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ABSTRACT

The efficacy and safety of drugs are widely known
to be determined by their interactions with multi-
ple molecules of pharmacological importance, and
it is therefore essential to systematically depict the
molecular atlas and pharma-information of studied
drugs. However, our understanding of such infor-
mation is neither comprehensive nor precise, which
necessitates the construction of a new database
providing a network containing a large number
of drugs and their interacting molecules. Here, a
new database describing the molecular atlas and
pharma-information of drugs (DrugMAP) was there-
fore constructed. It provides a comprehensive list
of interacting molecules for >30 000 drugs/drug
candidates, gives the differential expression pat-
terns for >5000 interacting molecules among dif-
ferent disease sites, ADME (absorption, distribu-
tion, metabolism and excretion)-relevant organs and
physiological tissues, and weaves a comprehensive
and precise network containing >200 000 interac-
tions among drugs and molecules. With the great
efforts made to clarify the complex mechanism un-
derlying drug pharmacokinetics and pharmacody-
namics and rapidly emerging interests in artificial
intelligence (AI)-based network analyses, DrugMAP
is expected to become an indispensable supple-
ment to existing databases to facilitate drug discov-

ery. It is now fully and freely accessible at: https:
//idrblab.org/drugmap/

GRAPHICAL ABSTRACT

INTRODUCTION

The efficacy and safety of drugs are widely known to be
determined by their interactions with some molecules of
pharmacological importance (1–3). For example, a drug’s
therapeutic effect and resistance profile are largely shaped
by its interactions with its target (4–6); the absorption, dis-
position and elimination of drugs are extensively affected
by their interactions with channels/transporters (7–9); drug
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metabolism and prodrug synthesis are substantially regu-
lated by specific enzymatic interactions (10–13); and so on.
In other words, the efficacy and safety of a drug derive
from the collective regulation by many molecules of an ex-
tremely sophisticated mechanism (14,15). Thus, it is essen-
tial to systematically depict the molecular atlas of regula-
tion mechanisms for each drug, which is expected to facili-
tate the design/repurposing of drugs (16,17), the prediction
of drug–drug interactions (3,18,19), the reversion of mul-
tidrug resistances (20), and so on.

However, our understanding of such a molecular atlas of
each drug is neither comprehensive nor precise (21–23). On
the one hand, available pharmaceutical studies tend to focus
on specific types of interacting molecules (24,25), and thus
lack comprehensive descriptions of all molecules of phar-
macological importance (26,27). On the other hand, these
molecules are found to be differentially expressed among
disease sites, ADME (absorption, distribution, metabolism
and excretion)-related organs and other physiological sites
(15,28), and the differentially expressed pattern of these
molecules is not precisely illustrated (3,29). Thus, a large
number of studies have been conducted to discover the com-
prehensive set of drug-centered molecular interactions (30–
32) and illustrate the expression pattern of those interact-
ing molecules among various organs/tissues (33–36). With
the wide application of artificial intelligence (AI) techniques
in current drug discovery, it is crucial to construct a com-
prehensive and precise ‘network’ (based on the findings of
previous publications) to describe a large number of drugs
and their interacting molecules of pharmacological impor-
tance (30,37,38). In other words, it is key to have a database
that provides such valuable network data for facilitating the
discovery of efficacious combination therapy (39), the un-
derstanding of off-target mechanisms and undesirable side
effects (40–42), etc.

So far, a variety of reputable databases related to the topic
above have been constructed (43–53). Some of them pro-
vide complex networks to describe the interactions among
drugs and molecules [such as STITCH (43), DGIdb (44),
BindingDB (45) and ChEMBL (46)]. Such networks usually
have a huge number of interactions, but the vast majority of
them have little reported relation to a drug’s pharmacologi-
cal effect (54–56). Some others describe the relationship be-
tween the interacting molecule and a drug’s pharmacolog-
ical effect [such as DrugBank (47), TTD (48), UCSF-FDA
(49), VARIDT (50), BRENDA (51) and KinaseMD (52)],
but these databases only focus on providing specific types of
interacting molecules (e.g. targets, channels/transporters or
enzymes). In other words, none of them provides a compre-
hensive and precise ‘network’ containing a large number of
drugs and their interacting molecules of pharmacological
importance.

