al. [41] 
successfully ensembled GCN and ML models to classify central 
nervous system (CNS) drugs with pretty much prediction accu-
racy. Besides, the GCN model in the DeepChem framework 
was for drug discovery [42]. �ese approaches are complemen-
tary and together can provide a more comprehensive coverage 
of the drug discovery space.

Drug response
�e concept of using DL to discover observations on drug 
sensitivity in single-cell sensitivity is innovative [22]. DL has 
the potential to help researchers better understand how 
cells respond to drugs and identify new targets for therapeutic 

Table 1. Publicly available cancer single-cell data with drug response information.

Index Sample Organism Cancer Drug DOI

GSE122843 [74] 6 M AML IBET 10.1038/s41467-019-10652-9

SRP114962 [75] 6,633 H Breast cancer Paclitaxel 10.1016/j.cell.2018.03.041

GSE122336 [76] 21 M Breast cancer Trastuzumab 10.1038/s41467-019-11729-1

GSE111014 [77] 188 H CLL Ibrutinib 10.1038/s41467-019-14081-6

GSE111015 [77] 12 H CLL Ibrutinib 10.1038/s41467-019-14081-6

GSE116237 [78] 865 H Melanoma Dabrafenib, trametinib 10.1016/j.cell.2018.06.025

GSE117872 [79] 1,431 H OCC Cisplatin 10.1038/s41467-018-07261-3

GSE107864 [80] 189 H Breast cancer E2 treatment 10.1016/j.celrep.2018.10.093

GSE119455 [80] 39 H Breast cancer E2 treatment 10.1016/j.celrep.2018.10.093

GSE104987 [81] 3 H Breast cancer Endocrine 10.1016/j.ccell.2018.10.014

GSE114462 [1] 11 H Breast cancer Bortezomib 10.1038/s41586-018-0409-3

GSE117309 [82] 10 H, M Breast cancer Tamoxifen 10.1038/s41588-019-0424-9

GSE122233 [83] 757 M CTC BET, JQ1 10.1073/pnas.1814102116

SRP106621 [84] 114 H ESC Paclitaxel 10.1016/j.canlet.2018.01.059

GSE121107 [85] 3 H FPRMS Vorinostat, LSD690 10.1038/s41467-019-11046-7

GSE127298 [86] 224 H Leukemia MMI 10.1016/j.ccell.2019.11.001

GSE112274 [87] 1,090 H Lung cancer TKI 10.1373/clinchem.2018.295717

GSE69405 [88] 2 H Lung cancer Multiple 10.1186/s13059-015-0692-3

GSE108397 [89] 337 H Melanoma BRAF inhibitor 10.1101/gr.234062.117

GSE108394 [89] 2 H Melanoma BRAF inhibitor 10.1101/gr.234062.117

GSE115978 [90] 7,186 H Melanoma CDK inhibition 10.1016/j.cell.2018.09.006

GSE97681 [91] 122 H Melanoma Vemurafenib 10.1038/nature22794

GSE72056 [92] 4,645 H Melanoma Vemurafenib, Dabrafenib. 10.1126/science.aad0501

GSE110894 [74] 1 M LSC IBET 10.1038/s41467-019-10652-9

GSE129730 [93] 15 M Medulloblastoma Vismodegib 10.1038/s41467-019-13657-6

GSE140440 [94] 324 H Prostate cancer Docetaxel 10.1158/1541-7786

GSE149383 [95] 33 H Melanoma Crizotinib, EGFR-TKI 10.1038/s41467-021-21884-z

H, Homo sapiens; M, Mus musculus; AML, acute myeloid leukemia; CLL, chronic lymphocytic leukemia; CTC, circulating tumor cells; ESC, esophageal squa-
mous cancer; OSC, oral squamous cell carcinoma; TKI, tyrosine kinase inhibitor; LSC, leukemia stem cells; MMI, menin-MLL inhibitor.
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intervention. It is necessary to train and test models of drug 
response prediction before real-world validation and potential for 
clinical translation. Predicting drug sensitivity at the single-cell 
level will bridge the gap between basic research on drug dis-
covery and clinical treatments [43]. �e success of relative 
studies will help clinicians to exclude low-sensitive drugs in 
practice or even choose more e�ective drug treatments for dif-
ferent cancer subpopulations with more information provided. 

