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ovo design of synthetically
feasible structures guided by molecular docking

Guzel Minibaeva, a Haolin Du, b Finlay Clark, c Julien Michel b

and Pavel Polishchuk *a

The de novo generation of chemical compounds represents a compelling strategy for the exploration of

a significantly broader chemical space compared to traditional virtual screening methods. However,

fragment-based approaches often encounter challenges related to the low synthetic accessibility of

generated structures. In this study, we integrated the previously established fragment-based structure

generator, CReM, with molecular docking techniques implemented in EasyDock to facilitate the

exploration of chemical space. This novel methodology enables indirect control over the synthetic

accessibility and diversity of the generated structures, enhances an objective function to yield

compounds with desirable physicochemical properties, and maintains key protein–ligand interactions

and ligand conformations. The structures generated through this approach exhibited a high degree of

novelty and demonstrated competitiveness with those produced by leading methodologies in the field,

as demonstrated by Absolute Binding Free Energy calculations. We illustrated the versatility of the

developed approach through several case studies, showcasing its applicability to both de novo

generation and fragment expansion tasks. The tool developed in this study is open-source and can be

accessed at https://github.com/ci-lab-cz/crem-dock.
Introduction

The vastness of drug-like chemical space, estimated to encom-
pass approximately 1036 compounds, makes it impractical to
fully enumerate or even to sample a representative subset for
the purpose of virtual screening.1 De novo design offers
a promising approach to identify novel chemical entities within
this extensive chemical space by exploring only a small fraction
of it. This method integrates a structure generation tool with an
objective function that is optimized during the exploration of
the chemical space, directing the generator towards the most
promising regions.2,3 Currently, there exist various methodolo-
gies for the generation of molecular structures from rst prin-
ciples.4,5 However, a signicant limitation of many structure-
generation techniques is the limited synthetic accessibility of
the molecules generated.6 Additionally, the choice of objective
function employed in the search for promising molecular
structures can impose further constraints. The use of machine
learningmodels to guide chemical space exploration introduces
challenges associated with their limited applicability domain.
In particular, such models oen perform poorly when
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predicting properties of molecules that differ substantially from
those represented in their training data,7 thereby constraining
the practically accessible search space for de novo design.8 In
contrast, molecular docking offers broader applicability and is
less biased towards specic chemotypes or structural motifs,9–11

making docking scores a potentially more suitable objective
function for the identication of novel promising compounds.
However, docking is still a proxy for binding affinity and has its
own set of challenges. The main issues arise from a lack of
consideration for protein exibility (known as induced t due to
ligand binding), the neglect of explicit water molecules that may
inuence protein–ligand interactions, the difficulty in assessing
ligand exibility, which can lead to inaccurate binding entropy
estimates, and challenges in accurately estimating solvation/
desolvation factors.9,10,12,13 Such effects can be accounted for
using free energy methods such as alchemical absolute binding
free energy calculations,14,15 but their high associated compu-
tational cost restricts their use to a late-stage lter in de novo
design pipelines. Therefore, in spite of these constraints,
docking has proven valuable in identifying promising candi-
dates when exploring extremely large chemical libraries.16–18

Numerous approaches combine de novo structure generation
with molecular docking to identify novel bioactive compounds.
Reaction-based methodologies enumerate molecules using
predened reaction rules to improve synthetic plausibility. For
example, AutoCouple19 generated ∼70 000 ligands for the CBP
bromodomain from three reactions, leading to 53 synthesized
Digital Discovery
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compounds and a highly potent and selective inhibitor
(IC50 = 35 nM). Similarly, Chevillard et al.20 expanded fragment
hits for the b2-adrenergic receptor via reaction-based linking,
yielding compounds with up to 40-fold affinity improvements.
Other tools such as NAOMInext21 and AutoGrow4 22 iteratively
grow or recombine molecules using reaction rules and docking-
based evaluation, with AutoGrow4 demonstrating docking
scores exceeding those of known ligands. However, while
reaction-based approaches are intended to enhance the likeli-
hood of synthetic accessibility of the designed structures, they
do not guarantee it. For example, the top-scoring structures
generated by AutoGrow4 have been found to lack synthetic
feasibility.22 Another limitation pertains to the coverage of
chemical space, which depends on the selected reaction rules
and the libraries of building blocks.

Fragment-based methods offer broader chemical space
exploration but oen at the cost of reduced synthetic accessi-
bility. Strategies to mitigate this include post hoc ltering or
explicit biasing during optimization. LigBuilder23 applies retro-
synthetic ltering aer fragment growth, whereas Graph-GA24

integrates a synthetic accessibility (SA)25 score directly into the
objective function, markedly increasing the proportion of
synthetically feasible top-ranked compounds. Other tools, such
as OpenGrowth26 and FragExplorer,27 introduce implicit synthetic
bias by restricting allowable fragment connections based on
observed chemical patterns. While these constraints improve
chemical plausibility, they provide limited control and do not
consistently yield drug-like or synthetically accessible molecules.

Machine learning-based generative models represent a third
major category. OptiMol28 and SampleDock29 employ variational
autoencoders guided by iterative docking, while DockStream30

provides a docking wrapper that integrates with recurrent
neural network-based reinforcement learning frameworks such
as REINVENT SBMolGen31 combines recurrent neural networks
with Monte Carlo tree search and docking. These approaches
can generate molecules with docking scores comparable to or
exceeding those of known actives and oen maintain reason-
able drug-likeness and SA scores. Nevertheless, issues such as
declining novelty, limited explicit control over synthetic feasi-
bility, and high computational cost remain. Reaction-aware
neural models, such as SynFlowNet32 and RGFN,33 further
integrate docking and retrosynthesis signals but are computa-
tionally demanding and tend to generate highly aromatic
structures with suboptimal drug-likeness and limited capacity
for further optimization.

Overall, fragment-based and machine learning-driven
approaches provide superior chemical space coverage relative
to reaction-based methods, but synthetic feasibility remains
a central challenge. Synthetic biasing can be introduced
explicitly through objective functions or implicitly through
structural constraints; however, explicit methods require care-
ful scoring and weighting, while implicit strategies are oen
overly simplistic and lack ne-grained control.

Previously, we introduced CReM,34 a fragment-based frame-
work that indirectly biases generation toward synthetically
accessible molecules by restricting bond formation to chemical
contexts observed in synthesized compounds. CReM supports
Digital Discovery
fragment growth, mutation, and linking, and its synthetic
relevance has been validated using SA scores and retrosynthetic
analysis.35 Building on CReM, Moldrug36 was developed as
a structure-based optimization tool for hit-to-lead design. Mol-
drug employs a genetic algorithm to optimize docking, drug-
likeness, and synthetic accessibility. While Moldrug supports
multi-objective optimization and interactive analysis, it is
currently limited to AutoDock Vina and does not incorporate
protein–ligand interaction ngerprints into its objective func-
tion; however, it may be extended with additional objectives.

In this study, we developed and implemented a de novo
generation pipeline, named CReM-dock, which employs a frag-
ment growing strategy informed by the CReM generative
approach34 and is guided by molecular docking techniques
integrated within the EasyDock module.37 The development of
EasyDock was largely driven by the lack of accessible, fully
automated open-source docking pipelines capable of seamless
integration with third-party soware. Consequently, its devel-
opment proceeded concurrently with that of CReM-dock. The
modular architecture of CReM-dock facilitates the modication
and enhancement of individual components. While CReM
offers ne-tuning control over the synthetic accessibility of the
generated molecules,35 the integration of EasyDock provides
a unied interface for a fully automated docking pipeline,
encompassing ligand preparation and various molecular
docking methodologies. This integration signicantly stream-
lines the execution, processing, and analysis of docking results.
Currently, EasyDock is compatible with AutoDock Vina,38

Smina,39 Gnina40 programs and other derivatives of Vina:
QVina2,41 QVina-W42 and their GPU implementations.43 Addi-
tional program support can be incorporated into EasyDock,
thereby making them readily accessible to CReM-dock.

Current de novo design pipelines guided by molecular
docking oen incorporate proprietary components, limiting
their accessibility to the broader research community. Among
these, protonation tools are the most commonly used proprie-
tary modules within existing docking workows. While some
pipelines neglect ligand protonation altogether, others employ
OpenBabel, which utilizes a simple rule-based approach. To
address these limitations, we have integrated multiple open-
source protonation tools into EasyDock and validated them.
Notably, the protonation tool based on the Uni-pKa model44

exhibited the highest agreement with the proprietary soware
from Chemaxon. The incorporation of open-source protonation
tools has made the entire CReM-dock pipeline fully open-source
and freely accessible.

CReM-dock is capable of addressing two distinct scenarios:
(i) fragment expansion or scaffold decoration, and (ii) de novo
design. In the rst scenario, the generation process commences
from a dened pose of a seed molecule or fragment, which may
be derived from the X-ray structure of a protein–ligand complex
or obtained through alternative computational modelling
techniques, such as molecular dynamics simulations. In the
second scenario, the initial fragments can be sourced from any
existing library of fragments or building blocks. These frag-
ments undergo sequential expansion, with the most promising
candidates advancing to subsequent iterations. A notable
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00131a


Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

8 
A

pr
il 

20
26

. D
ow

nl
oa

de
d 

on
 5

/7
/2

02
6 

1:
32

:4
2 

A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
feature of CReM-dock is its ability to specify important protein–
ligand interactions that must be preserved throughout the
generation process, as well as to maintain the coordinates of the
seed fragment in the resulting structures, which is particularly
pertinent in the context of the fragment expansion scenario.
Methods

In alignment with established methodologies, our approach
utilizes an iterative strategy for exploring chemical space
through fragment growth, which encompasses several stages
(Fig. 1): (i) the docking of initial fragments or molecules, (ii) the
selection of compounds exhibiting promising scores and
meeting a user-dened protein–ligand interaction ngerprint
(the latter being optional), (iii) the growth of the selected
molecules, and (iv) the ltering of molecules based on their
physicochemical properties. This process is reiterated until the
physicochemical properties of the compounds exceed pre-
determined user-dened thresholds.

