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Abstract

De novo design methodologies have the potential to significantly enhance the
exploration of chemical space in the search for promising ligands featuring novel
chemotypes. This exploration can be directed through various computational strategies.
3D pharmacophore models, which represent the interaction patterns critical for protein-
ligand recognition, can serve as valuable tools for the design of novel compounds. A
common limitation of many generative approaches is the low synthetic feasibility of the
generated molecular structures. In the present study, we developed a method capable of
controllably generating compounds with a relatively high degree of synthetic accessibility
by leveraging the CReM framework, while explicitly conforming to a specified 3D
pharmacophore model. Evaluation of this approach across a diverse set of protein targets
and pharmacophore models of varying complexity demonstrated its effectiveness and
highlighted its advantages over the PGMG method, which employs a deep neural network
architecture to generate ligands that may exhibit desired 3D geometries upon embedding.
The proposed method has been implemented as an open-source tool, CReM-pharm,
available at https://github.com/ci-lab-cz/crem-pharm.

Scientific Contribution

This study presents CReM-pharm, a software tool designed for the automated
enumeration of molecular structures that explicitly conform to three-dimensional
pharmacophore models. The approach specifically addresses challenges related to the
synthetic accessibility of the generated structures and offers a means for predictable,
indirect regulation of this aspect.

Keywords: de novo design, 3D pharmacophores, synthetic accessibility


https://github.com/ci-lab-cz/crem-pharm

Introduction

Pharmacophores encode electronic and steric features of a ligand that are essential for
a biological response [1]. They facilitate clear interpretations and enable very fast
screening of large compound libraries making them invaluable in the drug discovery
process[2-5]. However, the screening of compound collections is constrained by the
manageable number of compounds and the computational resources necessary for virtual
screening. The largest databases of enumerated compounds contain approximately
billions of entities[6], while the estimated size of drug-like chemical space is around 10%
molecules[7], making exhaustive screening of the entire chemical space impractical in
the foreseeable future. To address this challenge, de novo approaches have been proposed,
which dynamically enumerate compounds and adaptively explore chemical space,
thereby allowing for the discovery of novel chemical entities in previously unexplored
regions[8].

Current de novo methodologies predominantly rely on'molecular docking or machine
learning, with limited pharmacophore-based generation techniques available. Early
strategies primarily utilized fragment-based generation, constructing molecules from
small fragments[9-12]. Although this approach offered significant flexibility in
generating novel compounds, it often resulted in poor synthetic accessibility, thereby
limiting its practical application. This limitation arose from the fact that the linkage of
synthetically accessible fragments did not consistently yield synthetically feasible
molecules, as there was insufficient control over the bonds formed during generation.
Consequently, de novo pharmacophore approaches were largely set aside until the advent
of deep generative neural networks.

One of the first methods employing generative networks utilized the 3D shape of a
reference molecule and identified pharmacophore features as additional constraints to
train a shape autoencoder and a shape captioning network[13, 14]. Other researchers have
employed reinforcement learning, using LigandScout as an agent to explicitly match a
given 3D pharmacophore and guide model training[15]. The results indicated that while
the generated molecules did not fully encompass all pharmacophore features, they
significantly outperformed randomly sampled compounds in pharmacophore similarity
scores. In another study, Imrie et al. proposed the use of graph convolution and 3D
convolution networks to decorate scaffolds and generate linkers between two fragments
using pharmacophore constraints[16]. They demonstrated that only 28% of the generated
molecules exhibited at least 0.6 shape-based similarity to a given query. Building on
Imrie's work, Hadfield et al.[17] developed the STRIFE approach, which extracts
pharmacophoric information by calculating a fragment hotspot map[18] that identifies



regions of the binding pocket likely to contribute positively to binding affinity. STRIFE
subsequently identifies pharmacophoric constraints that are likely to place a
pharmacophore within a matching hotspot region and generates elaborations using a
constrained graph variational autoencoder[17]. The efficacy of this approach has been
validated through several retrospective case studies.

PGMG is another deep learning-based approach for de novo generation based on
pharmacophore models[19]. In this approach, a pharmacophore model is represented as a
complete graph, with nodes representing features and edges denoting distances, encoded
by a gated graph convolution network, while molecules are embedded from SMILES. A
notable aspect of PGMG is its ability to derive pharmacophore graphs from molecular
graphs without requiring explicit 3D embedding. The transformer architecture is
employed to learn the mapping between pharmacophore and molecular structure
embeddings. The model was trained on compounds from ChEMBL (version 24), and
using the pharmacophore graph as the sole input, PGMG could generate molecules that
correspond to the respective pharmacophore. The authors demonstrated that PGMG could
produce molecules with reasonable drug-like properties and docking scores superior to
those of known active compounds. However, it is important to note that there is no
assurance that all designed molecules will align with a query 3D pharmacophore model.
The PGMG approach has certain limitations, including a restriction on the number of
features in a model (not exceeding eight) and the inability to process pharmacophores
with negatively charged centers. Furthermore, the synthetic accessibility of generated
compounds was not explicitly addressed in the studies. Although it was shown that the
range of synthetic accessibility scores[20] of generated compounds aligns with the
reference ChEMBL space, the absence of explicit control raises concerns about the
synthetic feasibility of the generated structures.

