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Abstract 

The escalating costs and high failure rates ha v e decelerated the pace of drug de v elopment, which amplifies the research interests in de v el- 
oping combinatorial / repurposed drugs and understanding off-target adverse drug reaction (ADR). In other words, it is demanded to delineate 
the molecular atlas and pharma-information for the combinatorial / repurposed drugs and off-target interactions. Ho w e v er, such in v aluable data 
w ere inadequately co v ered b y e xisting databases. In this study, a major update was thus conducted to the DrugMAP , which accumulated 
(a) 20831 combinatorial drugs and their interacting atlas in v olving 1583 pharmacologically important molecules; (b) 842 repurposed drugs and 
their interacting atlas with 795 molecules; (c) 3260 off-targets rele v ant to the ADRs of 2731 drugs and (d) various types of pharmaceutical in- 
f ormation, including div erse ADMET properties, v ersatile diseases, and various ADRs / off-t argets. W ith the growing demands for discovering 
combinatorial / repurposed therapies and the rapidly emerging interest in AI-based drug disco v ery, DrugMAP w as highly e xpected to act as an 
indispensable supplement to existing databases facilitating drug discovery, which was accessible at: https:// idrblab.org/ drugmap/ . 
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Introduction 

The efficacy and safety of a drug are substantially determined
by its pharmaceutical properties and interactions with vari-
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olecular entities ( 4 ). The emergence of acquired drug resis-
ance has amplified the need for new therapeutics, which is
hallenged by the rising costs and failure rates in drug discov-
ry ( 5–7 ). In this context, there are great research interests in
he discovery of combinatorial therapies ( 8–10 ), realization of
rug repurposing ( 11–13 ), and explanation of off-target ad-
erse drug reactions ( 14–16 ), which highlights the demands
or the invaluable molecular atlas and pharma-information
f drug combinations, repurposed drugs and ADR-associated
ff-targets ( 17–19 ). Furthermore, with the booming applica-
ions of artificial intelligence (AI) in biomedical research ( 20–
3 ), it is essential to have a knowledge base accumulating a
arge number of the precious data discussed above to facilitate
utting-edge academic / clinical studies in precision medicine,
rug discovery, and so on ( 24–26 ). 
Till now, several reputable data repositories related to the

forementioned topic have been developed. Some describe
he general information and the high-throughput cell line
creening result for drug combination, including CDCDB
 27 ), DCDB ( 28 ), DrugCombDB ( 29 ), SYNERGxDB ( 30 ), etc .
ome others demonstrate the information on various adverse
rug reactions (ADRs) together with their frequency in pa-
ients, including DrugCentral ( 31 ), SIDER ( 32 ), FAERS ( 33 ),
tc. However, none of the existing databases provides the in-
eracting atlas of either combinatorial or repurposed drugs
t the molecular level, and the detailed pharma-information
f these drugs is largely absent from these databases. More-
ver, the molecular mechanism (especially, the off-target in-
ormation of the studied drug) underlying each ADR has not
een described by any of those available databases (includ-
ng the original version of DrugMAP ). Therefore, it is highly
emanded to have a database providing the molecular biolog-
cal data for the combinatorial / repurposed drugs and ADR-
elated off-targets, which can promote the discovery of effi-
acious combinatorial / repurposed drugs ( 34–36 ) and the un-
erstanding of the off-target mechanism underlying studied
DRs ( 37–39 ). 
Herein, a major update to DrugMAP was therefore con-

ucted, which is described in Figure 1 . First, a total of 22039
ombinatorial drugs (CBDs), including 583 approved, 4817
linical trials, and 16639 investigative ones, were collected,
nd their interacting atlases with 1583 molecules of clinical
mportance were provided. Second, a total of 842 repurposed
rugs (RPDs) that were approved for treating one disease
nd then repurposed (approved / clinical trial / investigative)
or dealing with other disease(s) were accumulated, and their
nteracting atlases with 795 molecules were also offered.
hird, a total of 3260 off-targets (DOTs) of literature-reported
DR for 2731 drugs, including 1437 approved, 410 clin-

cal trial, and 884 investigative ones, were also covered,
nd their corresponding molecular atlas was described. Fi-
ally, diverse pharma-information was added during this up-
ate, which included: (a) diverse ADMET(absorption, distri-
ution, metabolism, excretion, and toxicity) properties, such
s bioavailability, Lipinski Role of 5 (RO5) violation, half-
ife, clearance, elimination, and distribution; (b) versatile dis-
ase webpages illustrating disease hierarchy based on ICD of
orld Health Organization , and MONDO of U.S. National

nstitute of Health and (c) comprehensive data on the ADR
nd ADR-related off-targets for each drug. The latest version
f DrugMAP can be freely accessed without any login require-
ent by all users at: https:// idrblab.org/ drugmap/ . 
 