In this study, a newly constructed database named
‘Molecular Atlas and Pharma-information of drugs
(DrugMAP)’ was therefore introduced. First, a compre-
hensive literature review on ∼2500 approved drugs, ∼8900
drugs ever tested in clinical trials, ∼6000 patented/pre-
clinical drugs and ∼16 000 investigative agents was
conducted. Second, interacting molecules of pharmacolog-
ical importance to the above drugs were collected, and a
total of 5067 pharmacologically important molecules were

identified as interacting with 32 487 drugs/drug candidates.
Third, the expression patterns of 1539 molecules among 108
disease sites of 21 781 patients, 1323 molecules among four
typical ADME-related organs (small intestine, liver, colon
and kidney) of 236 healthy individuals and 1286 molecules
among 32 physiological/life-essential sites/organs (such
as prostate, breast, etc.) of 109 samples, were collected.
Finally, a comprehensive and precise ‘network’ containing
50 180 drug–molecule interactions was constructed. The
subnetwork for each drug and the entire network for all
drugs are freely accessible in DrugMAP. All in all, since
such a comprehensive and precise ‘network’ is essential
for the understanding of the molecular atlas of drugs, this
database is expected to have great implications and impact
on modern drug discovery.

FACTUAL CONTENT AND DATA RETRIEVAL

Systematic collection of pharma-information for a compre-
hensive set of drugs

A comprehensive set of drugs was collected from multiple
sources. A total of ∼2500 approved drugs were collected
from the official website of the US Food and Drug Adminis-
tration (US FDA), ∼8900 drugs ever tested in clinical trials
were collected from the official site of ClinicalTrial.gov and
∼6000 patented/pre-clinical drugs together with ∼16 000
investigative drugs were collected by literature review or
from existing databases [such as TTD (57)]. In DrugMAP,
a total of ∼33 000 drug entities of clinical importance were
stored, and their general information (name, synonyms, in-
dications, therapeutic classes, etc.) was extracted. Approx-
imately 700 diseases corresponding to the indication of
drugs were manually checked and mapped to the Interna-
tional Classification of Diseases (ICD-11) (58). Moreover,
2D and 3D structures of ∼26 000 drugs (∼81.0%) were
made visualizable and fully downloadable (in an SDF file)
from the online database.

Moreover, additional pharma-information of drugs was
also collected and provided in DrugMAP. In particular,
chemical identifiers (canonical SMILES, formula, InChI,
InChIKey, etc.) and RO5 violations of drugs were collected
and confirmed from PubChem and the ChEMBL database
(46,59), and ADMET properties (volume of distribution,
bioavailability, metabolism, clearance, elimination, half-life,
etc.) of each drug were collected by additional literature re-
view. Moreover, to cross-reference DrugMAP with exter-
nal databases, the cross-matching IDs of drugs to other
databases (PubChem, ChEBI, CAS, TTD, etc.) was pro-
vided. The detailed statistics and description of the general
and pharma-information of the drugs in this database are
illustrated in Figure 1.

The interaction pattern of the collected drugs with diverse
types of molecules

As reported, the pharmacokinetic and pharmacodynamic
characteristics of a drug are determined by its interac-
tions with various molecules of pharmacological impor-
tance (1–3). The interactions between drugs and these
molecules can be grouped into two different types: drug
efficacy-related interactions that are dominating in a
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Figure 1. The primary data components and the corresponding statistics of DrugMAP. The basic pharma-information of drugs (blue), the interactions
between drugs and three types of molecules of pharmacological importance, i.e. drug therapeutic target (DTT, orange), drug transporter (DTP, red) and
drug-metabolizing enzyme (DME, green), the drug–drug interaction information (purple) and the data of drug inactive ingredients (brown).

drug’s therapeutic effects and resistant profiles (4–6) and
drug ADME-related interactions that are key for drug
absorption/disposition/elimination/metabolism and pro-
drug biosynthesis (7–13). These two types of drug-centric
molecular interactions jointly formed the interaction pat-
tern of a drug with its corresponding interacting molecules.
In particular, drug efficacy-related interactions are largely
shaped by the drug’s target, and the ADME-related interac-
tions are greatly affected by channel/transporter/enzyme.
Moreover, with the extensive applications of drug combi-
nations (60) and the growing concerns about the safety of
drug formulation (61), drug–drug interactions (DDIs) and
the biological activities of drug inactive ingredients (DIGs)
have gained significantly increased attention due to their es-
sential roles in pharmacovigilance and therapeutic manage-
ment (62–66). In other words, the information of DDIs and
DIGs for drugs is valuable when assessing the risk of ad-
verse DDIs and the safety of new drug formulations (67).

