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Computational advances in discovering cryptic
pockets for drug discovery
Martijn P. Bemelmans1,4, Zoe Cournia2,
Kelly L. Damm-Ganamet3, Francesco L. Gervasio4 and
Vineet Pande1

A number of promising therapeutic target proteins have been
considered “undruggable” due to the lack of well-defined
ligandable pockets. Substantial research in protein dynamics
has elucidated the existence of “cryptic” pockets that only exist
transiently and become favorable for binding in the presence of
a ligand. These pockets provide an avenue to target chal-
lenging proteins, inspiring the development of multiple
computational methods. This review highlights established
cryptic pocket modeling approaches like mixed solvent mo-
lecular dynamics and recent applications of enhanced sam-
pling and AI-based methods in therapeutically relevant
proteins.
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Introduction
Drug discovery efforts traditionally focus on finding
molecules aimed at endogenous ligand binding sites of

target proteins. This has proven to be difficult for

numerous targets, including transcription factors,
phosphatases, and GTPases, due to a respective lack of
interfacial ligandable pockets, presence of highly
conserved and/or poorly ligandable orthosteric sites, and
picomolar-affinity endogenous binders [1]. In search of
alternative approaches to modulate such difficult tar-
gets, the frameworks of allostery and crypticity have
recently garnered considerable attention. Allostery can
be defined as a modulation of the orthosteric site by a
molecule, membrane, or posttranslational modification
acting at a distal site that impacts protein function. This

has advantages over targeting the orthosteric site, as
reviewed elsewhere [2]. But, to realize its potential, it is
necessary to first establish the presence of a ligandable
secondary site.

As many proteins lack well-defined allosteric sites,
cryptic pockets constitute a novel but challenging
advance in drug discovery. While their mechanism of
formation is still an active area of research and often
case-dependent, they appear to emerge in transient
excited states by protein structural fluctuations and

conformational changes in solution as well as upon
ligand binding [3]. After induced-fit, conformational
selection, or a combination thereof, the pockets acces-
sible in these minor protein states must be promptly
stabilized with a molecule to prevent closing [4].
Consequently, these short-lived pockets are difficult to
detect both experimentally and computationally and are
aptly labeled “cryptic” [5]. While there is no consensus
yet on what constitutes “cryptic” in this regard; we
define a cryptic pocket as one that is well-formed with
favorable ligand binding properties [6] not observed in

the unbound structure(s) available at the start of a drug
discovery project. Figure 1 shows examples of cryptic
pockets in pharmaceutically relevant targets, high-
lighting the variety of protein motions that can underlie
their formation.

Binding cryptic pockets with allosteric modulators has
already displayed pharmaceutical value by enabling
tractability of targets that were once considered
undruggable, such as K-Ras [7], p53 [8], and Ebola
VP35 [9], to name a few. Nevertheless, most cryptic
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pockets so far have been discovered serendipitously
while screening compound libraries, where X-ray
crystallization revealed a hit compound to bind a
pocket that was absent in the unliganded structure,
such as recently in IL-1b [10]. Computational

approaches may have the ability to investigate cryptic
pockets, as they can help prioritize targets for exper-
imental or virtual screening (VS) and provide new
information related to cryptic pocket formation [6,11].
Indeed, a recent VS against a cryptic pocket in HSP70
found several micromolar compounds with varying
scaffolds [12]. In the following sections we review
state-of-the-art in silico tools to investigate cryptic
pockets (Table 1, Figure 2) through case studies in
pharmaceutically relevant proteins, and
we conclude on emerging approaches impacting

the field.

Mixed-solvent molecular dynamics based
methods
Mixed-solvent molecular dynamics (MSMD) is one of
the most used computational tools by investigators to
assist in uncovering cryptic pockets, with recent appli-
cations in integrins [44] and the SARS-CoV2 Spike
glycoprotein [45]. Here, cryptic pockets were identified
as preferential binding areas of cosolvents. Owing to its
many years in use, MSMD has gone through extensive
(in)validation. Typical known challenges include i)

phase separation between the cosolvent and water, ii)
lingering of cosolvents at superficial sites, iii) protein
unfolding, and iv) correlation between cosolvent polarity
and hydrophilicity of mapped pockets. When these
limitations are anticipated, MSMD can help to uncover
cryptic pockets, as illustrated by Martinez-Rosell et al.
[14]. By using low benzene concentrations (�0.2M)