Of note, there are 2 DL methods developed for drug response 
single-cell sequencing data [20,21].

Costello et al. [44] proposed an ML method named BMTMKL 
for predicting therapeutic responses from genomic, proteomic, 
and epigenomic pro�ling data. �e method used Bayesian mul-
titask multiple kernel learning algorithms and tested drug 
compound responses in human breast cancer cell lines. It is 
remarkable that BMTMKL performs best in the NCI-DREAM 

Fig. 5. ML tools and their required data characteristics and functions in the drug study. DTI, drug–target information; PPI, protein–protein interaction; SMILE, simplified 
molecular-input line-entry system; GB, gene expression data before drug exposure; GA, gene expression data after drug exposure; AMP, antimicrobial peptide sequence; DDI, 
drug-disease information; DCI, drug chemical information; HNB, heterogeneous network-based.
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(National Cancer Institute-Dialogue for Reverse Engineering 
Assessments and Methods) Drug Sensitivity and Drug Synergy 
Challenge for drug response prediction competition with a 
weighted average of the probabilistic concordance index (wpc- 
index) of 0.583 [131]. Heterogeneous Network-based Method for 
Drug-Response Prediction (HNMDRP) predicted drug responses 
based on heterogeneous networks, which contain cell line sim-
ilarity network, drug similarity network, target similarity net-
work, and DTI network [45]. Data information input to the 
model includes genomic sequences, drug compound structures, 
and target–disease–drug associations. It successfully predicted 
drug responses on 19 tissue types of GDSC dataset.

One trend in the drug study is the transition to advanced 
DL techniques for drug response predictions. To improve the 
drug response prediction accuracy, Shari�-Noghabi et al. [46] 
present a DNN prediction model MOLI integrated multiomics, 
combining bulk mutation, copy number aberration, and genomic 
data. In addition, DCell distinguished the molecular mecha-
nisms underlying genotype–phenotype associations by the 
DNN [47], where immunoglobulins are critical in disease 
regulation, which was important for drug resistance study. In 
addition, Choi et al. [48] proposed an innovative drug-based 
neural network model, named RefDNN. It researched anticancer 
drug resistance on GDSC and CCLE datasets. Notably, RefDNN 
could identify drug resistance biomarkers using trained weights 
of the network embedded in RefDNN. On the GDSC and CCLE 
datasets, RefDNN achieved 0.89 and 0.93 on the area under 
the curve of receiver operating characteristic curve (AUCROC) 
and area under the curve for the C peptide reactivity (AUCCPR) 
metrics, respectively, which were both better than HNMDRP. 
�e experiments of RefDNN con�rmed that the prediction accu-
racy of the proposed DNN model outperformed existing drug 
response prediction models that did not use DNNs.

In addition, tCNNs extracted drug features and genomic 
features from 2 CNN models, respectively, and then used phe-
notypic drug response prediction on GDSC cancer cell lines 
by a DNN model [49]. Inputted data are in simpli�ed molecular 
input line entry speci�cation (SMILES) and GDSC genomic 
format. GraphDRP does this also, but it established CDR pre-
diction by GCN and DNN models, respectively [50], and results 
showed that GraphDRP outperforms tCNNS in all experiments. 
Results show that GraphDRP outperforms the method that uses 
only SMILE strings to represent drug properties in terms of 
root mean square error and Pearson correlation coef�cient. 
�is also indicates that it is more appropriate to consider the 
structure of the drug compound than to use the features of the 
string vector [50]. Moreover, DeepCDR used a hybrid GCN and 
multiomics data to study drug response [51]. It innovatively 
learned the latent representation of topological structures among 
drug compounds. Besides, deep generative networks have been 
pretty applied in the �eld of drug response prediction. Dr.VAE, 
Drug Response Variational Autoencoder, is such a generative 
and uni�ed probabilistic ML model [52]. It predicted individ-
ualized drug response based on VAE and Gaussian likelihood 
models, and results on CTRPV2 and L1000 showed better pre-
diction accuracy compared with benchmark ML methods.

