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Abstract 

Traditional Chinese medicine (TCM) is increasingly recognized and utilized worldwide. However, the complex ingredients of TCM and their 
interactions with the human body make elucidating molecular mec hanisms c hallenging, whic h greatly hinders the modernization of TCM. In 
2016, w e de v eloped BATMAN-TCM 1.0, which is an integrated dat abase of TCM ingredient–t arget protein interaction (TTI) for pharmacology 
research. Here, to address the gro wing need f or a higher co v erage TTI dat aset, and using omics dat a to screen active TCM ingredients or herbs 
f or comple x disease treatment, w e updated BATMAN-TCM to v ersion 2.0 ( http:// bionet.ncpsb.org.cn/ batman-tcm/ ). Using the same protocol as 
v ersion 1.0, w e collected 17 068 known TTIs by manual curation (with a 62.3-fold increase), and predicted ∼2.3 million high-confidence TTIs. In 
addition, we incorporated three new features into the updated version: (i) it enables simultaneous exploration of the target of TCM ingredient 
for pharmacology research and TCM ingredients binding to target proteins for drug disco v ery; (ii) it has significantly e xpanded TTI co v erage; and 
(iii) the w ebsite w as redesigned for better user experience and higher speed. We believe that BATMAN-TCM 2.0, as a discovery repository, will 
contribute to the study of TCM molecular mechanisms and the de v elopment of new drugs for complex diseases. 
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ntroduction 

raditional Chinese medicine (TCM), with a history of thou-
ands of years of clinical practice, has gained increasing recog-
ition and application worldwide in recent decades ( 1 ). TCM
as become a crucial natural template library for new drug de-
elopment. The active ingredients of TCM have been success-
ully applied in the development of innovative drugs for the
reatment of complex diseases, such as ephedrine for asthma
 2 ) and artemisinin for malaria ( 3 ). Despite the important
herapeutic value of TCMs, great challenges remain in under-
tanding the pharmacology of TCMs at the molecular level
nd from a systemic perspective, which greatly hinders the
odernization of TCM ( 4 ). Studying the interactions between
CM ingredients and target proteins is important for eluci-
ating TCM molecular mechanisms, and screening bioactive
ngredients with therapeutic potential. 

In 2016, we introduced BATMAN-TCM 1.0 ( 5 ), a database
f TCM ingredient–target protein interaction (TTI) specially
esigned for the pharmacological research of TCM. To date,
ATMAN-TCM 1.0 has received widespread attention from

he community (which has been visited 380 000+ times) and
as made a great contribution to the TCM community ( 6 ).
or example, using BATMAN-TCM, Guo et al. hypothesized
hat Panax quinquefolium saponins can potentially attenu-
te myocardial dysfunction induced by chronic ischemia by
educing the expression of PRKCD (protein kinase C delta).
his hypothesis has been validated through experiments at the
olecular level ( 7 ). Meanwhile, we have received numerous

nquiries regarding updates to the TTI dataset, as well as the
ddition of the function for searching therapeutic TCM in-
redients by genes of interests (identified from omics datasets
r a knowledge base). Based on the investigation of ∼10 000
CM-related articles in PubMed (2016–2023), we find that

here has been an explosive increase in studies on the natural
ngredients and their targets, enabling the construction of a
arger scale TTI database. Furthermore, screening active TCM
ngredients or herbs for complex disease treatment based on
isease signature genes from omics data has emerged as an

mportant research direction, such as identifying curcumin for
cute myocardial infarction aided by a gene expression pro-
le ( 8 ). Consequently, it is promising to establish a high cov-
rage TTI dataset and a novel workflow for screening TCMs
ased on disease omics data. In fact, great efforts have been
evoted to collecting TTIs. In the HIT (Herb Ingredients’ Tar-
ets) database ( 9 ), Yan et al. established an advanced text-
ining algorithms of natural language processing (NLP), and

ompiled 10 031 compound–target activity pairs from 7100
tems in the literature. In the HERB database ( 10 ), Fang et al.
ollected 4815 TTIs from 1966 references by manual cura-
ion after a hierarchical filtering. To gather more potential
TIs, the Traditional Chinese Medicine Information Database