PhoreGen is a recently introduced deep learning-based method for pharmacophore-
guided de novo molecular generation [21]. In this framework, a target pharmacophore
model is used to guide the direct generation of complete 3D molecular structures. The
approach is based on a diffusion model that applies asynchronous perturbation and
denoising to both atomic coordinates and bond information, while a message-passing
mechanism incorporates prior knowledge of ligand—pharmacophore mapping to maintain
consistency between the evolving molecular structure and the pharmacophore constraints.
A notable distinction from methods such as PGMG is that PhoreGen operates directly in
3D space and supports directed pharmacophore features, which may allow a more precise
encoding of spatial interaction patterns. However, as with other generative approaches,
the extent to which generated molecules consistently satisfy additional developability
criteria may depend strongly on the specific pharmacophore model and generation
settings [21].



In this study, we propose and implement a fragment-based de novo design approach
for compounds guided by 3D pharmacophore models. We utilized a previously developed
method for fragment-based structure generation, CReM, which allows for the growth of
fragments while maintaining indirect but flexible control over the synthetic accessibility
of the designed molecules[22]. The starting fragments match a selected subset of
pharmacophore features, and matching fragments are sequentially expanded to match all
features of a pharmacophore query. At each iteration, all structures are explicitly
embedded in 3D space with the fixed coordinates of a parent part of a molecule, ensuring
that the designed structures can adapt to the required conformation. The generation
process is relatively rapid, as it does not necessitate the alignment of a molecule to a
pharmacophore query at each iteration; instead, only the calculation of distances to the
corresponding pharmacophore features is required to verify whether a molecule can
match a query. Additionally, the approach generates molecules of minimal size sufficient
to match a query, thereby accelerating the overall generation process and avoiding the
creation of larger structures that do not contribute new features necessary for matching a
query. There are no restrictions on the number of features in a pharmacophore model, and
new feature types can be introduced by incorporating their SMARTS patterns into a
configuration file.

Methods
De novo molecule generation using 3D pharmacophore queries

The workflow described herein employs an iterative growth strategy to expand initial
molecular fragments that correspond to the starting features of a pharmacophore. This
process aims to generate molecules that align with the maximum number of
characteristics of a specified 3D pharmacophore. Pharmacophores are characterized by
specific features, including hydrogen bond donors and acceptors, hydrophobic regions,
aromatic, and positively or negatively charged centers, each defined by their respective
coordinates in 3D space. Additionally, pharmacophore features may be accompanied with
exclusion volumes, which delineate the boundaries of a binding site. In structure-based
pharmacophore models, exclusion volumes are assigned to each atom of a protein that is
located within 5 A of the ligand's crystal structure. The radii of both the exclusion
volumes and the pharmacophore features are determined on an individual basis. In this
study, we utilized a feature radius of 1 A and an exclusion volume radius of 2.2 A to
establish stringent parameters for the search process. Consequently, the input 3D
pharmacophore is represented as a collection of spheres, encompassing both
pharmacophore features and exclusion volumes within 3D space.



To expand molecules, we employed the CReM approach[22]. This methodology is
based on the concept of interchangeable fragments, which are defined as fragments that
exist within the same chemical context in existing molecules. To identify these fragments,
we systematically fragmented existing molecules by cleaving up to four single bonds.
Each fragment is linked to a corresponding chemical context of a given radius for all its
attachment points. The context is determined by the remaining atoms of structure which
are within up to a given number of bonds (context radius) from an attachment point of a
fragment. To create a new molecule a chosen hydrogen atom is replaced with fragments
from the CReM fragment database if their contexts are identical. As it was demonstrated
previously this strategy resulted in novel molecules with reasonably high synthetic
accessibility[22, 23].

The workflow consists of two major stages (Figure 1): (i) an initial screening phase
(steps 1-7), in which starting fragments are identified by matching a subset of the
pharmacophore features, and (ii) an iterative expansion phase (steps 8-19), in which these
starting fragments are iteratively grown to satisfy all remaining features.

3D pharmacophore
Starting features selection (steps 1-2)

Screening of starting fragments (steps 3—4)

Removal of redundant structures and conformers
(steps 5-6)

Initial screening stage

Storage of hits to DB (step 7)
Selection of a not expanded structure from DB (step 8)

Select the closest pharmacophore features (step 9)

Generate new structures by growing a parent structure
toward the closest features using CReM (steps 10-12)

Filtering by physicochemical properties (step 13)

Enumeration of sterecisomers (step 14)

Enumeration of conformers keeping the coordinates of
a parent substructure fixed (step 15)

Expansion stage

Checking for matching of closest pharmacophore
features (steps 16-17)

Removal of redundant structures and conformers
(step 18)

Storage of hits to DB (step 19)

Figure 1. Overview of the generative pipeline. The expansion stage runs iteratively until
all molecules will be expanded or the generation will be terminated.

1. The user first selects an initial set of pharmacophore features that are spatially
proximal and likely to represent key interactions, such as those in the kinase hinge



region. As demonstrated below, we recommend selecting features located within 7
A of one another; otherwise, suitable starting fragments may not be identified. In
general, a more compact set of starting features is preferable, as it increases both
the likelihood of finding matching fragments and the diversity of such matches.
We further recommend selecting at least three non-collinear features. This imposes
stricter constraints on fragment placement and thereby improves the robustness of
the overall generation process. By contrast, selecting only two starting features, or
features arranged linearly, necessitates sampling multiple possible orientations of
the starting fragments around the axis connecting these features. As each resulting
conformer must then be expanded independently, this substantially increases
computational cost. It may also decrease the accuracy of the initial fragment
placement and reduce the overall success of the generation process.