Factual content and data retrieval 

Describing the molecular atlas and 

pharma-information for combinatorial drugs 

The use of combinatorial drug, which involves the co-
administration of multiple agents targeting different path-
ways, can extensively elevate therapeutic efficacy ( 40 ), re-
duce dosage requirement ( 41 ), and delay the onset of resis-
tance ( 42 ). This approach has become a standard clinical
strategy for treating multifactorial disease that involves mul-
tiple pathways, like cancer ( 43 ), autoimmune ( 44 ) and car-
diovascular conditions ( 45 ). However, the large space of pos-
sible drug combinations and the high costs and resources
required to test these therapeutic strategies in clinical trial,
make it impractical to experimentally assess all possible com-
binations ( 46 ). Moreover, the overlapping toxicity of drug
combinations and drug-drug interactions were common prob-
lems currently faced in discovering combinatorial therapies
( 47 ,48 ). Therefore, there was an urgent need to depict the
molecular interaction networks between different component
drugs in a drug combination to systematically evaluate the
pharmacokinetic / pharmacodynamic process ( 49–51 ) and bal-
ance the toxicity and synergistic benefits ( 52–54 ). To bridge
the gaps, various combinatorial drugs as well as their inter-
acting atlas were collected and normalized based on different
data resources. 

Systematic collection of approved and clinical trial drug com-
binations 
The drug combinations approved by the U.S. FDA are def-
initely supported by successful clinical trial data ( 55 ), while
those that have been or are currently being tested in clin-
ical trials must also have enough experimental evidence to
justify their applications. These drug combinations were sys-
tematically curated for DrugMAP using the following proce-
dures. First, a comprehensive list of approved drug products
was obtained from the FDA Orange Book. All drug combi-
nations were filtered according to the types of ingredients,
dosage forms, routes of administration, and strengths, finally
resulting in a total of 583 approved combinations. Second,
the search for combinatorial drugs in clinical trial was per-
formed based on ClinicalTrials.gov by systematically screen-
ing the fields of ‘ official title of study ’, ‘ intervention ’, and
‘ condition / disease ’, leading to the retrievals of 5236 combi-
natorial drugs and their NCT IDs. Third, the retrieved combi-
nations were refined based on the names of the components as
well as the disease indications, leading to 583 approved and
4817 clinical trial combinations. 

In vestigati ve drug combinations identified by comprehensive
literature re vie w 

In addition to those drug combinations catalogued by the
U.S. Food and Drug Administration (U.S. FDA) and Clini-
calTrials.gov, numerous investigational combinations identi-
fied using high / low-throughput biochemical assays have been
reported in scientific literature ( 56–60 ). To further expand
the coverage of drug combinations in DrugMAP , investiga-
tive combinations were systematically collected by the follow-
ing procedure. First, a systematic literature review was con-
ducted using diverse keywords such as ‘combinatorial drug’,
‘drug combination’ and ’combinatorial therapy’. Second, the
drug combinations of clearly reported therapeutic effects were

https://idrblab.org/drugmap/
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Figure 1. An o v ervie w of this update of DrugMAP . In previous version, the molecular atlas was primarily composed of the pharmacokinetic data of 
medications ( blue ) and their interactions with three types of molecules: drug therapeutic target (DTT, orange ), drug transporter (DTP, red ), and 
drug-metabolizing enzyme (DME, green ). In current version, DrugMAP was integrated with the combinatorial drug (CBD, strongblue ), repurposed drug 
(RPD, skyblue ), off-target effect of drug (DOT, purple ) and disease ( brown ) information for all drugs. 
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manually collected from the literature, and the biochemi-
cal assays were recorded. Third, based on the dose-response
landscapes of biochemical assays, quantitative synergy scores
were calculated using a variety of models, including the High-
est Single Agent , Loewe additivity , Bliss independence and
Zero Interaction Potency ( 61 ). The synergy score was nor-
malized using Min-Max Scaling and visualized with unified
heatmaps (as illustrated in Figure 2 B). Finally, the interact-
ing atlas of all CBDs were mapped and provided based on
the molecular interactions of component drugs (as shown in
Figure 2 C). 

