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A B S T R A C T   

De novo drug development is an extremely complex, time-consuming and costly task. Urgent needs for therapies 
of various diseases have greatly accelerated searches for more effective drug development methods. Luckily, drug 
repurposing provides a new and effective perspective on disease treatment. Rapidly increased large-scale tran-
scriptome data paints a detailed prospect of gene expression during disease onset and thus has received wide 
attention in the field of computational drug repurposing. However, how to efficiently mine transcriptome data 
and identify new indications for old drugs remains a critical challenge. This review discussed the irreplaceable 
role of transcriptome data in computational drug repurposing and summarized some representative databases, 
tools and strategies. More importantly, it proposed a practical guideline through establishing the correspondence 
between three gene expression data types and five strategies, which would facilitate researchers to adopt 
appropriate strategies to deeply mine large-scale transcriptome data and discover more effective therapies.   

1. Introduction 

New drug development is characterized by time-consuming, huge 
investment, low success and high risk [1,2]. New drugs often have un-
predictable side effects, so about 90% of experimental drugs fail in the 
first phase of clinical trial [3–5]. The high failure rate has severely 
slowed drug development progress, making drugs unable to meet clin-
ical demands. Therefore, there is an urgent need to seek the new more 
low-cost and efficient drug development strategies. 

Drug repurposing (also known as drug repositioning) is a new 
methodology to reanalyze and re-evaluate drug candidates and/or drugs 
in clinical use to discover their new indications [6,7]. Potential targets 
for drug repurposing are approved drugs, because their safeties, targets 
and mechanism of action, and efficacies were well established [8–10]. 
Indeed, drug repurposing can greatly speed up drug development pro-
cess and reduce costs [11–13]. At present, drug repurposing has been 
successfully carried out in the drug development for various diseases 
[14,15], including cancer [16–21], neurodegenerative diseases [22], 
neuropsychiatric disorders [23,24], COVID-19 [25], tuberculosis [26], 

malaria [27] and autoimmune inflammatory diseases [28]. For example, 
thalidomide was initially used as an antiemetic drug for pregnant 
women, and can also be used to treat acute pancreatitis, chronic hepa-
titis C, and gastritis caused by helicobacter pylori [29]. Minoxidil (mainly 
as an antihypertensive drug) was found to have a good therapeutic effect 
on hair loss [30]. 

Rapidly accumulated high-throughput omics data [31–42] and 
chemical structure information [2,43–48] have opened a window to 
explore new uses for old drugs. Especially, in-depth mining huge amount 
of transcriptome data stored in gene expression profiling databases 
(such as GEO and ArrayExpress) will offer possibilities to solve many 
problems in the life sciences [49,50]. The transcriptome data not only 
reflects the detailed gene expression profiles during disease onset and 
progression [51,52], but also provides the valuable data sources for 
accurate drug repurposing analysis [53,54]. As shown in Fig. 1, 
computational drug repurposing began with the construction of the 
databases of pharmacology, gene mutations, and gene expression pro-
files. In 2000, Hughes et al. constructed a gene expression signatures 
database derived from 300 mutational and chemical perturbations on 
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Saccharomyces cerevisiae, and they proposed that specific gene expres-
sion patterns could be applied to characterize unknown drugs [55]. 
Subsequently, Iconix constructed a toxicogenomic database containing 
gene expression profiles of rats treated with 600 compounds, which 
greatly facilitated the identification or prediction of new chemicals by 
functional analysis [56,57]. More importantly, Lamb and coworkers 
used the gene chip technique to analyze genome-wide expression pro-
files of 5 human tumor cell lines treated with 1309 drugs and generated 
a disease-drug Connectivity Map (CMap) that connects small molecules, 
gene expression and diseases by gene-expression signatures. CMap is no 
doubt a milestone in mining transcriptomics for drug reposition [58]. 
Since then, researchers have focused on impacts of various perturbations 
on gene expression. Hu et al. systematically analyzed gene expression 
profiles of disease interference and established a disease-drug interac-
tion network [59]. Xiao et al. comprehensively investigated more than 
3000 human and mouse transcriptome data and a perturbation network 
was defined to predict associations of gene expression and regulation, 
cancer and drug according to perturbed gene expression features [60]. 
Based on these valuable explorations, scientists began to focus great 
attention on expanding the scale of perturbation transcriptome data 
through integrated design. Later, the library of Integrated 
Network-based Cellular Signatures (LINCS) L1000 platform, a low-cost 
and high-throughput transcriptomics technique was applied to profile 
gene expressions of a collection of human cell lines treated by more than 
30,000 compounds, in which 978 landmarks (genes) can cover 82% of 
the whole transcriptome information [61]. On the basis of this platform, 
CMap2.0 (https://clue.io/cmap) greatly expanded the scale and abun-
dance of disturbed transcriptome data, in which more than 1.3 million 
gene expression signatures were collected after gene knockdown, gene 
over-expression, and small molecule perturbation on 77 cell lines. 
Through comprehensive analysis of gene expression profiles, CMap2.0 
can quickly forecast the small molecules with therapeutic potential and 
possible mechanisms of action. 