There are two distinct modes of structure generation: de novo
design and fragment/molecule expansion. The de novo design
mode requires a set of initial fragments provided in the form of
SMILES or 2D structures. The fragment/molecule expansion
mode requires 3D structures as input, corresponding to either
empirically observed or predicted binding conformations. The
primary distinction between these modes lies in the fact that 3D
input molecules are directly subjected to the growth phase,
thereby bypassing the docking and selection stages.

The implemented generative pipeline consists exclusively of
open-source modules and can therefore be used without addi-
tional restrictions. This eliminates limitations commonly
associated with the ligand-preparation step, for which proprie-
tary soware is oen employed for tasks such as protonation-
state assignment.
Fig. 1 The overall scheme of CReM-dock pipeline.

© 2026 The Author(s). Published by the Royal Society of Chemistry
Molecular docking

Molecular docking is conducted utilizing EasyDock,37 which
presently accommodates AutoDock Vina, Gnina, and multiple
tools from the Vina family: QVina2, QVina-W, and their corre-
sponding GPU implementations. EasyDock offers a unied
interface for the preparation and docking of molecules, as well
as for the integration of docking processes within external
applications. The input for this soware includes a protein
structure and a conguration le that denes all necessary
parameters, such as grid box coordinates and dimensions, the
level of search exhaustiveness. We employed the same database
architecture as EasyDock to store all outputs from the design
and docking phases, along with the characteristics of the
generated structures.

A major advance in the development of CReM-dock was the
incorporation of several open-source tools for ligand proton-
ation, thereby rendering the entire design pipeline fully open-
source. Specically, we integrated and evaluated the
MolGpKa45 and Uni-pKa44 models, comparing their predicted
protonation states at pH 7.4 against those generated by the
Chemaxon cxcalc utility. This comparison was conducted using
molecular structures from the ChEMBL database, restricted to
compounds with molecular weights below 500 Da. The
concordance between Chemaxon predictions and those of
MolGpKa, Uni-pKa, and OpenBabel was 78%, 82%, and 70%,
respectively. Based on these results, the Uni-pKa protonation
tool was selected for all subsequent experiments in this study.
Implemented objective functions

Structures are ranked by their docking scores by default.
However, to enhance the balance and alignment of the gener-
ated structures with the desired property space, the docking
scores can be supplemented with additional properties.
Specically, we incorporated the quantitative estimate of drug-
Digital Discovery
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likeness (QED)46 into the docking scores. Initially, docking
scores are normalized to a range of 0 to 1 using the formula
s = (x − xmin)/(xmax − xmin), where x represents the docking
score of a molecule, and xmin and xmax denote the minimum
and maximum docking scores among the compounds gener-
ated during a given iteration that are eligible for selection.
Subsequently, the scaled docking scores are multiplied by the
corresponding QED values to yield a nal score.

Additionally, we implemented an augmentation involving
the fraction of sp3 carbon atoms within Bemis–Murcko scaf-
folds (Csp3BM). The Csp3BM values, which range from 0 to 0.3,
were linearly scaled to a range of 0 to 1, while values above 0.3
were capped at 1. The scaled Csp3BM values were squared to
increase the selection pressure associated with this parameter
and subsequently multiplied by the previously normalized
docking score. The threshold of 0.3 was chosen based on
recommendations from the authors of the initial CACHE chal-
lenge,47 in which our participation resulted in one of top-
ranking positions.48 Other objective functions were also
considered, such as those based on docking efficiency (calcu-
lated as the docking score divided by the number of heavy
atoms); however, these were not utilized in the studies pre-
sented herein.
Structure selection strategies

We employed three distinct strategies for molecule selection
during each iteration: greedy, Pareto, and clustering-based
selection. The rst strategy consists of selecting the top N
molecules based solely on their objective scores. Although this
approach may yield compounds with high scores, it may also
reduce the diversity of the selected molecules. To address this
limitation, we introduced two additional protocols. The rst
alternative utilizes Pareto ranking to identify molecules on the
Pareto front that exhibit low molecular mass and high objective
scores, thereby fostering the development of promising low
molecular mass candidates. The choice of molecular weight as
a selection criterion was motivated by the objective of priori-
tizing smaller molecular structures that possess the potential
for further expansion in subsequent iterations. The second
alternative employs a K-means clustering method to categorize
structures into a user-dened number of clusters based on
2048-bit Morgan ngerprints with a radius of 2. For each
cluster, a specied number of top-scoring structures are
selected. In clusters where top-scoring structures are unsuitable
for further development (e.g., due to the absence of hydrogen
atoms for growth), the next highest-scoring structure is chosen
until the desired number of molecules is obtained from that
cluster. The clustering protocol offers a more predictable
number of selected structures and runtime, whereas the Pareto
approach yields a more variable number of generated struc-
tures, resulting in greater diversity in the nal solutions.

Additional selection protocols were also implemented, but
they were not used in the present study because they did not
provide a clear advantage. One such approach is based on
Pareto ranking with respect to docking and SA scores; however,
in test runs this strategy led to a substantial decrease in docking
Digital Discovery
scores while it did not improve SA scores sufficiently to
outperform other selection strategies. Another approach clus-
ters structures according to their scaffolds, rather than whole
structures. Although this was expected to increase scaffold
diversity in the output set, only a minor effect was observed
experimentally.

Users have the option to specify additional criteria prior to
the actual selection process. One such criterion is the root-
mean-square deviation (RMSD) threshold, which serves to
maintain the pose of a parent structure in its derivative struc-
tures. If the docking poses of the generated compounds differ
from their parent molecule by more than the established RMSD
threshold, those compounds will be excluded from consider-
ation. The RMSD value is computed based on the heavy atoms
of the maximum common substructure between the parent and
successor molecules. This approach is particularly advanta-
geous in fragment expansion studies, where the conformation
of the initial fragment is determined experimentally, and it is
anticipated that the successor structures will retain this
conformation.

Additionally, users may provide a list of important protein–
ligand interactions and establish a minimum similarity
threshold based on protein–ligand interaction ngerprints.
These ngerprints, calculated using ProLIF,49 encompass
hydrogen bond donors and acceptors, hydrophobic interac-
tions, aromatic contacts, and charged interactions, as well as
metal coordination sites. Compounds that do not meet the
specied similarity threshold are excluded from the selection
process. For instance, if three contacts are specied and
a threshold of 0.5 is set, this implies that at least two of these
contacts must be present in the candidate structures (resulting
in a similarity score of 0.66); otherwise, they will not qualify for
selection. This methodology is particularly benecial when
important contacts are known in advance, ensuring that the
designed molecules retain these essential interactions.
Molecule growing

The selected molecules undergo a growth process facilitated by
the CReM approach.34 In this process, hydrogen atoms are
substituted with larger molecular fragments sourced from
a database of interchangeable fragments, referred to as CReM
databases. These fragments are derived from existing molecules
through a comprehensive fragmentation process that involves
cleaving up to four single bonds. For each fragment, a chemical
context is established, dened as a substructure that includes
atoms within a specied number of bonds (context radius) from
the attachment points of the fragment. Consequently, frag-
ments that occur within the same chemical context are deemed
interchangeable, and their mutual substitution is expected to
yield synthetically accessible molecules. Prior research has
indicated that synthetic feasibility can be indirectly controlled
by selecting a larger context radius and utilizing CReM data-
bases comprising fragments from more synthetically accessible
molecules.35

During the growth process, only hydrogen atoms that are
situated at least 2 Å away from any heavy atom of the protein are
© 2026 The Author(s). Published by the Royal Society of Chemistry
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replaced. This precaution is taken to prevent growth in spatial
directions that lack sufficient volume to accommodate larger
fragments. To regulate the number of generated compounds
and enhance the predictability of runtime, a maximum number
of randomly selected replacements can be specied. In the
absence of such a specication, all potential replacements will
be executed, which may result in a substantial number of
structures, particularly for smaller context radii. Our ndings
suggest that employing 1000 random replacements yields
satisfactory results, and this value has been consistently utilized
in all reported studies. Furthermore, the size of the steps within
chemical space can be adjusted; by default, fragments con-
taining up to 10 heavy atoms are attached. Given that CReM
cannot create new ring systems, it is essential to select a suffi-
ciently large fragment size to allow for the incorporation of
rings into the molecules. The ten-atom limit permits the addi-
tion of bicyclic fragments that include ve- or six-membered
rings.

By default, the fragment selection process in CReM utilizes
a uniform distribution. However, to impose selective pressure
and prioritize fragments with more favourable properties, we
incorporated customizable selection functions within CReM,
enabling fragment selection based on user-dened criteria. In
one of the studies presented in this work, fragment selection
was weighted in proportion to the square of the fraction of sp3

carbon atoms within the fragments. This approach is intended
to preferentially select fragments with a higher fraction of
saturated carbon atoms, thereby enriching the generated
structures in sp3 carbon atoms in their frameworks.

