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tural and coevolution information
to unveil allosteric sites†
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Understanding allosteric regulation in biomolecules is of great interest to pharmaceutical research and

computational methods emerged during the last decades to characterize allosteric coupling. However,

the prediction of allosteric sites in a protein structure remains a challenging task. Here, we integrate local

binding site information, coevolutionary information, and information on dynamic allostery into

a structure-based three-parameter model to identify potentially hidden allosteric sites in ensembles of

protein structures with orthosteric ligands. When tested on five allosteric proteins (LFA-1, p38-a, GR,

MAT2A, and BCKDK), the model successfully ranked all known allosteric pockets in the top three

positions. Finally, we identified a novel druggable site in MAT2A confirmed by X-ray crystallography and

SPR and a hitherto unknown druggable allosteric site in BCKDK validated by biochemical and X-ray

crystallography analyses. Our model can be applied in drug discovery to identify allosteric pockets.
Introduction

Complex biomolecular networks regulate the cellular processes
in a living organism, which are oen regulated by allosteric
mechanisms.1 Allosteric modulators display several advantages
over orthosteric ligands that render them a useful modality for
drug discovery.2 Hence, identifying new druggable allosteric
sites is of utmost importance in pharmaceutical research,3 and
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many approaches have been developed to study allosteric
regulation in biomolecules.4–6 However, the complex nature of
allosteric regulation challenges the development of generally
applicable methods. Allosteric regulation can be induced by
structural processes, ranging from global or local conforma-
tional changes to only changes in protein dynamics.7,8

Furthermore, identifying allosteric sites may be hampered if
they are occluded in static experimental protein structures.9,10

Experimental methods provide excellent tools to detect
allosteric sites and investigate allosteric mechanisms in
biomolecules,11–17 however, they are oen time-consuming.18 Of
computational methods, molecular dynamics (MD) simulations
allow for insights into allosteric regulation by studying struc-
tural signals from the sampling of conformational states,19–21

but may require exhaustive sampling to obtain signicant
signal-to-noise ratios.22 Another application of MD is to identify
hidden allosteric pockets,23–25 oen using cosolvent-based
simulations to facilitate pocket opening.26 Graph-based
network approaches help to identify allosteric signaling path-
ways between remote sites and the orthosteric site.27 Within
these networks, the residues/atoms of the protein are repre-
sented as nodes connected by edges that are dened by physical
contact-based28–32 or interaction energy-based33–35 criteria.
Computational decoupling of a bound ligand from its binding
site perturbs the network and reveals how this perturbation
percolates through the network to the distant protein sites.30 To
overcome issues of robustness, the application of network
approaches to conformational ensembles has been
introduced.36–39 Sequence-based approaches, such as statistical
Chem. Sci., 2023, 14, 7057–7067 | 7057
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Fig. 1 Schematic representation of the workflow. MD simulations are
performed using the apo state of the protein to detect new pockets.
Small pockets, buried pockets, and known orthosteric pockets are
removed. Three different methodologies are used to evaluate which
pocket has the highest probability of being allosteric: (i) a coevolution
analysis, (ii) a druggability analysis, (iii) a rigidity analysis. Pockets are
scored by combining results from the three methods.
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coupling analysis (SCA), allow for predicting allosteric sites in
proteins from multiple sequence alignments (MSA).40 While
evolutionarily conserved amino acids are essential for structural
integrity and function,41 amino acid positions with evolution-
arily correlated mutations, i.e., coevolving amino acids, are
essential for preserving allosteric mechanisms.42 Mutually
coevolving amino acids can build contiguous structural
networks, termed “sectors”. These “sectors” might include
residues from distant sites in proteins and are used to study
allosteric mechanisms.42–45 However, results from sequence-
based approaches strongly depend on the availability of
homologous sequences. Finally, the wealth of structural infor-
mation and the increase of computational power paved the way
for the development of robust and fast machine learning (ML)
predictive models with many tted parameters.46,47 Although
fast and efficient, such models may suffer when allosteric sites
are hidden in the input structure. To alleviate this issue, some
ML models incorporate dynamic effects through Normal Mode
Analysis (NMA).48,49

