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ABSTRACT

Allostery tweaks innumerable biological processes
and plays a fundamental role in human disease and
drug discovery. Exploration of allostery has thus
been regarded as a crucial requirement for research
on biological mechanisms and the development of
novel therapeutics. Here, based on our previously
developed allosteric data and methods, we present
an interactive platform called AlloFinder that identi-
fies potential endogenous or exogenous allosteric
modulators and their involvement in human allos-
terome. AlloFinder automatically amalgamates al-
losteric site identification, allosteric screening and
allosteric scoring evaluation of modulator—protein
complexes to identify allosteric modulators, followed
by allosterome mapping analyses of predicted al-
losteric sites and modulators in human proteome.
This web server exhibits prominent performance in
the reemergence of allosteric metabolites and ex-
ogenous allosteric modulators in known allosteric
proteins. Specifically, AlloFinder enables identifica-
tion of allosteric metabolites for metabolic enzymes
and screening of potential allosteric compounds for
disease-related targets. Significantly, the feasibility
of AlloFinder to discover allosteric modulators was
tested in a real case of signal transduction and
activation of transcription 3 (STAT3) and validated
by mutagenesis and functional experiments. Collec-
tively, AlloFinder is expected to contribute to explo-
ration of the mechanisms of allosteric regulation be-
tween metabolites and metabolic enzymes, and to

accelerate allosteric drug discovery. The AlloFinder
web server is freely available to all users at http:
//mdl.shsmu.edu.cn/ALF/.

INTRODUCTION

Allostery, or allosteric regulation, underlies a plethora of
biological processes, encompassing cellular metabolism, en-
zyme catalysis, gene expression and transcription (1,2). Be-
cause of the omnipresence of allosteric regulation in cellular
signaling and disease, it has been referred to as the ‘second
secret of life” (3). Allostery is mainly rooted in the popula-
tion shift of the conformational ensemble of a biomolecule,
as perturbation at allosteric sites in the structure that are
topologically and spatially distinct from orthosteric sites
causes a shift in the redistribution of the conformational
states across the entire population (4-6). The quintessential
event is involved in the binding of effectors, also named al-
losteric modulators, to allosteric sites, which triggers struc-
tural and/or dynamical alterations in orthosteric sites, al-
lowing for exquisite control of biomolecule functional ac-
tivity.

Recent studies have elucidated that the majority of pro-
teins bind specific allosteric metabolites (also endogenous
allosteric modulators) (7) and that allosteric metabolite—
protein interactions control enzyme activity in vivo (7-9).
Characterizing the detailed allosteric metabolite—protein
interactions will thus deepen our understanding of the
molecular underpinnings for metabolites in feedback mod-
ulation of pathways and has profound importance in hu-
man health as a consequence of the strong interplay be-
tween metabolites and the pathogenesis of various diseases
(10). Meanwhile, exogenous allosteric modulators (also al-
losteric compounds produced from outside organism) (11),
by targeting the structural diversity of allosteric sites, have
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clear therapeutic advantages such as high selectivity and low
toxicity compared to traditional orthosteric ligands by at-
taching to the conserved orthosteric sites (11-14). Accumu-
lating evidence has indicated that allosteric modulator dis-
covery could produce huge demands in the coming years,
witnessed by exponential growth in the number of disclosed
allosteric proteins, particularly for G protein-coupled recep-
tors, protein kinases, ion channels, phosphatases and pepti-
dases (15).