We have implemented controls over important physico-
chemical properties that inuence drug-likeness, including
molecular weight (MW), topological polar surface area (TPSA),
lipophilicity (log P), and the number of rotatable bonds (RTB),
to ensure that the generation process predominantly yields
drug-like molecules. All these parameters, except for lip-
ophilicity, either increase or remain constant as the number of
atoms in a molecule increases and are primarily additive in
nature. If any of these parameters reaches or exceed a pre-
determined threshold, the corresponding molecule is excluded
from further consideration. Due to the predominantly additive
nature of these properties, we can pre-lter CReM fragments in
real time, selecting those that are unlikely to produce structures
that exceed the predened thresholds for physicochemical
properties. This strategy effectively circumvents the need to
enumerate and dock of structures with undesirable properties.

In all studies described below, specic constraints were
imposed on the physicochemical properties of the generated
structures. These constraints included a molecular mass not
exceeding 450 Da, a maximum of ve rotatable bonds, a lip-
ophilicity value of no more than 4, and a topological polar
surface area limited to 120 Å2. These parameters are consistent
with Lipinski's rule and allow for potential further optimization
of the generated structures. The deliberate restriction on the
number of rotatable bonds is intended to reduce the exibility
of the designed structures, thereby improving the accuracy of
docking simulations.50,51
© 2026 The Author(s). Published by the Royal Society of Chemistry
Protein preparation protocol

Receptor structures were prepared utilizing the DockPrep
protocol available in Chimera.52 This preparation process
included the remodeling of absent side chains and sequences
through the application of the Dunbrack rotamer library53 and
MODELLER,54 respectively. Hydrogen atoms were added, taking
into account a pH of 7.4, while solvent molecules were removed.
Subsequently, the structures were converted to the PDBQT
format using the prepare_receptor4.py utility from AutoDock
Tools. The dimensions of the grid boxes for docking were
established based on the coordinates of the co-crystallized
ligands. Specically, the center of each grid box was deter-
mined as the geometric center of a ligand, with the box size
dened by extending 7 Å beyond the minimum and maximum
coordinates of the ligand's heavy atoms. All prepared structures
and grid box parameters were deposited in the repository.55
Novelty assessment

To evaluate the novelty of the generated structures, we calcu-
lated Tanimoto similarity to the nearest compound within
a dataset of known compounds sourced from ChEMBL (version
33). The similarity assessment was conducted using the chemfp
tool56 and employed 2048-bit Morgan ngerprints with a radius
of 2. Lower Tanimoto similarity values indicate a higher degree
of novelty for the generated structures. To establish a baseline
for similarity, we utilized randomly selected 10 000 compounds
from ChEMBL with a molecular weight of 500 Da or less and
computed pairwise similarities among them. The results indi-
cated a mean similarity of 0.105, with the 95th percentile at
0.178 and the 99th percentile at 0.230.
UMAP and reference space

To examine the distribution of generated structures in relation
to reference compounds, we selected a baseline reference set
comprising 10 000 random compounds with amolecular weight
of 500 Da or less from ChEMBL33. Additionally, we compiled
distinct sets of active compounds for each individual target.
These active compounds were selected from those evaluated in
a single protein assay format and exhibited pIC50, pKi, or pKd

values of 6 or higher. For the purpose of visualizing the chem-
ical space, we employed UMAP57 (utilizing the umap-learn
Python package) alongside 2048-bit Morgan ngerprints with
a radius of 3. All parameters were maintained at their default
settings, except for the number of neighbours, which was set to
10, and the metric, which was specied as “jaccard”.
Absolute binding free energy calculations (ABFE)

To assess the likelihood that the designed compounds would be
potent binders we use alchemical Absolute Binding Free Energy
calculations to estimate their free energy of binding using the
soware A3FE.58,59

System preparation and parameterization. Missing atoms to
protein input structures were added using the pdb4amber
utility from Ambertools.60 Proteins were parameterized using
the AMBER ff14SB force eld.61 OpenForceField 2.0.0 was used
Digital Discovery
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to parameterize the ligands. Input les for protein–ligand
complexes or ligands only were then passed on to A3FE.

Subsequent solvation, energy minimization, and pre-
equilibration steps were performed automatically within
A3FE. Specically, the bound complexes and free systems were
solvated with TIP3P water molecules in a 0.15 M NaCl solution
in rhombic dodecahedral boxes, with aminimum distance of 15
Å maintained between the solute(s) and the box edge. All
simulations were conducted using GROMACS 2024.4-foss-
2023b-CUDA-12.4.0 via BioSimSpace (version 2024.4.0).62

Energy minimization was performed for 1000 steps, followed by
several stages of NVT equilibration: 5 ps with all nonsolvent
atoms positionally restrained while heating from 0 to 298 K, 50
ps with position restraints applied to all backbone atoms for
complexes only, and nally a further 50 ps with no restraints.
Subsequently, NPT equilibration was carried out at 1 atm and
298 K for a duration of 50 ps with positional restraints on non-
solvent heavy atoms, then followed by a 50 ps simulation
without positional restraints. For each system, independent 100
ps NPT equilibration runs were performed for every replicate to
generate diverse starting conformations. A total of 5 replicates
per system were generated. All positional restraints employed
a force constant of 10 kcal mol−1 Å−2. The V-rescale and C-
rescale algorithms were used for temperature and pressure
coupling, with coupling constants of 1 ps and 4 ps, respec-
tively.63,64 All equilibration molecular dynamics simulations
were performed with a 2 fs time step and an 10 Å cutoff for
short-range interactions, with long-range electrostatics calcu-
lated using the PME algorithm.65,66 Aer equilibration, the
trajectory of the rst replicate was analysed with BioSimSpace to
determine the optimal Boresch restraints. The BioSimSpace
restraints generator algorithm evaluates uctuations for
selecting the stable anchor points (three atoms in receptor and
three atoms in ligand) for restraining the congurational
volume.67 This approach emulated the effect of native interac-
tions by ensuring the ligand remaining localized within the
binding site upon decoupling. To ensure setup consistency
across replicates, the same restraints were applied across all
replicate simulations. Different starting conformations for each
leg of every repeat were obtained from the last frame of 100 ps
equilibration.

Alchemical transformation and analysis. ABFE calculations
were performed following the double decoupling method
introduced by Gilson et al.68 Two classical legs, ligand in solu-
tion (free) and complex in solution (bound), are involved to
build this cycle. Aer introduction of restraints in the protein–
ligand complex, discharge and vanish stages were followed to
scale the electrostatic and Lennard-Jones (LJ) interactions terms
respectively. A so-core potential is applied based on Zacharias
et al.69 Default l schedules adapted from Clark et al.58,70 were
used for all simulations, and consisted in 20 windows for the
vanish step (bound and free legs), and 5 windows for the
discharge step (bound and free legs). Two windows were used to
compute the restraint free energies in the bound leg. Thus,
a total of 52 windows were used for the ABFE calculations. Each
window was simulated for 1 ns.
Digital Discovery
Simulations were carried out with ve replicates, each initi-
ated with independently assigned starting velocities and start-
ing coordinates from the equilibration stage. MBAR was used to
estimate free energy changes.71,72 Free energies were reported as
the mean of the ve replicates. Statistical uncertainties were
obtained from the 95% condence interval, assuming Gaussian
distribution and employing values to four degrees of freedom.
Statistical signicance was evaluated by using Student's t-test.
The total sampling time allocated to each ligand was 260 ns.
Results

The results section is organized into several subsections. The
initial subsection details the development of CReM fragment
databases, which serve as the foundational fragments for de
novo design tasks, along with a theoretical assessment of the
number of structures that can be generated by applying the
CReM grow operator to these fragment sets.

The subsequent subsection presents a de novo investigation
utilizing CDK2 as the target protein. This analysis examines the
inuence of various parameters on the docking and SA scores of
the generated structures, as well as their novelty and the
reproducibility of results across independent runs. From these
investigations, we identied optimal settings that were subse-
quently employed in all further experiments. Additional exper-
iments focused on: (i) the impact of different selection
strategies on the diversity of the generated structures; (ii)
methods that may skew generation towards structures enriched
with sp3 carbon atoms. Ultimately, we compared the results of
the CReM-dock pipeline with those of traditional virtual
screening methods.