. The remaining features of the input 3D pharmacophore are subsequently
partitioned into non-overlapping groups of spatially proximal features, hereafter
referred to as subpharmacophores. This partitioning is performed by agglomerative
clustering of the 3D coordinates of the pharmacophore features using a user-
defined distance threshold. The threshold should be chosen to minimize the number
of singleton clusters. Singleton features may lead to greater variability in the
orientation of the added fragments, and the resulting conformations may hinder
further growth because of steric clashes between subsequently added fragments
and exclusion volumes. The default threshold is 3 A.

. A collection of starting fragments is screened against the chosen
subpharmacophore. This pharmacophore screening is facilitated by the pmapper
and psearch Python modules, which were developed previously[24]. The starting
fragments are transformed into a database of 3D conformers generated by
Conforge[25], and pharmacophore features are assigned by pmapper. The
screening process Yyields matched fragments that are aligned with the initial
subpharmacophore. In cases where the starting subpharmacophore features are
aligned along the same axis or are in close proximity, the coordinates of the
matched fragments are further sampled by rotating the fragments around this axis
in 10-degree increments. This additional sampling is performed to accelerate the
matching process for subsequent steps, as the coordinates of already matched
fragments will remain fixed.

. If exclusion volumes are provided within the model, in the subsequent step, the
potential collisions of the matching fragments or molecules with exclusion
volumes are assessed. A molecular conformation is discarded if any atom is found
to be closer than a specified threshold to any exclusion volume (with a default value
of 2.2 A). If all conformations of a molecule are discarded, the entire molecule is
eliminated.



5. From the list of matched fragments, only those with the smallest substructure are
retained, while all superstructures are removed. This step aims to minimize
redundancy and the number of molecules under consideration. For instance, if both
benzene and toluene match the same pharmacophore features, benzene, possessing
all necessary features, is retained while toluene is deemed redundant. This process
ultimately results in the generation of molecules with the smallest structure that
still match the maximum number of pharmacophore features.

6. To reduce redundancy among the molecules that pass the preceding steps, only
representative conformers are retained. The conformers are clustered by RMSD
using agglomerative clustering with complete linkage and a user-defined threshold
(default: 0.25 A). From each cluster, the conformer with the lowest average RMSD
to all other conformers in that cluster is selected as the representative.

7. conformers exhibiting a root mean square deviation (RMSD) greater than a
specified threshold (default value of 0.25 A) relative to other conformers are
retained to further reduce redundancy. This is achieved by agglomerative clustering
and selection of representative conformer from each cluster

8. Compounds that successfully passed steps 3 through 6 are stored in an output
database. This database includes all matching conformers of each molecule, along
with corresponding lists of pharmacophore features that were tested and matched.
It is mandated that starting fragments match all features, while partial matching is
permitted in later stages. This limits the enumeration of potential structures and
decrease computational expenses. The structure of an output database was made
compatible with EasyDock[26] to be able to retrieve structures using the same
scripts.

9. The main cycle commences with the selection of molecules designated for growth.
Multiple molecules may be expanded concurrently, contingent upon the
availability of CPU cores. To maintain a balance between exploration and
exploitation, at least one molecule that was successfully generated in a previous
run is selected, supplemented by a requisite number of unexpanded molecules to
fully utilize all available cores. Consequently, the search aims to identify diverse
molecules that match the maximum number of pharmacophore features from the
very beginning, allowing the user to interrupt the search at any time once a
satisfactory number of candidates has been generated. If not interrupted the search
will run until all possible structures will be enumerated.

10.For the molecule designated for expansion (the parent molecule), the closest
subpharmacophore, whose features have not yet been tested, is selected. This
selection dictates the direction of the subsequent growth step.

11.Within the chosen parent molecule, the shortest distance (D) between any heavy
atom with at least one hydrogen and any feature of the selected subpharmacophore



Is determined. Subsequently, all heavy atoms of the parent molecule (which
possess hydrogens) located within D + 2A of any feature of the subpharmacophore
are additionally designated as growth points.

12.All selected hydrogens are independently replaced. The fragments for these
replacements are sourced from a CReM fragment database. To streamline the
selection of fragments and enhance the efficiency of the overall process, additional
filters are applied within the grow function of CReM:

a. Fragments are selected only if they contain at least the required number of
each feature type defined by the subpharmacophore, ensuring that all
specified features can, in principle, be matched. For example, if a
subpharmacophore includes a single hydrogen bond donor feature, it would
be illogical to attempt to append a phenyl group, as it is not bearing this
function and would not yield a match irrespective of a conformation.

b. Fragments are further filtered based on their physicochemical properties to
favor the generation of drug-like molecules. Users may specify maximum
limits for molecular mass, topological surface area, the number of rotatable
bonds, and lipophilicity. The first three parameters either increase or remain
constant with the increasing size of the molecule, necessitating that
fragments possess these parameters not exceeding the difference between
the threshold value and the corresponding value for the parent molecule.
Lipophilicity (logP) is mainly an additive characteristic; therefore,
fragments are retained if their lipophilicity is less than the difference
between the desired logP and that of the parent molecule, plus a correction
factor of 0.5 to account for non-additivity.