Figure 1

Cryptic pocket formation in pharmaceutically relevant targets. Key protein elements involved are highlighted in red, and ligands binding the cryptic
pockets are colored blue. In Bcl-XL an alpha helix displaces to turn the flat surface present in the apo state (PDB ID 1R2D) into a well-formed ligandable
pocket in the holo state (PDB ID 2YXJ). For p38a, the pocket entrance and exit are already accessible in apo form (PDB ID 1WBS), but a tryptophan and
methionine residue must move out to make the pocket ligandable (PDB ID 3HVC). NKG2D (PDB ID 1R2D vs 8EA6) exemplifies that cryptic pockets can
emerge through dynamics at interdomain or, in this case, protein–protein interface sites (using pink and white to differentiate monomers). In PTP1B, a
nearby loop closes in on a preexisting cavity in the apo state (PDB ID 2CM2) to form a well-defined ligandable pocket (PDB ID 2H4K). This highlights that
cryptic pockets can also emerge by “closing motions” rather than protein elements moving out of the way, as in Bcl-XL and p38a.

2 New Concepts in Drug Discovery (2025)
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Table 1

Overview of computational methods to investigate cryptic pockets and their known challenges, as discussed in the article.

State of the art Known
Challenges

Typical solutions Additional remarks

Mixed solvent
molecular
dynamics

Phase separation
between probe
and solvent

Test and change probe force– field parameters to
concur with experimental densities [13]

Requires extensive validation [13]

Use water-miscible probes [13] The polarity of the probe is highly correlated with
the polarity of the pockets it finds [14,15]

Use lower probe concentrations [14] May require longer simulation times, which is
resource-intensive and risks protein unfolding [14]

Use repulsive forces between probes to prevent
aggregation [4,14]

Can prevent sampling of larger pockets that can fit
multiple probes [16]

Use coarse-grained MD such that it is sufficient to
have only a single probe that can be followed in its
trajectory to find the cryptic binding pocket [17]

Flexibility constraints limit the extent of
conformational changes that can be sampled [18]

Spurious site
mapping

Only analyze probe occupancies at the end of the
simulation to focus on pockets that open later [16]

It is unknown beforehand at what timescale buried
pockets become accessible

Use hydrophobic probes to discourage binding on
superficial sites [16]

Risks probe aggregation and protein
unfolding may only sample hydrophobic pockets
[14,15]

Protein unfolding Apply protein positional restraints to keep
structural elements close together [4]

Can hamper sampling of buried pockets that
require large backbone motions [16]

Use lower probe concentrations to reduce protein
opening motions by probes [16]

May require longer simulation times, which is
resource-intensive and risks protein unfolding [14]

Use many short simulations to subject the protein
only shortly to pushing forces [16]

May not allow large conformational shifts
necessary for cryptic pocket formation

Pocket-probe
polarity
dependence

Use a range of probes covering aromatic,
aliphatic, hydrogen bond donating/accepting, and
charged moieties to target pockets of varying
chemistry [14,15,19]

Each probe risks phase separation, aggregation,
and bad force– field parameters [13]

Pocket-starting
structure
dependence

Use a range of (AlphaFold generated) starting
structures, regardless of quality or binding state
[20]

Sometimes only a single structure is available and
AlphaFold may fail to generate sufficiently diverse
protein conformations to yield a desired impact

Solvent occluded
pockets

Combine mixed-solvent MD with accelerated MD
to promote large conformational changes [16,19]

Can still require long simulation times, and the
added energy in accelerated MD may force
probes to exit cryptic pockets more quickly [19]

Combine mixed-solvent MD with scaled protein-
water interactions (SWISH) to promote large
conformational changes [4]

The high probe concentration and scaling factor
require flexibility restraints to prevent unfolding [4]

Combine mixed-solvent MD with Monte Carlo
(SILCS) to insert/delete probes at grid points in
the protein that may not be easily solvent
accessible [21]

The dynamics observed in SILCS typically involve
side chain rearrangements [21]

Application in
GPCRs

Only place probes in the water phase [22] Need to sample longer to allow transmembrane
diffusion, making protein unfolding more likely [22]

Apply a barrier to restrict probes to a certain area
[23]

Does not study pocket opening in the full protein

CV-based
sampling

Finding
instructive CVs

Perform dimensionality reduction methods like
principal component analysis on unbiased MD to
obtain the motions describing maximal variance
[24]