In the third subsection, we demonstrate the consistency in
the quality of the generated structures across various proteins
from different families, utilizing the previously established
settings, and compare of these results with the outputs of state-
of-the-art approaches. A separate section is devoted to the
analysis of calculated absolute binding free energies for the top-
scoring structures obtained using different approaches, in
order to demonstrate the utility of the developed pipeline in
comparison with state-of-the-art approaches. The nal subsec-
tion presents a fragment expansion study aimed at retrospec-
tively assessing the capability to generate structures that are
identical or highly similar to those previously discovered,
starting from a small fragment co-crystallized with a protein.
Preparation of fragment databases and estimation of the size
of accessible chemical space

Preparation of CReM fragment databases. In the preparation
of CReM fragment databases, we utilized structural data from
ChEMBL22.73 The structures underwent curation following
a protocol based on the Chemaxon Standardizer,74 which
involved the following steps: (i) the removal of salts and the
neutralization of molecules, (ii) the standardization of chemo-
types, and (iii) the elimination of duplicate entries. We retained
only those compounds that contained the following elements:
C, N, O, S, and halogens. The initial dataset comprised 1 554 260
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 1 The number of fragmented molecules, fragments with maximum number of 10 heavy atoms and corresponding fragment–context
pairs in created CReM databases

CReM DB
n
(fragmented molecules)

n
(distinct fragments)

Number of distinct fragment/context pairs for each radius

Radius 1 Radius 2 Radius 3 Radius 4 Radius 5

ChEMBL 818 174 988 585 2 263 436 4 051 790 7 133 534 11 007 247 15 271 543
ChEMBL SA2.5 (SA # 2.5) 338 422 272 988 671 140 1 263 268 2 319 377 3 752 375 5 419 544
ChEMBL SA2 (SA # 2) 67 970 55 498 143 434 267 156 472 126 754 905 1 087 492
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structures. Subsequently, we rened this subset by excluding
molecules that matched to at least one structural alert from the
BMS, Dundee, Glaxo, Inpharmatica, and PAINS lters, as
implemented by Pat Walters.75 Our previous research has
demonstrated that the exclusion of such molecules prior to the
creation of the fragment database ensures the generation of
molecules devoid of these patterns, provided that the size of the
alert patterns does not exceed the designated context radius.34

This process reduced the dataset to 818 174 molecules.
Furthermore, we identied subsets of molecules characterized
by restricted synthetic accessibility (SA) values, as predicted by
the methodology of Ertl and Schuffenhauer.25 We established
thresholds of 2 and 2.5, which are below the average (3.0) and
the median SA score (2.73) for all compounds in ChEMBL22.
This resulted in subsets containing 67 970 and 338 422 mole-
cules, respectively. These sets were then subjected to exhaustive
fragmentation and subsequently converted into CReM frag-
ment databases (Table 1).

Preparation of a starting fragment library. In order to
prepare the initial fragments, we systematically fragmented
a total of 67 970 ChEMBL molecules that exhibited a SA score of
less than 2. All attachment points were capped with hydrogen
atoms, and the resulting molecules were subsequently con-
verted into canonical SMILES format, with duplicates removed
in the process. Following this, we applied a ltering process
based on the following physicochemical properties of the
resulting 200 000 fragments, which yielded a nal set of 20 164
structures:

� The number of heavy atoms was within the range 8–15.
� The number of distinct H-bond donors and acceptors was

within the range 1–5. If an atom was labeled as an H-bond
donor and an acceptor it was counted only once. This gives an
estimate on the number of specic contacts.

� The number of rings was 1–3.
� The number of fused ring systems was 0–2.
� The number of rotatable bonds was 0–2.
� Lipophilicity was less than 2.
� Topological polar surface area (TPSA) was greater than 25

Å2

� The total number of halogen atoms (Cl, Br, and I) was 0–1.
� The maximum size of rings was 7.
For this subset, we enumerated all stereoisomers utilizing an

RDKit script sourced from the repository,76 as well as tautomers
using the cxcalc utility from Chemaxon.77 A check for duplicates
was conducted, yielding a nal count of 23 840 structures,
© 2026 The Author(s). Published by the Royal Society of Chemistry
which were designated as starting fragments for de novo
generation.

Theoretical size of covered chemical space. To estimate the
number of molecules that can be generated using the CReM
methodology from a specied set of fragments, we examined
a scenario in which four substituents are attached to each
selected starting fragment. The substituents, which replaced
hydrogen atoms, were selected from a CReM database, taking
into consideration their chemical context within a dened
radius, while ensuring that the total number of heavy atoms in
the resultant molecules did not exceed 36. This limitation
corresponds to a molecular weight of approximately 500 Da, as
previously demonstrated in our prior research.1

The chemical environment for each non-equivalent
hydrogen atom in the initial molecular fragment was identi-
ed utilizing CReM. We analyzed all possible combinations of
four hydrogen atoms. However, by restricting the analysis to
non-equivalent hydrogens, we underestimated the potential
number of derivatives, as this approach excludes scenarios
where substituents are attached to the same methyl group, for
example. This simplication is a consequence of the constraints
inherent in the current implementation of CReM.

For each combination of four hydrogens, the total number of
potentially enumerated compounds was calculated as the
product of the number of substituents available at each
hydrogen position, adhering to the constraint of a maximum
total number of heavy atoms in the generated structures. The
overall number of molecules was determined by aggregating the
number of enumerated structures across all combinations of
four substituents. To improve computational efficiency, calcu-
lations were conducted on a subset of 1000 randomly selected
molecules, and the nal estimate was extrapolated by applying
a scaling factor of 23.84 (with a total of 23 840 starting frag-
ments). This estimate was predicated on the assumption that
substituents would only be attached to the initial starting
fragment.

However, it is important to note that substituents can also be
attached to previously introduced substituents. To account for
this, the molecular structure was considered as a tree, where the
ve fragments (the starting fragment and four substituents)
represent nodes. The possible number of connection combi-
nations between these nodes was estimated using Cayley's
formula, nn−2, which indicates that ve nodes can be inter-
connected in 125 distinct congurations. This methodology
introduces an additional simplication, resulting in an
Digital Discovery
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Table 2 The estimated size of covered chemical space by starting
fragment decorated with fragments from CReM databases

CReM DB Radius Estimated size of covered chemical space

ChEMBL 3 2.8 × 1017

ChEMBL SA2.5 3 4.2 × 1016

ChEMBL SA2 3 1.8 × 1015

ChEMBL SA2 2 8.4 × 1016

ChEMBL SA2 4 2.7 × 1013
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overestimation of the number of derivatives, as not all linkage
combinations are chemically feasible due to chemical context
constraints. These approximations may offset one another,
yielding a rough estimate of the order of magnitude for the size
of the chemical space covered.

A radius of 3 was selected as it represents a sufficiently large
default value to produce synthetically feasible structures. For
the largest CReM fragment database, the estimated coverage of
chemical space was 1017 (Table 2). This coverage diminished
when utilizing more restricted fragment databases: 1016 struc-
tures for ChEMBL SA2.5 and 1015 for ChEMBL SA2. For the
smallest fragment database (ChEMBL SA2), the chemical space
size was also assessed for radii of 2 and 4, resulting in
predictable variations. The coverage increased to 1016 structures
for a radius of 2 and decreased to 1013 for a radius of 4 (Table 2).
These results suggest that even under highly constrained
conditions, the covered chemical space remains considerable.
Study of settings and features of CReM-dock in the case of de
novo design of CDK2 inhibitors

In order to examine the impact of various settings on generation
output, we selected CDK2 kinase as our target due to its clinical
Fig. 2 Statistics of top 100 designed compounds bound to the hinge regi
(b) Average SA scores and standard deviation across three runs for top 1

Digital Discovery
signicance, the availability of multiple X-ray protein–ligand
complexes, and its frequent utilization in the validation of
modelling methodologies. We utilized the CDK2 structure (PDB
2BTR) in complex with the inhibitor PNU-198873 (Ki = 95 nM).
This ligand establishes both hydrogen bond donor and acceptor
interactions with the Leu83 residue located in the hinge region.
Given the importance of hinge region interactions for compet-
itive kinase inhibitors, we considered these two contacts
(protein–ligand interaction pattern, PLIP) as essential for all
designed molecules. Clustering was employed as the search
algorithm: structures were divided into 25 clusters, from which
the top two molecules were selected per cluster, resulting in the
selection of up to 50 molecules for further growth in each iter-
ation. Each compound was expanded to yield up to 1000 new
molecules. In instances where the number of potential expan-
sions exceeded 1000, a random selection of 1000 expansions
was drawn from the CReM database. Simulations were con-
ducted across all three CReM databases and ve context radii
(1–5). Each simulation was executed three times to assess the
robustness of the search, as stochastic variability in the selec-
tion of growing fragments could inuence the outcomes. For
docking procedures, a consistent seed was employed, ensuring
deterministic results. The overall number of generated struc-
tures demonstrated high reproducibility across different runs
and exhibited a predictable decline when more restrictive
fragment databases and larger radii were utilized (Fig. S1).

Docking and synthetic accessibility scores of generated
structures. For subsequent analysis, we selected the top 100
compounds from each run that met the requisite protein–
ligand interaction criteria, specically binding to the hinge
region. The average docking and synthetic accessibility (SA)
scores for these molecules were computed. As anticipated,
a trade-off between SA and docking scores was evident (Fig. 2a).
The docking scores across all three CReM fragment databases
on of CDK2. (a) Average docking and SA scores for top 100 compounds.
00 compounds.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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and radii of 1 and 2 were consistently observed within the range
of −13 to −12.2, whereas the SA scores exhibited considerable
variability, ranging from 4.35 for the complete fragment data-
base to 2.8 for the ChEMBL SA2 database. An increase in the
context radius yielded smaller improvements in SA scores. The
lowest average SA score was 2.37 for the ChEMBL SA2 fragment
database at a radius of 5; however, this corresponded with
a decline in average docking scores to approximately −10.9. A
clear correlation between the selected fragment databases and
SA scores was observed (Fig. 2b). The variability across different
runs was small, indicating that the selection of a fragment
database and radius predictably inuences the SA scores of the
generated structures. This characteristic of the CReM approach
allows for implicit yet precise control over the synthetic acces-
sibility of the generated structures.