Although allosteric modulators play important roles in
metabolic mechanisms and novel therapeutics, current dis-
covery of allosteric modulators presents several key chal-
lenges. By systematic analysis of known allosteric modula-
tors from our constructed Allosteric Database (ASD) (16—
18), it is recognized that the majority of reported allosteric
modulators are confined to the allosteric proteins whose al-
losteric sites have been validated by the three-dimensional
(3D) structures of allosteric modulator—protein complexes
(19). This evidence highlights a conundrum in the identifi-
cation of allosteric sites by crystallographic methods, and
once the allosteric site of a target protein is disclosed, the
discovery of allosteric modulators directed at the allosteric
site becomes accessible. An alternative approach is the de-
velopment of computational methods to identify allosteric
sites (20,21). To this end, we previously developed Allosite
(22,23) for the detection of allosteric sites on proteins and
successfully found novel allosteric sites on several targets us-
ing the method (23,24). Furthermore, it is well established
that the physicochemical characteristics of allosteric mod-
ulators are divergent from orthosteric ligands (25,26). This
indicates that the current scoring functions are unable to
efficiently assess the allosteric modulator—protein interac-
tions for ranking of docked poses. To resolve these obsta-
cles, we have recently developed Alloscore (27), which pre-
dicts the binding affinities of allosteric modulator—protein
interactions. In addition to identification of allosteric sites,
allosteric screening and evaluation of allosteric interactions,
we have also recently collected allosterome (18,28) data,
which present the relationship of allostery in a protein fam-
ily, such as kinase and GPCR families.

Despite the improvement in some specific allosteric ap-
plications, there is still a lack of an efficient and conve-
nient platform for the rational discovery of allosteric mod-
ulators for therapeutic targets. In addition, exploration
of the mechanisms underlying the allosteric regulation of
metabolic enzymes by metabolites via computational tools
also remains scarce. Based on our previous allosteric data
and methods, here we present a platform called AlloFinder
that discovers allosteric modulators and assesses biological
functions by mapping allosterome data. AlloFinder utilizes
feature and dynamic perturbations to uncover putative al-
losteric sites for a query protein, followed by in silico screen-
ing of potential allosteric modulators at the predicted al-
losteric site according to accurate allosteric scoring func-
tion. Importantly, the identified allosteric sites and modu-
lators can be submitted to allosterome mapping analysis,
which unmasks the specificity and evolution of the iden-
tified allosteric site in the human proteome as well as the
similarity between the identified allosteric modulators and
known allosteric modulators. Testing 60 allosteric proteins,
AlloFinder successfully reemerged at least one known al-

losteric modulator at its own allosteric site within the top
1% of the ranked library in 53 cases. Significantly, we em-
ployed AlloFinder to discover allosteric modulators of sig-
nal transduction and activation of transcription 3 (STAT3),
supporting the feasibility of AlloFinder in the discovery of
allosteric modulators.

MATERIALS AND METHODS
Workflow of AlloFinder

AlloFinder is deployed as a built-in computational work-
flow that is devoted to two allosteric functions: allosteric
modulator screening and allosterome mapping. The func-
tion of allosteric modulator screening consists of a set of
methods developed mainly in our laboratory, including an
Allosite algorithm (23) for predicting allosteric sites on a
query protein, an Allolike filter (29) for filtering ‘allosteric-
like’ compounds in a ligand library, a pocket-generated
pharmacophore method (30) for ruling out unbound com-
pounds and an Alloscore algorithm (27) for scoring al-
losteric modulator—protein complexes. Based on the known
allosteric data, an allosterome mapping analysis was de-
signed here for structural and functional analyses of identi-
fied allosteric sites and modulators (Figure 1). The website
is free and open to all, and there is no login requirement.

First, the user uploads a query protein to AlloFinder,
and the Allosite algorithm, a feature-based regression com-
bined with Normal Mode Analysis (NMA)-based pertur-
bation, is used to predict all putative allosteric sites on the
protein. The user can cherry-pick one allosteric site for
virtual screening of a predefined ligand library. Then, the
pocket-generated pharmacophore model for the selected al-
losteric site is generated for quickly ruling out unbound
compounds in the library. Afterward, conformational sam-
pling of an ensemble of docked conformations for each
compound from the pharmacophore-filtered subset is ex-
ecuted using the genetic algorithm from AutoDock Vina
(31,32). The Alloscore algorithm is subsequently utilized to
evaluate the best binding energy from the conformational
ensemble of each compound. All compounds of the library
in screening were ranked by the energies and the top 100
compounds were outputted in the AlloFinder server. At
last, the predicted allosteric sites and modulators are har-
nessed to perform allosterome mapping analyses in the hu-
man proteome. The runtime of the submitted jobs depends
on which library is selected in AlloFinder and can vary be-
tween 30 min and several hours. More detailed procedure
of the workflow is described in the “Materials and Methods’
section of Supplementary file.