Describing the molecular atlas and 

pharma-information for repurposed drugs 

Drug repurposing that identifies new therapeutic use for ex-
isting drugs, holds significant promise in accelerating the drug
developments process and reducing associated costs and time-
frames ( 62 ). This strategy leverages the known safety pro-
file and pharmacokinetic property of approved drugs ( 63 ,64 ),
thus circumventing the initial stages of drug development that
involve substantial time and financial resources ( 65 ). How-
ever, the discovery of repurposed drugs is greatly challenged
by various potential therapeutic targets and unclear disease
mechanisms ( 66–68 ). Moreover, the repurposed drugs must be
comprehensively evaluated using interaction networks among
multiple diseases ( 69 ), to mitigate the risks of unforeseen
ADRs and interactions ( 70 ). Thus, the molecular atlas of exist-
ing repurposed drugs can facilitate the discovery of new ones.
Confirming and collecting the information of repurposed 

drugs and diseases 
The information on repurposed drugs and their disease was 
collected and confirmed through the following steps. First,
drug indications in DrugMAP are comprehensively reviewed,
and the list of drugs treating multiple diseases was col- 
lected. Second, these drugs were then strictly screened and de- 
emphasized based on the disease class and the ICD-11 code 
(the first two digits) to ensure that the remaining drugs were 
the repurposed ones. Third, keyword combination of ‘drug 
reposition’, ‘drug repurposing’, and ‘repurposed drug’ was 
adopted in literature review, to fill the vacancy of repurposed 

drugs that were not covered by DrugMAP . Finally, the repo- 
sitioning profiles of 842 approved drugs were collected and 

shown, and a total of 3272 drugs that were tested for multi- 
ple diseases in clinical trial were also described. A list of repur- 
posed diseases and the molecular atlas of studied repurposed 

drugs were provided on a separate webpage (as shown in 

Figure 3 A). 

Ontology mapping and enriched molecule atlas of repurposed 

disease 
Disease was undoubtedly a crucial part of drug repositioning 
( 71 ). Therefore, diseases were added as one of the key nodes 
into DrugMAP , which substantially enriched the molecular 
atlas together with disease-molecule association. First, disease 
ontologies were mapped to available databases, such as Or- 
phanet ( 72 ), MedGen ( 73 ), and HPO ( 74 ), through text min-
ing and keyword matching. Second, the literature-reported 
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Figure 2. A typical CBD page showing combinatorial drug in DrugMAP . ( A ) general information of drug, such as drug name, synonyms and therapeutic 
class; ( B ) the list of CBDs containing this drug, at the top of this module, a heatmap of the normalized CBD synergy score is provided, the color of which 
was determined by the synergy score calculated from the HSA, Loewe, Bliss and ZIP models normalized via Min-Max Scaling; ( C ) detailed CBD page, 
opened by clicking on the CBD ID, provided details on the molecular atlas and the str uct ures of the constituent drugs. 
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Figure 3. A schematic illustration of repurposed drugs (RPD) and disease page in DrugMAP . ( A ) a typical RPD page provided the general information of 
drugs, and illustrated a list of repurposed diseases as well as the molecular atlas of RPD consisting of repurposed drugs; ( B ) a disease page, accessed 
by clicking on disease ID, which not only provided the name, definitions, and hierarchy of disease, but also described information about the mapping of 
the disease ontology to reputable existing databases. The molecular interaction atlas of the disease was also provided. 