In this work, we aimed at integrating local binding site
information, coevolutionary information, and information on
dynamic allostery30,50 into a generally applicable structure-based
three-parameter model to identify potentially hidden allosteric
sites in structural ensembles of holo proteins for which the
orthosteric ligand is known (Fig. 1). We demonstrate that our
three-parameter model overcomes the shortcomings of each
method when they are executed individually. With it, we identify
a novel druggable site in MAT2A conrmed by X-ray crystal-
lography and SPR and a hitherto unknown allosteric site in
BCKDK validated by biochemical and X-ray crystallography
analysis. Furthermore, we scrutinize the scope of our method
on ve proteins with known allosteric mechanisms and identify
experimentally validated allosteric pockets as ranked in the top
three positions for each protein. Thus, our model should be
valuable for pocket prioritization in drug discovery campaigns.
Results and discussion

To assess our three-parameter model, we selected a dataset of
ve soluble proteins with already known allosteric sites,
including the Glucocorticoid Receptor (GR), the Mitogen-
Activated Protein Kinase 14 (MAPK14 or p38-a), the Branched
Chain Ketoacid Dehydrogenase Kinase (BCKDK), Lymphocyte
Function-associated Antigen 1 (LFA-1), and Methionine Ade-
nosyl Transferase 2A (MAT2A). We chose these proteins because
(i) studies probing allosteric regulation mechanisms of these
proteins are available and (ii) they belong to different protein
families, ensuring structural diversity in our dataset.
Identifying hidden pockets in proteins

We applied the Fpocket detection algorithm to the X-ray struc-
tures that served as input for the analyses (see ESI, Fig. S1†).
Over all systems, between 7 and 29 pockets were identied
(Table S1†). In two out of ve cases, the allosteric site is already
present in the apo state, and, compared with results from the
7058 | Chem. Sci., 2023, 14, 7057–7067
detected pockets in the corresponding holo states, shows
almost identical volumes (Table S2†).

To facilitate the identication of allosteric pockets hidden in
static X-ray structures, we generated structural ensembles from
conventional MD simulations starting from the apo state of
each system. The MDpocket algorithm was applied to ensem-
bles extracted from MD trajectories of 500 ns length (see ESI†).
All pockets have an opening frequency >20%, and the number
of identied pockets is almost doubled for all systems
compared to the X-ray structure analysis (Table S1†). Aer
ltering (see ESI†), nine, six, and nine pockets remained for GR,
LFA-1, and p38-a, respectively (Fig. S2 and Table S2†).
Remarkably, for all three systems, the allosteric pockets became
detectable by MDpocket, which was not possible from the X-ray
structure analysis (Fig. S1†). Our results demonstrate that
despite the conformational rearrangement involved in the
opening of the allosteric pockets in p38-a and LFA-1 (local
RMSD > 2 Å),51,52 the MD simulations sampled the respective
movements (Fig. S3†). However, compared to the known allo-
steric modulator-bound X-ray structures, the pockets along the
MD simulations are only partially open, which is reected by the
© 2023 The Author(s). Published by the Royal Society of Chemistry
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smaller pocket volumes (Table S2†). For p38-a, pockets located
in the D-groove and noncanonical sites already present in the X-
ray structure (Fig. S1†) remained stable during the MD simu-
lations (Fig. S2†). In the case of GR, we observed the opening of
a small pocket in the co-regulator allosteric site (AF-2) during
the MD simulations, which was not visible in the apo X-ray
structure. Finally, allosteric pockets in BCKDK and MAT2A
were already detected in the apo X-ray structures (Fig. S1†) and
remained open during the MD trajectories (Fig. S2†). In contrast
to LFA-1 and p38-a, these pockets have larger volumes during
the MD simulations, being 457 ± 170 Å3 and 2285 ± 383 Å3 for
BCKDK and MAT2A, respectively.

Overall, conventional MD simulations retained the allosteric
pockets already present in the X-ray structures in BCKDK and
MAT2A and led to the identication of allosteric pockets in p38-
a, LFA-1, and GR that were undetectable in the X-ray structures.