Scaffold diversity and reproducibility of runs. We conducted
an analysis of the reproducibility of molecular structures across
independent runs. The proportion of identical molecules
among the top 100 structures binding to the hinge region was
found to be minimal for context radii of 1 to 2, ranging from 0%
to 13%. In contrast, for larger radii, the proportion of identical
compounds increased signicantly, reaching 26% to 82%
(Fig. S2a). Consequently, the utility of repetitive runs appears to
diminish for generations with a radius of 4 or greater.

Furthermore, we assessed the diversity of the top 100
generated structures based on Murcko scaffolds. The average
number of distinct Murcko scaffolds was relatively low (ranging
from 16 to 24) for smaller context radii of 1 to 3, irrespective of
the fragment database (Fig. S2b). This observation suggests that
under these conditions, certain scaffolds may yield multiple
successful derivatives that outperform others. Conversely, for
larger context radii of 4 and 5, the average number of distinct
scaffolds increased signicantly, ranging from 35 to 57 out of
a maximum of 100. The impact of larger radii was particularly
Fig. 3 Tanimoto similarity (2048-bit Morgan fingerprints with radius 2
generated in individual runs for particular settings to the most similar co
known CDK2 inhibitors (pKi/pKd/pIC50 $ 6).

© 2026 The Author(s). Published by the Royal Society of Chemistry
pronounced when utilizing more restricted fragment databases.
This phenomenon can be attributed to the limited number of
expansions available for each structure during each iteration,
resulting in a reduced number of successor molecules gener-
ated per scaffold, thereby decreasing the likelihood of any
single scaffold being overrepresented and outperforming
others. Despite the increased diversity of scaffolds observed for
context radii of 4 and 5, these scaffolds were oen reproducible
across different fragment databases (Fig. S3).

Novelty of generated structures. To evaluate the novelty of
the designed structures, we computed the Tanimoto similarity
using 2048-bit Morgan ngerprints with a radius of 2,
comparing our compounds to the entire ChEMBL33 database,
which comprises 2.37 million compounds (Fig. 3), as well as to
a subset of ChEMBL33 with reported activity against CDK2
(dened by pIC50, pKi, or pKd values of 6 or higher, totaling 1001
compounds). The similarity of the generated structures to the
reference ChEMBL chemical space increased with the increase
in the selected context radius, reaching values of 0.6 or higher
regardless of the fragment database employed. This outcome is
anticipated, as larger context radii result in more conservative
replacements and consequently fewer novel structural motifs.
In contrast, similarity to the known active subset generally
remained below 0.3 across all fragment databases and radii
examined. These ndings indicate that the generated
compounds exhibit a high degree of novelty relative to the
previously explored chemical space.

Optimal de novo generation settings. The experiments and
analyses indicate the presence of a Pareto front between dock-
ing and synthetic accessibility scores. The use of a small radius
(1–2) for structure generation with either the complete fragment
database or the SA2.5 fragment database appears impractical,
as the resulting structures exhibit favorable docking scores but
substantially greater synthetic complexity (Fig. 2a). Conversely,
) of top 100 compounds, which bind to the hinge region of CDK2,
mpounds from the whole ChEMBL33 database and to the most similar
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employing larger radii (4–5) yields compounds that may be
more synthetically accessible, albeit with poorer docking scores.

Two near-optimal congurations were identied: the use of
the SA2 fragment database with a radius of 2 and the SA2.5
fragment database with a radius of 3. Both settings yielded high
docking scores, ranging from −12.5 to −12.1, together with
favorable SA scores, ranging from 2.8 to 2.95. These congura-
tions also demonstrated comparable diversity in terms of
distinct structures and scaffolds (Fig. S2), as well as novelty of
the generated compounds (Fig. 3). Given the minimal differ-
ences between these conditions, the former conguration – the
SA2 fragment database with a radius of 2 – was arbitrarily
selected for all subsequent experiments.

Application of different selection strategies and diversity of
generated structures. We evaluated three implemented selec-
tion strategies—greedy, clustering, and Pareto—across three
independent runs using the previously established optimal
settings. Within the greedy strategy, the top 50 structures were
selected based on the highest docking scores. For the clustering
strategy, the same settings as described above were applied: 25
clusters, with the top 2 structures selected from each cluster,
yielding a total of 50 structures for expansion in each iteration.
In contrast, the Pareto strategy did not allow control over the
number of structures selected for growth in each iteration. As in
previous analyses, we examined the top 100 structures from
each run that exhibited the best docking scores and demon-
strated binding to the hinge region (Fig. S4a). The greedy
selection yielded the highest docking scores, while the synthetic
accessibility scores were comparable to those obtained from the
clustering strategy. The Pareto selection produced docking
scores similar to those of the clustering approach, albeit with
a slightly higher synthetic complexity for the generated
structures.

As anticipated, the application of the greedy selection
strategy resulted in partially reproducible molecular structures
across independent runs, characterized by low scaffold diversity
(Fig. S4b). The clustering selection exhibited moderate scaffold
diversity, while the Pareto selection demonstrated the highest
scaffold diversity. Similarly to previous strategies, there was
partial reproducibility of generated scaffolds within top 100
structures (Fig. S4b).

The percentage of generated structures that bind to the
hinge region was highest for the Pareto strategy (19–25%), fol-
lowed by the greedy approach (19–20%) and clustering (15–
17%). The number of generated and docked structures varied
signicantly across the different strategies. The clustering
strategy consistently produced the lowest number of structures
(87 000–89 000). In contrast, the greedy strategy generated
between 90 000 and 92 000 molecules, while the Pareto strategy
yielded substantially more structures, ranging from 108 000 to
148 000 (Table S1).

While the Pareto strategy offers the highest diversity of
scaffolds among the generated compounds, its runtime is less
predictable compared to the other strategies due to the variable
number of compounds selected in each iteration and the
potential for a greater number of iterations. The greedy search,
on the other hand, results in partially reproducible outputs with
Digital Discovery
compounds exhibiting high docking scores, thus negating the
necessity for multiple runs. However, the diversity of the
generated structures remains relatively low. The clustering
strategy presents a balanced approach, offering predictable
runtime and reasonable diversity.

Tweaking the fraction of sp3 carbon in generated structures
by augmentation of a docking score and biased fragment
selection. Previous research has indicated that molecules exhib-
iting a higher degree of saturation are more likely to progress
through various stages of clinical development.78 In the present
study, multiple strategies were implemented to bias molecular
generation towards compounds containing a higher fraction of sp3

carbon atoms within their scaffolds. Furthermore, the CReM
fragment databases were pre-ltered to eliminate fragments with
ring structures larger than six atoms. The inclusion of these larger
rings in the fragment databases signicantly increased the occur-
rence of such ring systems in the generated molecules, as they
contributed disproportionately to the sp3 carbon fraction.

All simulations were conducted in a single replicate. The
initial strategy involved augmentation of the docking score by
the fraction of sp3 carbon atoms in Bemis–Murcko scaffolds
(Csp3BM). This method resulted in only a marginal increase in
the proportion of generated molecules that met the specied
criteria (Fig. 4a). A more effective strategy involved using
a custom sampling function that selected fragments from the
CReM database in proportion to the squared fraction of sp3

carbon atoms. This increased the proportion of compounds
with the Csp3BM fraction $ 0.3 on 15–20%.

The most signicant improvement was achieved by pre-
ltering the starting fragments to retain only those with
Csp3BM values of 0.3 or higher. This ltering reduced the
number of starting fragments from 23 840 (SA2 fragments) to
2851 (SA2 Csp3-rich fragments), while markedly increasing the
proportion of generated molecules with Csp3BM $ 0.3, rising
from ∼15% to ∼57% (Fig. 4a). Additionally, this ltering led to
increased synthetic accessibility scores for the top-scoring
compounds that satised PLIP and had Csp3BM $ 0.3, while
maintaining docking scores comparable to or better than those
obtained using the complete fragment set (Fig. 4b).

To further explore this phenomenon, an alternative set of
starting fragments was prepared following the same protocol
described in the Methods section, utilizing the CReM SA2.5
database. This approach yielded 27 802 starting fragments
enriched in sp3 carbon atoms (SA2.5 Csp3-rich fragments).
Utilizing this extended initial set, a similarly high proportion of
compounds meeting the desired criteria (55–77%) was ach-
ieved. The top-scoring molecules from this dataset exhibited
slightly improved docking scores and increased SA scores.
Consequently, the proportion of structures containing
a substantial fraction of sp3 carbon atoms appears to be largely
independent of the initial fragment set size, but is instead
inuenced by its composition. Examples of these top-ranked
molecules are presented in Table S2.

In summary, the commonly employed strategy of augment-
ing docking scores with additional parameters to guide
molecular generation towards a specic region of chemical
space proved to be ineffective in this context, likely due to the
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 (a) The average fraction of molecules having at least 30% of sp3 carbon atoms in their Bemis–Murcko scaffolds, which were generated in
three independent runs. (b) Average docking and SA scores for top 100 molecules across three independent runs for different setups. The top
100 molecules were selected among those which satisfied PLIP and had Csp3BM $ 0.3.
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necessity for ne-tuning the augmented objective function. A
more effective approach involved direct control over the
composition of starting fragments and the fragments utilized
during the molecular growth process.

Comparison of CReM-dock performance with conventional
virtual screening. To assess the efficacy of identifying
compounds exhibiting high docking scores, we conducted
docking experiments on a random subset of molecules sourced
from the ZINC database.79 The selected compounds adhered to
the same physicochemical criteria employed in our de novo
structure generation, specically: molecular mass # 450 Da,
a maximum of 5 rotatable bonds, lipophilicity # 4, and
Fig. 5 Distribution of docking scores of top 100 de novo generated
compounds and top 100 compounds from a random subset of ZINC.
Biasing of de novo generations by PLIP is specified in brackets, while
the selection of top structures considering hinge region interaction as
a suffix & hinge.

