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Abstract 

The measurement of cell-based molecular bioactivity (CMB) is critical for almost e v ery step of drug de v elopment. With the booming application 
of AI in biomedicine, it is essential to ha v e the CMB data to promote the learning of cell-based patterns for guiding modern drug discovery, 
but no database providing such information has been constructed yet. In this study, we introduce MolBiC , a knowledge base designed to 
describe valuable data on molecular bioactivity measured within a cellular context. MolBiC features 550 093 experimentally validated CMBs, 
encompassing 321 086 molecules and 2666 targets across 988 cell lines. Our MolBiC database is unique in describing the valuable data of 
CMB, which meets the critical demands for CMB-based big data promoting the learning of cell-based molecular / pharmaceutical pattern in drug 
disco v ery and de v elopment. MolBiC is now freely accessible without any login requirement at: https:// idrblab.org/ MolBiC/ . 
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ntroduction 

he measurement of cell-based molecular bioactivity
CMB) is critical for almost every step of drug develop-
ent ( 1–3 ), such as: target identification / validation, lead
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relate binding parameter with phenotypic outcomes in an-
alyzing cellular structure–activity relationships during lead
identification / optimization ( 6 ); facilitate toxicology screen-
ings of drugs by identifying off-targets in native cellular
contexts ( 7 ,8 ). All the analyses highlight the demands for
the invaluable information of CMBs. With the booming
applications of AI in biomedicine, it is also imperative to
have a CMB-based database facilitating the learning of cell-
based molecular patterns for guiding modern drug discovery
( 9 ,10 ). 

So far, various knowledgebases have been developed to pro-
vide the molecular bioactivity related data. Some of them
describe the molecular bioactivity information as parts of a
broader collection of biological / pharmacological data, such
as PubChem ( 11 ), BioLiP ( 12 ) and PDBbind ( 13 ); some oth-
ers focus on offering the activity data of compounds on stud-
ied target, such as ChEMBL ( 14 ), DUDE ( 15 ) and Bind-
ingDB ( 16 ); the remaining ones specialize in supplying disease-
specific target activities of compound, such as TTD ( 17 ),
DrugBank ( 18 ) and KLIFS ( 19 ). These available databases ex-
plicitly provide the activities between compounds and their
target(s), which has thus attracted great research interests
and scientific discussions from research communities. How-
ever, none of those existing databases describes the valu-
able data of CMBs, which makes them insufficient to sup-
port the process of modern drug discovery ( 20–22 ). There-
fore, it is essential to have a database that systematically
describes the cell-based molecular bioactivity information,
but no such kind of knowledge base has been constructed
yet. 

In this study, we developed MolBiC, a comprehensive
database designed to provide invaluable data on molecular
bioactivity measured within cellular contexts. First, such data
were accumulated by searching such keywords as ‘cellular
assay’, ‘cellular activity’ and ‘intracellular target binding’ in
PubMed, which resulted in 550 093 experiment-validated
CMBs between 321 086 compounds and 2666 targets within
the context of 988 cell lines. Second, those CMBs were
comprehensively collected to our database and quantitatively
classified according to their activities, which resulted in
188 027, 177 755 and 73 246 data of high ( ≤100 nM),
medium (between 100 nM and 10 μM) and low ( > 10 μM)
CMBs ( 23 ,24 ), respectively . Finally , a total of 114 disease
classes defined by the WHO ICD-11 (such as Alzheimer
disease, lung cancer, diabetes mellitus, influenza, follicular
lymphoma and chronic obstructive pulmonary disease),
155 biochemical classes of targets (such as cytochrome
P450, neurotransmitter receptor, protein kinase, voltage-
gated potassium channel and nuclear hormone receptor),
and 25 species (such as Homo sapiens , Mus musculus , Sus
scrofa , Rattus norvegicus and Oryctolagus cuniculus ) were
included into our database, and all data were cross-linked
to various well-established molecular biology databases,
including Cellosaurus ( 25 ), DrugBank ( 26 ), PubChem ( 27 ),
UniProt ( 28 ), TTD ( 29 ), DrugMap ( 30 ) and so on. All in
all, MolBiC is unique in describing the valuable data of
CMB, which meets the critical demand for CMB-based big
data facilitating the learning of cell-based
molecular / pharmaceutical patterns when guiding modern
drug discovery. Our MolBiC database is now fully accessible
and free and open to all users without any login requirement
at: https:// idrblab.org/ MolBiC/ . 
Factual content and data retrieval 