Notably, there has been some progress in understanding 
drug response at the single-cell level, and DL models have also 
successfully predicted drug responses at subcellular and single- 
cell levels. Wang et al. [21] proposed an unsupervised ML 
framework DeepHACKS in 2022. The method integrated 
bidirectional LSTM, conventional ML, and an autoencoder model 

to implement temporal feature extraction and drug response 
prediction. Results showed that DeepHACKS can give a more 
precise and comprehensive quanti�cation of the e�ects of drug 
actions and potential in various time-series data analysis appli-
cations. Recently, Chen et al. proposed scDEAL [128]. scDEAL 
is a framework for predicting cancer drug response at the 
single-cell level using DTL. �e method predicts drug response 
by transfer models trained on bulk RNA-seq data to single-cell 
RNA-seq (scRNA-seq). �is study inspired the discovery of 
drug treatment based on gene expression and cell perturbation 
response, and it has important implications for the treatment 
of cancer, as it suggests that a more personalized approach may 
be necessary. Additionally, this study highlights the potential 
of single-cell studies to improve our understanding of drug 
response.

�ere is great potential to use DL methods to study drug 
sensitivity at the single-cell gene expression level. Successful 
modeling of single-cell gene expression and drug response will 
lead to important clinical applications. Correlating drug response 
information at the single-cell level with transcriptome expres-
sion patterns in human cancers can help physicians design 
therapeutic regimens that are speci�c to the patient's condition. 
Predicting the most e�ective drug combinations at the single-cell 
sequencing level by ML methods can avoid treatment failure 
due to the heterogeneity of cancer cells.

Drug interactions
Drug–target interactions
Identi�cation of DTIs is important for drug discovery and 
development and helps us understand the mechanism of drug 
actions and o�-target adverse events. CNN, DNN, NLP, and 
Boltzmann machine neural networks have been successfully 
applied in DTI predictions.

To identify interactions between known drugs and targets, 
DeepDTIs stacked multiple restricted Boltzmann machine 
neural networks [53]. DeepCPI is developed for drug discovery 
and repositioning. �e model invoked natural language pro-
cessing (NLP) techniques to extract features of drugs and then 
�t them into a multimodal DNN classi�er to predict compound–
protein interactions [54]. To reduce the barrier to applying DL tech-
nologies in drug–target interactions’ predictions, Huang et al. 
[55] designed a comprehensive and easy-to-use DL library, 
termed DeepPurpose. DeepPurpose combined with compounds, 
protein encoders, and over 50 neural network models, along 
with providing many other useful features to improve DTI 
prediction. �e library modules contain protein and compound 
encoding, DTI prediction, and downstream prediction. Similarly, 
DeepConv-DTI also used CNN on raw protein sequences, but 
it trained the model by known DTIs and randomly generated 
DTIs as negative samples [56]. However, DEEPScreen pro-
duced high accuracy in DTI prediction by �tting a 2D drug 
structure into the CNN model to learn complex features [57].

Protein–protein interactions
CNN models demonstrate a capacity for inferring protein–protein 
interaction (PPI) by an image that exists in drug molecules or 
genomic sequences. For example, CNNC is a deep CNN for 
coexpression [58]. It innovatively represents each pair of genes 
as a histogram image and establishes inferring transcription 
factor gene and PPIs by CNNs. Karimi et al. [59] noticed the 
lack of methods that can predict drug–target a�nity from 
sequences alone, and they proposed DeepA�nity uni�ed graph 

https://doi.org/10.34133/research.0050


Qi and Zou 2023 | https://doi.org/10.34133/research.0050 10

CNN (GCNN) and RNN models. In another attempt to enhance 
PPI prediction, Deep-AmPEP30 applied CNN to predict short-
length antimicrobial peptides from genomic sequences for drug 
discovery [60], and it achieves. Results in Deep-AmPEP30 man-
uscript indicate that grouping of amino acids is essential to 
detect correlations between amino acid properties and peptide 
functions. In the experimental part, Deep-AmPEP30 obtained 
the best results using PseKRAAC 86 features [Accuracy = 0.77, 
AUCROC = 0.82, �e area under the precision-recall curve 
(AUPRC) = 0.8, kappa = 0.53, and Matthews correlation coef-
�cient (MCC) = 0.54].