13.The CReM grow function is applied, replacing the hydrogens at the selected atoms
with the chosen fragments. The maximum size of the attached fragment is restricted
to 12 heavy atoms, which is deemed sufficient to match adjacent
subpharmacophores.

14.The generated molecules undergo user-defined physicochemical filtering
(including molecular weight, topological polar surface area, the number of
rotatable bonds, and lipophilicity) to retain only those that meet all specified
criteria.

15.For the remaining molecules, all stereoisomers at undefined stereocenters are
enumerated, with each stereoisomer treated as a distinct molecule in subsequent
steps.

16.For each stereoisomer, a restricted generation of conformers is performed. The part
of the molecule corresponding to the parent structure is fixed, maintaining the same
coordinates as in the parent conformer, while other atoms are treated as flexible.
Their coordinates are stochastically sampled using Conforge[25], selected for its



high speed and accuracy in generating biologically relevant conformations. If the
parent molecule possesses multiple conformers, all are utilized as individual
templates for conformer generation. This step is the most time-intensive. Other
conformer generators, RDKit and Openbabel, can be also invoked instead of
Conforge, but they are much slower and did not show advantages.

17.The generated conformers are evaluated to ensure they do not overlap with
exclusion volumes. Conformers that pass this evaluation are then checked for
matching pharmacophore features. This process is fast as it does not necessitate
additional alignment; the coordinates of each conformer are already aligned with
those of the template parent conformer from the previous step. Consequently, the
closest distances between pharmacophore features of the same type in a conformer
and the query are calculated. If this distance is less than a user-defined threshold,
the corresponding query feature is designated as matched.

18.For each molecule, conformers that match the maximum number of query features
are retained. Conformers of the same compound derived from different template
conformers of the parent molecule are merged and filtered based on RMSD to
minimize redundancy.

19.From the list of remaining molecules, those that are superstructures of other
molecules in the list are removed (identically as performed in step 6). This action
further reduces redundancy and preserves the smallest molecules that match the
same pharmacophore features.

20.Molecules and their conformers that successfully pass all preceding steps are stored
in the output database.

21.The procedure returns to step 8 and is reiterated until all molecules in the database
have been expanded. The process can be interrupted at any time by the user, and
generation can be automatically resumed upon restarting the program. If an output
database already exists, generation will continue from the last checkpoint.

The current implementation supports only undirected pharmacophore features, owing
to limitations of the pmapper and psearch tools. As a consequence, generated structures
may occasionally contain incorrectly oriented hydrogen-bond donors or acceptors,
potentially compromising the plausibility of the resulting structures. Nevertheless, this
limitation is not expected to represent a major issue if exclusion volumes are employed.
By constraining the placement and orientation of fragments, exclusion volumes should
help preserve the appropriate orientation of hydrogen-bond donors and acceptors. This
issue is specifically addressed in the study presented below.

Database of interchangeable fragments



To create the database for interchangeable fragments, we utilized molecules sourced
from ChEMBL (version 22), standardized their structural representations, and eliminated
those exhibiting structural alerts as defined by BMS, Dundee, Glaxo, Inpharmatica, or
PAINS, following the implementation of Pat Walters
(https://github.com/PatWalters/rd_filters). Subsequently, we conducted a comprehensive
fragmentation of the molecules by severing single bonds. Each fragment, along with its
corresponding contexts within a radius of 1 to 5, was systematically cataloged in a CReM
fragment database. Furthermore, additional CReM fragment databases were constructed
from subsets of molecules characterized by high synthetic accessibility, as assessed by
the synthetic accessibility (SA) score proposed by Ertl and Schuffenhauer[20]. Prior
research[23] has indicated a strong correlation between the SA score and the predictions
generated by the retrosynthetic reaction prediction tool AiZynthFinder[27]. We created
two supplementary databases by fragmenting molecules with SA scores of at most 2 and
2.5, respectively. Consequently, the database with an SA score of <2 was a subset of the
database with an SA score of < 2.5, which in turn was a subset of the full fragment
database. The quantity of fragments and fragment/context pairs increased
correspondingly (Table 1).

Selected fragments containing up to 12 heavy atoms could span pharmacophore
features located as far as 13.8 A from the attachment point. In practice, however,
fragments of such size are relatively rare. The median maximum distance from the
attachment pointis 6.1 A, and the third quartile is 7.1 A, indicating that the effective reach
of most fragments is substantially smaller. This may become problematic if a
pharmacophore model comprises feature groups separated by a relatively large distance,
as the available fragments may be insufficient to bridge these gaps. The limit of 12 heavy
atoms was selected to constrain the size of the fragment databases, which increases
rapidly with fragment size; however, the database can be extended to include larger
fragments if necessary.

Table 1. Statistics of CReM fragment databases obtained from ChEMBL molecules with
no structural alerts. Only fragments having one attachment points and consisting of at
most 12 heavy atoms were counted in statistics, because only these fragments will be used
for expansion of starting molecules.