TCMID; 11 ) acquired 205 926 TTIs by the STITCH ( 12 ) al-
orithm. Similarly, the traditional Chinese medicine systems
harmacology database (TCMSP; 13 ) predicted 54 250 TTIs
sing random forest and support vector machine (SVM) mod-
ls. All these efforts presented interaction datasets for precious
CM ingredients and target proteins for the TCM field. How-
ver, considering the immense interaction space between TCM
ngredients and targets (39 000 × 20 000), the current cover-
ge of TTIs in databases remains relatively limited. There is a
ubstantial need to further construct larger scale TTI datasets.

eanwhile, there is still no bioinformatics resource that can
elp users screen effective herbal medicines for disease treat-
ment based on disease signature genes obtained from omics
data. 

To fill this gap, we upgraded BATMAN-TCM to version 2.0
(Figure 1 ). Using a similar protocol to the previous version ( 5 ),
we obtained 17 068 known (62.3-fold increase) and 2 319 272
high-confidence predicted TTIs (3.23-fold increase), together
with 54 832 formulae (16.9% increase), 8404 herbs (3% in-
crease) and 39 171 ingredients (215.9% increase). Meanwhile,
we added three new features: (i) it allows simultaneous explo-
ration of targets of TCM ingredients for pharmacology re-
search, and TCM ingredients binding to target proteins for
drug discovery; (ii) it has significantly increased TTI coverage;
and (iii) the website was redesigned for better user experience
and high speed, adding functions of ‘Browse’, ‘Download’ and
‘API’ (which enable users to obtain data programmatically). 

Impro v ed expansion and new features 

Data expansion and statistics 

Data expansion 

The number of known / predicted TTIs in BATMAN-
TCM 2.0 significantly increased from 274 / 711 828 to
17 068 / 2 319 272 compared with version 1.0 (Figure 1 ), to-
gether with the addition of 54 832 formulas (16.9% increase),
8404 herbs (3% increase) and 39 171 ingredients (215.9% in-
crease) (Figure 2 A). 

While inheriting all known TTIs of BATMAN-TCM 1.0,
we integrated known TTI datasets from multiple published
databases (Figure 1 ), including the Kyoto Encyclopedia of
Genes and Genomes (KEGG; 14 ), DrugBank ( 15 ), the Thera-
peutic Target Database (TTD; 16 ), HIT ( 9 ) and HERB ( 10 ).
The overlap of TTI in these databases is notably limited (Fig-
ure 2 B), with distinct databases demonstrating complemen-
tarity; therefore, it is imperative to consolidate these disperse
TTI datasets. Considering that all the latest TTI identifications
after 2020 have not been included in any of these databases,
we performed text mining and manual curation following a
keyword co-occurrence protocol proposed by Yan et al. ( 9 ).
First, we downloaded 17 401 PubMed abstracts (published
from 2020 to 2023) with a TCM ingredient name. Subse-
quently, an in-house python script was used to filter those sen-
tences which may contain TTI information based on the rules
(‘TCM ingredient name’ AND ‘keywords used to describe in-
teractions’ AND ‘target protein’). Keywords used here can be
found in the Supplementary Methods. Next, 3078 sentences
with 6806 candidate TTIs were manually checked to extract
known TTIs by 10 experienced researchers, and then these
selected TTIs and their supporting sentences were manually
reviewed by three senior experts. Finally, we obtained 2953
manually curated TTIs supported by 925 peer-reviewed arti-
cles, among which 756 TTIs were included in the database for
the first time (Supplementary Methods). 