In the last two decades, drug repurposing based on transcriptome 
data has made great progress. Here, we summarized several represen-
tative and well-known databases (Table 1), and corresponding tools 
(Table 2). For researchers, the availability of multiple databases and 
tools is not only an opportunity, but also a great challenge. For those 
who lack knowledge of bioinformatics and computational biology, it is 
still very challenging to choose and adopt appropriate strategies to 
deeply mine large-scale transcriptome datasets for drug repurposing. In 
order to simplify and clarify the procedure, this review aims at pro-
posing a practical guideline by establishing the correspondence between 
gene expression data types and analysis strategies. To facilitate discus-
sion, transcriptome datasets were categorized into three groups based on 
data resources: (i) from healthy and patients, (ii) from patients with and 
without drug intervention, as well as (iii) from patient-only (Fig. 2). In 

addition, five popular strategies were summarized in detail based on 
main research objectives (drug, disease and target) in drug repurposing: 
drug-disease connection, drug combination, drug-drug connection, 
drug-target connection (association), and disease-disease connection. 
What’s more, this paper also summarizes the latest progress in tran-
scriptome data-based drug repurposing and illustrates some ideas on the 
tomorrow of drug repurposing combined with scRNA-seq. 

2. Computational strategies for drug repurposing based on gene 
expression profiling 

Gene expression profiling reflects alterations of various transcripts 
during disease progression, and thus can provide important clues to slow 
down disease progression or cure them by interfering with or reversing 
gene expression processes. Currently, there are two main strategies for 
drug repurposing using transcriptome data: identifying the specific 
states and assessing correlations between data of patients or individuals. 
Gene signatures can be any subsets of genes correlated with a specific 
biological state [102,103]. A gene signature consisting of a series of up- 
and down-regulated DEGs can adequately reflect the changes in gene 
expression perturbed by stimulus [104,105]. Generally, differentially 
expressed genes (DEGs) or sets of representative genes are used to 
characterize the biological status of a patient or assess the correlation 
between individuals. Their popularity in drug repurposing is mainly due 
to two reasons: (i) global gene expression profiles obscure some 
important expression patterns, while gene signatures identified by 
feature selection can simplify the analysis process and better discrimi-
nate different biological states [106]; and (ii) gene signatures are rela-
tively independent and can be compared across data platforms [72,107]. 
It is worth noting that, when the expression profiles from control groups 
(healthy tissue or individuals) are lacking, the whole genome-wide 
expression level derived from patients could also be used to explore 
relationships based on the correlation of higher dimensional vectors. In 
most cases, the relationship between two states can be determined by 
the correlation of gene expression vectors for a given signature (or gene 
set), rather than all genes in the genome. 

2.1. Analysis strategies based on gene expression profiles of healthy 
people vs. patients 

2.1.1. Drug-disease connection 
High-throughput DNA microarray and RNA sequencing techniques 

allow to analyze gene expression changes at the whole genome level, 
which is helpful to discover drug-disease connection [108]. Studies have 
shown that restoring abnormal gene expression levels of patients to 
normal levels may have therapeutic potential [52,58]. That is, if the 
gene expression signature stimulated by a drug is significantly and 

Fig. 1. The typical approaches or tools used in computational drug repurposing over the past twenty years.  
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negatively correlated with that in disease state, indicating that this drug 
may have the potency to cure that disease. Presently, a large number of 
computational methods have been developed to predict drug-disease 
connections, such as the Connective Map (CMap) [58,61]. CMap is 
one of the most comprehensive and systematic resources for 
drug-disease association analyses, which describes the disease, physi-
ology, and biology states stimulated by drugs. CMap stored a huge 
number of expression profiling induced by small molecules, in which 
GSEA algorithm can be used to compare differences in gene signatures 
between the treatment and the control groups, bridging the gap between 
biological states and similar (same) or opposite responses [58]. 