Scoring pockets with druggability score

In most cases in drug discovery it is important to focus on those
pockets with a high likelihood of binding to a bioavailable small
molecule. This can narrow the search for allosteric pockets in
the ensemble of pockets identied in our MD simulations. We
estimated the druggability using the druggability score (DS)53

(see ESI†). The DS ranges from 0 to 1, with pockets being likely
druggable if the DS is between 0.5 and 1.

The experimentally validated allosteric pockets in GR and
MAT2A identied during the MD simulations have DS values
>0.5 and, thus, are correctly considered druggable (Fig. 2).
Though only partially open, the algorithm recognizes the allo-
steric pockets in LFA 1 and p38-a also as potentially druggable
(DS > 0.5). The allosteric pockets are ranked according to DS
within the rst third (R33%) for LFA-1, GR, and MAT2A (Fig. 2)
but only within the second third for p38-a. The two pockets of
p38-a with the highest DS (P24 and P6) have been cocrystallized
with small fragments,13 but evidence for their role in kinase
function has not been reported. For BCKDK, the DS indicates
that the known allosteric pocket is not druggable (Fig. 2),
although small molecules can bind to this site.54 By contrast, in
p38-a, both detected pockets in the D-groove and noncanonical
site are not predicted as druggable, though both sites are tar-
geted by proteins and small fragments.13

Overall, the experimentally validated allosteric pockets in
GR, LFA-1, and MAT2A are correctly predicted as druggable and
are in the rst third of the ranking. By contrast, for p38-a and
BCKDK, the allosteric pockets are not predicted as druggable or
not ranked in the rst third. These results indicate that, while
valuable in most cases, the druggability assessment may lead to
falsely negatively ranked allosteric pockets.

Detecting functional pockets via coevolution analysis

We used the Statistical Coupling Analysis (SCA) method to
identify coevolving amino acids involved in functional pockets,
such as allosteric pockets and other regulatory sites (see ESI†).
Higher values of the coverage score (CS), the percentage of
coevolving amino acids within pockets identied during the
MD simulations, indicate that the pocket is chiey composed of
© 2023 The Author(s). Published by the Royal Society of Chemistry
coevolving amino acids and, thus, likely important for the
protein function.

Over all systems, clusters of coevolving amino acids are
found in the proteins' orthosteric pockets, which have the
highest CS values (20–50%) compared to other pockets (Fig. S4
and Table S3†). We ranked the pockets found in our MD
simulations according to the CS and focused on those occu-
pying the rst third of the ranking (R33%). For GR, the a-helices
3 and 4 (Fig. 3) have several coevolving amino acids, which
might be relevant for propagating allosteric signals, as shown by
NMR experiments55 and MD simulations.56 The known allo-
steric pocket shows a CS value of 37.5% (Fig. 3 and Table S3†).
The allosteric pockets of GR, BCKDK, and p38-a have CS > 20%
and are ranked within R33% (Fig. 3). In MAT2A, the known
allosteric pocket has a low CS value of 11.3%, but still is ranked
within the best R33% of all pockets (Fig. 3). Finally, for LFA-1, the
known allosteric pocket is not within the R33% and has a CS
value of 13.6%, thus, this pocket is falsely classied by the SCA
method (Fig. 3). Although the coevolving amino acids in the
b strand region of LFA-1 (Fig. 3) suggest that the allosteric signal
is conveyed through the core of the protein, in agreement with
previous computational studies,30 the allosteric pocket is not
directly populated by coevolving amino acids.

We also identied clusters of coevolving amino acids
between the orthosteric and the allosteric pockets that connect
distant sites, which has also been reported for other systems.43

In p38-a, the majority of coevolving amino acids are in the C-
lobe, in the aC helix, and nearby the ATP pocket (Fig. 3).
These residues connect the orthosteric site with the MAPK
insert, including the known allosteric pocket and two pockets in
the D-groove and the noncanonical site, in agreement with re-
ported ndings.57 The pockets in the D-groove and the non-
canonical site have CS values of 12.5% and 35.7%, respectively,
and have been targeted by substrates, modulators,58 and small
molecules.13 The many coevolving amino acids found in the C-
lobe (Fig. 3) suggest that multiple pathways are intertwined
throughout the C-lobe to convey the signal between the
different functional sites and the orthosteric site in p38-a. In
BCKDK, the orthosteric ATP-binding pocket is connected via
a network of coevolving amino acids with both the allosteric
pocket and the putative lipoyl pocket located in the N-terminal
domain (Fig. 3). The connection between these three sites is
proposed to be key for allosteric regulation in BCKDK.54 In
MAT2A, coevolving amino acids are located in the core of the
protein at the dimerization interface, and consequently, the
pockets identied in MD simulations have an overall low CS:
only 5 out of 31 pockets have a CS > 20%. The central position of
coevolving amino acids suggests that they can preserve the
homodimers' structural stability and mediate the cross-talk
between the orthosteric and the allosteric sites.