To further expand the potential interaction space be-
tween TCM ingredients and target proteins, benefiting from
more public TCM ingredient information and more known
compound–protein target interaction data (seeds), BATMAN-
TCM 2.0 predicted 2 319 272 putative TTIs with high con-
fidence, based on the similarity algorithm we developed in
BATMAN-TCM 1.0 ( 5 ). Specifically, the similarity between
potential TTIs and seed interaction was calculated as the prod-
uct of the compound similarity score and the protein similar-
ity score. We selected eight similarity features, i.e. ATC-GO,
FP2-closeness, STITCH-sequence, expression-closeness, ATC-
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Figure 1. Ov ervie w of BATMAN-TCM 2.0, a comprehensiv e resource f or proteome-wide kno wn and predicted TTIs. Kno wn TTI data w ere manually 
curated from the literature and other TCM databases including DrugBank, KEGG, TTD, HIT and HERB. High-confidence TTIs were predicted by our 
published protocol in BATMAN-TCM 1.0 ( 5 ). While retaining BATMAN-TCM 1.0’s query function of TCM ingredients / herbs for target proteins to study 
TCM molecular mechanisms, a new query mode was added to take disease-specific signature genes as input targets and return potential TCM 

ingredients / herbs that may regulate these signatures, aiming to facilitate drug discovery for treating complex diseases. API, application programming 
interface. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sequence, functional_group-sequence, functional_group-GO
and side_effect-sequence, and used the likelihood ratio (LR)
to measure the efficacy of each feature. The maximum LR was
used to measure the confidence of potential TTIs for predic-
tion (Supplementary Methods). Overall, BATMAN-TCM 2.0
comprises 17 068 known TTIs and 2 319 272 predicted TTIs
(Figure 1 ). Compared with similar TCM-related databases,
BATMAN-TCM 2.0 has the most comprehensive known
and predicted TTI dataset, providing a valuable complement
(Table 1 ). 

Data statistics 
BATMAN-TCM 2.0 includes 3279 known and 9493 pre-
dicted TCM target proteins, providing more potential targets
for drug discovery. In order to comprehensively understand
these target proteins, we classified them by the ChEMBL func-
tional category scheme, which is a manually curated family
hierarchy according to nomenclature commonly used by drug
discovery scientists ( 17 ). Compared with known TCM ingre-
dient target proteins, the predicted targets share a similar func-
tional distribution, covering major target protein categories
(kinase, membrane receptor, ion channel and transferase), sug-
gesting no distinct function bias in the predicted TTI dataset
(Figure 2 C). Additionally, following the Target Development
Level (TDL) classification scheme developed by Oprea et al .
( 18 ), we classified both known and predicted target proteins
into four categories, namely T clin (clinic), T chem (chemistry),
Tbio (biology) and Tdark (dark genome) ( 18 ). As shown in
Figure 2 D, proteins from both Tbio and Tdark categories
constitute larger proportions in the predicted target proteins 
compared with those in known target proteins (Fisher’s exact 
test, P < 2.2e-16). This indicates that BATMAN-TCM 2.0 

could provide more information on potential target proteins 
for drug development. 

Newly developed retrieval pipeline for screening 

active TCM ingredients based on disease-specific 

signatures 

Drug discovery is a time-consuming, expensive and high- 
risk process ( 19 ). Emerging omics technologies such as pro- 
teomics can streamline and expedite this process at multiple 
stages including drug target discovery, drug screening, phar- 
macological analysis and efficacy evaluation ( 19 ,20 ). Remark- 
ably, based on disease-specific signatures (genes specifically ex- 
pressed in certain disease samples identified by omics analy- 
sis or known disease genes from the literature / databases), re- 
searchers have successfully discovered some drugs by screen- 
ing a western pharmaceutical library for treating malignant 
peripheral nerve sheath tumor ( 21 ). In fact, TCM has been 

widely employed for the treatment of various human diseases,
presenting a valuable resource for modern drug discovery 
( 22 ). However, there is still no bioinformatics resource avail- 
able for the discovery of TCMs to treat complex disease based 

on the disease-specific signature genes. Laborious and time- 
intensive manual reviewing of the massive volume of TCM 

publications has to be undertaken to find the most promising 
TCM ingredients and herbs that are intended to target disease- 
specific gene signatures. 
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A

B C

D

Figure 2. Data statistics of BATMAN-TCM 2.0. ( A ) Data entries of each data category. ( B ) Number of known TTIs across multiple TCM databases; 756 
TTIs were included in the database for the first time from our text mining. ( C ) The classification of ingredient target proteins by different function 
categories according to the ChEMBL category scheme. ( D ) The classification of ingredient target proteins by the target development level. For (C) and 
(D), from inside to outside, circles correspond to known and predicted target proteins. 