CReM DB n n number of distinct fragment/context pairs for
(fragmented | (distinct each radius

molecules) | fragment | radius | radius | radius | radius | radius
S) 1 2 3 4 5
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full 818174 | 131754 | 23598 45346 98127 18362 27076
0 1 5 12 64

SA < 25 338422 56052| 10482| 20082 | 40246 | 71209 10152
(SA2.5) 0 9 5 6 57
SA <2 (SA2) 67970| 17152| 34044 | 61454 | 11183 | 18731 267 90
0 7 6

Database of starting fragments

To prepare starting fragments we extracted all fragments from CReM SAZ2 database,
capped all attachment points with hydrogens, converted molecules to canonical SMILES
and removed duplicates. The resulting molecules were filtered according to their
physicochemical properties:

e the number of heavy atoms is within the range 8-15

e the number of distinct H-bond donors and acceptors should be within the range 1-
5. If an atom is labeled as H-bond donor and acceptor it was counted only once.
This gives an estimate on the number of polar centers in a fragment.

e the number of rings is 1-3

e the number of fused ring systems 0-2

e the maximum size of a single ringis 7

e the number of rotatable bonds is 0-2

e lipophilicity is less than 2

e topological polar surface area (TPSA) is greater than 25A2

¢ the total number of halogen atoms (CI, Brand I) is 0-1

This process yielded a total of 20,164 structures. For these structures, we enumerated
all stereoisomers utilizing an RDKit script sourced from the repository at
https://github.com/DrrDom/rdkit-scripts, as well as tautomers through the cxcalc utility
provided by Chemaxon. Duplicates were checked and removed. Ultimately, we obtained
23,840 distinct structures, which will serve as the starting fragments for de novo
generation. We generated up to 50 conformers for each molecule using Conforge and
subsequently applied a filtering criterion based on RMSD of 0.5A to reduce redundancy.

The described protocol was applied to select relatively conformationally rigid
fragments containing a sufficient number of pharmacophore centers, including at least
one hydrogen-bond donor or acceptor. The starting structures should remain relatively
small to allow subsequent expansion while keeping the final molecules within Lipinski-
compliant size limits. The selected fragments containing up to 15 heavy atoms are capable
of spanning features separated by as much as 11.4 A (the maximum pairwise feature
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distance observed in this set). However, selecting an initial set of features that are too far
apart is not recommended, as fragments capable of matching such distant features are
relatively uncommon and the initial stage of the generation process may therefore fail. In
this fragment set, the third quartile of the maximum pairwise feature distance is 8.0 A and
the median is 7.0 A; these values may thus serve as practical upper bounds for the distance
between selected starting features.

Targets selected for evaluation of de novo generation approach

For the validation of CReM-pharm, we selected targets from various protein families
that have been previously utilized in other studies for the assessment of de novo generator
tools[19, 28, 29] (Table 2). The ligands within the complexes were optimized using the
MMFF method, and feature-based three-dimensional pharmacophores were generated
using LigandScout [30]. All directed features were transformed into undirected
representations (spheres), as CReM-pharm currently supports only undirected features
(Figure 2). This approach is less restrictive and may enhance the quantity and diversity
of the designed molecules. The pharmacophores comprised between four and ten features
of varying types, including hydrogen bond donors and acceptors, hydrophobic, aromatic,
and both positively and negatively charged elements. Some pharmacophore models, such
as 2BTR, were compact, while others, like 7ONT and 8DV7, exhibited complexity with
features positioned at considerable distances from one another, potentially posing
additional challenges for de novo generation.

Table 2. Targets selected for validation of de novo generation based on 3D

pharmacophores

Protein
target

Protein target name
and family

Protein
ChEMBL
ID

PDB

Number
of
features

Type and the
number of
features”

Protein-
ligand
interaction
pattern

Minimurr
PLIF
similarity

CDK2

Cyclin-dependent
kinase 2 (kinase)

301

3RAL

8

3A,3D,2H

Glusl
(HB
donor);
Leu83
(HB
donor);
Leu83
(HB
acceptor)

0.6




2BTR

1A,1D,2H

Leu83
(HB
donor);
Leu83
(HB
acceptor)

2FVD

3A,2D,3H

Glusl
(HB
donor);
Leu83
(HB
donor);
Leu83
(HB
acceptor)

0.6

6GUH

3A,1D,4H

Leu85
(HB
donor);
Leu85
(HB
acceptor)

BACE1l

Beta-secretase
(protease)

4822

6UWP

1A,3D,1P,3H

Asp228
(HB
donor);
Asp32
(HB
donor)

DRD2

Dopamine D2
receptor (GPCR)

217

6CM4

1P,3H

Aspli4d
(cationic)

ESR1

Estrogen receptor
(nuclear receptor)

206

8DV7

1A,1D,1P,5H

Glu353
(HB
donor);
Arg394
(HB
acceptor)

0.6

PARP1

Poly [ADP-ribose]
polymerase 1
(transferase)

3105

7ONT

1A,2D,1P,3H,1a

Gly863
(HB
donor);
Gly863
(HB
acceptor)

TGFR1

TGF-beta receptor
type-1 (transferase)

4439

6B8Y

1A,1D,5H

Asp351
(HB
donor)




AKT1 | RAC-alpha 4282 4GV1 | 10 3A,3D,1P,3H Ala230 1
serine/threonine- (HB
protein kinase acceptor);
(kinase) Glu228
(HB
donor)
ACHE | Acetylcholinesterase | 220 4EYT |5 1A,1P,1H,2a Tyr337 1
(hydrolase) (cation-pi)
LTA4H | Leukotriene A-4 4618 3FUK |5 1A,1N,1P,2H Tyr267 1
hydrolase (cation-
(hydrolase) pi); Zn701
(metal
acceptor)

“A — H-bond acceptor, D — H-bond donor, H — hydrophobic, a — aromatic, P — positively
charged center, N — negatively charged center.
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Figure 2. 3D structure-based pharmacophore models used for evaluation of de novo

generation tools. Features of a smaller radius: green — H-bond donors, red — H-bond

acceptors, orange — hydrophobic. Features of a larger radius: blue — aromatic, violet —
positively charged, yellow — negatively charged.