Overall, these analyses show that the CS ranks the known
allosteric pockets of GR, BCKDK, p38-a, and MAT2A in R33%.
Hence, SCA is valuable for identifying allosteric pockets and
investigating the allosteric signal transmission. SCA failed,
however, to identify the allosteric pocket in LFA-1. This is likely
because most coevolving amino acids are located in the core of
the protein (Fig. 3).
Chem. Sci., 2023, 14, 7057–7067 | 7059



Fig. 2 Pockets ranked according to the druggability score (DS). Bar plots display the estimated druggability score (DS) for each pocket in the five
systems. Known allosteric pockets are highlighted in green. The p38-a′s functional PPI interaction sites (D-groove P16, and non-canonical site
P2) are highlighted in pink and blue, respectively. The newly identified pockets in BCKDK and MAT2A are highlighted in cyan. The red horizontal
line represents the threshold fixed at DS= 0.5. The black horizontal line highlights the pocket's positions within the first third of the ranking (R33%).
Only filtered pockets are shown.
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Detecting functional pockets from rigidity analysis

We probed how the binding of orthosteric ligands affects the
identied pockets using an ensemble- and rigidity theory-based
free-energy perturbation approach.30 Allosteric effects due to
ligand binding are described with the free-energy measure
DGi,CNA (see ESI eqn (S4)†).59–61 The per-residue DGi,CNA values
from individual trajectories correlate well for each system,
indicating robust and consistent results were obtained across
the independent MD trajectories (Table S4†). We performed
receiver operating characteristic (ROC) analyses to evaluate
whether the pockets identied in our MD simulations comprise
more residues with larger DGi,CNA values than other surface
regions (Fig. S5 and Table S5†). The area under the curve (AUC)
serves as a measure for the enrichment of larger DGi,CNA values
within the pockets (Fig. 4B and S5†). Because the entire pocket
does not need to be involved in the allosteric response, we
already consider an AUC > 0.6 as an acceptable threshold.

For GR, three pockets show enrichments with AUC > 0.6
(Fig. 4A and C). The 3rd-ranked pocket matches the co-regulator
pocket (AF-2), which forms a dynamic allosteric communication
7060 | Chem. Sci., 2023, 14, 7057–7067
pathway with the orthosteric site ∼15 Å away.55,56 In LFA-1, only
two pockets have AUC > 0.6, with the experimentally validated
allosteric pocket (AUC = 0.62) ranked at the 2nd position and
within R33% (Fig. 4C). For MAT2A, we identied 15 pockets with
AUC > 0.6 (Fig. 4C). The known allosteric pocket is ranked at the
9th position and within the R33% threshold and has AUC= 0.75.
For p38-a, we identied four pockets with AUC > 0.6 (Fig. 4C).
The top-ranked pocket (AUC = 0.93) corresponds to the D-
groove for protein substrate (MK1) or modulator (TAB1)
binding.62 However, we observed no enrichment of residues
with larger DGi,CNA values (AUC = 0.29) for the allosteric site in
the MAPK insert. For BCKDK, we identied ten pockets with
seven pockets showing AUC > 0.6 (Fig. 4C). Good enrichment
(AUC > 0.7) is found for the four pockets located at the inter-
section of the two kinase lobes and close to the putative lipoyl
pocket.63 We also observe moderate per-residue DGi,CNA values
for the a6 helix in the N-terminal domain (Fig. S6†), which is
involved in the experimentally validated allosteric pocket in
BCKDK's N-terminal domain. However, the identied pocket
that matches the allosteric site shows no enrichment (AUC =