Table 1. Comparison with other TCM databases 

TCM ingredient–target protein interactions Database entities 

Database 
Published 

year 
Literature- 
described 

Computationally 
predicted 

TCM 

ingredients 
Target 

proteins 

BATMAN-TCM 2.0 2023 17 068 2 31927 2 a 39 171 9927 
BATMAN-TCM 2016 274 711 828 a 12 398 7080 
HIT 2.0 2021 10 166 —— 1237 2208 
HERB 2020 4815 —— 49 258 12 933 
TCMID 2.0 2018 —— 205 926 43 413 17 602 
TCMSP 2014 3970 84 260 13 729 3339 
a Likelihood ratio > 10. 
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To meet this need, we developed a new retrieval pipeline
Figure 3 ). Disease-specific signature genes were first mapped
o their associated TCM ingredients in BATMAN-TCM 2.0.
hen, for each matched TCM ingredient, the numbers of its
inding proteins in the submitted lists and those in the back-
round TTI dataset were calculated. Finally, a hypergeomet-
ic distribution test was performed to identify those TCM in-
redients which are statistically over-represented in interac-
ions for the submitted list. For example, if 33.33% (3 / 9)
f the target proteins in the submitted obesity-related gene
ignatures are acted upon by the compound epigallocatechin
allate (EGCG), compared with 0.71% (135 / 19 016) of all
arget proteins in the database (the population background),
he calculated P -value of 2.98e-07 from the hypergeometric
istribution test indicates that protein targets of EGCG are
significantly enriched in the submitted disease signatures [en-
richment ratio = (3 / 9) ÷ (135 / 19 016) = 46.95], and there-
fore EGCG is promising to act as a candidate drug for obe-
sity. Following the same protocol, we can also identify the en-
riched herbs for the query disease signatures based on our
TTI datasets (the correlations between the candidate herb
and the submitted protein are mediated by TCM ingredients)
(Figure 3 ). 

Three results will be returned by this new retrieval
pipeline: (i) matched TCM ingredients for query genes,
which provide a landscape of the relationship between
disease-specific signature genes and TCM ingredients;
(ii) enriched TCM ingredients, which have the strongest
association with the disease-specific signature gene list and
can act on multiple genes; and (iii) enriched herbs, which
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Figure 3. Flo w chart of the ne wly added retrie v al mode f or TCM ingredients / herbs based on genes of interest from disease omics studies. Disease 
high-throughput experimental studies such as gene expression microarrays or quantitative proteomics can generate disease-specific signature genes 
(such as differentially expressed genes, which can be illustrated by a volcano plot). These signature genes are mapped to their associated TCM 

ingredients / herbs in BATMAN-TCM 2.0. The TCM ingredients / herbs over-represented within the signature genes will be identified based on their 
enrichment ratios (ERs). For each candidate TCM ingredient or herb, the ER was calculated as: ER = ( n query / N query ) ÷ ( n a ll / N all ), where N query and N all are 
numbers of all genes in query signatures and those in BATMAN-TCM, while n query and n all are numbers of genes interacting with this candidate TCM 

ingredient or herb in query signatures and those in the BATMAN-TCM 2.0 database. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  
have the strongest association with the disease-specific sig-
nature gene list and may become candidate medicines for
treating corresponding disease. For the results of enrichment
TCM ingredients and herbs, a network view is provided
to help users examine the relationship between enriched
TCM ingredients / herbs and the disease-specific signature
genes, facilitating the screening of candidates for disease
treatment (Figure 3 ). The following case study section will
provide an application example for this new pipeline. In
fact, many drug discoveries are based on known disease
genes rather than omics data. For instance, numerous drugs
targeting the epidermal growth factor receptor (EGFR) have
been discovered ( 23 ). Users can simply submit such a list
of target proteins to this workflow for TCM-related drug
discovery. 