Systematic accumulation of cell-based molecular 
bioactivities into MolBiC 

The CMB information were collected into MolBiC using the 
following procedure. First, cell-based assays were defined as 
ligand-binding assays conducted within living cells ( 31 ). The 
CMBs were identified based on a comprehensive research 

literature review. Relevant publications were discovered via 
PubMed search using such keyword combinations as ‘intra- 
cellular binding assay’, ‘cellular activity’, ‘cellular functional 
assays’, ‘intracellular target binding’ and ‘cell-based drug dis- 
covery’. Second, the newly identified literatures underwent 
systematic validation to ensure their credibility by following 
a strict data collection protocol proposed in previous stud- 
ies ( 32 ,33 ). Particularly, the protocol included two important 
criteria: (a) compound-protein interaction must be observ- 
able in living cells, rather than in vitro purified proteins / cell 
lysates, (b) experimentally determined bioactivity (e.g. IC 50 ,
EC 50 ) must be available, which should be derived from di- 
verse cell-based assays, such as cellular thermal shift assay 
(CETSA), fluorescence resonance energy transfer (FRET) and 

activity-based protein profiling (ABPP). Third , all collected 

CMB data were categorized according to their role in the mod- 
ern drug development pipeline: target identification (TI), lead 

identification (LI), lead optimization (LO), toxicology screen- 
ing (TS) and so on. 

As a result, the curation process resulted in a total of 
550 093 CMBs. These CMBs were stratified by their activ- 
ity level: 188 027 high ( ≤100 nM), 177 755 medium (be- 
tween 100 nM and 10 μM) and 73 246 low ( > 10 μM) activ- 
ities. The database included 18 139 CMB data detected using 
cell lysates. MolBiC encompassed 321 086 unique molecules,
2666 protein targets and 988 cell lines. As shown in Figure 
1 , there were a total of 550 093 CMBs of 321 086 molecules 
against 2666 protein targets based on 988 cell lines. Among 
those molecules, there were 1111 approved, 1289 clinical trial 
and 463 preclinical drugs together with 319 223 experimen- 
tal agents. For those cell lines, they originated from 23 organ- 
isms, covered 137 diseases and were from 51 tissues / organs.
For those protein targets, they belonged to 155 GO functional 
families, and 2206 of them were with reported clinical im- 
portance ( 34 ). Besides, based on the UniProt subcellular loca- 
tion classification system, a total of 2666 proteins in MolBiC 

were classified into four groups: 1298 membrane-based, 1193 

cytoplasmic-based, 612 nuclear-based and 210 extracellular- 
based. Among these data, a total of 851 proteins were found 

to be associated with multiple subcellular locations. Moreover,
the activities of the studied molecules against purified protein 

targets were also included in MolBiC, allowing for a com- 
parison between their activities against purified proteins and 

cell-based assays. Our database comprised a total of 61 345 

molecular activity records against purified protein targets. 

Substantial variation of CMB data induced by 

different cellular contexts 

The CMB information has shown significant variability due 
to the influence of the cellular environment, which has there- 
fore attracted great interest from research community ( 35 ,36 ).
There are two key variations in the CMB data. First, the 
variations induced by cellular context. Cellular environment 
could substantially alter the protein conformation and in turn 