In addition to the CNN model, DNN, GNN, and embedding 
models have also been developed to make the PPI predictions. 
Speci�cally, DeepSynergy used a DNN model on drugs and 
genomics data, and it successfully predicted anticancer drug syn-
ergy [61]. DeepDTnet embedded drug–target, protein– protein, 
drug–drug, drug–disease, and drug–side e�ect heterogeneous 
networks to identify targets among known drugs [62]. DeepDTnet 
is highly accurate even without any drug target information, 
and the method has been approved by the U.S Food and Drug 

Administration to identify new targets for common drugs. It 
identi�ed topotecan as an inhibitor that can be used directly 
on the human retinoic acid receptor [62]. Decagon constructed 
a multimodal graph of PPI, DTI, and the polypharmacy side 
e�ects for modeling and predicting polypharmacy side e�ects 
(AUROC = 0.872, AUPRC = 0.832) [63]. Table 2 lists the ML 
and DL methods with source code and in drug research appli-
cations, all of which were experimented on cancer cell lines.

Drug–drug interactions
Simple fully connected layers can obtain enough informative 
features and investigate the mechanism hidden behind drugs. 
For example, DDIMDL is a multimodal DL method that only 
applied fully connected layers and fused diverse cross-modality 
drug features, which contain chemical substructures, targets, 
enzymes, and pathways, to predict DDI-associated events [64].

Here are some works on drug interactions based on single- 
cell image data. Kandaswamy et al. [65] �rst applied both DNN 
and DTL to leverage single-cell image-based information in 
the analysis of breast cancer in 2016. �ey used DNN to map 

Table 2. ML and DL methods with source code applied in the drug study at the bulk level.

Method Platform Functions Source code

HNMDRP [45] M,R Drug response https://github.com/USTC-HIlab/HNMDRP

Dr.VAE [52] P Drug response https://github.com/rampasek/DrVAE

BMTMKL [44] M,R Drug response https://github.com/mehmetgonen/bmtmkl

RefDNN [48] P Drug response https://github.com/mathcom/RefDNN

DCell [47] J,P Drug response https://github.com/idekerlab/DCell

tCNNs [49] P Drug response https://github.com/Lowpassfilter/tCNNS-Project

MOLI [46] P Drug response https://github.com/hosseinshn/MOLI

DeepCDR [51] P Drug response https://github.com/kimmo1019/DeepCDR

GraphDRP [50] P Drug response https://github.com/hauldhut/GraphDRP/

scDEAL [127] P Drug response https://github.com/OSU-BMBL/scDEAL

DeepChem [42] P Drug discovery https://github.com/deepchem/deepchem

DeepDRK [38] R Drug discovery https://github.com/wangyc82/DeepDRK

deepDR [40] P,M Drug discovery https://github.com/ChengF-Lab/deepDR

DeepDTIs [53] P DTI https://github.com/Bjoux2/DeepDTIs_DBN

DeepCPI [54] P DTI https://github.com/FangpingWan/DeepCPI

DeepDTnet [62] P DTI https://github.com/ChengF-Lab/deepDTnet

DeepConv-DTI [56] P DTI https://github.com/GIST-CSBL/DeepConv-DTI

DeepPurpose [55] P DTI https://github.com/kexinhuang12345/DeepPurpose

DEEPScreen [57] P DTI https://github.com/cansyl/DEEPScreen

DeepAffinity [59] P DTI https://github.com/Shen-Lab/DeepAffinity

Deep-AmPEP30 [60] P DTI https://cbbio.cis.um.edu.mo/AxPEP/

DeepSynergy [61] P DDI https://github.com/KristinaPreuer/DeepSynergy

Decagon [63] P DDI https://github.com/mims-harvard/decagon

KRL [39] P Other https://github.com/BorgwardtLab/Kernelized-Rank-Learning

DeepMACT [37] P Other http://discotechnologies.org/DeepMACT/

RACS [36] R Other https://github.com/DrugCombination/RACS

Yu [41] P Other https://github.com/tzuhuiyuatntu/cnsstudy2019

M, Matlab; P, Python; J, Java; DTI, drug–target interactions; DDI, drug–drug interactions.