Works best when cryptic pocket formation is seen
in unbiased MD, which eliminates the need for a
CV(24)

Markov state modeling to find slow motions from
unbiased MD trajectories [25,26]

Highly resource-intensive, generally requiring
hundreds of microseconds sampling time [26]

Normal mode analysis to find slow motions in a
protein structure [27]

It is difficult to select modes involved in functional
dynamics, and the method generally still struggles
with local dynamics and large conformational
shifts [27]

tICA on unbiased MD to reduce many dimensions
to a few describing maximal autocorrelations [28]

Does not always evade the need for
foreknowledge on the cryptic pocket location [28]

Using suboptimal
CVs

Use a static bias to enhance convergence in the
sampled free energy profile [29]

The protein may get trapped in a local minimum,
hindering sampling of the state of interest [29]

Use an adaptive bias to resolve kinetic trapping
[29]

May sample so many high-energy states that the
state of interest may be difficult to identify

On-the-fly probability enhanced sampling
(adaptive bias that quickly becomes static) [30]

Still requires an instructive CV to evade the issues
associated with static or adaptive biases [29]

(continued on next page)
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instead of repulsion potentials, prioritizing long-
residence-time binding areas, and simulating at short
timescales (<50 ns), they could bypass the first three
issues and retrieve cryptic pockets for most targets. A
limitation that was later addressed by Szabó et al. [15]
and Clark et al. [20] was the use of a single cosolvent and
starting structure, which may explain why some pockets
were missed. Szabó et al. [15] showed in SARS-CoV2
RdRp that different probes can unlock exclusive pro-

tein states exhibiting different pockets, and Clark et al.
[20] found that the success of retrieving validated
pockets depends on the starting structure, irrespective
of apo/holo state or quality (up to 2.5 Å resolution). While
the choice and concentration of cosolvent thus dictates
the conformational ensemble explored; they only serve
as “computational probes” to find novel pocket space
and are not intended to be used as ligands themselves.

Advances in MSMD have enabled value for G-protein-
coupled receptors (GPCRs) and buried pockets. Using

MSMD in GPCRs requires extra attention to prevent
clashes with membrane lipids and allow transmembrane
diffusion. For example, by placing cosolvents in the water
phase and simulating longer [22] or using a barrier to
confine probes to a select area [23]. Chan et al. [22]
recently used the former method to retrieve cryptic
pockets in CeC chemokine receptor 2 and cannabinoid

receptor type 1, and suggest novel pockets in the M2

muscarinic and m-opioid receptors. Notably, the MacK-
erell Jr. group was able to apply their probe-based
method, “Site Identification by Ligand Competitive
Saturation” (SILCS), to GPCRs before by iterating MD
sampling and probe insertion/deletion with Monte Carlo
[21]. While they retrieved (partially) occluded pockets
in three GPCRs, the biggest structural change involved
sidechain reorientations in the androgen receptor.

When large conformational shifts underlie cosolvent
binding, MSMD can be coupled to accelerated MD,
which augments protein dynamics with a bias. For
instance, Tan’s accelerated ligand-mapping MD (16),
using 0.2 M benzene for 200 ns, retrieved buried cryptic
pockets in all eight test cases, including Bcl-xL and
PTP1B. Carlson’s aMD þ MixMD (19), using 5% v/v
organic cosolvents for 100 ns, conversely missed the
pocket in four of twelve cases. Namely, cMet, PTP1B,
AANAT, and TEM-1 b-lactamase, which all require helix

displacements. This illustrates that the success of
MSMD is case-dependent when large structural shifts
are involved and, as stated by Carlson et al. [19],
suggest that probes may not fully drive cryptic pocket
opening but rather opportunely bind dynamic opening
cavities. Indeed, this aligns with early observations in
“Sampling Water Interfaces through Scaled

Table 1 (continued )

State of the art Known
Challenges

Typical solutions Additional remarks

OneOPES (REX + OPES explore) to iterate
between adaptive and static biases [31]

Applicability on large systems for cryptic pocket
discovery is not widely substantiated

AF2-RAVE (iteratively build the CV) [32] Applicability on large systems for cryptic pocket
discovery is not established

Identifying
actionable cryptic
pockets

Only consider pockets that have a good
ligandability score [6,33,34]