D
ow

nloaded from
 https://academ

ic.oup.com
/nar/article/53/D

1/D
1372/7756584 by Zhejiang U

niversity user on 12 January 2025



Nucleic Acids Research , 2025, Vol. 53, Database issue D 1377 

a  

f  

(  

a  

a  

i  

q  

i  

a  

s  

t  

a  

e  

t  

d

A
A

T  

o  

t  

t  

h  

h  

s  

(  

o  

s  

a
 

w  

F  

c  

t  

t  

t  

t  

l  

a  

o  

a  

c  

l  

p  

p  

o  

D  

p  

i  

a

S
p

A  

i  

p  

m  

o  

w  

i  

p  

s  

d  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

tions and so on so forth. 

D
ow

nloaded from
 https://academ

ic.oup.com
/nar/article/53/D

1/D
1372/7756584 by Zhejiang U

niversity user on 12 January 2025
ssociations between disease and proteins were also curated
rom multiple resources, such as GenCC ( 44 ), DisGeNET
 75 ) and KEGG ( 76 ), and further integrated into the molecular
tlas of repurposed drug. Each association between diseases
nd proteins was determined by considering multiple factors,
ncluding data sources, expert assessment, the quantity and
uality of supporting literature, and the presence of conflict-
ng results. These factors work together to help researchers
ssess the credibility and clinical relevance of gene-disease as-
ociations. Third, the protein-protein interactions related to
he DrugMAP molecules were collected to enrich the molecule
tlas of repurposed drug. The disease information (such as dis-
ase name, definition, hierarchy, ontology mapping, and in-
eracting atlas) was also provided on a separate webpage for
isease (as illustrated in Figure 3 B). 

ssociating off-targets with the literature-reported 

DRs for all drugs 

he primary factors contributing to the failure / withdrawal
f drug were low drug availability and undesirable off-target
oxicity ( 77–80 ). Surprisingly, recent research has illuminated
he facts that part of ‘unintended’ off-targets could actually
old great potential to be unexplored disease target ( 81 ). This
ighlighted the necessity of capitalizing on the broad target
electivity of drugs and harnessing beneficial off-target effects
 82 ). In other words, the valuable information on the ADRs
f drugs and their associated off-targets would provide strong
upport for the discovery of novel therapeutic targets and the
voidance of undesirable adverse drug reactions ( 83–85 ). 

The data of ADR-related off-targets for drugs in DrugMAP
as collected and confirmed through the following steps.
irst, literature was retrieved from PubMed using keyword
ombinations of ‘drug name’ + toxicity, ‘drug name’ + off-
arget, ‘drug name’ + ADR, ‘drug name’ + adverse reac-
ion, ‘drug name’ + side effect, etc. Second, the newly iden-
ified studies were systematically validated, and reliable in-
eractions were extracted. Primary off-targets responsible for
iterature-reported ADRs were then collected into DrugMAP
s drug off-targets (DOTs). Third, off-targets influencing their
wn post-translational modification, biochemical pathway,
nd cellular process through interactions with drugs were also
ollected. As a result, a total of 3260 DOTs associated with
iterature-reported ADR for 2731 drugs (including 1437 ap-
roved, 410 in clinical trials and 884 investigative) were com-
iled. Moreover, 15 126 DOTs with a clearly defined mode
f action were included. Comprehensive information on these
OTs, including their functions, structures, and associated
athways, was provided on a separate webpage for DOTs (as

llustrated in Figure 4 A). The corresponding molecular atlases
re also presented (as shown in Figure 4 B). 

ystematical and in-depth update of the 

harma-information for all drugs 

 variety of emerging drugs were systematically integrated
nto the latest DrugMAP . First, drugs approved during the
ast two years ( DrugMAP was first released in 2023) were
anually curated from recent official reports ( 86 ,87 ). Sec-
nd, the latest information on clinical trial drugs together
ith their clinical status was gathered and updated us-

ng timely data from ClinicalTrials.gov and official drug
ipeline reports from numerous pharmaceutical companies,
uch as Pfizer, AbbVie, and Novartis. Third, for each drug,
etailed information on its interacting molecules was fur-
ther compiled. As a result, the number of drugs collected to
DrugMAP had expanded from 32487 to 42909, and the num-
ber of drug-interacting molecules had increased from 5788
to 9172. 