https://doi.org/10.34133/research.0050
https://github.com/USTC-HIlab/HNMDRP
https://github.com/rampasek/DrVAE
https://github.com/mehmetgonen/bmtmkl
https://github.com/mathcom/RefDNN
https://github.com/idekerlab/DCell
https://github.com/Lowpassfilter/tCNNS-Project
https://github.com/hosseinshn/MOLI
https://github.com/kimmo1019/DeepCDR
https://github.com/hauldhut/GraphDRP/
https://github.com/deepchem/deepchem
https://github.com/wangyc82/DeepDRK
https://github.com/ChengF-Lab/deepDR
https://github.com/Bjoux2/DeepDTIs_DBN
https://github.com/FangpingWan/DeepCPI
https://github.com/ChengF-Lab/deepDTnet
https://github.com/GIST-CSBL/DeepConv-DTI
https://github.com/kexinhuang12345/DeepPurpose
https://github.com/cansyl/DEEPScreen
https://github.com/Shen-Lab/DeepAffinity
https://cbbio.cis.um.edu.mo/AxPEP/
https://github.com/KristinaPreuer/DeepSynergy
https://github.com/mims-harvard/decagon
https://github.com/BorgwardtLab/Kernelized-Rank-Learning
http://discotechnologies.org/DeepMACT/
https://github.com/DrugCombination/RACS
https://github.com/tzuhuiyuatntu/cnsstudy2019


Qi and Zou 2023 | https://doi.org/10.34133/research.0050 11

features of a single cell to a chemical mechanisms of action 
(MOAs) class and particularly saved the trained model to speed 
up parameter tuning steps by transfer learning when solving 
new MOA classi�cation tasks. �is model has boasted modest 
success in improving the classi�cation accuracy of single cells 
and saving computational time. Then, Pavillon et al. [66] 
detected the state of macrophage activation at the single-cell 
level through an ML method. �ey build a multivariate statistical 
model based on penalized logistic regression on obtained mor-
phological features on cell images by digital holographic micros-
copy (DHM) laser and molecular feature parameters by Raman 
spectra and assessed cell perform ance in a single-cell state. 
�ey discovered that morphological and Raman indicators are 
linked to the downstream phenotype and upstream intracellular 
molecular changes separately.

To evaluate single-cell response to drug exposure, Kobayashi 
et al. [67] present an ML model, combining maximum mean 
discrepancy (MMD) and kernel learning, and experiment on 
high-throughput bright-�eld imaging containing human breast 
adenocarcinoma cancer cells with and without drug exposure. 
�ey demonstrated that a single ML model had the power of 
inferring dose-dependent, drug-induced morphological change. 
Interestingly, Yanagisawa et al. [68] successfully classi�ed the 
sensitivity of drugs by cell morphology during culture based 
on the CNN DL model VGG16 and predicted the response of 
anticancer drugs at the single-cell level. �is study veri�ed the 
possibility of �nding e�ective antitumor drugs by using DL 
methods on circulating tumor cells extracted from blood. Novel 
insights obtained from cell tracking analyses have informed 
current drug treatment research and have led to the develop-
ment of DL approaches to evaluate the impact of a drug on cell 
motility behaviors at the single-cell level. For example, Deep 
Tracking is a CNN model to extract features from the visual 
atlases, and it combines transfer learning with extracted features, 
which were encoded in the 2D visual images of cell trajectories, 
to classify the cell motility behaviors [69].

Advanced Studies in General Single-Cell Data 
Analysis Can Inspire Drug Research
Both ML and DL technologies have widely been used in 
single-cell sequencing data analysis. It is vital for guiding the 
development of feature extraction on cancer single cells and 
drug compounds. To compare the technical application gap 
between single-cell sequencing data analysis and cancer 
single-cell drug sensitivity analysis, we systematically summa-
rized the single-cell sequencing data analysis methods (Fig. 6).