Ligandability scoring functions are case sensitive.
Also, depending on the MD snapshot used, a
pocket may score highly or poorly ligandable [33]

Establish crosstalk between the putative and
orthosteric pockets or use mechanistic
knowledge of the target to select pockets that are
likely to incite a functional effect upon ligand
binding [35,36]

The prior knowledge required for these
approaches may not be available

Focus on pockets that are backed up by
supporting data, such as aligning well with known
pockets in homologous targets or those
composed of residues implicated in coevolution
[33,37]

Such data may not be available for the target of
interest

AI-based pocket
detection

Finding areas
likely to be
involved in
crypticity

Algorithms like PocketMiner can score the
likelihood of any residue to be involved in cryptic
pocket formation [38]

Still requires sampling with MD on the area
identified by the scoring algorithm [38]

Find instructive
data-driven CVs
for biased MD

Use cryptic pocket open and closed states to
define a progress coordinate underlying cryptic
pocket formation [39]

Such data may not be available for the target of
interest

Protein clashes
when placing
ligands in a rigid
protein model

Include flexibility in sidechains after ligand
placement [40]

Typically focuses on sidechain rotations and
retains an apo-like backbone, which can be
detrimental for cryptic pocket discovery [41]

Fold the protein and ligand together in co-folding
[42,43]

Has not been widely validated for cryptic pockets

4 New Concepts in Drug Discovery (2025)
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Hamiltonians” (SWISH) [4], a method that combines
MSMD with scaled protein-water interactions. Where
benzene probes without SWISH typically failed to bind
the cryptic pocket in TEM-1 b-lactamase even after
1 ms, the application of SWISH exposed a cavity that

these molecules could enter to fully shape the pocket.
In this light, standard MSMD appears suited when small
conformational changes are expected, but alternative
tools may be desirable to cover large-scale dynamics.

Collective variable based methods
To cover more extensive dynamics, biased sampling
methods can be used, which typically conduce rare
events by pushing the protein along a collective vari-
able (CV). This is a parameter describing one or more
degrees of freedom, like a distance or angle between
atoms. Given that CVs force exploration of a confor-
mational subspace, they ideally describe the key mo-
tions underlying cryptic pocket formation. But
biological systems have many degrees of freedom, most
of which do not individually drive state transitions. As

such, dimensionality reduction techniques like prin-
cipal component analysis (PCA), are routinely used to
define CVs. Benabderrahmane et al. recently applied
PCA on 100 ns unbiased MD of Mcl-1 to obtain CVs
that drove cryptic pocket opening in well-tempered

metadynamics [24]. While this shows value for PCA,
a pocket-opening event notably occurred in the unbi-
ased simulation. This is a golden scenario for CV
design, as it captures the dynamics of pocket forma-
tion, but it is rare to occur within 100 ns. This turns
CV design into a circular problem at short timescales,
where defining good CVs requires observing state
transitions in MD while observing state transitions in
MD requires sampling along good CVs. Alternative
tools for CV design include normal mode analysis
(NMA), Markov state modeling (MSM), time-lagged

independent component analysis (tICA), and Just
Exploring Druggability at protein Interfaces (JEDI)
[46]. Sampling informed by these tools, respectively,
showed value in cryptic pocket detection for exportin 1
(27), methionine aminopeptidase II (25), NPC2 (28),

Figure 2

Overview of different computational approaches to investigate cryptic pockets. Depicting the pocket-closed state in red, potential intermediate
states in white, and the pocket-open state in blue. While there is generally no strict limit to the motions accessible to these methods; they are grouped
based on the timescale at which the motions typically observed in these approaches naturally occur. That is, smaller-scale dynamics like sidechain
rotations and small protein opening motions that occur on the picosecond to nanosecond timescales are generally observed in a standard protocol
execution of mixed-solvent MD, SILCS, and NMA. SWISH, Markov state modeling, and AI-based crypticity detection methods generally identify potential
binding areas or conformational shifts occurring in the microsecond to millisecond range, and biased MD along a CV or AI-based cofolding approaches
can enable the slowest conformational changes such as those occurring in protein folding pathways on the second to minute timescale. SILCS, Site
Identification by Ligand Competitive Saturation; NMA, normal mode analysis; SWISH, Sampling Water Interfaces through Scaled Hamiltonians; CV,
collective variable.
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and VHL (46). Still, there are some limitations since
NMA struggles with large structural shifts and local
dynamics, MSM typically needs hundreds of micro-
seconds of sampling time, tICA at times requires
foreknowledge of the cryptic pocket location, and JEDI
is an expensive CV [25,27,28,46].