Physicochemical property restrictions applied to generation of molecules

In order to generate drug-like compounds with potential for further optimization, we
established the following criteria: molecular weight (MW) should be less than or equal to
450, lipophilicity (logP) should not exceed 4, topological polar surface area (TPSA)
should be less than or equal to 120 A2, and the number of rotatable bonds (RTB) should
be limited to 7. These criteria were uniformly applied across all tasks. It is noteworthy
that not all native ligands from the selected protein-ligand complexes (Figure 2)
conformed to these criteria. A significant outlier was the 8DV7 ligand, which exhibited a
molecular mass of 495 Da, a logP of 6.4, and a TPSA of 147 A2. The substantial size of
this ligand resulted in a pharmacophore characterized by distantly positioned features,
which may pose additional challenges in the generation of compounds that both meet the
established criteria and match all pharmacophore characteristics.

Post-processing of generated molecules

Molecules generated by fragment-based approaches may have unfavorable or
unstable tautomeric forms. Therefore, before docking of generated molecules we
generated a major stable tautomer by means of Chemaxon cxcalc utility. This affected
approximately 20% of generated molecules.

Molecular docking



To estimate the ability of molecules to bind specific proteins we employed molecular
docking as implemented in EasyDock[26]. Autodock Vina was used as a docking engine.
Protonation of ligands was performed by Chemaxon cxcalc utility at pH 7.4.

Results and discussion
During further validation of the developed tool, we addressed the following questions:

1) the impact of various fragment libraries and context radii on the quantity of
generated structures, as well as their corresponding docking and SA scores;

2) the influence of the selection of starting features located in different positions of
the same pharmacophore model on the properties and similarity of the generated
structures

3) the properties and similarity among structures generated using distinct
pharmacophore models for the same protein

4) the properties and novelty of structures generated from pharmacophore models of
proteins across different families, along with a comparative analysis of these
structures against those produced by the state-of-the-art tool PGMG;

5) the reproducibility of conformations of the generated structures within the context
of molecular docking;

6) the relationship between docking scores of generated compounds and the number
of pharmacophore features matched,;

7) the description of the web-application serving to enhance users' familiarity with the
tool.

De novo generation of potential CDK2 ligands

Evaluation of influence of generation setting on generated structures and choosing
optimal settings

In order to evaluate various configurations and select optimal parameters for
subsequent studies, we employed the 3RAL pharmacophore model, which comprises
eight features positioned in close proximity to one another. This arrangement facilitates
multiple iterations for the expansion of initial fragments and presents a manageable
challenge due to the proximity of the features. The initial features selected included two
hydrogen bond donors and one hydrogen bond acceptor, which are indicative of binding
interactions within the hinge region of the CDK2 kinase (specifically feature numbers 3,
6, and 7, as illustrated in Figure 2). We assessed two primary settings that significantly
influence the generated structures: the context radii utilized for replacement (ranging



from 1 to 5) and the CReM fragments database, which was derived from the complete set
of ChEMBL compounds as well as from subsets of compounds deemed more
synthetically feasible (Table 1).

All simulations were conducted on computational nodes equipped with dual Intel
Xeon CPU E5-2650 processors operating at 2.00 GHz, each supporting 16 threads and 48
GB of RAM. Given that the generation process is CPU-intensive, the overall performance
Is constrained by processor speed. Each task was allotted a maximum duration of 12
hours, after which it was terminated if not completed. For smaller radii (1-3), the
generation processes predominantly reached the maximum time limit due to the
substantial number of structures and their conformations generated, ranging from 800,000
to 2.8 million compounds. Conversely, for larger radii, the generation times varied from
several minutes to a few hours, resulting in a reduced number of enumerated compounds
(Table 3, Table S4). Notably, for the largest CReM database with a radius of 1, the
execution of the program was halted after approximately 2 hours, leading to incomplete
results for this particular run; however, several compounds that matched all specified
features were nonetheless identified.

Table 3. The number of enumerated compounds for each set of settings, the number of
compounds matched at least some features of a pharmacophore and running time of
individual generation tasks.