© 2026 The Author(s). Published by the Royal Society of Chemistry
topological polar surface area # 120 Å2. The total number of
selected compounds (120 000) was somewhat greater than the
average number of compounds docked during the de novo
generation process utilizing the ChEMBL SA2 fragment data-
base with a radius of 2. This selection was undertaken to eval-
uate the efficacy of virtual screening relative to our de novo
design pipeline, employing comparable computational
resources for both methodologies. For comparison, we addi-
tionally conducted de novo generation using the previously
established settings, but without PLIP guidance. This approach
aimed to provide a clearer understanding of the relationship
between virtual screening and de novo generation.

Notably, only 617 ZINC compounds (0.51%) were able to
establish the required interactions with the hinge region,
a proportion lower than that observed among de novo generated
compounds, for which 16.8% and 5.4% of structures were pre-
dicted to bind the hinge region in the PLIP-guided and non-
guided runs, respectively. Furthermore, the docking scores of
the highest-ranked compounds from the ZINC database were
inferior to those of the de novo generated molecules, regardless
of the compounds' ability to bind to the hinge region (Fig. 5).
This indicates that de novo generation techniques can yield
superior docking scores compared to traditional virtual
screening methods when comparable computational resources
are employed. Additionally, de novo generation, regardless of
biasing towards favorable interactions, demonstrated a greater
success rate in identifying structures that conform to a specied
protein–ligand interaction pattern compared to the conven-
tional screening approach.
Digital Discovery
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De novo design of ligands for different protein families and
comparison with state-of-the-art approaches

REINVENT80 and ChemTS (version 2)81 were chosen as reference
methods because both are established open-source platforms
for de novo molecular design, while representing algorithmic
paradigms distinct from the fragment-based CReM framework.
REINVENT is a recurrent neural network model trained on
SMILES representations of ChEMBL structures. ChemTS is
based on a recurrent neural network trained on ChEMBL as
a molecule generator and Monte Carlo Tree Search as an
exploration approach. Both methods can be coupled to
structure-based scoring workows, making them suitable
comparators in a docking-guided setting. Both tools are mature
and can be easily customized to align with the settings used by
CReM-dock.

To adjust REINVENT and ChemTS to the settings used by
CReM-dock we applied several modications to their pipelines.
We ne-tuned the REINVENT model pre-trained on ChEMBL
data to generate structures satisfying physicochemical criteria
(MW# 450, log P# 4, RTB# 5, TPSA# 120) and containing no
structural alerts from the BMS, Dundee, Glaxo, Inpharmatica,
and PAINS lter lists. In the second stage, structures were
generated to satisfy the criteria above and were additionally
biased by docking scores from AutoDock Vina38 and SA scores
(the upper bound of a sigmoid transformation function was set
to 3.5). We activated the Murcko scaffold diversity lter rec-
ommended by the authors of REINVENT, which is intended to
explicitly manage diversity of generated structures and main-
tain it at a high level. To adjust ChemTS, we applied strict lters
by physicochemical properties (MW # 450, log P # 4, RTB # 5,
Table 3 The number of generated structures by each program and the num

Protein Program n n (physchem) %

BACE1 CReM-dock (with PLIP) 80 077 80 077 100
BACE1 CReM-dock (w/o PLIP) 94 134 94 134 100
BACE1 REINVENT 95 022 89 612 94.3
BACE1 CHEMTS 95 012 80 925 85.1
CDK2 CReM-dock (with PLIP) 89 530 89 530 100
CDK2 CReM-dock (w/o PLIP) 91 866 91 866 100
CDK2 REINVENT 94 726 89 387 94.3
CDK2 CHEMTS 91 779 85 259 92.9
DRD2 CReM-dock (with PLIP) 99 433 99 433 100
DRD2 CReM-dock (w/o PLIP) 97 342 97 342 100
DRD2 REINVENT 98 429 92 939 94.4
DRD2 CHEMTS 93 617 80 472 85.9
ESR1 CReM-dock (with PLIP) 96 858 96 858 100
ESR1 CReM-dock (w/o PLIP) 96 388 96 388 100
ESR1 REINVENT 97 011 93 310 96.1
ESR1 CHEMTS 94 607 81 962 86.6
HDAC2 CReM-dock (with PLIP) 95 109 95 109 100
HDAC2 CReM-dock (w/o PLIP) 95 458 95 458 100
HDAC2 REINVENT 94 848 89 791 94.6
HDAC2 CHEMTS 92 462 77 842 84.1
PARP1 CReM-dock (with PLIP) 90 488 90 488 100
PARP1 CReM-dock (w/o PLIP) 91 429 91 429 100
PARP1 REINVENT 92 003 86 199 93.6
PARP1 CHEMTS 94 681 82 262 86.8

Digital Discovery
TPSA # 120), structural alerts, and SA score (#3.5), and gener-
ation was guided by AutoDock Vina docking score. The default
docking protocols of REINVENT and ChemTS differed from that
of CReM-dock. REINVENT required proprietary protonation
modules, while ChemTS pipeline did not include a protonation
step. Therefore, we incorporated protonation with the Uni-pKa
model into REINVENT and updated Vina to version 1.2.7 used
in CReM-dock. In ChemTS, we integrated the EasyDock pipeline
including protonation with Uni-pKa and docking with Vina
1.2.7. Exhaustiveness was set to 8 for all programs.

The targets selected for this study belonged to different
protein families: CDK2 (PDB 2BTR, kinase), BACE1 (PDB 6UWP,
protease), DRD2 (PDB 6CM4, GPCR), ESR1 (PDB 8DV7, nuclear
receptor), HDAC2 (PDB 7ZZT, epigenetic regulator), and PARP1
(PDB 7ONT, transferase) (Table S3). For CReM-dock, we used
the same settings as in the previous experiments (SA2 fragment
database and context radius of 2). Since both REINVENT and
ChemTS do not incorporate biasing of structure generation by
protein–ligand interactions, we ran CReM-dock without PLIP
consideration. However, for the analysis we included results
obtained previously, where PLIP was considered. For REINVENT
and ChemTS, we ran a sufficient number of iterations to obtain
approximately the same number of docking events as for CReM-
dock.

The proportion of generated structures satisfying physico-
chemical criteria was high for both programs, REINVENT
(∼95%) and ChemTS (∼85%). The number of structures for
which important protein–ligand interactions were observed was
low (Table 3). In most cases, fewer than 1% of structures
exhibited such interactions. Only for HDAC2, where only
ber of structures satisfying physicochemical criteria and having PLIP$ 0.6

n (PLIP $ 0.6) % n (physchem & PLIP $ 0.6) %

7155 8.94 7155 8.94
418 0.44 418 0.44

1 17 0.02 16 0.02
7 115 0.12 82 0.09

15 002 16.76 15 002 16.76
4911 5.35 4911 5.35

6 315 0.33 272 0.29
967 1.05 928 1.01

24 743 24.88 24 743 24.88
4616 4.74 4616 4.74

2 0 0 0 0
6 0 0 0 0

1824 1.88 1824 1.88
186 0.19 186 0.19

8 12 0.01 10 0.01
3 110 0.12 104 0.11

45 853 48.21 45 853 48.21
43 478 45.55 43 478 45.55

7 57 910 61.06 54 396 57.35
9 25 471 27.55 20 472 22.14

18 842 20.82 18 842 20.82
8652 9.46 8652 9.46

9 408 0.44 389 0.42
8 848 0.9 768 0.81

© 2026 The Author(s). Published by the Royal Society of Chemistry
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a single interaction was identied as essential, the proportion of
such structures was high. Conversely, CReM-dock runs, which
were not guided by PLIP, demonstrated a much higher fraction
of structures exhibiting important protein–ligand interactions,
up to 9.5%, apart from HDAC2 target, for which 45% of ligands
exhibited such interactions. We can only hypothesize that such
a large number of structures with the expected PLIP were
generated by CReM-dock owing to the iterative growing
approach. While structures are smaller in earlier iterations, they
have greater chances to establishing particular contacts within
the binding site. This is supported by the observation that in
early iterations, the fraction of generated structures satisfying
given PLIPs is greater (Table S4). Therefore, even without direct
guidance and explicit selection of structures having desired
interactions, CReM-dock generated a higher number of structures
satisfying the desired PLIPs than approaches generating complete
structures in a single step, such as REINVENT or ChemTS. CReM-
dock guided explicitly by PLIP, as expected, resulted in the highest
number of compounds satisfying the desired interaction pattern
among all tested approaches (Table 3).

For the analysis, we selected the top 100 structures by the
highest docking score for each program. Additionally, we
selected top 100 structures from corresponding subsets of
compounds that satised physicochemical criteria only and
both physicochemical and PLIP simultaneously (Fig. 6). Dock-
ing scores for ligands generated by CReM-dock were compa-
rable to or better than those of REINVENT. Docking scores for
ligands generated by ChemTS were systematically worse relative
to both CReM-dock and REINVENT. When the PLIP criterion
was applied for compound selection, docking scores of the top
100 compounds dropped for all programs, except CReM-dock
generations explicitly guided by PLIP. In many cases, the
Fig. 6 Distribution of properties for top 100 compounds (with the highes
comparison with known actives from ChEMBL33 (pKi/pIC50 $ 6). For ea
criteria and PLIP were displayed additionally.