The best achievable CV is still often suboptimal [47]

given the challenge in including all relevant motions.
Importantly, cryptic pocket formation will remain rare
when missing even a single involved motion, which can
include water dynamics [48]. While adding more CVs
could improve the method; using more than a handful
greatly reduces simulation speed. So, one must typically
choose between convergence and exploration for com-
plex targets [29]. On one hand, a static bias can be
applied on the suboptimal CV to favor convergence but
risk kinetic trapping due to the unaccelerated dynamics.
Alternatively, a rapidly changing adaptive bias can push

the system out of such traps but disallows convergence
until becoming (quasi)static. To allow both exploration
and fast convergence for suboptimal CVs, Invernizzi and
Parinello introduced On-the-fly Probability Enhanced
Sampling (OPES) [30]. But CV quality remained

critical, leading to the development of an exploration-
focused variant [29]. To further reduce dependence on
CV quality, the latest OPES variant, termed
“oneOPES”(31), combines OPESexplore [29] with
replica exchange and multithermal sampling. By raising
the temperature along the replica ladder, convergence is
favored in bottom replicas while conducing exploration
in top replicas even along coordinates ignored by the CV

[49*]. These methods are invaluable in efficient sam-
pling of slow motions, such as protein folding pathways,
along which cryptic pockets can be uncovered, as illus-
trated for the dual-specificity tyrosine-phosphorylation-
regulated kinase 1A [50].

Finding actionable pockets
Although biased MD can efficiently sample large
conformational shifts, it does not implicitly accentuate
pockets and thus requires pocket detection algorithms.
These often highlight many cavities without appropriate
ranking, hindering the selection of actionable pockets
from false positives. While MSMD can likewise return
many binding areas, its probe data can guide pocket
selection by focusing on those with high probe occu-

pancy and residence time [14]. Absent or supporting

Figure 3

Selecting actionable pockets from a pool of candidates. An illustrative example of selecting an actionable pocket from a host of candidates found by
pocket detection algorithms, based on a case described by Oraby et al. [34]. Pocket detection suggested 122 candidate pockets in the apo RSV L–P
complex (PDB 6PZK). Although inspired by the original case, this figure depicts fewer and mostly different pockets (defined by MOE SiteFinder) for
illustrative purposes. Selecting only pockets found in consensus by three different pocket detection algorithms and displaying favorable ligandability
scores narrowed the pool down to six candidates. Of these, the known active site was removed, leaving five. Finally, the selection was made for the one
pocket that was close to the nucleoside triphosphate (NTP) entry site, making it likely that liganding this pocket could lead to a functional effect in the
protein, and had its composing residues conserved in a sequence alignment of homologous viruses.

6 New Concepts in Drug Discovery (2025)
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such data, actionable pockets can be identified by three
traits: ligandability, functional relevance, and (co)evo-
lution (Figure 3). First, a candidate pocket should have
favorable ligand binding properties [6]. This is typically
gauged by scoring functions, such as DScore and Site-
Score of SiteMap [51], which assess features including
volume, shape, and hydrophobicity. Secondly, liganding
the pocket should incite a functional effect, though it

should be noted that nonfunctional sites can still be
useful for molecular glues and PROTACs [52]. This can
be inferred from mechanistic knowledge of the target, as
illustrated by Balasubramaniam et al. [35], who found a
functional ligand by pursuing the only candidate pocket
in ApoE4 located near the core of the DNA-binding
region. Functional impact can also be verified by estab-
lishing a connection between the candidate pocket and
orthosteric site. This is exemplified by Ni et al. [36],
who found that the interaction free energy of residue
pairs in the actionable candidate pocket changed upon

NAD þ binding in the orthosteric site. The Colombo
group similarly showed that monitoring internal protein
energetics with and without the orthosteric ligand pre-
sent can help to define residue groups that are most
responsive to ligand binding as (cryptic) allosteric
hotspots [53]. Finally, pocket selection can be supported
by (co)evolution and similarity data. La Sala et al.
[33] showed that functional allosteric pockets typically
contain coevolving residues, and Yu et al. [37] discov-
ered a functional Wntless ligand by pursuing the pocket
that aligns with known GPCR drug binding sites.