Enhanced user interface and query speed 

To facilitate the usage of the expanded TTI datasets and
the newly added search mode, we redesigned user interfaces
and optimized the website’s technical framework, which have
greatly enhanced the user experience and search speed. We
also added new features such as ‘Browse’, ‘Download’ and

‘API’. 
Search 

BATMAN-TCM 2.0 provides simultaneous two-way retrieval 
and analysis between TCM ingredients and target proteins: 
(i) to search target proteins by TCM ingredient / herb / formula 
for pharmacological mechanism study; and (ii) to search TCM 

ingredient / herb by signature genes for disease omics-aided 

drug discovery. Users can select either of them according to 

their requirements. In both retrieval modes, when users set a 
higher cut-off, the retrieved predicted TTIs will have higher 
reliability (a lower false-positive rate). Considering that some 
ingredients are ubiquitous in multiple herbs and act on various 
protein targets (‘herb homogeneity’), which may confuse phar- 
macology research and TCM drug discovery, the upgraded 

website provides an option for users to decide whether to in- 
clude those ingredients (Supplementary Table S1) and their 
associated TTIs in their analysis. 

Search target proteins by TCM 

Three search options are formula, herb and compound (Fig- 
ure 4 A). A table view of the matched TCM target proteins 
will be presented (Figure 4 B). Further, for these target pro- 
teins, BATMAN-TCM 2.0 provides a systematic bioinformat- 
ics analysis workflow, including KEGG biological pathway,
Gene Ontology (GO) functional annotation and OMIM / TTD 
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Target protein

TCM ingredient

Herb

Formula

Bioinformatics workflow for
pharmacological mechanisms

KEGG enrichment analysis
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Gene Ontology enrichment analysis
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Network visualization

I

Detailed page

Search targets by TCM Search TCM by genes Browse
Interface of target protein search

Retrieve

Retrieved target proteinsB

Interface of TCM searchD

Retrieve

Retrieved TCM ingredientsE

Gene-centric
network view

Enrichment analysis for
TCM drug discovery

Ingredient-centric
view

Herb-centric
Network view

Enriched TCM ingredients

Enriched TCM herbs

F

A

H Detailed information for known
TCM ingredient-target protein interaction

Detailed information for predicted
TCM ingredient-target protein interaction

Known TTI

Predicted TTI

Dendrogram of
ingredients

Herbs targeting
the same gene set

Figure 4. Screenshots of the redesigned BATMAN-TCM 2.0 website. BATMAN-TCM 2.0 enabled simultaneous tw o-w a y retrie v al and analy sis betw een 
TCM ingredients and target proteins. ( A ) Interface for querying TCM target proteins. Three options are formula, herb and compound. ( B ) Table view of 
the retrie v ed TCM target proteins. ( C ) Bioinf ormatics annotation of retrie v ed TCM t arget proteins, including net work visualization, KEGG / GO / disease 
enrichment analysis. ( D ) Interface of an added gene-based query for TCM, where users can submit disease-specific signature genes (such as 
differentially expressed genes from a disease omics study). The inset illustrates the gene set filter functionality, through which users can conduct GO, 
KEGG and disease category enrichment analyses to identify the most promising target proteins for drug discovery. ( E ) Retrieved TCM ingredients 
matching the query genes. For each query gene, the matched TCM ingredients in the table view can be illustrated by a popped network view, with the 
query gene as the central node and the TCM ingredients as surrounding nodes. The dendrogram presents hierarchical clustering of TCM ingredients 
associated with the specific gene. ( F ) Enriched TCM ingredients / herbs from enrichment analysis. The ingredient-centric network view presents the 
retrie v ed kno wn and predicted TTIs. A herb-centric netw ork connects herb, TCM ingredients and target proteins. For all predicted interactions in 
netw ork vie w, the corresponding width of the edges is positiv ely proportional to confidence of the interactions . A further netw ork vie w w as designed 
for herbs targeting the same gene set, where the enrichment level of herbs is represented by the corresponding node color depth. ( G ) Interfaces for 
bro wsing kno wn and predicted TTIs based on TCM compounds, herbs and f ormulas, and their t arget proteins. ( H ) Supporting literature / dat abase 
information page for the known TTIs. For our manual curation interactions, the entries of TCM ingredients and target proteins in abstract texts are 
highlighted in color. ( I ) Supporting evidence page for the predicted TTIs, including seed compound–protein interaction information and similarity 
information. Clicking each TCM ingredient / target protein in the table view (B, E, F and G), or clicking on edges of known / predicted interactions in 
netw ork vie w (C, E and F), will lead to a detailed page of the kno wn / predicted TTI (H and I), respectiv ely. 
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disease. A network view is provided to present the ‘ingredient–
target–pathway / disease’ association, capturing TCM’s com-
plexity in a simple way (Figure 4 C). 