As shown in Fig. 3(A), when drug-induced signatures are matched to 
that in the disease state, CMap analysis yields four results: strong 
negative correlation, no correlation, weak positive correlation, and 
strong positive correlation. The drug may be considered as a candidate if 
the perturbed gene expression profile is negatively correlated with that 
in the disease state. Conversely, if the gene expression profile after drug 
perturbation is positively correlated with that of the patient, the drug 
may induce or aggravate the disease. 

For instance, Noort and co-workers used 127 identified DEGs as gene 
signatures and predicted three drugs (citalopram, enilconazole, and 
troglitazone) with the potential to treat colorectal cancer [109]. These 
three drugs showed significant inhibitory effects on mouse cancer and 
human tumor cells in vitro. A similar approach was used to predict 
possible drugs for asthma and papillary renal cell carcinoma [52,110]. 

2.1.2. Drug-drug combinations 
Combination drug therapy (CDT) has been highly concerned in 

biomedicine community nowadays [111–114]. Owing to the complex 
interactions between cell components as well as simultaneous dysre-
gulations of pathways or networks in diseases [115], monotherapy has 

Table 1 
Most representative gene expression profile databases used for drug 
repurposing.  

Database Statistics Information Category URL 

NCBI GEO [62] (1) 177,273 series 
(5,107,078 samples); 
(2) 5959 organisms. 

CGED http://www.ncbi.nlm. 
nih.gov/geo/ 

ArrayExpress 
[63] 

(1) 75,391 experiments 
(2,589,677 assays); (2) 
> 3300 organisms. 

CGED https://www.ebi.ac. 
uk/arrayexpress/ 

Expression Atlas 
[64] 

(1) 4315 experiments 
(153,212 assays); (2) 65 
species. 

CGED https://www.ebi.ac. 
uk/gxa/home 

GTEx [65] (1) 17,382 RNA-seq 
samples; (2) 54 tissue 
types and 2 cell lines on 
human. 

CGED https://commonfund. 
nih.gov/gtex 

CCLE [66] (1) 1457 cell lines; (2) 
136,488 unique 
datasets. 

CGED https://portals.broa 
dinstitute.org/ccle 

TCGA [67] (1) 85,552 cases (67 
primary sites); (2) 
Human (33 cancer 
types). 

TGED https://portal.gdc.ca 
ncer.gov/ 

ICGC [68] (1) 24,289 donors (445 
tissues); (2) Human (22 
cancer primary sites). 

TGED https://dcc.icgc.org/ 

MGI-GXD [69] (1) 107,436 expression 
assays; (2) 16,562 genes 
from mouse, including 
data from numerous 
strains of wild-type 
mice and from >4900 
mouse mutants. 

CGED http://www.informa 
tics.jax.org/expressio 
n.shtml 

GENT [70] (1) More than 68,000 
samples from human; 
(2) 72 different normal 
and tumor tissues. 

CGED; 
TGED 

http://gent2.appex. 
kr/gent2/ 

MTD [71] (1) 254 datasets, 102 
tissues/cell lines; (2) 4 
organisms (human, 
mouse, rat and pig). 

CGED http://mtd.cbi.ac.cn/ 

DP14 & DP92 
[72] 

DP14/92: (1) 276/857 
profiles; (2) 14/92 
compounds, 1/3 cell 
line, 3/3 time points. 

CPED http://www.ncbi.nlm. 
nih.gov/geo/query/ 
acc.cgi? 
acc=GSE60408 

open TG-GATEs 
[73] 

(1) 20,118 assays; (2) 
170 compounds 
perturbation from in 
vivo and in vitro. 

CPED https://toxico.nibioh 
n.go.jp/english/ 

Fish CMap [74] (1) 3516 microarrays 
(55 experimental 
conditions); (2) 
zebrafish and fathead 
minnow. 

CPED GSE38070, 
GSE60202, 
GSE70807, and 
GSE70936 

CREEDS [75] (1) 4205 signatures; (2) 
mammalian cells. 

CPED http://amp.pharm. 
mssm.edu/creeds 

CRCGN (1) 5996 signatures; (2) 
500 perturbagens, 
multiple cell lines. 