First, due to the sparsity of single-cell data, most algorithms 
will perform data reduction and denoising steps before input-
ting data. �e most used dimensionality reduction method is 
principal components analysis (PCA) [70], the most used 
denoising method is Seurat, and some other studies do not 
carry out dimensionality reduction and denoising steps but 
directly put the original data into the AE neural network for 
feature extraction. In the �eld of single-cell genomics, auto-
encoders have been used for imputation, dimensionality reduc-
tion, and representation learning. On the aspect of visualization, 
t-distributed stochastic neighbor embedding (t-SNE) [71] leads 
the way. We notice that almost all algorithms use t-SNE, and 
fewer tools use uniform manifold approximation and projec-
tion for dimension reduction (UMAP) [72] or PCA to achieve 
similar results. In terms of imputation, most of the tools use 

AE or VAE and their variants. Lotfollahi et al. [20] provided a 
computing method called scGen that combined VAE and latent 
space vector arithmetics to capture features, which can distin-
guish responding from nonresponding genes and cells. �e 
main functions of AE are feature extraction and denoising. 
Autoencoders force the network to extract useful features of data, 
as the bottleneck layer makes it learn the perfect reconstruction. 
Besides, reconstructing the data is o�en interpreted as denoising 
because the unimportant variations are automatically le� out. 
Some methods are based on zero-in�ated negative binomial and 
DNN. For example, DISC, a DL network together with semisu-
pervised learning, is used to infer gene structure and expression 
obscured by dropouts and improve cell type identi�cation for 
sparse scRNA-seq data [73].

Among all tasks, cluster analysis is the most extensive in 
single-cell sequencing data. Most of the tool algorithms have 
performed clustering analysis on single-cell sequencing data, 
and the most commonly used clustering method is k-means. 
Moreover, there are also some classical ML methods used for 
cluster analysis, such as spectral clustering or statistic-based 
method. In addition to cluster analysis, there are also di�erential 
expression gene analysis, trajectory analysis, spatial location, 
and batch correction in single-cell analysis tasks. Table 3 cate-
gorizes the ML and DL methods by function.

We found that in both sequence data analysis and image 
data analysis, algorithms are converging from ML to DL, and 
the focus of research has gradually shi�ed from single-cell clus-
tering analysis to a more extensive exploration of the signi�-
cance of biological internal mechanisms. We show the details 
of each method in Table 4, hoping that this summary will pro-
vide some valuable reference for beginners and also inspire 
innovative use of ML methods to address a broader range of 
new challenges in precision medicine.

Suggestions for the development of drug research 
methods at the single-cell level
According to the single-cell data analysis methods in Table 4, 
we can see the power of DL in various aspects, such as predict-
ing protein results and extracting features. Due to the small 
amount of single-cell data containing cancer labels, the power 
of DL methods is still underexplored in single-cell drug sensi-
tivity prediction, so how to use cancer single-cell data to predict 
drug sensitivity has become an urgent task in current cancer 
data analysis. Here, we give 3 suggestions for future method 
development at the single-cell drug level: (a) Drug prediction 
algorithms at the single-cell level can further explore the appli-
cation potential of DL and make full use of its algorithmic 
advantages to promote the progress of cancer single-cell research. 
(b) �e development of DL methods should pay attention to 
model interpretability. Although traditional DL models can 
predict drug responses for cell lines, these models are less trans-
parent and interpretable, and the underlying mechanisms of 
drug resistance are o�en obscured by the black box of DL 
model predictions. Enhancing the interpretability of models is 
therefore essential to leverage DL approaches. (c) We suggest 
that drug study based on single cell should make full use of 
cancer cell line data information. Although there is a lack of 
a large amount of cancer single-cell sequencing data with drug 
response labels, which is essential for the training of DL models, 
a large amount of cancer cell line data exists. Future research 
approaches can make full use of the information from bulk 
RNA-seq data, enabling this information to aid in the training 
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of cancer single-cell data. �e powerful feature extraction capa-
bilities of DL can help research on drug repurposing. If the 
sensitivity of single cells to drugs can be successfully pre-
dicted, it will be expected to develop combination drug deliv-
ery mechanisms for individual cancer cells and achieve 
precision medicine. In conclusion, DL methods for predicting 
drug sensitivity have a lot of urgent research topics in single-cell 
data analysis.