0.46).
© 2023 The Author(s). Published by the Royal Society of Chemistry



Fig. 3 Pockets ranked according to the SCA. Bar plots display the coverage calculated via SCA for each pocket in the five systems. Known
allosteric pockets are highlighted in green. The p38-a′s functional PPI interaction sites (D-groove P16, and non-canonical site P2) are highlighted
in pink and blue, respectively. The newly identified pockets in BCKDK and MAT2A are highlighted in cyan. The red horizontal line represents the
threshold fixed at CS = 20%. The black horizontal line highlights the pocket's positions within the first third of the ranking (R33%). Coevolving
residues are represented as teal surfaces and proteins as white cartoon. Ligands are represented as sticks or cartoons (only for GR) and are
manually superimposed on the protein for visualization purposes. Structural elements discussed in the main text are labeled.
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Our ensemble-based perturbation approach shows that
pocket-lining residues have larger DGi,CNA values than other
surface residues in each system. For GR, LFA-1, and MAT2A, the
allosteric pockets are ranked within the R33% threshold and
have AUC > 0.6. For BCKDK and p38-a, seven and four pockets
are ranked at high positions, but the results from rigidity
analysis show no or only weak effects for the known allosteric
sites. Our perturbation approach focuses on the entropic nature
of allostery because it excludes conformational changes upon
© 2023 The Author(s). Published by the Royal Society of Chemistry
perturbation of the system.64 Hence, this lack of consideration
of conformational rearrangements might underlie the missing
detection of allosteric signaling between orthosteric and allo-
steric sites for both systems. In turn, the strength of this
approach is to track how orthosteric site ligands inuence
biomolecular stability and how the inuence percolates
through the structure, thus, providingmechanistic insights into
the allosteric signaling.
Chem. Sci., 2023, 14, 7057–7067 | 7061



Fig. 4 Scoring identified pockets based on results from rigidity analysis. (A) The per-residue free energies of altered structural stabilityDGi,CNA are
mapped on the surface representation of GR. Green colors depict regions identified as pockets, and orange colors represent any other surface
region. Darker colors indicate a larger change in structural rigidity. The three pockets with the highest AUC values are highlighted by dashed
circles. (B) ROC curves for the pockets from GR show enrichment of residues with larger DGi,CNA in the pocket (true positive rate) than for other
surface residues (false positive rate). (C) Bar plots display the enrichment in terms of AUC values for each pocket in the five systems. Known
allosteric pockets are highlighted in green. The p38-a′s functional PPI interaction sites (D-groove P16, and non-canonical site P2) are highlighted
in pink and blue, respectively. The newly identified pockets in BCKDK and MAT2A are highlighted in cyan. The red horizontal line represents the
threshold at AUC = 0.6, and the black line the threshold for pockets within the first third of the ranking (R33%).

7062 | Chem. Sci., 2023, 14, 7057–7067 © 2023 The Author(s). Published by the Royal Society of Chemistry
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Integrating druggability, coevolution, and rigidity analysis
into a ranking model

The above results showed that none of the three approaches
outperformed the others in ranking the known allosteric
pockets in the top positions. Only in the case of GR and
MAT2A all three methods correctly place the known allosteric
pocket within the R33% of all identied pockets. For all other
systems, only one or two of the used approaches rank the
known allosteric pockets within the R33% (Table S6†). Thus,
we linearly combined the results from the three approaches
(see ESI, eqn (S6)†). The resulting three-parameter model
correctly places the known allosteric pockets for each system
in the R33% and ranks them at the 1st position in the cases of
GR, MAT2A, and LFA-1, 2nd position for p38-a, and 3rd
position for BCKDK (Fig. 5). P6 and P19 are at the top of the
ranking for p38-a and BCKDK, respectively. While fragments
binding to P6 have been identied, their role in modulating
p38-a function has not been investigated.13 P19 is close to
BCKDK's lipoyl site. Notably, a recently published work
reports putative allosteric inhibitors binding to this pocket,
supporting our predictions.65 Other known functionally rele-
vant sites in p38-a, such as the noncanonical site and the D-
groove, are not placed in the R33%, being ranked at the 6th
and 8th position, respectively (Fig. 5). This result is mainly
due to the low druggability estimates for both sites. Unlike the
aforementioned allosteric pockets, these sites are relatively
shallow protein–protein interaction sites, making them
considerably less druggable than traditional active site
targets.66 Thus, our three-parameter model performs better
for allosteric pockets than regulatory sites that involve
protein–protein interactions. Removing the druggability
contribution from our model, the noncanonical site and the
D-groove are ranked in the 2nd and 4th position (Table S6†),
respectively. This nding suggests that combining the rank-
ings from SCA and rigidity analysis alone provides a good
indicator for identifying potential new surface regulatory sites
Fig. 5 Ranking of functional pockets. The radar plot shows the ranks
based on the three-parameter model for each system, with the green
background corresponding to the positions of the first third (R33%) of
the overall ranking.