AlloFinder input

The users can specify the protein of interest either with a
PDB ID or by uploading PDB files in PDB format under
‘Query Protein’. Considering the running time, the server
does not presently accept proteins with more than 2000
residues. A ‘Job Name’ is compulsory, which allows the
users to find their queries in the ‘Job Queue’. For virtual
database screening, the users can select one of the following
databases, including Endogenous Ligands, ChEMBL Di-
versity (33), ZINC Diversity (34), SPECS Diversity (http:
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Figure 1. The workflow of the AlloFinder. The user input is shown in red.

/lwww.specs.net) and NCI Diversity (http://dtp.cancer.gov)
under ‘Ligand Library’. The properties of the libraries and
their differences are provided for user selection in the Help
of the AlloFinder server. In addition, users are encouraged
to provide their own ligand library with numbers up to 1000
compounds in SDF format. Details of the ligand library
construction are provided in the Supplementary Materials
and Methods.

AlloFinder output

AlloFinder outputs interactive charts that show the top 100
predicted allosteric modulators ranked by the ‘Alloscore
Score’ and the 2D structure and molecular weight for each
modulator. Clicking the ‘Show Ligand’ button, a 3D repre-
sentation of the modulator—protein complex can be viewed.
Importantly, AlloFinder provides interactive pages for dis-
playing site and ligand allosterome analyses.

In the site allosteric analyses, a 3D representation of
the predicted allosteric site is shown in the left panel, to-
gether with a table showing the site properties in the right
panel, including ‘Protein Name’, ‘PDB ID’, ‘Allosteric Site
Score’, ‘Drug-like Score’, ‘Perturbation score’ and ‘Vol-
ume’. Clicking the ‘Site Allosterome Mapping’ button links
to the site allosteric analyses. Further clicking the ‘Homol-
ogy’ tab gives an interactive chart showing the similarity of
the predicted allosteric site with the top 20 known allosteric
sites and a table summarizing general information for each
known allosteric site, such as allosteric site ID, gene name
and site similarity score. Clicking the ‘View Pocket’ in the

table shows detailed information of the allosteric site, such
as protein name, site residues, site view and reference. Al-
ternatively, clicking the ‘Structural Evolutionary’ tab pro-
vides an interactive chart showing the evolutionary infor-
mation of the predicted allosteric site with the known al-
losteric sites.

In the ligand allosteric analyses, clicking the ‘Endoge-
nous’ (‘Exogenous’) button offers an interactive chart show-
ing the distribution of the relationship between the pre-
dicted allosteric modulator with the top 100 known endoge-
nous (exogenous) allosteric modulators and a table sum-
marizing general information for each endogenous (exoge-
nous) allosteric modulator, such as allosteric modulator ID,
2D structure and ligand similarity score. Further clicking
the “View Properties’ in the table shows the comprehensive
properties of each endogenous (exogenous) allosteric mod-
ulator, such as formula, [IUPAC name, and detailed physio-
chemical properties. Concomitantly, the metabolic network
for the metabolite most similar to the predicted allosteric
modulator is shown using the KEGG pathway (35). The
user can download each result for offline analysis by click-
ing the ‘Download predicted allosteric site(s)’, ‘Download
predicted allo-ligand(s)’ and ‘Download allosterome’ but-
tons, respectively.

There are several quantifiable items generated by
AlloFinder, which can be harnessed by users in the page of
Job Result for further analysis. First, the druggable score of
the predicted allosteric site, referred to ‘Drug-like Score’,
determines whether this allosteric site is suitable for de-
sign of allosteric modulators. Second, the predicted bind-
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ing affinities of allosteric modulator—protein complexes, re-
ferred to ‘AlloScore Score’, are useful, which can guide
the choice of potential allosteric modulators for experi-
mental testing. Third, in the allosterome mapping of al-
losteric site, the calculation of the similarity of the pre-
dicted allosteric site with known human allosteric sites, re-
ferred to ‘Site Similarity Score’, determines whether this al-
losteric site is specific, which is helpful for the design of se-
lective allosteric modulators for a highly homologous pro-
tein subtype. Fourth, for the allosterome mapping of al-
losteric modulators, the calculated similarity of the pre-
dicted allosteric modulator with known allosteric modu-
lators, referred to ‘Ligand Similarity Score’, provides the
clues whether the predicted allosteric modulator has the
possibility of polypharmacology, which facilitates the de-
sign of more specific allosteric modulators. Expediently,
the AlloFinder website offers a step-by-step Tutorial in the
‘Help’ page. The user can consult the ‘Help’ for detailed in-
formation.