CPED https://carcinoge 
nome.org/ 

DrugSig [76] (1) 7000 microarrays; 
(2) 1300 drugs, human 

CPED http://biotechlab. 
fudan.edu. 
cn/database/drugsig/ 

DRUG-seq [77] (1) 433 compounds; (2) 
one cell line 

CPED http://www.ncbi.nlm. 
nih.gov/geo/query/a 
cc.cgi? 
acc=GSE120222 

Drug 
Repurposing 
Hub [78] 

(1) 16,826 samples; (2) 
7934 compounds 

CPED http://www.broadinst 
itute.org/repurposing 

Haghighi et al. 
[79] 

(1) 28,000 Genetic and 
Chemical 
Perturbations; (2) cell 
lines 

CPED http://broad. 
io/rosetta 

HERB [80] (1) 1037 high- 
throughput 
experiments, 6164 

CPED http://herb.ac.cn/  

Table 1 (continued ) 

Database Statistics Information Category URL 

profiles; (2) 20 herbs 
and 152 ingredients 

TMNP [81] (1) 21,466 signatures; 
(2) multiple cell lines 

CPED; 
DGED; 
GPED 

http://www.bcxnfz. 
top/TMNP 

DrugMatrix 
[82] 

(1) 12,921 samples; (2) 
8 different tissues of 
rats (perturbated by 
600 compounds) 

CPED https://www.ncbi. 
nlm.nih.gov/geo/quer 
y/acc.cgi? 
acc=GSE59927 

DA Cusanovich 
et al. [83] 

(1) 201 samples; (2) 
perturbations of 
knocking down 57 
transcription factors 

GPED https://www.ncbi. 
nlm.nih.gov/geo/quer 
y/acc.cgi? 
acc=GSE50588 

Gene 
perturbation 
atlas (GPA) 
[60] 

(1) 3072 transcriptome 
profiles of single-gene 
perturbations; (2) 1170 
different cell lines/ 
tissues of human or 
mouse 

GPED http://biocc.hrbmu. 
edu.cn/GPA/ 

Senkowski et al. 
[84] 

(1) 1065 profiles; (2) 22 
compounds, in three 
distinct cultured cell 
models 

CPED http://data.genom 
etry.com/ 

Suzuki et al. 
[85] 

(1) 3240 RNA-seq and 
3393 ATAC-seq 
libraries; (2) 23 cell 
lines treated with 95 
compounds 

CPED https://kero.hgc.jp/ 

ChemPert [86] (1) 82,270 
transcriptional 
signatures, 2566 unique 
perturbagens; (2) 167 
cell types 

CPED https://chempert.uni. 
lu/ 

Note: CGED - Comprehensive gene expression database; TGED - Tumor gene 
expression database; CPED - Compounds-perturbation gene expression database; 
DGED - Disease gene expression database; GPED - Genetic perturbations gene 
expression database. 
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intrinsic limitations in their maximum therapeutic benefits [116,117], 
which has accelerated the development of CDT. Existing studies have 
shown that a balanced multi-drug combination may be more effective 
than monotherapy [116,118–120], and has an advantage in avoiding 
drug resistance [117,121–128]. 

Fig. 3(B) illustrates the process of predicting effective drug combi-
nations using transcriptome data. Through gene signature enrichment 
analysis, bioinformatics tools such as gene2drug could be used to predict 
inhibitors or activators for specific disordered signaling pathways ac-
cording to gene expression profiles [97]. In general, an effective drug 
combination (or synergistic drug pair) ordinarily inhibits two targets in 
a linear pathway [129,130] or two proteins in parallel pathways crucial 
to the disease [131,132], or reverses two major disordered signaling 
pathways associated with the disease [106,133,134], or inhibits two 
entry pathways of infected viruses such as SARS-CoV-2 [135]. An 
alternative approach is to score predicted drug combinations based on 
the ability to reversing disease inordinate signatures. Theoretically, the 
optimal drug combination should have a strong negative correlation 
with the disease state. 

Currently, there are several well-known and popular databases for 
drug combination screening, such as SYNERGxDB [136], DrugCombDB 
[137], CellMinerCDB [138], DCDB [139] and SynergyFinder [140]. Of 

which, SYNERGxDB is suitable for determining effective therapeutic 
combinations and cancer biomarkers. DrugCombDB and DCDB are 
comprehensive databases for drug combination prediction. CellMi-
nerCDB performs integrated molecular and pharmacological analysis 
within or across cancer cell line datasets. SynergyFinder 2.0 can be used 
to visually analyze the synergistic effects of multiple drug combination 
[140]. 