© 2026 The Author(s). Published by the Royal Society of Chemistry
generated structures outperformed known actives from
ChEMBL in terms of docking scores.

SA scores of generated structures for all programs were at the
acceptable level for different scenarios of compound selection,
mainly below 3 (Fig. 6). Explicit biasing in REINVENT and
ChemTS as well as implicit biasing in CReM-dock worked
effectively. The only exception was DRD2 ligands generated by
CReM-dock with the PLIP criterion, where the median SA score
of the top 100 compounds was 3.6. However, these compounds
had high docking scores, while REINVENT and ChemTS were
unable to generate ligands capable of interacting with the
aspartic acid residue, which is considered a canonical interac-
tion for the dopamine D2 receptor and many other GPCRs.82,83

Structures generated by REINVENT and ChemTS exhibited
greater similarity to compounds from ChEMBL, resulting in
lower novelty compared to those generated by CReM-dock
(Fig. S5). Although CReM-dock structures were composed of
fragments from ChEMBL molecules, they demonstrated
reduced overlap with the reference ChEMBL chemical space
(Fig. S6). Interestingly, the top 100 compounds selected from
REINVENT runs frequently clustered together on UMAPs
(Fig. S6). Pairwise similarity calculated for the top 100
compounds showed that structures generated by ChemTS had
the highest diversity, while REINVENT, explicitly biased by
scaffold diversity, was comparable to or worse than CReM-dock
(Fig. 7). The observed similarity of 1 in Fig. 7 is due to the
stereoisomers. Examples of top scored structures are given in
Table S5.
t docking scores) generated by CReM-dock, REINVENT and ChemTS in
ch program subsets of top 100 structures satisfying physicochemical
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Fig. 7 Pairwise Tanimoto similarity computed using 2048-bit Morgan fingerprints with radius 3 for top 100 compounds selected by docking score.
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Evaluation of designed compounds by calculation of binding
free energies

Docking scores alone do not provide a sufficiently reliable
metric for assessing the promise of designed compounds. In
a complete design pipeline, the generated structures should
therefore undergo additional post-processing to identify the
most promising candidates. In the present study, this was
achieved by calculating binding free energies using the A3FE
approach.58 For this evaluation, we selected structures gener-
ated for CDK2 by CReM-dock and by the reference methods.
Three CReM-dock sets were considered: (i) structures generated
Fig. 8 CalculatedDG values (affinity for CDK2) for 20 inactives fromChEM
dock (w/o PLIP), CReM-dock (with PLIP), CReM-dock (with PLIP) and b
chemical properties (MW# 450, log P# 4, RTB# 5, TPSA# 120). CReM-
Statistical significance was calculated by t-test: ns – not significant (p $

Digital Discovery
without PLIP guidance and without selection for hinge-region
interactions; (ii) structures generated with explicit PLIP guid-
ance and selected to preserve interactions with the hinge
region; and (iii) structures generated with explicit PLIP guid-
ance, initiated from SA2 Csp3-rich fragments, sampled using
a Csp3-enriched fragment selection strategy, and subsequently
selected for maintaining hinge-region interactions. This design
enabled us to test two hypotheses: rst, whether preservation of
hinge-region interactions is important for obtaining more
favorable calculated free energies, and second, whether
enrichment in Csp3 atoms inuences the calculated free-energy
values. For comparison, we also selected structures generated
BL, 12 actives from PDB, 20 compounds from each of the sets: CReM-
iased by Csp3, and ChemTS and REINVENT, both satisfying physico-
dock structures were additionally filtered by the hinge region contacts.
0.05), ** – p < 0.01, *** – p < 0.001, **** – p < 0.0001.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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by REINVENT and ChemTS. From each set, the top 20
compounds ranked by docking score and possessing distinct
Murcko scaffolds were chosen.

To achieve a reasonable trade-off between throughput and
accuracy the MD sampling time allocated to each window of the
ABFE protocol was 1 ns. ABFE calculations executed with such
short sampling time are known to tend to systematically over-
estimate experimental binding free energies.58,70,84 To account
for the bias introduced with this ABFE protocol, two reference
sets of compounds were included to facilitate discrimination
between active and inactive molecules. As inactive compounds,
we selected 20 ChEMBL molecules with pIC50 < 5. These
compounds were docked using Vina, and the top-ranked poses
were used for DG calculations. None of these compounds
formed interactions with the hinge region. As active
compounds, we selected 12 ligands from PDB complexes (1FVV,
1OIR, 2B52, 2B55, 2UZL, 2VV9, 2XMY, 3EZV, 4BCP, 4BCQ, 5K4J,
and 5NEV) with pIC50 $ 6. For these ligands, the native poses
observed in the corresponding X-ray structures were used. In all
cases except 2UZL, the ligands formed contacts with the hinge
region in their crystallographic binding modes.

The calculated binding free energies clearly discriminated
the active PDB ligands from the inactive ChEMBL compounds
(Fig. 8). Compounds generated by CReM-dock without guidance
and without selection for hinge-region interactions were not
statistically distinguishable from the inactive reference set,
whereas structures generated with PLIP guidance and selected
for hinge-region interactions differed signicantly from the true
inactives. Csp3-enriched structures designed under PLIP guid-
ance showed DG values comparable to those of structures
generated without explicit Csp3 enrichment (Fig. 8). These
ndings suggest that, for CReM-dock, guidance by a known
interaction pattern may be important for obtaining favorable
Fig. 9 Structures designed by CReM-dock, REINVENT and ChemTS hav

© 2026 The Author(s). Published by the Royal Society of Chemistry
binding free energies, whereas enrichment in Csp3 atoms does
not substantially affect this metric.

Structures generated by ChemTS were likewise not statisti-
cally distinguishable from the inactive set, although one
compound exhibited a particularly favorable calculated free
energy and may therefore represent a promising candidate.
Structures generated by REINVENT differed signicantly from
the ChEMBL inactive compounds and displayed the narrowest
distribution of calculated DG values among all methods.
Notably, REINVENT-generated structures generally did not
interact with the hinge region, with only ve compounds
forming a single hydrogen bond out of the three possible hinge-
region interactions. Thus, unlike CReM-dock, REINVENT did
not appear to require explicit PLIP guidance to achieve favorable
DG values. Overall, the results obtained for REINVENT and for
PLIP-guided CReM-dock were statistically indistinguishable.
Nevertheless, CReM-dock produced several compounds with
particularly promising calculated binding free energies. Repre-
sentative top-ranked structures are shown in Fig. 9.
Fragment expansion study

The CReM-dock methodology, which is based on the principle
of fragment growth, is particularly well-suited for scenarios in
which a smaller ligand is to be expanded within a binding site to
yield a larger molecule that more effectively occupies the cavity.
To assess the efficacy of the CReM-dock approach, we selected
pairs of compounds from the prior research by Malhotra and
Karanicolas,85 who compiled an extensive collection of smaller
and larger ligands that were co-crystallized with the same
protein and are accessible in the Protein Data Bank (PDB). The
criteria for selecting ligand pairs included: (i) the larger ligand
must contain fewer than 36 heavy atoms to approximately
satisfy the molecular weight constraint of #500, (ii) both the
ing the lowest calculated binding free energy to CDK2.
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Table 4 The pairs of smaller (starting) and larger (target) ligands and designed compounds the most similar to the corresponding target one

Starting ligand Target ligand

Similarity of
starting
and target
molecules

Generated molecules
most similar
to the target one

Similarity of a
generated molecule to
the target ligand

RMSD of
a generated
ligand relatively to
the starting one

0.36

1 1.37

1 1.47

0.32 0.63 0.04

0.32

0.65 1.7

0.65 1.54
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smaller and the larger ligands should exhibit a high degree of
volume overlap, indicating minimal pose alteration upon
expansion, (iii) the root mean square deviation (RMSD) between
the binding pockets of the corresponding protein conforma-
tions should be low, signifying that there are no signicant
positional changes in the side-chain residues, and (iv) the
difference in biological activity between the smaller and larger
ligands must exceed two orders of magnitude. Ultimately, three
ligand pairs meeting these criteria were selected (Table 4).

In conducting the simulations, we modied certain param-
eters to avoid excessive searching and to conserve computa-
tional resources. Given that molecular growth results in an
increase in molecular weight, it was deemed impractical to
continue the generation process aer achieving the desired
molecular mass of the larger ligand. The threshold values for
Digital Discovery
physicochemical parameters were established at the corre-
sponding values of the larger ligand plus 15% (for molecular
weight, log P, and topological polar surface area), while the
rotatable bond count (RTB) was set to the corresponding value
of the larger ligand plus 1. To further constrain the generation
process, we established an RMSD threshold of 1 Å and
a minimum PLIP similarity of 0.6 for the 2ZWZ and 3S1G pairs,
and 0.5 for the 2HB1 pair (Table S6). These parameters were
intended to direct the generation of compounds that would
maintain the binding pose of the initial fragment and its
interactions with the corresponding protein. For the generation
process, we utilized the ChEMBL SA2 fragment library with
a radius of 2. Our selection strategy involved clustering into 100
groups and selecting the top-scoring structure from each
cluster, thereby enhancing the comprehensiveness of the search
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 10 Binding poses of smaller (green) and larger (magenta) ligands as well as generated compounds (yellow/blue) the most similar to the
target (larger) ligand.
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and expanding the chemical space explored. This approach did
not signicantly increase computational costs, as we
commenced with relatively large fragments and anticipated that
the target molecules would be generated with a limited number
of steps. Overall, between 8200 and 24 500 molecules were
generated for each of the three targets.