Collection of the interaction data for all drugs in DrugMAP.
First, the drug-centric molecular interactions were collected
by a comprehensive literature review. The corresponding
literature was retrieved by searching PubMed using key-
word combinations, including: ‘Drug Name’ + therapeu-
tics, ‘Drug Name’ + targets, ‘Drug Name’ + absorption,

‘Drug Name’ + distribution, ‘Drug Name’ + metabolism,
‘Drug Name’ + transporters, ‘Drug Name’ + metabolizing
enzymes, ‘Drug Name’ + ADME and ‘Drug Name’ + in-
teracting molecules.

Second, the newly identified literature was systematically
validated, and reliable interactions were identified. For a
drug’s interactions with its targets, only the primary inter-
actions were considered in DrugMAP as a drug’s thera-
peutic target (DTT) by following a strict ‘target validation
procedure’ well established by a previous publication (56).
That ‘validation procedure’ stated that the primary target(s)
should have (i) experimentally determined drug potencies
(such as IC50), (ii) observed effects of drugs against dis-
ease models (cell lines, ex vivo and in vivo) linked to the
primary target(s) and (iii) observed effects of knockout,
knockdown, trans-genetics, RNA interference, antibody or
antisense-treated in vivo models for primary targets. For a
drug’s interactions with its metabolizing enzymes, a pro-
tein was considered as a drug-metabolizing enzyme (DME)
in DrugMAP only if its metabolized drug was experimen-
tally confirmed by cellular/biochemical assays (68), and
the DME(s) which mainly metabolize that drug was re-
trieved from the official site of the FDA (Drugs@FDA,
https://www.accessdata.fda.gov/scripts/cder/daf/) and un-
derlined as the ‘main DME’ in DrugMAP. Taking the

https://www.accessdata.fda.gov/scripts/cder/daf/
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anti-arthritic drug apremilast as an example, its ‘Label’
file (https://www.accessdata.fda.gov/drugsatfda docs/label/
2014/205437s000lbl.pdf) that indicates its original approval
was identified from Drugs@FDA, and its main DME
(CYP3A4, under these circumstances) was identified from
the ‘Metabolism’ subsection of the ‘12.3 Pharmacokinet-
ics’ section in its Label file. As a result, among all drugs
with reported DME information, 60.0% of them have their
‘main DME’ reported. A total of 90.4, 7.1, 2.3 and 0.2% of
these drugs with a reported ‘main DME’ had one, two, three
and four main DMEs, respectively. For a drug’s interactions
with its transporters, a protein was considered to be a drug
transporter (DTP) in DrugMAP only if its transported drug
was experimentally validated using a cell line/in vivo model
(7). As reported, the estimation of the contribution of trans-
porters to total tissue uptake and excretion is necessary for
understanding their importance in drug disposition (69,70).
However, from the mechanistic point of view, a DTP of-
fers complexities that are distinct from a DME (71), which
makes the identification of the main DTP more difficult and
complex than that of the main DME (71). In particular,
such a difficulty may originate from the following: (i) dif-
ferent from DMEs, the concentration of a drug in a spe-
cific tissue is determined by both uptake and efflux DTPs
(72); (ii) in contrast to DMEs, that are concentrated in the
liver and intestine, DTPs are expressed in different tissues,
and their abundance varies considerably among these tis-
sues (73); and (iii) compared with DMEs, it is more diffi-
cult to identify probes or inhibitors for DTPs, as they are
complex integral membrane proteins lacking a crystal struc-
ture (74). Therefore, although some progress has been made,
there is a paucity of relevant data for the main DTP of
drugs. However, during the construction of DrugMAP, a
comprehensive literature review was also conducted to col-
lect the DTPs’ kinetic data (Km) for each drug, which were
considered as an indirect indication of the ‘main DTP(s)’ of
drugs (75). As a result, a total of 156 drugs were reported in
DrugMAP to have such kinetic data; this will also be con-
tinually updated.