Varied approaches (including machine learning algorithms) have 
been applied to predict drug combination [116,141]. For instance, 
DrugComboRanker approach could predict the synergistic effects of 
drug combination acting on different signaling network modules, which 
has been used to screen drug combinations that can overcome drug 
resistance in cancer cells [90]. Lee et al. developed the Combinatorial 
Drug Assembler (CDA), a genomics and bioinformatics system, which 
detected the best pattern matching combinatorial drug pairs. Two 
combination drug pairs (alsterpaullone + scriptaid, irinotecan +

semustine) predicted by CDA significantly induced apoptosis in 
non-small cell lung cancer and trip-negative breast cancer cells and 
showed good synergistic effects [124]. In addition, using genomic in-
formation, drug targets and pharmacological information of various 
types of cancer cell lines, a personalized drug combination synergy 
prediction pipeline based on machine learning strategy was proposed by 

Table 2 
Representative state-of-art tools for drug repurposing based on large-scale transcriptome data.  

Tool Description Relationship Category URL 

CLUE (CMap2.0) [58, 
61] 

Cloud platform for analyzing perturbed L1000 transcriptome, P100 and GCP 
proteome data. 

Drug-drug Web tool https://clue.io 
Drug-disease 
Drug-target 

LINCS Canvas Browser 
[87] 

Web server for gene signature analysis. Drug-drug Web tool http://www.maayanlab.net/L 
INCS/LCB/ Drug-disease 

Drug-target 
Disease- 
disease 

L1000CDS2 [88] A web-based tool for analyzing small molecule signatures, pairwise combinations, 
and predicting drug targets based on L1000 data. 

Drug-disease Web tool https://maayanlab.cloud/ 
L1000CDS2 Drug-drug 

Drug-target 
Drug 
combination 

PharmacoGx [89] An R package for calculating the correlation between drug dose and molecular 
features in cancer cell lines. 

Drug-disease R 
package 

https://github.com/bhklab/Ph 
armacoGx Drug-drug 

Drug-target 
DrugComboRanker 

[90] 
A computational tool for analyzing synergistic drug combinations and their 
mechanisms of action. 

Drug 
combination 

Java app https://github.com/methodists 
mab/DrugComboRanker 

SEP-L1000 [91] A platform for ADRs ranking of approved drugs and pre-clinical small-molecule 
chemicals based compound structure and gene expression features. 

Drug-disease Web tool http://maayanlab.net 
/SEP-L1000/ Drug-drug 

Mantra [92] An integrated data platform for analyzing the Mode of Action (MoA) of novel drugs 
and repositioning approved drugs. 

Drug-drug Web tool http://mantra.tigem.it 

DvD [93] An R package for comparing gene expression profiles and visualizing of interaction 
networks. 

Drug-disease R 
package 

https://saezlab.github.io/DrugV 
sDisease/ Drug-drug 

Drug-target 
DSEA [94] A tool to analyze transcriptional responses of different, phenotypically-related 

drugs to find shared pathways. 
Drug-target Web tool https://dsea.tigem.it/ 

L1000FWD [95] Web tool to visualize gene expression signatures induced by small molecules, 
predict function of small molecules, and explore the models of action of drugs. 

Drug-drug Web tool http://amp.pharm.mssm.edu 
/L1000FWD Drug-disease 

Drug 
combination 

ksRepo [96] A platform for analyzing perturbation effects of approved drugs and other chemical. Drug-disease R 
package 

https://github.com/ad 
am-sam-brown/ksRepo Drug-drug 

Drug-target 
gene2drug [97] A computational framework for pathway-based drug repurposing and gene 

expression perturbated by small compounds. 
Drug-target Web tool https://gene2drug.tigem.it/ 

iLINCS [98] A web platform for gene signature-driven drug repurposing based on LINCS data 
and Omics signatures. 

Drug-disease Web tool http://www.ilincs.org 
Drug-drug 
Drug-target 

DeSigN [99] A web tool for analyzing DEGs perturbed by 140 drugs and predicting potential 
applications of drugs. 