From the pool of generated structures, we identied those
most similar to the target compounds using Tanimoto simi-
larity based on 2048-bit Morgan ngerprints with a radius of 2.
In all instances, the most similar generated ligands exhibited
the same binding mode and preserved key protein–ligand
interactions (Table 4, Fig. 10). For the 2HB1–2QBS pair, the
pipeline successfully identied a structure identical to the
larger ligand, 2QBS. Additionally, another structure with
a similarity score of 1 was found, which contained a cycloheptyl
residue in place of cyclohexyl; both compounds demonstrated
highly similar bindingmodes relative to the target ligand. In the
case of the 3S1G–3GC4 pair, the most similar generated ligand
lacked a positively charged secondary amine center and,
consequently, could not establish contact with Asp280 as the
target ligand did. However, the generated compound included
an amino group that enhanced binding to Asp156 and featured
a hydrophobic moiety that lled the pocket in a manner anal-
ogous to the target compound. For the 2ZWZ–2ZX9 pair, the
most similar generated ligand effectively occupied the hydro-
phobic pocket in a manner closely resembling the target
compound, although it contained an ethyl group instead of
a cyclopentyl residue. The most similar structure was repre-
sented by two enantiomers; both could adapt to the binding site
and maintain the necessary contacts.

In all cases, the generated structures were able to approach
the chemical space represented by the target molecules and t
within the binding site while preserving the pose and interac-
tions (Fig. 10). This demonstrates the capability of the CReM-
dock approach to explore not only novel chemical spaces but
also relevant spaces that have been previously validated through
experimental means.

Discussion

Several pertinent questions warrant discussion in the context of
fragment-based approaches to drug discovery. A primary
© 2026 The Author(s). Published by the Royal Society of Chemistry
question is whether the extensive chemical space explored by
these methodologies genuinely correlates with the identica-
tion of superior drug-like candidates. Although systematic
investigations on this matter are lacking, we can engage in some
speculation. The exploration of broader chemical spaces is
anticipated to yield advantages, such as the identication of
novel chemotypes and more potent hits. This assertion is sup-
ported by instances where the docking of millions of
compounds has led to the discovery of structurally novel and
more effective hits.16–18 These cases illustrate the benets of
exploring larger chemical spaces.

A critical consideration, however, is the potential generation
of numerous synthetically unfeasible structures, as it is
conceivable that an approach may predominantly explore
regions of chemical space that are not synthetically accessible.
Nonetheless, this does not inherently imply that an approach
will fail to identify promising hits; rather, it suggests that such
an approach may be computationally inefficient, necessitating
additional time for output analysis. Previous research demon-
strated that AiZynthFinder can generate retrosynthetic path-
ways for structures with SA scores below 2.5–3 in 50% of cases or
more.35 Consequently, we hypothesize that structures generated
with SA scores below 3 or 2.5 are likely to be synthetically
accessible. The CReM-dock tool primarily produces structures
with low SA scores, as the complexity of the structures is
incrementally increased across iterations (Fig. S7).

We conducted an analysis of the Retrosynthetic Accessibility
(RA) scores86 for the top 100 generated structures and observed
that the RA scores were predominantly high across nearly all
protein targets, with a median exceeding 0.95. This suggests
that at least half of these structures may have feasible retro-
synthetic pathways (Fig. 11). It is important to acknowledge that
the RA score has inherent limitations; for instance, previously
synthesized compounds, such as inhibitors of BACE1, did not
achieve high RA scores. To enhance the likelihood that the
majority of the top-scoring generated structures attain high RA
scores, we recommend utilizing a radius of 4 or greater, along
with a fragment database derived from more synthetically
accessible compounds (Fig. S8). However, this approach may
result in a reduction of the docking scores for those structures
(Fig. 2). Consequently, we do not anticipate signicant chal-
lenges for CReM-dock concerning the synthetic accessibility of
Digital Discovery
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Fig. 11 Distribution of RA scores for compounds from ChEMBL, top 100 structures by docking scores generated by CReM-dock, REINVENT and
ChemTS. For selection of top 100 compounds, physicochemical filters and protein–ligand interaction fingerprints were additionally used as
filters.
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the designed structures, as it allows for exible control over this
aspect. Nonetheless, experimental validation remains crucial to
conrm the practical applicability of the proposed pipeline.

Another aspect to consider in addressing the primary ques-
tion is the lack of evidence that a single generative tool can
efficiently explore the entirety of the synthetically accessible
chemical space and outperform other tools. It is more plausible
that each tool covers distinct regions of chemical space, which
may overlap but are not entirely encompassed by other tools.
Thus, employing multiple tools in conjunction may yield
complementary insights and facilitate the selection of the most
promising structures for further investigation.

While there is currently no experimental validation of the
specic pipeline described herein, nor evidence that the
designed structures are synthetically accessible, the developed
tool has been integrated into a more comprehensive design and
virtual screening pipeline, demonstrating its applicability. In
the CACHE challenge #1, where our group achieved third
place,48 participants were tasked with identifying binders for the
WDR40 domain of the LRRK2 kinase, implicated in the patho-
genesis of Parkinson's disease. CReM-dock was utilized as one
of the tools to generate promising hits, which were subse-
quently employed as queries for similarity searches in ultra-
large chemical databases. The suggested hits were conrmed
through experimental validation. This underscores the utility of
the developed tool.

Practical recommendations:
� It is advisable to utilize larger context radii and/or frag-

ments derived from more synthetically accessible molecules to
facilitate the generation of structures that are themselves
synthetically accessible.

� In scenarios involving larger radii and smaller fragment
databases, repeated runs are unnecessary, as the results exhibit
high reproducibility.

� To achieve greater diversity of solutions, Pareto selection is
recommended; conversely, for more stable runtime, selection
based on clustering should be employed.
Digital Discovery
� Whenever feasible, incorporating multiple protein
conformations can enhance the diversity of the generated
structures.

� It is benecial to impose restrictions on protein–ligand
interactions, if possible.

� The augmentation of an objective function has been shown
to be effective in enhancing drug-likeness.

� When generating structures enriched with sp3 carbon
atoms, it is advisable to utilize fragments that are themselves
enriched in sp3 carbon atoms, as the augmentation of the
objective function tends to perform poorly in this context.

� The number of iterations may be constrained to ve or six,
as subsequent iterations oen lead to increased molecular
complexity while resulting in diminished docking scores
(Fig. S7).

Upon analyzing the outputs of CReM-dock, it was observed
that many of the top-scoring structures contained numerous
methyl groups or halogen atoms. These substituents are typi-
cally introduced during the later iterations and are unlikely to
be critically important for ligand-protein recognition and
binding. However, their incorporation can increase the
complexity of the structures and reduce their synthetic feasi-
bility. To mitigate this issue, it is recommended to specify
a minimum size for the attached fragment that exceeds the
default value of one.

An alternative approach involves the application of a frag-
ment expansion strategy. Specically, an anchor fragment that
demonstrates binding affinity to a protein can be extracted from
a co-crystallized ligand. This fragment can then be expanded
using CReM-dock while maintaining its binding pose and
interactions. This method presents potential advantages over de
novo design, as the binding pose of at least one fragment is
already established, thereby increasing the probability of
generating active molecules.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Conclusions

The proposed fragment-based methodology for structure
generation, informed by molecular docking, has yielded
encouraging results. The approach partially addresses the
challenge of synthetic accessibility by providing indirect yet
effective control over this property. In particular, the use of
a larger context radius and fragment databases derived from
more synthetically accessible molecules improved the synthetic
accessibility of the generated compounds. In addition, the
framework allows docking scores to be combined with physi-
cochemical parameters, thereby enabling the generation of
structures with more favourable overall proles. Although this
strategy was effective in promoting drug-like properties, it was
less suitable for increasing the fraction of sp3-hybridized carbon
atoms; in such cases, explicit biasing through the selection of
Csp3-enriched starting fragments or growth fragments proved
more effective. The methodology also supports multiple selec-
tion strategies, thereby providing control over the diversity of
the generated molecules.

An important advantage of the approach is its ability to
preserve predened protein–ligand interactions during gener-
ation, particularly when such interactions are known to be
essential. This substantially increases the number of structures
exhibiting the desired interaction patterns. An additional level
of control can be introduced by imposing an RMSD threshold
relative to the pose of the initial fragment, thereby helping to
preserve the binding conformation of the generated molecules.
In three retrospective case studies, this strategy enabled the
generation of compounds that were either identical or highly
similar to known target molecules previously developed by
medicinal chemists during fragment optimization.

The developed tool was found to be competitive with the
state-of-the-art REINVENT4 and ChemTS approaches. Mole-
cules generated by CReM-dock frequently displayed greater
novelty while maintaining comparable docking scores and
synthetic accessibility. Furthermore, in a separate study, struc-
tures generated by CReM-dock under guidance from protein–
ligand interaction patterns exhibited favourable calculated
binding free energies for CDK2 and achieved DG values
comparable to those of known inhibitors, whereas structures
generated without consideration of PLIP-derived interactions
showed poorer calculated binding energies. Overall, themethod
provides substantial exibility and can be adapted to a range of
tasks, including de novo molecular generation, fragment
expansion, and scaffold decoration.
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