© 2023 The Author(s). Published by the Royal Society of Chemistry
but might not be sufficient to nd better druggable allosteric
pockets.

We also tested the two-method combinations (Table S6†).
Combining SCA and rigidity analysis, as well as rigidity analysis
and DS, ranked three and four pockets, respectively, out of
seven in R33%, and thus, indicated a worse performance than
the three-parameter model. Like the three-parameter model,
the SCA and DS model combination places ve pockets out of
seven in the R33%. However, the allosteric pockets are ranked
lower than in the three-parameter model (see average rank in
Table S6†), evidencing a better performance when all three
approaches are combined.

Prediction of a novel binding pocket in MAT2A

We performed an experimental validation to assess whether
additional, high ranking MAT2A pockets according to our three-
parameter model have a functional role. First, we conducted
a fragment-based screening campaign coupled with X-ray crys-
tallography intending to identify new ligands binding to those
sites. We found that compound 1 binds to P47 (or P16 in the
secondmonomer, Fig. S2†), corresponding to the second pocket
in our ranking (Fig. 5). P47 is located on the outer surface of
MAT2A and compound 1 binds via an H-bond with Glu148 and
hydrophobic interactions (Fig. 6A). Importantly, P47 was not
predicted as druggable, as the DS is lower than 0.5 (Fig. 2). In
contrast, both SCA and rigidity analysis yielded high scores (CS
= 31%, AUC = 0.92 Fig. 3 and 4). The agreement between the
coevolution and rigidity analyses led us to hypothesize that P47
is important for the modulation of the protein's function. Due
to the low binding affinity of compound 1measured via SPR (Kd

= 550 ± 75 mM, Fig. S7†), we could not successfully functionally
characterize this fragment. Instead, we performed a rigidity
analysis to investigate if MAT2A can be allosterically regulated
by compound 1, similar to other studies.30,61 In brief, through
this methodology, we can detect the presence of an allosteric
signal triggered by compound 1 and identify the network of
residues affected by the removal of the fragment. Fig. S8† shows
that the removal of compound 1 led to overall weak stability
changes, mainly centered to the core of the monomer. The weak
changes are likely associated with the poor binding affinity of
compound 1. Nevertheless, the stability changes percolate to
both the orthosteric and allosteric pockets, indicating an allo-
steric cross-talk between P47 and the known functional sites
(Fig. S8†). Although further investigations are needed to
conrm the functional role of compound 1, our preliminary
data indicate that targeting P47 might be a promising strategy
to regulate the function of MAT2A.

Prediction and experimental validation of a novel allosteric
pocket in BCKDK

Our three-parameter model correctly identied the experimen-
tally validated allosteric site at the N-terminal lobe of BCKDK
(i.e., P13) at rank 3 (Fig. 5 and Table S6†). Interestingly,
a spatially close pocket (P10 Fig. S2†) was ranked 2nd (Fig. 5).
P10 is located between the ATP and the known allosteric pocket
P13 and it is part of the long loop region connecting the two
Chem. Sci., 2023, 14, 7057–7067 | 7063