Drug-disease Web tool http://design.cancerresearch. 
my/ Drug-drug 

Cogena [100] An effective framework for gene co-expression and enrichment analysis. Drug-disease 
Drug-drug 

R 
package 

https://github.com/zhilongjia/ 
cogena 

Toppgenes Suite [101] A portal for gene function enrichment and candidate gene ranking. Drug-disease Web tool https://toppgene.cchmc.org/ 
Drug-drug 
Disease- 
disease  
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Jeon et al. [142]. Similarly, Pulkkinen et al. developed a 
mechanism-agnostic optimization method for identifying pairwise or 
higher-order combinations with maximal cancer-selectivity [143]. 

2.2. Analysis strategies toward gene expression profiles before and after 
drug intervention 

2.2.1. Drug-drug connection 
Gene expression profiles and previous studies indicated that similar 

drugs may have common clinical indications [144–147]. In view of this, 
two different drugs are considered functionally similar if they can 

induce similar gene expression profiles in cells. They may be involved in 
the same model of action and have the potential to treat the same or 
similar diseases. 

As shown in Fig. 4(A), if a gene signature induced by a compound is 
positively correlated with that of a drug, the compound is regarded as a 
potential substitute for the drug. Conversely, a negative correlation 
implies that they may mutually attenuate the effect. This strategy of 
finding drug substitutes will facilitate overcoming drug resistance. 

To date, this strategy has been widely applied to predict novel targets 
or functions of various chemicals. For instance, Lim et al. identified a 
new target of urotensin-II receptor antagonist (KR-37524) based on its 
similar expression patterns with other drugs [148]. Further experiments 
verified this. Moreover, ÖZDEMİR et al. found that Rho-kinase is a new 
target of two antidiabetic drugs (metformin and tolbutamide) by CMap 
[149]. 

2.2.2. Drug-target connection 
As mentioned above, when whole-genome expression profile is used 

to study the action model of a drug, the real signal may be masked by 
other responses of the same pathway, which hinders the detection of the 
real signal [150]. Therefore, the combination of robust targets and 
well-qualified disease-related biomarkers enhances understanding of 
the mechanism of action and also facilitates drug development [151]. 
Fortunately, gene editing technology can successfully solve this prob-
lem, because it simplifies the question by interfering with only one gene. 

To comprehensively analyze the relationship between gene expres-
sion signatures, drugs, and diseases, Subramanian et al. obtained the 
expression profiles of more than 20,000 through gene knockdown or 
gene overexpressing [61]. According to the correlations between gene 
signatures on gene expression levels, the new connections were pre-
dicted and updated via CLUE. Fig. 4(B) showed the comparison of gene 
signatures perturbed by small molecules. If there is a strong negative 
correlationship between two gene signatures, it indicates that the small 
molecule may be able to inhibit gene expression. If there is a positive 

Fig. 2. Different data types in transcriptomics and employed drug repurpos-
ing schemes. 

Fig. 3. Two reusing scenarios of the transcriptome profiles from patients compared to healthy subjects. (A) Identifying new indications of existent drugs. (B) 
Discovering drug-drug combinations by the cell signaling/metabolic pathways or the specific computational scores. 
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correlation, it can promote gene expression. If a gene is not a known 
target of a small molecule, it can be considered as a new candidate 
target. Therefore, new drug-target interactions can be established. 

On basis of this strategy, Pabon et al. propounded a new pipeline that 
can investigate the correlation between small molecules and protein 
targets, which may accelerate the identification and development of 
novel chemical classes by screening compound-target interactions. The 
authors then validated 152 FAD approved drugs and 3104 potential 
targets [150]. Their correlation analysis provided new insights on 
cellular responses to disrupting protein interactions and highlighted the 
complex genetic phenotypes of drug treatments. 

2.3. Analysis strategies toward the gene expression profiles for single or 
multiple patients 

To predict the therapeutic effects of new potential drugs or reposi-
tioned drugs, researchers rationalized the use of gene expression data 
from single or multiple patients based on disease-disease similarities. 
Chiang et al. suggested that if two diseases have similar gene expression 
profiles, a drug used for one disease may also be effective for the other 
disease [152]. Actually, this is also the process of exploiting 
disease-disease connection to discover new repurposed drugs. 