Third, a total of 44 669 drug efficacy-related interactions
between 32 148 drugs/drug candidates and 3095 DTTs, to-
gether with 6520 drug ADME-related interactions between
2194 drugs and 1118 DTPs and DMEs were identified and
then described in DrugMAP. In total, 5067 molecules were
collected, which show a certain pharmacological effect by
interacting with 32 487 drugs/drug candidates, and these
molecules were linked to 624 disease classes as defined by
the WHO International Classification of Diseases (58).

Data of drug–drug interactions and drug inactive ingredients.
In addition to the interaction data described above, infor-
mation on DDIs and DIGs was also reported as essential
for pharmacovigilance and therapeutic management (62–
64). On the one hand, DDIs were considered as one of
the key reasons for insufficient efficacy and adverse drug
reactions (76–78). On the other hand, for a drug formu-
lation, the major components by mass were not the ac-
tive pharmaceutical ingredient (API) but rather the DIGs
(also known as excipients). DIGs can usually reach a much
higher concentration (up to 100 times in the gastrointesti-
nal tract) than that achieved by APIs, which raised great

concerns regarding their clinical toxicity and DIG–drug in-
teractions, and were reported as critical to a drug’s AD-
MET property and treatment outcomes (67). Herein, a sys-
tematic literature review on DDIs and DIGs was thus con-
ducted. For example, to have comprehensive information
on DIGs, a list of FDA-approved drugs was first collected
from TTD (57), which led to >2000 drugs approved by the
US FDA. Second, a systematic literature review on these
approved drugs was performed, and a total of 23 627 for-
mulations (for a total of 1132 drugs) that consisted of 437
DIGs were identified. Third, a variety of DIG functions in
the drug formulation (that were critical to formulation de-
sign) were carefully identified and systematically recorded
using a well-defined functional classification system (64).
Moreover, ∼130 000 clinically validated DDIs that were
induced by the co-administrations of therapeutics among
1344 drugs approved or in clinical trial were identified, and
the mechanism underlying and the severity of each DDI
were explicitly described in the online database. For phar-
maceutical scientists, it is of great interest to distinguish the
victim and perpetrator within each DDI, and the mecha-
nistic data covered by DrugMAP were therefore very im-
portant for understanding the occurrence or avoidance of
any studied DDI. The detailed statistics of these interaction
patterns were shown in Figure 1.

Description and visualization of the drug’s interaction pat-
tern. It is known that the efficacy and safety of a drug
are largely determined by its multidimensional interactions
with diverse types of molecules, which collectively consti-
tute its interaction pattern (79). In other words, only by
considering the interaction patterns in a holistic and com-
prehensive manner (rather than focusing only on parts of
it), can we fully comprehend the principles of how a drug
works or fails (80). In DrugMAP, the interaction pattern
for each drug was thus described and visualized. On the one
hand, all interacting molecules of a drug were explicitly de-
scribed in a tabular form online, and all corresponding data
could be readily accessed and downloaded. On the other
hand, a drug-centric graph (shown in Figure 2A), which il-
lustrated its interaction pattern with multiple ‘landmarks’
marking all interacting molecules, was drawn as a vivid vi-
sualization. Such an explicit description and vivid visual-
ization were provided online in DrugMAP to clarify the so-
phisticated interaction pattern of each drug.