PDB | starting | CReM | radius total number of
model | features | DB generated structures | total number of

matching at least some | enumerated

features of and embedded

pharmacophore model structures generation time
3RAL 3,6,7 all 1 3375 894601 | 126m (interrupte
3RAL 3,6,7 all 2 12354 1882607 | 720m
3RAL 3,6,7 all 3 15833 823964 | 720m
3RAL 3,6,7 all 4 4049 139716 | 253m
3RAL 3,6,7 all 5 332 7500 | 7m 11s
3RAL 3,6,7 | SA2.5 1 18153 2864314 | 720m
3RAL 3,6,7 | SA2.5 2 19282 1812272 | 720m
3RAL 3,6,7 | SA2.5 3 10195 428929 | 720m
3RAL 3,6,7 | SA2.5 4 2544 77357 | 90m
3RAL 3,6,7 | SA2.5 5 252 4518 | 4m 58s
3RAL 3,6,7| SA2 1 20563 1720462 | 720m
3RAL 3,6,7| SA2 2 16291 845327 | 720m
3RAL 3,6,7| SA2 3 2479 98708 | 79m 50s
3RAL 3,6,7| SA2 4 678 21015 | 11m 30s




3RAL 3,6,7| SA2 5 139 944 | 3m 25s
3RAL 1,6 | SA2.5 3 5222 441756 | 720m
3RAL 4,58 | SA2.5 3 1748 241622 | 161m 46s
2BTR 3,4 | SA2.5 3 6561 1244015 | 720m
2FVD 4,78 | SA2.5 3 177 28414 | 29m 22s
6GUH 15,8 | SA25 3 26527 1276803 | 720m
3FUK 3,4 | SA25 3 376 95904 | 102m 8s
4EY7 4,5| SA2.5 3 2585 179798 | 502m
4GV1| 1,6,10| SA25 3 731 89710 | 81m 12s
6B8Y 3,7 | SA2.5 3 6379 2075364 | 720m
6CM4 1,3| SA25 3 13469 450532 | 720m
6UWP 1,2,6 | SA25 3 86 1669 | 2m 10s
/ONT | 1,5,6,7| SA2.5 3 6565 252633 | 720m
8DV7 3,7,8 | SA2.5 3 7098 717505 | 390m 42s

We conducted docking of all generated compounds against the 3RAL protein
structure. From this analysis, we selected the top 100 compounds based on their docking
scores for the computation of synthetic accessibility (SA) scores[20]. A notable trade-off
was observed between docking scores and SA scores, exhibiting a trend consistent with
our previous findings[23, 29]. Specifically, a smaller context radius yielded superior
docking scores; however, this was accompanied by diminished SA scores (Figure 3). In
alignment with prior observations, the utilization of CReM fragment databases derived
from more synthetically feasible compounds resulted in the generation of molecules that
were more synthetically accessible. To facilitate a comparative analysis, we computed
SA scores for all compounds sourced from ChEMBL 33, which served as a reference
dataset. The average SA score for all ChEMBL compounds was determined to be 3.05,
with a median SA score of 2.78. In numerous instances, the average SA scores of the top-
scoring generated compounds fell below these thresholds, thereby reinforcing the
conclusion that our approach produces synthetically reasonable molecules. We identified
the optimal parameters as the SA2.5 CReM fragment database and a radius of 3, as these
settings yielded high docking scores while maintaining SA scores at a reasonably low
level, below the average for the entire ChEMBL dataset. These parameters were
subsequently applied to all further generations in this study.
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Figure 3. Average docking and SA scores for top 100 compounds selected by docking
scores from every generation run. Error bars correspond to 95% confidence intervals
calculate by t-test. Lower values of docking and SA scores indicate more favorable
outcomes.

Study the influence of the starting features on generated compounds

To assess the impact of initial pharmacophore features, we conducted generations
utilizing an H-bond donor and a hydrophobic feature (features 1 and 6, Figure 2), along
with two H-bond acceptors and-one H-bond donor that corresponded to a sulfonamide
group situated at the terminal region of the 3RAL ligand (features 4, 5, and 8, Figure 2).
The number of structures generated was lower in comparison to the previous generation
that employed starting features 3, 6, and 7. Specifically, 5,222 and 1,748 structures were
produced for the feature sets 1,6 and 4,5,8, respectively, whereas the feature set 3,6,7
yielded 10,195 structures (Table 3). In all cases, a subset of the compounds conformed to
all pharmacophore features. Consequently, the selection of terminal feature groups for
structure generation can still yield structures that align with all pharmacophore features,
albeit with a reduced number of such structures and lower docking scores (Figure 4).
Other physicochemical properties, including SA scores, were largely consistent across
the different runs (Figure 4).
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Figure 4. Distribution of physicochemical properties, docking and SA scores for top 100
compounds selected by best docking scores for individual runs started from different sets
of pharmacophore features. Lower values of docking and SA scores indicate more
favorable outcomes.

The generated structures exhibited low similarity across different runs, with only a
limited number of compounds achieving a Tanimoto similarity exceeding 0.4, as
determined by Morgan fingerprints of radius 2 (Figure 5). This finding suggests that
employing distinct sets of initial features may enhance the diversity of the resultant
structures set. Furthermore, the analysis indicates that the structures generated within a
single run are also diverse. The structures formed several small clusters, which aligns
with expectations given the utilization of a growing strategy; it is plausible that some of
the top-scoring compounds share the same parent substructures.
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Figure 5. Pairwise similarity for top 100 compounds selected by docking scores for
individual generation runs started from different sets of pharmacophore features of the
3RAL pharmacophore model. Similarities below 0.4 were nullified to better highlight
intersection of analyzed sets of molecules.