Notably, integrating these traits gives optimal results
[33,34], and if sufficient computational power is acces-
sible, additional value can be drawn from the generation
of quantitative conformational ensembles. For instance,
the 0.1s sampling of SARS-CoV-2 by Folding@home
enabled a quantitative probability measure of epitope
exposure to guide antibody design [54]. While these
approaches can aid in pocket selection, experimental
validation is a necessary final step. This is typically
achieved by binding and/or functional assays with a
molecule identified through (virtual) screening against
the hypothesized pocket [33,35,37], crystallizing a

screening hit [12], or site-directed mutagenesis to
validate the effect of perturbing the new pocket [36].

Artificial intelligence based approaches
Cryptic pocket discovery has recently been enriched

with AI-based methods [55], either to support the
physics-based approaches described above or as stand-
alone solutions. An example of the former is Pock-
etMiner [38], which scores the likelihood of protein
residues to be involved in cryptic pocket formation to
prioritize targets for further analysis in MD. Another
strategy is the use of AlphaFold [56] (AF) to generate an
ensemble of target structures that may exhibit partially
open cryptic pockets, which can be fully formed in
subsequent MD and MSM [57]. AF2-RAVE (32) from

the Tiwary lab similarly uses AF-generated protein
states but then iterates MD and autoencoder-based
analysis to gradually build a CV for enhanced sam-
pling [58]. The use of data-driven CVs in biased MD is
emerging [39], though the need for structures in both
open and closed states complicates this methodology
when only one state is available. In this context,
methods capable of generating protein ensembles

covering such open and closed conformations can be
used, like SPEECH_AF [59]) and AF-cluster [60].

Standalone AI solutions typically focus on the place-
ment of ligands anywhere in a (modeled) protein
structure. For instance, CobDock [61], which performs
such blind docking, AlphaFill [62], which transplants a
ligand from an experimental structure into a protein
model, and DynamicBind [40], which places input li-
gands into a (modeled) protein followed by translation
and rotation to include dynamics. Notably, the latter
enables large conformational shifts and successfully
retrieved a cryptic pocket in the histone methyl-
transferase SET2D. Still, AI-based blind docking is less

generalizable across the proteome than physics-based
docking [63], transplantation can lead to protein-
ligand clashes, and methods including flexibility often
retain an apo-like backbone, hampering performance for
cryptic pocket discovery [41]. Some generative methods
go one step further and take only one-dimensional
protein (sequence) and compound (SMILES) infor-
mation to fold them together, i.e. cofolding. These
methods, which have the potential advantage of placing
ligands in cryptic pockets and directly rank order them,
include AlphaFold3 (42) and NeuralPlexer [43]. While
the solutions promised by these methods are consider-

able, their value in cryptic pocket discovery remains to
be widely validated.

Emerging approaches and conclusions
While most AI models only recently emerged, their po-

tential in cryptic pocket discovery is evident, such as is
the case for coarse-graining (CG) and CG-informed CVs
[18]. Reducing protein resolution enables simulation on
timescales at which cryptic pockets can emerge, as
shown byDiamanti et al. [17], who used CGMD to find a
partially hidden site in energy-coupling factor trans-
porter FolT2. Coarse-graining and back-mapping to an
all-atom description also enables cryptic pocket
modeling in large protein complexes [64]. While
parametrization and flexibility constraints are restrictive,
developments like theMartini-G�omodel and integration

of CGMD with MSMD [65] have poised the method for
impact in cryptic pocket discovery. Although monomeric
soluble or transmembrane proteins have been the main
focus, applications in RNA [66] and proteineprotein
interfaces [49] are establishing cryptic pockets as a uni-
versal target to exploit in therapeutics discovery. The use
cases described throughout this review, give the
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impression thatMSMD ismost suited to study sidechain
rearrangements and local dynamics, while biasedMDcan
help investigate larger dynamics. AI models have the
unique position to span the entire field, with clear sup-
portive and standalone roles and applicability in both
local and global dynamics. Altogether, the combination of
orthogonal AI- and physics-based approaches reviewed
here combined with the knowledge of target biochem-

istry and other available experimental information at
hand is set to impact this field in providing novel hy-
potheses and new chemical starting points for chal-
lenging yet high-potential drug targets.
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