https://idrblab.org/MolBiC/
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Figure 1. The statistics of all data collected into MolBiC. In total, there were 550 093 cell-based molecular bioactivities (CMBs) of 321 086 molecules 
against 2666 protein targets based on 988 cell lines. For those molecules, there were 1 1 1 1 approved, 1289 clinical trial and 463 preclinical drugs together 
with 319 223 experimental agents. For those protein targets, they belonged to 155 GO functional families, and 2206 of them were with reported clinical 
importance. For those cell lines, they originated from 23 species, covered 137 diseases, and were from 51 tissues / organs. 
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he resulting molecular interactions compared to those ob-
erved with purified proteins ( 37–39 ). Taking the approved
rug vorinostat as an example, the drug exhibited an IC 50 of
1.6 nM when targeting purified protein HDAC7 ( 40 ). How-
ver, in a cell-based assay using Sf9 cells, the IC 50 against
he same target increased dramatically to 35 160 nM ( 41 ).
his significant discrepancy underscored the profound im-
act of cellular context on drug efficacy. Second, the vari-
tions caused by differential expression. The CMB values
ould vary extensively due to the differential expression of
olecule’s target protein in distinct cell lines ( 42–44 ). Taking

he molecule CHEMBL190274 as an example, its binding to
rotein CASP3 varied substantially among colon cell DLD-1
440 nM), pleural effusion cell T-47D (1210 nM), ascites cell
R-75–1 (3340 nM) and lymph node cell LNCaP (10 000
M). These differences have been attributed to the variable
xpression levels of CASP3 in these distinct cell lines ( 45 ,46 ).
ll in all, it is essential to collect the valuable CMB data to-
ether with its variations among different cell lines. 

To explicitly describe such variations, MolBiC was there-
ore developed to provide the CMB data in different cellular
ontexts. Particularly, a total of 550 093 CMBs were system-
tically provided, which covered 988 cell lines for 137 disease
lasses. Moreover, the activity information between molecules
nd purified protein targets was collected, which resulted in a
otal of 60 483 activities covering 29 003 molecules and 1143
rotein targets. In essence, MolBiC data is critical for under-
tanding the occurrence / avoidance of the influence induced
y cellular variation. 

i ver se CMBs classified based on the different 
tages of drug development 

MB quantification plays a key role in almost every phase
f the drug development, such as target identification, lead
dentification / optimization, and toxicology screening ( 47 ,48 ).
he MolBiC serves as an invaluable repository giving the com-
rehensive information from multiple perspectives. First, tar-
et identification (TI) is considered as the initial stage of drug
iscovery, which focuses on identifying the function of a target
and its role in disease ( 49–51 ). CMB data can provide crucial
cellular evidence and establish links between prospective tar-
get and disease mechanism ( 52–54 ). An example is the identifi-
cation of new multi-kinase targets for indole-based compound
via target fishing assays in HeLa cells ( 55 ). Second, lead iden-
tification (LI) involves the identifications of the chemicals that
are synthetically feasible, stable and drug-like ( 56 ,57 ). CMB
evaluations in lead identifications can greatly enhance the cor-
relation between binding responses and disease phenotypes
( 58–60 ). An illustrative example is the discovery of potent
LIMK1 / 2 inhibitors using the cellular NanoBRET assays of
HEK293 ( 61 ). Third, lead optimization (LO) focuses on re-
fining the lead by enhancing potency, selectivity and drug-like
properties, ultimately producing drug candidates for clinical
discovery ( 62 ,63 ). CMB assays facilitate meaningful interpre-
tations of structure–activity relationship in cellular contexts,
enabling researchers to fine-tune molecules that facilitate the
optimization of efficacies and maximization of successful clin-
ical translations ( 64 ,65 ). A good example is the optimiza-
tion of an intestine-selective FXR partial agonist derived from
fexaramine scaffold via NHR assay of CHO-K1 ( 66 ). Fourth,
toxicology screening (TS) involves the assessment of molec-
ular safety and adverse effects ( 67–69 ). CMB evaluations in
toxicology screening give insights into the compound behav-
ior across different cell types and physiological contexts, of-
fering a comprehensive safety profile ( 70–72 ). An exemplar
case includes the assessments of A1R agonists’ off-target ac-
tivities in HEK293 ( 73 ). All in all, the CMB assays allowed
the unbiased discovery of molecule-target interaction to con-
firm cellular mode-of-action, serving as an indispensable tool
throughout the drug discovery and development process. 