Testing datasets

For testing the performance of AlloFinder, we selected 60
diverse allosteric proteins with the structure of an anno-
tated allosteric site from the ASD, which are widely dis-
tributed across multiple classes of proteins (see Supplemen-
tary Table S1). Among the 60 proteins, 9 are regulated by
allosteric metabolites and 51 are regulated by exogenous
allosteric modulators according to the previous literature.
For each protein system, a ligand dataset for benchmark
was constructed to contain up to 1000 compounds that are
first prepared by non-redundant allosteric modulators of
the protein from the ASD and unique substrate-competitive
ligands (non-allosteric modulators) of the protein from the
ZINC if available. The remaining compounds of the lig-
and dataset were randomly taken from ZINC Diversity
(see Supplementary Materials and Methods). As a result,
there are 10-50 known allosteric modulators in the ligand
datasets of 22 proteins, 2-9 known allosteric modulators in
13 proteins and only 1 known allosteric modulator in 25
proteins.

PERFORMANCE OF AlloFinder

To validate our implementation of AlloFinder, we as-
sessed the performance of AlloFinder to identify
endogenous/exogenous allosteric modulators from a
ligand-dataset screening on the benchmark of 60 diverse
allosteric proteins including kinases, proteases, transferases
and GPCRs etc. The enrichment factor (EF) is the most
common metrics for screening, which is the concentration
of the known ligands among the top-scoring hits com-
pared to their concentration throughout the entire library
(36). The results showed that AlloFinder is capable of
reemerging at least 1 known allosteric modulator at its
own allosteric site in the top 1% of the ranked benchmark
dataset (EF1) in 53 of 60 proteins (Supplementary Table
S1), including 4 allosteric metabolites and 49 exogenous
allosteric modulators. Meanwhile, more than 50% of the
known allosteric modulators can be found in the top
20% of the ranked benchmark dataset (EF20) in all 60

proteins (Supplementary Table S1), and the result was
further supported by a good performance (>0.5) of Hit
Rate, which evaluates the normalized EF20 of the screened
library (37), in the proteins (Supplementary Table S2). The
enrichment performance indicates that known allosteric
modulators can be generally well-enriched against its target
protein by AlloFinder.

Furthermore, analyses of the receiver operating charac-
teristic (ROC) curves of virtual screening performed with
AlloFinder on proteins with >10 known allosteric modula-
tors in the ligand dataset (see testing datasets above) were
evaluated. This curve describes the tradeoff between sensi-
tivity and specificity of a screening. As another support-
ing measure, the area under an ROC curve, i.e., the AUC
value, was also calculated to reveal the quality of enrich-
ment (38). AlloFinder exhibited prominent performance at
any given percentage in the ROC curve (Figure 2) and >0.7
of AUC value (Supplementary Table S3) for each protein.
Meanwhile, more than 40% of known allosteric modula-
tors were retrieved in the top 5% ranked benchmark dataset
in the proteins. During the analyses, we also found that for
proteins with a common size of allosteric site, AlloFinder
can efficiently retrieve low-MW known allosteric modula-
tors bound to their allosteric site at the top of ranked lig-
ands in a library. Exceptionally, for proteins with a large
allosteric site such as Acetyl-CoA carboxylase (ACC) and
glucokinase (GK), a few low-MW known allosteric mod-
ulators (e.g. ASD00431001 in ACC and ASD01208645 in
GK) were not enriched at the top of ranked ligands perhaps
because of the deficiency of allosteric modulator—protein in-
teractions at a large site. Therefore, AlloFinder is able to dis-
cover diverse active allosteric modulators even at a large site,
and users could still pay attention to some false-negative
cases from low-MW ligands screened at such large allosteric
sites of proteins.