Taking sorafenib as an example, Figure 2A illustrates
a network diagram of its interaction pattern, and all in-
teracting molecules were categorized using different colors
(DTTs, DTPs and DMEs were indicated in orange, red and
green, respectively). As illustrated, the inner nodes scattered
around the drug represented these molecules interacting di-
rectly with sorafenib, while those outer nodes indicated the
interacting molecules of other drug(s) that also interacted
with the molecules in the inner nodes. The number of drugs
interacting with two molecules can be viewed by hovering
the mouse over the gray line between them, and an exem-
plar drug is simultaneously provided to give referencing
information. Moreover, to gain explicit knowledge of the
molecules interacting with multiple drugs, an additional di-
agram was drawn online in our database. As illustrated in
Figure 2B, a comprehensive list of drugs interacting with

https://www.accessdata.fda.gov/drugsatfda_docs/label/2014/205437s000lbl.pdf
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Figure 2. Description and visualization of sorafenib in DrugMAP. (A) The interactable interaction graph showing the interactions between the drug and
the molecules of pharmacological importance. (B) Sankey diagram illustrating a list of drugs interacting with one of the interacting molecules of sorafenib.
(C) The schematic representation of the DIGs for sorafenib 200 mg tablet formulation; the corresponding data were represented in tabular format in the
‘Drug Inactive Ingredients and Formulations of This Drug’ part of sorafenib’s drug page. (D) The schematic representation of the DDI data of sorafenib
in the same indication (renal cell carcinoma) and comorbidities (HIV, malaria, asthma, etc.); the corresponding information is also represented in tabular
format in the above-mentioned section of sorafenib’s drug page.

one of those interacting molecules of sorafenib was pro-
vided on the right side of the Sankey diagram, and the de-
tailed information of both nodes and edges could be viewed
via hovering the mouse over them. Last, but not least, the
information on DIGs and DDIs of sorafenib was also pro-
vided in those sections of ‘Drug Inactive Ingredients and
Formulations of This Drug’ and ‘Drug–Drug Interaction
(DDI) Information of This Drug’ on the ‘Drug’ page so-
rafenib. As provided, the schematic representations of the
relationship between drugs and their corresponding DIGs
(Figure 2C) and DDIs (Figure 2D) were fully described.
Such relationships were systematically presented in the on-
line database in a tabular format.

The expression pattern of drug-interacting molecules among
different organs

The interacting molecules of drugs were frequently re-
ported to be differentially expressed among disease sites,
ADME-related organs/tissues and other physiological sites,
which can significantly affect the efficacy and safety of drug
(15,28). First, the differential expression of drug-interacting

molecules among different disease sites is critical for the
ADMET properties and potential failure of new chem-
ical entities in clinical trials (81). Second, the differen-
tial expression of molecules among various ADME-related
organs/tissues is key for explaining the interindividual vari-
ability in pharmacokinetics, understanding the mechanisms
underlying DDIs and predicting the hepatic clearance of
drugs (22,71). Third, the differential expression of the in-
teracting molecules among other physiological sites is also
vital for maintaining the delicate balance between a drug’s
efficacy and safety (82). Thus, a precise and systematic de-
scription of the molecular atlas of the regulation mechanism
for a drug calls for an explicit elucidation of the differential
expression pattern of its interacting molecules, which has
been systematically described in DrugMAP.

Collection of the expression data for drug-interacting
molecules. The differential expression data of drug-
interacting molecules among disease sites were collected
using the following process. First, a total of 5534 series
records of human gene expression raw data based on the
Affymetrix HGU133 Plus 2.0 platform were collected from
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the GEO database (83), and the corresponding disease and
tissue distribution were identified from the sample annota-
tions. By comparing with the disease indications of drugs,
436 records were finally selected to illustrate the expression
atlas of all drug-interacting molecules. For the series records
of small sample size, multiple records of the same disease
and same tissue were integrated to address the issue of low
statistical power (84). To enable data integration, a well-
established strategy was applied (85), which has been widely
adopted by recent studies (86–89). Second, these newly col-
lected records were further pre-processed using a standard-
ized procedure of normalization, log transformation, data
integration, perfect match correction, quantization, pow-
erful multi-array averaging, median polishing, and so on
(90–93). Third, the differential expression between distinct
groups of samples (disease tissues of patients versus nor-
mal tissues of healthy people) were assessed by calculat-
ing the fold change, Z-score and P-value of the Student t-
test (92,94). Finally, the interactable box plot depicting the
differential expression pattern of the interacting molecules
under the circumstances of a given disease among sample
groups was drawn based on the Apache EChart visualiza-
tion library.