The explicit description of the molecules and their 
affiliated information 

It is important to assess the discrepancies among compound–
protein interaction profiles observed between in vitro purified
proteins and intracellular environments ( 74–76 ). A critical
consideration in this context was the potential changes in pro-
tein conformation, post-translational modification and molec-
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Figure 2. The introduction and visualization of the analyzed molecules collected to MolBiC. ( a ) the general and clinical information of the molecules (such 
as molecule name, formula, str uct ure, lipinski’s rule of five characteristics, disease and clinical developmental status). ( b ) the molecular bioactivities of 
this molecule, including the binding affinity against purified / cellular protein and the pharmacological / toxicological responses in a variety of studied cell 
lines. 
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ular interaction ( 77–79 ). Moreover, evaluating drug toxicity
arising from multi-target effects remained a critical compo-
nent of the drug development pipeline ( 80 ,81 ). To facilitate the
essential investigations, the compound page in MolBiC was
meticulously designed to describe the comprehensive data. As
illustrated in Figure 2 , the drug vorinostat was approved for
treating cutaneous T-cell lymphoma, which demonstrated po-
tent inhibitory activities against its primary therapeutic target
HDAC1 (IC 50 = 5.5 nM) when expressed in cell ( 82 ). To elu-
cidate the potential multi-target binding effects, the CMBs of
vorinostat against HDAC7 were carefully investigated, which
displayed a marked difference in inhibitory potencies between
cellular and in vitro purified conditions with different IC 50 val-
ues of 35 160 and 21.6 nM ( 40 ,41 ), respectively. 

To enhance users’ accessibility and utilization of MolBiC
data, compound page was meticulously designed to describe
the comprehensive array of molecular, clinical and CMB data
for a spectrum of molecules. The web interface was con-
structed to present general and clinical information. The gen-
eral information included molecule names, synonyms, molec-
ular structure, chemical formula, chemical identifiers (includ-
ing SMILES and InChIKey), analysis of RO5 violations, CAS
number and external database cross-references. Those clini-
cal information contained drug names, clinical trial statues,
disease indications, molecular targets and mechanism of ac- 
tion. CMB data were visualized based on Sankey diagram and 

tabular format . The Sankey diagram illustrated a four-tiered 

hierarchical structure. In the tabular format , CMB data were 
mainly stratified by protein name, with subsequent differen- 
tiation between cell-based and biochemical assay. Each CMB 

entry included activity value and classifications. Additionally,
the table was supplemented with data from cell viability or cy- 
totoxicity assays for any molecule of interest. To improve the 
user experience and facilitate comprehensive understanding,
the page incorporated the hyperlinked buttons for cell line,
protein and bioactivity. These features enabled the seamless 
navigation of the detailed information for each entity, which 

allowed reader to conduct in-depth exploration of any specific 
component within our MolBiC. 

The In-depth description of protein targets and 

their affiliated information 

The protein page in MolBiC was clearly described in Figure 
3 , which provided the reliable data. Taking the HDAC1 as an 

example. Figure 3 a depicted it as a pivotal epigenetic regu- 
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Figure 3. Integrated profile of protein targets in MolBiC. ( a ) The general and clinical information of the target (such as the target name, organism, gene 
name, subcellular location, function family, clinical status, disease indication and the associated drugs of the studied target). ( b ) The molecular 
bioactivities related to the studied target (such as cell-based assay and biochemical assay results). ( c ) The activity profiles of the proteins similar to the 
studied target. Similarity le v el betw een target and protein was measured using the Identity value generated using BLAST ( 90 ), and the activity level 
were grouped into high , medium , low and imprecise based on the previous reports ( 91 ). 
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ator treating in multiple diseases (such as multiple myeloma
nd cutaneous T-cell lymphoma). Figure 3 b described the ap-
roved drug vorinostat that exhibited greatly differential in-
ibitory potencies against HDAC1 when expressed in distinct
ell lines. Particularly, this drug demonstrated an IC 50 of 13.0
M in human embryonic kidney (HEK293) cells, whereas in
olorectal adenocarcinoma (COLO 205) cells, the IC 50 raised
ramatically to 2200 nM ( 83 ,84 ). Interestingly, when assessed
gainst the purified protein HDAC1, the vorinostat exhibited
 IC 50 of 4.0 nM ( 85 ). Furthermore, as described in Figure
 c, comparative sequence analysis revealed that the HDAC1
erived from M. musculus and the HDAC2 from H. sapiens
hared 90% and 50% sequence identity with target protein,
espectively. From the perspective of CMB data frequency, the
atter demonstrated higher prevalence in database. Such infor-
ation was key for understanding xenobiotic cross-species re-

ctivity and paralog-mediated pharmacological effects in the
urrent drug development. 