Although there is a large amount of gene expression data from 
pathological samples from patients, healthy control samples are usually 
lacking. This means that researchers cannot directly obtain gene sig-
natures of diseases, but only rely on gene expression data of patients. To 
make better use of the existing transcriptome data, the full gene lists 
from patients or pathological states only could also be used to explore 
new correlations between different diseases. Alternatively, the analysis 
can be simplified by determining the specific order of the entire gene list, 
or by using the validated 978 representative genes from the L1000 
database. Through ranking each gene based on average expression level 

across multiple samples, gene lists were generated and high-dimensional 
vectors were applied to evaluate their correlations. As shown in Fig. 5, if 
the global gene expression profile of disease-A shows a strongly positive 
correlation with that of disease-X, the drug for disease-A may be a 
candidate for the treatment of disease-X. 

Predicting new repositioned drugs using disease-disease connection 
has two advantages. Firstly, it significantly facilitated the analysis of 
mechanisms for some complex diseases, such as cancer, diabetes and 
cardiovascular diseases [153,154]. Besides, it provides an economic way 
for the drug markets of rare diseases. Due to the small number of people 
affected by rare diseases, research institutions and funds for drug 
development are scarce [155], and an in silico way with low cost could 
help break through its dilemma. For instance, Suthram et al. constructed 
a framework by integrating disease-related transcriptome data and 
protein interaction networks. On the basis of this framework, 138 con-
nections between multiple diseases and fourteen drug-shared pairs were 
identified [156]. 

3. Opportunities and challenges 

In recent years, transcriptome data has been widely used for drug 
repurposing. Its popularity may be due to: (i) compared with other data 
types, the generation of transcriptome data requires fewer cells and 
lower cost [58]; (ii) current methods for analyzing longer reads and 
higher throughout transcriptome data have better performance in 
capturing complex genomic and environmental impacts [107]; (iii) 
numerous studies have shown that gene-expression signature analysis is 
considered to be an important approach for elucidating the action model 
of drugs and mechanisms of disease [58,157,158]. It is clear that huge 
amount of transcriptome data not only accelerates the discovery of drug 
candidates for multiple diseases, but also plays a crucial role in revealing 
new relationships between drugs, genes, and diseases. 

Fig. 4. Two reusing scenarios of the transcriptome profiles of patients with and without drug intervention. (A) Identifying new indications in terms of drug-drug 
connection. (B) Discovering new indications in terms of drug-target connection. 
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Everything has two sides. The application of transcriptome data in 
drug repurposing also has some limitations and challenges. For instance, 
the majority the perturbed gene expression profiles for reference are 
derived from a limited number of cell lines, thus there is a long way to go 
from prediction to application. The predictive power of computational 
models is affected by some unavoidable factors (e.g., data missing, data 
bias, and limited types of perturbed experiments). In addition, limita-
tions of gold standard datasets for drug repurposing also affect the 
performances of these models. Although several models are available, 
effective methods to conquer these problems are still lacking. 

4. Perspectives 

With the availability of huge amount of transcriptome data, re-
searchers have realized the unique significance of transcriptome data in 
characterizing gene perturbations, exploring molecular interactions and 
precision medicine. The increasing attention has inevitably made more 
transcriptome data available for drug repurposing, which requires 
stringent requirements for data storage and efficient searching. 

Through the review of transcriptome data in the area of drug 
repurposing, we have witnessed the advances in measuring methods and 
various dimensions of transcriptome data. Taking the milestone project 
CMap as an example, the scale of perturbed gene expression data was 
expanded from 564 to 1.3 million in ten years (year 2006–2017). As a 
result, the rapidly growing databases require faster development of 
analysis tools to meet the expansion of data. In addition, superior sta-
tistic models are becoming more increasingly popular in computational 
drug repurposing, especially the application of machine learning-based, 
deep learning-based [159,160] and artificial intelligence methods 
[161–163]. To improve the accuracy of repurposed drugs, the combi-
nation of different computational methods will be the future trend. 

Additionally, although the disease microenvironment is gaining 
attention in drug development and targeting therapy, how to use tran-
scriptome data for microenvironment (e.g. tumor microenvironment) 
evaluation is an urgent barrier to be broken. Fortunately, the emerging 
single-cell RNA-sequencing technology can provide a new perspective 
for disease microenvironment research, which will certainly promote 
the development of drug repurposing. For instance, the information 
obtained from different cell subsets makes it possible to distinguish the 
tumor and paracancerous tissues. This not only gives a real picture of the 
microenvironment in vivo but also provides the opportunity to predict 
the side effects of new therapies. More significantly, it also allows for 
personalized and precise treatment. 
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