Fig. 6 Novel pockets in MAT2A and in BCKDK. (A) X-ray structure of MAT2A in complex with compound 1 (orange sticks) bound to P47 (chain A)
and P16 (chain B). S-Adenosylmethionine (SAM, yellow sticks) is bound to the orthosteric pocket of the two chains (PDB code: 8OOG). The inset
highlights the binding mode of compound 1. H-bonds are represented as black dashes. (B) X-ray structure of the human BCKDK in complex with
compound 5 (orange sticks) (PDB code: 7ZPE), lacking the loop region due to missing electron density. The inset highlights the binding mode of
the compound. H-bonds are represented as black dashes. (C) Representative frame from MD simulations of BCKDK with the predicted pocket
(P10, light green surface) and the long loop region connecting the two lobes (green cartoon). (D) The X-ray structure containing compound 5
(orange sticks) is superimposed onto the representative frame from MD simulations showing the presence of a new subpocket (P0MD) when the
loop region is removed. (E) Concentration–response curves for compound 5 measured in an enzymatic BCKDK LC-MS assay at different
concentrations of ATP and peptide substrates: low ATP, 5 mM; high ATP, 500 mM; low peptide, 20 mM; high peptide, 400 mM. Data are from three
independent replicates.

7064 | Chem. Sci., 2023, 14, 7057–7067 © 2023 The Author(s). Published by the Royal Society of Chemistry
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lobes (see green carton in Fig. 6C). P10 was predicted as not
druggable with DS < 0.5 (Fig. 2), but both SCA and rigidity
analysis yielded high scores (CS = 58%, AUC = 0.89) (Fig. 3 and
4). The consensus of SCA and rigidity analysis led us to
hypothesize that the region comprising P10 is a critical hotspot
for kinase function, which, to our knowledge, has not been re-
ported before.

In order to validate our predictions a small fragment library
was screened against BCKDK using X-ray crystallography. A new
X-ray structure of human BCKDK kinase was generated in
complex with compound 5 (Table S7†), a fragment recently re-
ported by Bertrand et al. as an inhibitor of mitochondrial
branched-chain aminotransferase (BCATm, pIC50 = 5.7).67

Electron density corresponding to compound 5 was detected in
a cle between the a-helices 7 and 8, in proximity to P10. The
triazolopyrimidinone scaffold of compound 5 interacts with Lys
248 of a-helix 8 via an H-bond, while the p-chloro benzyl moiety
sits in a small pocket (referred to as P0X-ray, Fig. S9B†), inter-
acting with Lys 215 of a-helix 7 through a cation–p interaction
(Fig. 6B). Like in the publicly available rat BCKDK X-ray struc-
tures, the long loop in the proximity of the nucleotide pocket
connecting the two lobes cannot be detected in the electron
density, suggesting that it is highly exible. No binding was
observed within the ATP pocket.

While P10 is adjacent to P0X-ray and they share a few residues
(Fig. S10†), P0X-ray could not be fully detected in our MD
simulations because Met333 occupies the cle between a-
helices 7 and 8 (Fig. 6C and S9C†). Similarly, P0X-ray was not
detected in the X-ray structure used as the starting point of our
simulations because Met333 sits in the cavity (loop modeled
using as template the PDB code 1GKZ, Fig. S9A†). Nevertheless,
such a pocket can be identied in our MD simulations aer
manually removing the long loop from our trajectories (referred
to as P0MD Fig. 6D and S9D†). Notably, the three-parameter
model ranked the new P0MD in the R33% (Table S6†), further
suggesting that this region of the kinase is important for the
protein function. To experimentally validate this prediction, we
performed an additional in vitro study. We used an LC-MS assay
to measure BCKDK-catalyzed phosphorylation of an E1-derived
peptide substrate in the presence of various amounts of
compound 5 and at two different ATP concentrations (see ESI†).
At both high and low ATP concentrations, the pIC50 was similar
(5.07± 0.10 and 4.90± 0.23 for high and low [ATP], respectively,
Fig. 6E and Table S8†), indicating that compound 5 inhibits the
phosphorylation of the E1-derived peptide with a non-
competitive mechanism with respect to ATP binding, in agree-
ment with X-ray crystallography. To exclude the possibility that
compound 5 inhibits the kinase function by competing with the
substrate peptide, we performed a second LC-MS experiment,
this time varying the substrate peptide concentration (see ESI†).
The pIC50 of compound 5 is unaffected by the concentration of
the peptide (pIC50 = 5.07 ± 0.10 and 5.01 ± 0.17 for low and
high [peptide], respectively, Fig. 6E and Table S8†), indicating
that the ligand is not competing with the substrate. Taken
together, these in vitro experiments demonstrate that
compound 5 binds to a yet unreported pocket (P0X-ray or P0MD)
that partially overlaps with the predicted pocket (P10) identied
© 2023 The Author(s). Published by the Royal Society of Chemistry
in the full-length model of BCKDK, and conrm that compound
5 acts as an allosteric inhibitor of the kinase function in
agreement with the predictions of the three-parameter model.