EXAMPLES
Example 1: TR:RXR heterodimers

Thyroid hormone receptors (TRs) form heterodimers with
retinoic acid receptor (RXR) to regulate the transcriptional
activity of TRs. Binding of 9-cis retinoic acid (9c) to RXR
allosterically inhibits TR-T3:RXR transactivation by the
effect of T3 (3,3',5 triiodo- -thyronine) binding on the TR
(39). Using a TR-T3:RXR heterodimer complex (PDB ID:
3UVV) (39) and the Endogenous Ligands library as inputs,
AlloFinder perfectly predicted only one allosteric site on the
RXR that was identical to the crystal allosteric site of 9-cis
retinoic acid, followed by the discovery of the 9-cis retinoic
acid at the ranked second of the output hits (Supplementary
Figure S1 and Table S4). The binding information of 9-cis
retinoic acid at the site is shown in Supplementary Figure
S2. Site allosterome analyses unraveled that the allosteric
site of 9-cis retinoic acid had the highest similarity score of
0.40 with other known allosteric sites, reflecting the speci-
ficity of the RXR allosteric site. Ligand allosterome analy-
ses showed that the endogenous 9-cis retinoic acid had the
highest similarity score of 0.83 with the endogenous 9-cis
retinal. The 9-cis retinoic acid is the oxidation product of
9-cis retinal, catalyzed by retinal dehydrogenase (40,41). In-
deed, 9-cis retinal was ranked 15th of the hits, indicating
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IDH2, Isocitrate dehydrogenase [NADP], mitochondrial; IGF-1R, Insulin-like growth factor 1 receptor; LFA-1, Integrin alpha-L; MAPKS, Mitogen-
activated protein kinase §; (B) FBP1, Fructose-1,6-bisphosphatase 1; AKT1, RAC-alpha serine/threonine-protein kinase; CDK2, Cyclin-dependent kinase
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pyrophosphate synthase; FBP2, Fructose-1,6-bisphosphatase isozyme 2; Bcyl, cAMP-dependent protein kinase regulatory subunit.

that both 9-cis retinoic acid and 9-cis retinal could have a
similar effect on the regulation of retinol metabolism by
binding to the predicted allosteric site of RXR.

Example 2: GluN1b:GluN2B NMDA receptor

NMDA (N-methyl-D-aspartate) receptors are heteromeric
ion channels consisting of GluN1 and GIuN2 sub-
units. Ifenprodil allosterically inhibits the GluN1b:GluN2B
NMDA receptor by binding to the interface between
the amino-terminal domains (ATDs) of GluNlb and
GIuN2B (42). The crystal structure of GluN1b:GluN2B
ATD heterodimer (PDB ID: 3QEL) (42) was uploaded to
AlloFinder, which generated two putative allosteric sites.
The crystal allosteric site of ifenprodil was ranked first and
chosen as a target for virtual screening of the ZINC Diver-
sity Library. Ifenprodil was recaptured and ranked third in
the top 100 hits (Supplementary Figure S3 and Table S5).

The binding feature of Ifenprodil at the site is provided in
Supplementary Figure S4. Subsequent site and ligand allos-
terome analyses exhibited that the allosteric site and ifen-
prodil are structurally distinct from other known allosteric
sites and modulators. Detailed information of example 1
and 2 is further provided in the online Tutorial under the
Help of the AlloFinder srever.