In certain TCM queries, some TCMs obtain a large number
of predicted target proteins and, in such cases, we provide an
option for users to select the top 20 high-confidence predicted
targets for presentation and subsequent bioinformatics analy-
sis. In addition, gene druggability ( 24 ), which reflects the like-
lihood of gene products binding to drugs, has been integrated
into BATMAN-TCM 2.0 as an additional criterion for filter-
ing predicted targets. Users can set higher druggability score
thresholds to select the most likely drug targets. 

Search TCM ingredients / herbs by genes 
Users can submit a signature gene list from a disease omics
study (such as differentially expressed genes). We support
eight types of gene identifiers, namely Gene symbol, Entrez
Gene ID , UniProtKB AC / ID , Ensembl ID , RefSeq accession,
HGNC ID, MIM ID and IMGT / GENE-DB ID. An integrated
plugin can be used to filter the gene list into more specific func-
tional pathways or diseases for the most promising target pro-
teins for drug discovery (Figure 4 D). 

All the matched TCM ingredients will be displayed in table
form (Figure 4 E). TCM ingredients binding the same target
protein often have some structural similarity ( 25 ). We clus-
tered these TCM ingredients based on their structural similar-
ity, and presented their relationship using dendrograms. This
will help users gain comprehensive views for those TCM in-
gredients with the same target. 

Often multiple ingredients / herbs could be associated with
the query disease signature genes. To prioritize them, our web-
site employs two widely recognized principles: functionality
and specificity ( 26 ). Firstly, we prioritize ingredients / herbs
binding the most disease signature genes. Secondly, for those
binding the same number of genes, we use the ER to mea-
sure their specificity and prioritize those with higher ratios.
The enriched TCM ingredients and herbs for these results will
be presented in separate table views. Network views are also
designed to illustrate the relationship between enriched TCM
ingredients / herbs and signature genes. In the TCM ingredient-
centric view, the central node is the enriched TCM ingredient,
the surrounding nodes are the retrieved target proteins and the
width of edges for predicted TTIs is positively proportional
to TTI confidence. In the herb-centric view, the central node
is the herb, the outermost nodes are the signature genes and
the middle nodes are the mediated TCM ingredients (Figure
4 F). Meanwhile, multiple herbs may target the same set of pro-
teins through different ingredients. To present the complex re-
lationships among herbs, ingredients and target proteins, we
developed an intuitive network view (Figure 4 F). The depth of
node colors of herbs indicates their enrichment levels. Those
enriched TCM ingredients and herbs are promising to treat
the complex diseases by acting on multiple targets. 

Browse 

The ‘Browse’ function was added in BATMAN-TCM 2.0 (Fig-
ure 4 G). On the ‘Browse’ page, there is an overview table of
all collected interactions between TCM ingredients and tar-
get proteins, as well as the corresponding herbs and formu-
las. Users can browse based on multiple items including tar-
get proteins, TCM ingredients, herbs and formulas. User can
click on the hyperlink on the browse page to view the detailed 

information of each TTI. 

Detailed information for TTIs 

For each TTI entry presented on the website, a hyperlink 

can lead to the detailed information page, which illustrates 
its source databases, or the details of our expandable al- 
gorithm ( 5 ). This makes all TTIs traceable and verifiable 
(Figure 4 H, I). 

Supporting information for the known TTIs 
All known TTIs were manually curated from the literature 
or from other TCM databases (DrugBank, KEGG, TTD, HIT 

and HERB). For each TTI curated from the literature, the sup- 
ported sentence is shown with the entries of TCM ingredi- 
ent and target proteins colored in yellow. For the TTI from 

other databases, a database evidence hyperlink was provided 

for tracing back to the source (Figure 4 H). 