Conclusion and Future Directions
Tumors are highly heterogeneous, which accounts for the dif-
ferent sensitivity of the subpopulations. In the previous study 
based on bulk data to predict the sensitivity at the tissue level, 
lots of expressions are masked or covered by the dominant 
subpopulations, which results in the loss of heterogeneity infor-
mation. Tumor heterogeneity is considered the main reason 

Fig. 6. ML and DL techniques used in single-cell sequencing data analysis. Analysis tools are represented on the vertical axis, models are shown on the horizontal axis in green, 
and functions are implemented by tools in purple. KL, kernel learning; ML, metric learning; SB, statistic-based methods; AE, autoencoder; DNN, deep neural network; GB, 
graph-based methods; HB, hierarchical Bayesian; VAE, variational autoencoder; KNN, k-nearest neighbor; HC, hierarchical clustering; DREVI, density reweighted visualization; 
SC, spectral clustering; RG, regression; ZINB, zero-inflated negative binomial; RSEC, resampling-based sequential ensemble clustering; RNN, recurrent neural network; PG, 
PhenoGraph, a graph-based method; TL, transfer learning; GNN, graph neural network; GCN, graph convolutional network; MIA, multimodal intersection analysis; MNN, mutual 
nearest neighbors; CNN, convolutional neural network; SFCC, subsampling–featuring–clustering–classification; PJ, projection algorithm; DD, data denoising; VI, visualization; 
CL, clustering; DE, differential expression genes analysis; IM, imputation; TR, trajectory analysis; SL, spatial location; CF, classification; BC, batch correction.
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for drug resistance. So the development of single-cell technol-
ogy provides us the ability to pro�le cancer heterogeneity at 
single-cell resolution and o�er us their expression patterns. 
Predicting the response of speci�c drugs in di�erent cancer 
subpopulations will allow for personalized medicine and guide 
the drug combination design.

Sing-cell sequencing data can reveal cell-speci�c gene expres-
sion patterns from intratumoral heterogeneity, and DL methods 
could take advantage of the capabilities to analyze large-scale 
data and extract information on gene–drug correlation at 
the single-cell level. Although there are not enough single-cell 
sequencing data and cells’ responses a�er drug exposure, and 
lack of methods that can drug respond from single-cell gene 
expression sequences alone with high applicability and accu-
racy. Studies could integrate single-cell multiomic data and use 
multiple data resources with gene expression and drug response 
to predict the drug sensitivities for cancer subpopulations accord-
ing to their scRNA-seq data. Also, it would be worth considering 
incorporating DNA into the model, which will provide some 
substantial novelty as well. Relative studies and results may pro-
vide a possible cost-e�cient way when clinicians will make 
decisions on drug treatments for various groups of cancer 
patients with di�erent cell-speci�c gene expression pro�les.

�e combination of scRNA-seq and DL technology will 
assist the practical solutions for clinical trials in the future, in 

addition to shedding more light on uncovering the molecular 
mechanisms underlying. It has the potential to greatly a�ect 
everyone who is a�ected by cancer, and it is looking at a very 
relevant problem and has the ability to lower cancer spending 
on the study and the cancer patients themselves. With the releas-
ing of more cancer cell sample data in the future, researchers 
would use known information to �gure out which types of 
cancer cells are drug resistant or sensitive, so as to transform 
current cancer care into more e�ective care that has the poten-
tial to help current and future cancer patients. �e combina-
tion of single-cell data and DL techniques has successfully 
inferred a high diversity of tumor and immune cell populations 
and has greatly accelerated the discovery of new pathogenesis 
and cancer therapies. Another growing trend is the migra-
tion of DL models from predictable and interpretable to more 
actionable directions, such as drug repurposing and drug com-
bination therapy.
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