Protein page was comprehensively curated to encompass
xtensive molecular, clinical and CMB data for a broad spec-
rum of protein targets. Each protein page was constructed
to present general and clinical information. The general infor-
mation comprised the protein names, synonyms, gene names,
protein classification, functional annotations, subcellular lo-
calizations, primary sequence data and external database
cross-references. The clinical information offered protein’s tar-
get type, related diseases, clinical status, and associated drugs.
CMB data were visualized using Sankey diagrams and tabu-
lar formats , facilitating intuitive data interpretation. Addition-
ally, the interface provided statistical analyses of CMB data
for homologous proteins, with the identity threshold estab-
lished to 100%, 90% and 50% ( 86 ). This feature enabled
researchers to explore potential homolog-mediated effects,
thereby enhancing the detailed understanding of drug–protein
interaction. 

The thorough description of the cell lines and their 
affiliated information 

The cell line page in MolBiC was thoroughly described in Fig-
ure 4 , which meticulously showed the comprehensive data of
each cell line. Taking HeLa as an exemplar, its general infor-
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Figure 4. Descriptions and visualization of the cell lines in MolBiC. ( a ) The general information of the cell line (such as cell line name, species origin, 
tissue and disease). ( b ) The molecular bioactivities of the cell line including the compound-target interactions within the studied cellular context. ( c ) 
Detailed molecular bioactivity (such as cellular compound-protein binding assay and cytotoxicity together with cell viability information). ( d ) The target 
classification and activity statistics related to the studied cell line (such as target functional family and the number of bioactivities). 
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mation and associated CMB visualization were depicted in
Figure 4 a and b, respectively . Notably , as highlighted in Fig-
ure 4 c, vorinostat demonstrated differential potencies, show-
ing potent inhibitory activity against HeLa cells expressing
HDAC6 (IC 50 = 27.0 nM), while maintaining an accept-
able cytotoxicity profile towards the HeLa cell line itself
(IC 50 = 2200.0 nM) ( 87–89 ). Moreover, as shown in Figure
4 d, protein classification of HeLa expression system revealed
a preponderance of membrane receptor, which exhibited the
diversity of CMBs. 

Cell line page was comprehensively constructed to offer
extensive cellular and CMB data among a diverse array of
cell lines. Each cell line was developed to depict general in-
formation (such as cell line’s name, synonyms, categorization,
species origin, related diseases and external database cross-
references. CMB visualization was implemented using Sankey
diagram and tabular formats , facilitating intuitive data inter-
pretation. The page incorporated statistical analyses of pro-
tein classes and their associated CMBs, enabling users to eluci-
date the distribution of protein targets within cellular context.
To facilitate tissue-specific study, the platform provided a cu- 
rated compendium of cell lines from similar tissues, thereby 
enhancing the understanding of drug-protein interaction in 

biological system. All in all, the online page was capable 
of elucidating tissue-specific profiles and identifying the op- 
timal cellular systems that facilitated the target-based drug 
discovery. 

Conclusion and perspectives 

Distinct from the traditional ligand-protein interaction pro- 
files observed between in vitro purified proteins / cell lysates,
CMB has emerged to be critical in drug discovery and devel- 
opment pipeline. In this study, we introduce a novel database 
entitled ‘MolBiC’, designed to provide detailed biological ac- 
tivity data within a cellular context. Given the significance of 
these newly collected data, our MolBiC is expected to attract 
broad interests from the relevant research communities and 

boost advances for diverse cutting-edge directions in modern 

drug discovery. 
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ata availability 

ll CMBs along with associated compound, protein and cell
ine could be viewed, accessed and downloaded from Mol-
iC, which could be freely accessible at: https://idrblab.org/
olBiC/. 
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