We hypothesize that compound 5 alters the conformation of
the loop in the nucleotide binding pocket, affecting either the
substrate binding or the catalytic function. Without compound
5, the loop can intercalate between a-helices 7 and 8 viaMet333
(Fig. S9†). This might be the optimal loop conguration for the
correct functioning of the protein. Compound 5 displaces
Met333, forcing the loop to adopt another conformation that
might not be competent with the protein function. A recent
work also reports the importance of the loop's spatial orienta-
tion for the modulation of BCKDK's function.65 Our pocket
analyses also suggest that compound 5 can be chemically
modied to better t the predicted pocket and directly interact
with the loop region.

These results show that the pocket detection is affected by
the choice of the initial structural coordinates and the sampling
method.68 We chose PDB code 1GKZ as starting point for
modeling BCKDK because it contained the longest resolved
loop among available structures. In our MD simulations,
Met333 remained anchored in the cle, hampering the initial
detection of the crystallographic pocket occupied by compound
5. To facilitate pocket opening, one could adopt enhanced
sampling simulations26,69 or use different X-rays as starting
point. However, it is encouraging to see that the three-
parameter model is sensitive enough to detect the region of
the protein around P0X-ray as functionally relevant. This indi-
cates that the three-parameter model can provide useful
insights even in the cases of partial opening of the pockets
during the MD simulations.

Conclusion

While great progress has been made in prediction of orthosteric
pockets, it remains challenging to identify and characterize
other functional sites, such as allosteric pockets. In this work,
we developed a three-parameter model to highlight new
potential allosteric sites from a set of identied pockets and
used it to predict a novel allosteric pocket in BCKDK.

Firstly, we rst performed 500 ns long conventional MD
simulations to aid the opening of hidden pockets and analyzed
the trajectories to detect pockets exposed over time. The MD
simulations aided the early detection of allosteric pockets that
were occluded in the unbound protein X-ray structure, further
demonstrating that simulations are a valuable tool for identi-
fying hidden pockets.68 Other schemes, such as enhanced
sampling simulations in combination with co-solvents, could
replace conventional MD simulations when the opening of
a hidden pocket is governed by a larger protein conformational
rearrangement.70 Secondly, we evaluated which pockets are
more likely to be allosteric using a ranking model that
combines druggability, coevolution and rigidity analysis infor-
mation. The two latter parameters have been used separately
before to scrutinize allosteric signaling.30,42 We tested the three-
parameter model on ve allosterically regulated proteins
belonging to different families (LFA-1, p38-a, GR, MAT2A, and
Chem. Sci., 2023, 14, 7057–7067 | 7065
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BCKDK). Remarkably, our three-parameter model successfully
ranked all experimentally validated allosteric pockets for all
systems in the top three positions. Combining only two of the
parameters led to inferior performance.

Finally, we validated our three-parameter model on MAT2A
and BCKDK, performing in vitro experiments to characterize the
role of unreported pockets that were predicted as allosteric by
our approach. In MAT2A, X-ray crystallography showed that
compound 1 binds a novel pocket located on the outer surface
of the protein. The potential functional role of this pocket was
highlighted by the rigidity analysis. In BCKDK, X-ray crystal-
lography showed that a small molecule BCAT inhibitor
(compound 5) binds in a cavity that partially overlaps with the
predicted pocket from our approach. This new cavity is only
visible in the MD simulations when the loop comprising
Met333 was not modeled, and it was also predicted as allosteric
by our three-parameter model. LC-MS biochemical assays
showed that compound 5 allosterically inhibits BCKDK,
corroborating our predictions. These results suggest that our
model can be prospectively applied in the early stages of drug
discovery projects to identify novel allosteric pockets.
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