Moreover, the differential expression data of drug-
interacting molecules among various ADME-related
organs/tissues and other physiological sites were collected
by the following process. First, a benchmark dataset pro-
viding gene expression data among human ADME-related
organs/tissues and other physiological sites was collected
(95). Second, the intensity of the interacting molecules was
processed by following the same pre-processing procedure
as that described in previous publications (90–93). Fi-
nally, the expression atlas of interacting molecules among
ADME-related tissues or physiological/life-essential
organs was provided based on the Apache EChart visual-
ization library and presented in DrugMAP as a number of
interactable bar plots.

As a result, the expression patterns of 1539 molecules
among 108 disease sites of 21 781 patients, 1323 molecules
among four typical ADME-related organs (liver, colon, kid-
ney and small intestine) of 236 healthy individuals and 1286
molecules among 32 physiological organs (prostate, breast,
etc.) of 109 samples were systematically collected and then
provided in the DrugMAP database. All these molecules
were described in this database as interacting with at least
one drug.

Visualization of the expression pattern of drug-interacting
molecules. The differential expression data of drug-
interacting molecules were visualized in an intuitive and
interactable way, which could be freely downloaded from
DrugMAP. Taking abiraterone acetate as an example,
it is an approved drug for prostate cancer by target-
ing CYP17A1, and it is reported to be transported by
OATP2B1 and metabolized by CYP3A4 and SULT2A1 af-
ter administration. As shown in Figure 3A, a box plot illus-
trating the differential expression of these four molecules
between the prostate tissue of patients and that of healthy
individuals was provided in DrugMAP, and the detailed
data of fold change, Z-score and P-value could be viewed
by hovering the mouse over the boxes. Moreover, the dif-

ferential expression of these interacting molecules among
four ADME-related organs is described in Figure 3B, which
provides the detailed statistics of the relative expression in-
tensities. To illustrate the differential expression of these
molecules in other physiological sites, an additional bar
chart was also drawn online. As demonstrated in Fig-
ure 3C, the expression intensities of CYP17A1 among
32 physiological/life-essential (colored in blue) and four
ADME-related (colored in red) organs are quantitatively
provided in DrugMAP.

Data standardization, access, retrieval and the similarity-
based search tools

To facilitate the access and use of DrugMAP data by users,
all collected data were systematically cleaned up and then
standardized, which included (i) disease standardization us-
ing the latest version of the WHO International Classifi-
cation of Diseases (ICD-11); (ii) standardization of AD-
MET properties through literature review and FDA la-
beling; (iii) the structure standardization of 26 286 drugs
(∼81.0% of all drugs in DrugMAP) to SDF format (both
2D and 3D); (iv) the extension of the structure coverage
of 4858 proteins (∼95.9% of all interacting molecules in
DrugMAP) using both literature reviews and AlphaFold
predictions (96); and (v) the extended pharma-information
of drugs and their interacting molecules by cross-linking
to other existing databases [such as CAS Registry Num-
ber (97), Ensembl (98), ClinicalTrial.gov (99), Drugs@FDA
(100), DrugBank (47), ChEBI (101), InChl (102), INTEDE
(30), KEGG (103), NCBI Gene-Taxonomy (104,105), PDB
(106), PubChem (59), TTD (48), VARIDT (50) and UniProt
(107)].

Tools for data search based on structure and sequence simi-
larity. To facilitate an accurate and convenient data search
in DrugMAP, diverse retrieval methods were implemented.
As shown in Figure 4A, a search engine using keywords was
constructed to enable the whole database search of drugs,
DTTs, DTPs and DMEs. Users can click on the different
buttons at the bottom of the search box to switch among dif-
ferent search objects (drug, DTT, DTP and DME). More-
over, another search engine based on the drug structure
similarity was developed to identify drugs of high struc-
tural similarity with the studied structure. As illustrated in
Figure 4B, users can upload their studied drug structures
by inputting the corresponding SMILES strings, manually
drawn drug structures or SDF/MOL structural files, and a
list of drugs with similar structures to those input will be
calculated and provided online. Meanwhile, a search engine
based on protein sequence similarity was also developed to
identify the proteins of high sequence similarity with those
studied. As shown in Figure 4C, users can upload a protein
sequence of interest, and a list of proteins of pharmacolog-
ical importance similar to that input will be predicted and
described in DrugMAP.