Supporting evidence for the predicted TTIs 
BATMAN-TCM 2.0 used a similarity-based algorithm that 
we developed in version 1.0 to predict potential TTIs ( 5 ). The 
rationale of this algorithm is to rank each potential TTI based 

on its similarity to the seed compound–protein interaction ( 5 ).
To help users trace the details of this prediction process, we 
designed a supporting evidence page for each predicted TTI 
(Figure 4 I). This page presents the confidence score, the orig- 
inal LR and related similarity features, together with the seed 

interaction and similarity information (compound similarity 
and protein similarity). 

Download 

A download function was added to enhance BATMAN-TCM 

2.0’s data accessibility. This function enables users to down- 
load the dataset for data mining rather than querying it via 
the web interface. All known and predicted TTIs are available 
for bulk download from the ‘Download’ page. The files are 
formatted as tab-delimited text. 

API 

To enable programmatic access and cross-references, we also 

developed an application programming interface (API). The 
API can be called by building a URL containing the selected 

parameters (including the request type, desired output for- 
mat and input item), and returns the query result either in 

a computer-readable JSON format for programming or as a 
visible hypertext page for external database cross-references 
(please refer to documentation on our website for details). 

Website performance optimization 

During this update, we optimized the overall technical frame- 
work of the website. We adopted in-memory databases for 
database access, R: doParallel parallelization technologies for 
bioinformatics analysis, and deployed the database on a high- 
performance server (configured with 16 CPU cores, 64 GB of 
memory). These strategies have significantly reduced the data 
analysis time. For example, the time spent on querying a herb 

decreased from 80 s (in version 1.0) to 3 s, greatly improving 
user experience. 
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Figure 5. Use cases for BATMAN-TCM 2.0. Discovery of potential TCM ingredients or herbs for the treatment of obesity based on transcriptomic data. 
From transcriptomic analysis for subcutaneous adipose tissue, nine differentially expressed genes (signature genes) were identified. Through 
BATMAN-TCM 2.0 analysis, three enriched TCM ingredients (marked with asterisks) and two herbs (marked with asterisks) were identified, all of which 
ha v e been substantiated in the literature as being associated with obesity. Dashed lines represent predicted TTIs based on BATMAN-TCM similarity 
algorithms, while solid lines denote known TTIs retrieved from the BATMAN-TCM 2.0 dataset. Here only six of nine differentially expressed genes are 
presented. ER: enrichment ratio. 
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ase studies 

ATMAN-TCM 1.0 ( 5 ) has been regarded as a discovery
esource for understanding TCM therapeutic mechanisms.
ome of the TCM targets predicted by BATMAN-TCM and
heir downstream bioinformatics analysis have contributed to
ultiple TCM studies. Examples include the finding of the
D-1 / IL17A pathway as the target of Xuanfei Baidu Decoc-
ion for treating acute lung injury ( 27 ), and the finding of
OD / NOX2 as the target of Si-Miao-Yong-An Decoction for
reating heart failure ( 28 ). 

During this update, aided by the more comprehensive TTI
ataset and the new gene-based retrieval mode, we can iden-
ify potential therapeutic TCM ingredients / herbs for treat-
ng complex diseases with the help of omics data. Here, we
ill demonstrate using BATMAN-TCM 2.0 to explore obe-

ity treatment herbs. Obesity is a complex and chronic non-
ommunicable disease affecting over a third of the global pop-
 

ulation ( 29 ), associated with multiple diseases including heart
failure, coronary artery disease and stroke ( 30 ). Currently, the
Food and Drug Administration (FDA) has approved seven
drugs for treating obesity ( 31 ). However, all these drugs are
frequently associated with various side effects, particularly
gastrointestinal adverse effects ( 32–37 ). While TCM is a valu-
able resource for modern drug discovery and development
( 10 ), it is promising to identify effective TCMs for obesity
treatment by BATMAN-TCM 2.0. 