Discovery of STAT3 allosteric inhibitor

STAT3, a multi-domain protein, is activated by tyro-
sine phosphorylation in response to cytokine-receptor IL-
6 binding and plays an important role in cell growth
and apoptosis (43). Figure 3 shows the results of using
AlloFinder to identify allosteric sites and modulators of
STATS3. To discover novel allosteric inhibitors of STATS3,
the crystal structure of STAT3 (PDB ID: 3CWG) (44) was
uploaded to AlloFinder and five putative allosteric sites
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(Sites 1-5) on STAT3 were predicted. Site 5 situated in
the coiled-coil domain (CCD) of STAT3 was selected as
a viable target for in silico screening of the SPECS Diver-
sity Library because previous biochemical experiments pro-
vided clues that the CCD distant from the STAT3-DNA
interface indirectly regulates STAT3 activation and func-
tion (45,46). With about 2 h of the running time, 100 hits
ranked by the Alloscore Score were outputted in the page
of the AlloFinder server (Supplementary Table S6). The top
15 hits predicted by AlloFinder were purchased and tested
with bioassays. Among them, K116 (AH-034/11963955)
(Figure 3A) enabled binding to STAT3 CCD (Kyq = 3.22
wM) (Figure 3B) and inhibited STAT3 binding to the phos-
phopeptide ligand (ICsy = 7.99 uM) (Figure 3C). In the
binding model at Site 5, K116 showed several hydropho-
bic effects with Aspl71, GIn202 and Met213 as well as
a hydrogen bond with Asnl75 in STAT3 (Figure 3A).
Site-directed mutagenesis indicated Site 5 surrounded by
residues Aspl71, Asnl75, GIn202 and Met213 as a bona
fide site for K116 (Supplementary Figure S5). Furthermore,
cellular and functional experiments confirmed that K116
both inhibited STAT3 phosphorylation at Tyr705 (Figure
3D) and promoted STAT3-mediated apoptosis in a dose-
dependent manner (Supplementary Figure S5). Taken to-
gether, these data support the tractability and feasibility of
AlloFinder in the discovery of allosteric sites and modula-
tors for STAT3 as well as other therapeutic targets.

DISCUSSION AND CONCLUSION

Allostery is currently regarded as a unifying mechanism for
metabolic function and regulation (14), and it is also a novel
tactic for drug discovery (47). Because of the immense sig-

nificance of allostery, it has been the subject of intense in-
vestigation over the past few years (15). However, a com-
prehensive insight into allostery by experimental methods
is unsatisfactory owing to the complex nature of allostery in
biological process. Computation-based strategies that pre-
viously focus on the prediction of allosteric sites and com-
munication pathways, and on the elucidation of allosteric
mechanism have emerged as alternatives (48). For example,
a number of web servers or algorithms based on the nor-
mal model analysis methods (e.g. AlloPred (49), DynOmics
ENM (50), PARS (51), SPACER (52) and STRESS (53)),
machine learning methods (e.g. Allosite (22) and a ran-
dom forest model (54)), molecular dynamics (MD) meth-
ods (e.g. MD simulations (55) and AllosMod (56)), and
a distance geometry method (e.g. ExProSE) (57) have be-
come available for the prediction of allosteric sites. In ad-
dition, web servers such as AlloSigMA (58) and MCPath
(59) have been developed to investigate allosteric communi-
cation pathways between allosteric and orthosteric sites.

Despite the current availability of the prediction of al-
losteric sites and communication pathways via various
methods, they are not practically achievable for allosteric
screening of putative modulators for proteins. To this end,
the AlloFiner platform aims to provide the biologists and
medicinal chemists with a free and user-friendly web server
to automatically identify allosteric modulators for a partic-
ular protein by the user, followed by subsequent allosterome
mapping analyses of predicted allosteric sites and modula-
tors. Specially, it is applicable to unearth allosteric mecha-
nism for metabolites, which is helpful for a large-scale in-
vestigation of the allosteric protein—metabolite interactome
and a better understanding of biological pathways regulated
by metabolite interactions.



AlloFinder’s predictability was extensively validated by
retrospective evaluations and a real case of STAT3. How-
ever, there is still the existence of limitations for this server
in the identification of allosteric modulators. The most chal-
lenge is derived from the use of rigid conformation of a
protein for the conformational sampling of modulators,
which may underestimate the search space of some mod-
ulators. Considering the progress of computing power, we
will update the AlloFinder to utilize the flexible docking
to improve the search space in the future. Collectively, the
AlloFinder web server, to the best of our knowledge, is the
first of its kind that will not only be exploited to probe
allosteric mechanisms of metabolic enzymes by allosteric
metabolites but will also provide valuable guidance to al-
losteric drug discovery.
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