Furthermore, the additional pharma-information of drug
was significantly enriched in this update. Specifically, the RO5
violations for drugs were confirmed using the PubChem ( 88 )
database and visualized using a radar chart to facilitate quick
overview. The ADMET (absorption, distribution, metabolism,
excretion and toxicity) characteristics of drugs had also been
substantially enriched ( 89 ). Particularly, a total of 15 ADME
characteristics (bioavailability, metabolism, clearance, elimi-
nation, half-life, etc.) had been made available in DrugMAP ,
encompassing a total of 12 729 ADMET data for drugs. Ad-
ditionally, comprehensive information on ADRs and ADR-
associated off-targets had been integrated into the enriched
drug pharma-information. Detailed descriptions of the gen-
eral and pharma-information of drugs in DrugMAP were il-
lustrated in Figure 5 . 

Conclusion and Perspectives 

The DrugMAP has been previously developed to provide
comprehensive and accurate molecular atlas for all drugs.
With the growing research interest in drug combinations
and repurposing and the exponential growth of AI tech-
niques in the field of drug discovery, the molecular atlas
of combinatorial / repurposed drugs provided in the latest
DrugMAP offered valuable ’interacting network’ data re-
sources for researchers to explore potential drug combina-
tions and identify repurposing opportunities at the molecular
and network levels, and the integration of drug-centred molec-
ular interaction networks offered by DrugMAP could also
enable researchers to gain insights into the complex interac-
tions between drugs, diseases and molecular entities. By lever-
aging this extensive network, AI algorithms and models can
more effectively analyze and predict the interactions, synergis-
tic effects and potential repurposing opportunities of drugs,
ultimately enhancing the efficiency and success rates of drug
discovery endeavors. For instance, some studies have success-
fully applied the executable signaling network model to pre-
dict novel combinatorial drugs for treating COVID-19 ( 90 ),
and some others have constructed AI tools to discover poten-
tial repurposing and combinatorial drug for Alzheimer’s dis-
ease ( 91 ). Due to the great demand for interacting networks in
drug combination and repositioning ( 92–94 ), the DrugMAP
further expanded the richness and availability of the molec-
ular atlas by introducing various additional nodes of CBDs,
RPDs, DOTs and diseases, which was expected to provide in-
sights for the development of novel combinatorial therapeu-
tics and drug repositioning strategies at the molecular and net-
work level ( 95–97 ). 

The pharma-information for all drugs in DrugMAP was
crucial for drug developments. Therefore, DrugMAP was
committed to keep updating and enriching its pharma-
information. In this update, some of the key enhancements in-
cluded the visualization of RO5 violation and ADMET prop-
erty of drugs. Newly implemented features explicitly described
ADR and ADR-associated off-targets. Furthermore, drug dis-
ease information had also been incorporated, providing in-
valuable insights into target discovery and drug repurpos-
ing, which encompassed disease synonyms, classification, def-
initions, hierarchies, ontology mappings and protein associa-
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Figure 4. A typical page of the drug’s off-target (DOT) in DrugMAP . ( A ) the general information of each DOT; ( B ) the molecular atlas module of DOT, 
which not only provided a detailed list of drugs affected by the DOT and those drugs affecting the DOT and their modes of action, but also provided an 
interactive interaction network where the user could hover the mouse over the nodes and the interactions to view detailed information about the 
molecules and interactions. 
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Figure 5. The schematic representation of the enriched pharma-information of drug in DrugMAP . ( A ) the general information of a medication, which 
included drug name, synonym, structure and so on; ( B ) a comprehensive list of diverse ADMET features of the drugs, providing an exhaustive 
description of the drug’s 15 ADMET attributes such as absorption, bioa v ailability, clearance and so on, along with the corresponding literatures; ( C ) 
detailed information regarding the ADRs and ADR-associated DOTs of this particular drug. 
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All in all, considering the growing demand for the discov-
ery of combinatorial therapies and drug repurposing, as well
as the rapid developments of AI-assisted drug discovery tech-
nologies, drug-centered multimolecular interaction network
promised to be an indispensable and important data source.
Therefore, DrugMAP was expected to continually emerge as
a popular data resource, and to serve as an essential supple-
ment to existing pharmaceutical databases. DrugMAP is now
freely accessible to all users without any login requirement at:
https:// idrblab.org/ drugmap/ . 

Data availability 

DrugMAP is freely accessible to all users without any login
requirement at https:// idrblab.org/ drugmap/ . 
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