First, we obtained nine obesity-related signature genes from
the literature ( 38 ). These signatures were identified by dif-
ferential expression and protein network analysis based on
the transcriptomic datasets of subcutaneous adipose tissues
from obese patients. Then, we utilized BATMAN-TCM 2.0 to
identify TCM ingredients / herbs that showed enriched inter-
actions with these nine signature genes. These enriched TCM
ingredients / herbs were considered as potential drug candi-
dates for treating obesity. Supplementary Table S2 lists the
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top 50 enriched TCM herbs. After manual curation, we found
that 40 of these 50 enriched TCM herbs have been reported
to be associated with obesity, including two prevalent herbs
Aloe vera (LUHUI , ER: 5.87) and Camellia sinensis (CHAYE,
ER: 6.11). 

Aloe vera (LUHUI) has been reported to reduce fat accumu-
lation via its protective role against obesity-related metabolic
alterations and antioxidant effects ( 39 ). In BATMAN-TCM
2.0, we found that A. vera may exert anti-obesity effects
through its ingredient vitamin E (ER: 10.41) by targeting
COL1A2 and MMP9 (Figure 5 ). In fact, vitamin E has been
utilized as a treatment for obesity ( 40 ), and COL1A2 is a
known target for vitamin E ( 41 ). BA TMAN-TCM’ s similarity
algorithm also predicts the interaction between vitamin E and
MMP9 with a confidence score of 0.70. A discovery by Sozen
et al. ( 42 ) that vitamin E can effectively reduce the expression
of MMP9 partially validated this prediction. 

It is well known that C. sinensis (CHAYE) is rich in bioac-
tive compounds, endowed with functions including antioxida-
tive, anti-inflammatory and hypoglycemic activities ( 43 ,44 ).
Through BATMAN-TCM analysis (Figure 5 ), we identified
three ingredients in C. sinensis , namely theophylline (ER:
4.25), vitamin E (ER: 10.41) and epigallocatechin gallate
(EGCG, ER: 46.95), that may be associated with obesity. The
literature has also verified that these all three ingredients can
reduce fat storage and body weight by promoting lipolysis and
lipid metabolism ( 45–47 ). Furthermore, based on the known
TTI dataset, BATMAN-TCM analysis revealed potential anti-
obesity target proteins (MMP9, MMP7 and DNMT3B) for
EGCG. BATMAN-TCM also predicted SPP1 (score: 0.82) and
DNMT3B (score: 0.72) as potential targets for theophylline.
Experimental research has demonstrated that both SPP1 and
DNMT3B show a negative correlation with obesity severity
( 48 ,49 ). Further research is still needed to elucidate the spe-
cific mechanism of both SPP1 and DNMT3B interacting with
theophylline. 

Conclusion and future 

Using the same protocol as version 1.0 ( 5 ), we collected 17 068
known TTIs, and we predicted ∼2.3 million high-confidence
TTIs. BATMAN-TCM 2.0 has been greatly improved com-
pared with version 1.0. It contains the most comprehen-
sive TTI dataset, which is derived from other TTI-related
databases, as well as through manual curation of PubMed ab-
stracts. A new retrieval mode has been added to screen ac-
tive herbs based on disease-specific signature genes or treat-
ing complex diseases. In addition, we have implemented sev-
eral new features in the updated version: (i) it enables simul-
taneous exploration of target proteins by TCM and TCM
ingredients / herbs by genes; (ii) it has significantly increased
TTI coverage; (iii) it presents a uniform confidence scoring
system to rank predicted TTIs, providing guidance to balance
different levels of coverage and accuracy; and (iv) the web in-
terfaces have been redesigned for exploring the relationship
between TCM ingredients and target proteins. 

In the future, we will continue to update and maintain our
database by using a more automatic text mining strategy and
large language models ( 50 ). The TTI dataset will be expanded
to cover other experimental animals commonly used for drug
discovery. Cross-references to other public databases, such as
omics data databases ( 51 ), will be added to satisfy different
requirements. We believe that the updates (with larger TTI
space and new retrieval modes) will enable BATMAN-TCM 

to be a more comprehensive and useful resource for the TCM 

community. 

Data availability 

BATMAN-TCM 2.0 can be accessed at http://bionet.ncpsb. 
org.cn/ batman-tcm/ . 

Supplementary data 

Supplementary Data are available at NAR Online. 
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