CONCLUSION AND PERSPECTIVES

DrugMAP provides comprehensive interaction data for
each drug and quantitatively shows the differential expres-
sion data of all of a drug’s interacting molecules, which
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Figure 3. Differential expression data of abiraterone acetate-interacting molecules in DrugMAP. (A) A box plot illustrating the differential expression of
four molecules between the prostate tissue of patients and that of healthy individuals. (B) A bar chart showing the differential expression of four interacting
molecules among different ADME-related organs (liver, colon, kidney and small intestine). (C) A bar chart showing the expression intensity of CYP17A1
among 32 physiological (colored in blue) and four ADME-related (colored in red) organs.

makes this new database an important supplement to exist-
ing databases. With the rapid adoption of AI in drug discov-
ery, it is found that a comprehensive ‘interacting network’
including a large number of drugs and their interacting
molecules is highly favored when using AI methods (108–
114). For example, some tools were constructed to predict
drug–target interaction based on the network of hetero-
geneous drug-centered interactions (109), and other tools
were made available to learn the topology-preserving repre-
sentation of drugs and targets based on the heterogeneous
network data of drug–target, drug–drug and target–target
interaction (110). Because of these emerging demands on
such interaction-based big data, DrugMAP made the first
endeavor to weave a comprehensive network containing
>200 000 interactions among >30 000 drugs/drug candi-
dates and >5000 molecules of pharmacological importance.
Such a drug-centric ‘interacting network’ for each drug can
be freely viewed online and fully downloaded by all users in

the popular format of Cytoscape (115), which is expected to
have great implications for drug repurposing (57,116), tar-
get discovery (117–119) and drug development (120–122).
Moreover, an overall interacting network including all inter-
actions is downloadable from DrugMAP to facilitate net-
work analyses (123–126).

To facilitate modern drug development, it is essential
to have the explicit pharma-information for not only the
drugs but also the molecules of pharmacological impor-
tance (127). Therefore, various data were implemented into
DrugMAP to significantly enrich such valuable pharma-
information, which is expected to be extremely useful
for those non-bioinformaticians such as clinicians. In this
database, the newly implemented pharma-information for
each drug included its chemical identifiers (such as formula,
canonical SMILES, InChI and InChIKey), the character-
istics of the Lipinski’s Rule of Five (i.e. molecular weight,
topological polar surface area, rotatable bonds, hydrogen
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Figure 4. Diverse search engines implemented in DrugMAP. (A) A search engine using keywords enabling the whole database search of drugs, drug targets,
drug transporters and drug-metabolizing enzymes; (B) another search engine based on drug structural similarity to discover drugs of high structural
similarity to the studied chemical structure; (C) another search engine based on the protein sequence similarity to identify proteins of high sequence
similarity to those studied.

bond donors and hydrogen bond acceptors), the ADME
properties (such as volume of distribution, bioavailability,
metabolism, clearance, half-life and elimination) and drug
structures in 2D and 3D formats. Furthermore, additional
information on the molecules of pharmacological impor-
tance was implemented into DrugMAP, which were also
valuable data, especially for target discovery and ADME-
related analysis. Such information included the biochemi-
cal classes (such as kinases, GPCRs and transcription fac-
tors), physiological or pathological functions, affiliated sig-
naling pathways, endogenous substrates associated with
enzyme/channel/transporter, protein structures either re-
solved by experiments or predicted using AlphaFold, clin-
ically validated DDIs, detailed information on DIGs, etc.
To facilitate users’ quick utilization of DrugMAP, a system-
atic user manual with exemplar demonstrations illustrated
by webpage screenshots is also provided in the latest version
of DrugMAP.

All in all, with the increasing efforts made to elucidate
the complex mechanisms underlying drug pharmacokinet-
ics and pharmacodynamics (1–3) and the rapidly emerging
interest in AI-based network studies, the volume and re-
quirement for the interacting data of drugs are both con-
stantly booming (18). As those data collected by DrugMAP
are only representative of what is happening at the cur-
rent time point and is not fully indicative of future trends,
this database will be continuously updated using the lat-
est data to catch up with the frontiers of modern drug re-

search. This database is now freely accessible by all users at:
https://idrblab.org/drugmap/.
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