Comparison of compounds generated for different pharmacophore models of CDK2

In addition to the 3RAL complex, we selected three additional CDK2-ligand
complexes (2BTR, 2FVD, and 6GUH) to develop corresponding pharmacophore models.
The complexity of these models varied; the 2BTR model comprised four features, while
the other two models contained eight features each. For all models, we initially selected
features that represented interactions with the hinge region: 3,4 features for 2BTR, 4,7,8
features for 2FVD, and 1,5,8 features for 6GUH (Figure 2). The number of structures
generated differed significantly across the models: 6,561 compounds were produced for
2BTR, 177 for 2FVD, 26,527 for 6GUH, and 10,195 for 2BTR (Table 3). In the case of
the 2FVD model, the maximum number of matched features achieved by the structures
was six out of eight, while for the other models, a fraction of compounds matched all
features.

For the analysis, we selected the top 100 compounds based on docking scores from
each model. The compounds generated from the 2BTR pharmacophore model were
smaller and exhibited lower docking scores compared to those generated from the 3RAL
and 6GUH models (Figure 6). This outcome was anticipated, as the generation protocol
was designed to produce minimal-sized structures that matched all pharmacophore
features, and the 2BTR pharmacophore model was relatively small and simple.
Consequently, the generated compounds had a lower molecular weight than those
produced from the other larger models. Nevertheless, these compounds can be further
decorated using basic CReM functions or by employing CReM-dock[29], which
facilitates the growing of molecules within a binding site through molecular docking.

The compounds generated from the 2FVD pharmacophore model did not achieve the
maximum number of matched features, resulting in a limited total number of structures
generated. Thus, it was not unexpected that the docking scores of the top 100 compounds
were poor (Figure 6). Overall, the physicochemical properties and synthetic accessibility
(SA) scores of the generated compounds were comparable across the models, with SA
scores generally not exceeding 3.05, which aligns with the average SA score for
compounds in the ChEMBL database. These findings confirm the stability of the
implemented generation protocol.



The overlap among the top 100 compounds generated from the different
pharmacophore models of the CDK2 protein was minimal, with only a few compounds
exhibiting a Tanimoto similarity greater than 0.4. Additionally, the diversity of the top-
scoring compounds within individual runs was notably high (Figure S1). Therefore,
employing various pharmacophore models for the same target can enhance both the
quantity and diversity of generated molecules. The examples of top scored structures are
given in Table 4.
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Figure 6. Distribution of physicochemical properties, docking and SA scores of
compounds generated for different pharmacophore models of CDK2. Lower values of
docking and SA scores indicate more favorable outcomes.

Comparison of de novo generation approaches CReM-pharm and PGMG using
pharmacophore models for targets from different protein families

To achieve a more comprehensive validation of the proposed approach, we selected
targets from various protein families with different levels of complexity (Table 2, Figure
2). For each target, we identified between two to four initial features that were positioned
in close proximity to one another and situated centrally within the model (Table S1).
Structures were generated utilizing the ChEMBL SA2.5 fragment database with a radius
of 3, as these parameters were determined to be optimal for generating ligands targeting
CDK2. Throughout all CReM-pharm runs, we imposed uniform constraints on the
physicochemical properties, specifically: molecular weight (MW) < 450, logP < 4,
topological polar surface area (TPSA) < 120, and rotatable bonds (RTB) < 7.

For comparative analysis, we selected PGMG [19] and PhoreGen [21]. PGMG is an
approach that enumerates SMILES representations of compounds supposed to align with
a specified three-dimensional pharmacophore query. All pharmacophore models were
converted into the requisite format, and up to 20,000 molecules were requested for
generation via the  web  application  provided by the authors
(https://www.csuligroup.com/PGMG). It is noteworthy that certain pharmacophore



https://www.csuligroup.com/PGMG

models were deemed unsuitable for de novo generation due to inherent restrictions within
PGMG. Specifically, the 4GV1 model featured a negatively charged feature, which is not
acceptable by PGMG, while the 3FUK model comprised ten features, exceeding the
maximum allowable limit of eight features in PGMG. Consequently, no compounds were
generated for these particular models by PGMG. It should also be noted that PGMG
approach does not use exclusion volumes and restrictions by physicochemical properties
IS not possible.

PhoreGen is a pharmacophore-guided framework for de novo 3D molecular
generation based on diffusion modeling. The method begins from a noisy molecular
representation and iteratively denoises both atomic coordinates and bond/graph
information in an asynchronous manner, while message-passing operations maintain
structural consistency throughout the generation process. A central feature of the
approach is the incorporation of prior information on ligand—pharmacophore feature
mapping into the denoising procedure, thereby steering generation toward molecules that
satisfy the desired pharmacophore arrangement while preserving chemical validity and
structural diversity. In contrast to CReM-pharm and PGMG, PhoreGen employs directed
pharmacophore features. At the same time, similarly to CReM-pharm, it uses exclusion
volumes, which may contribute to more accurate ligand placement. Explicit control of the
physicochemical properties of the generated structures is not available in PhoreGen. For
the present study, LigandScout pharmacophore models were converted into the required
input format using in-house scripts. PhoreGen was then executed in five independent
replicates with different random seeds, generating 2,000 structures per run, for a total of
10,000 structures for each pharmacophore model.

The number of structures generated by CReM-pharm was very variable from 86
structures for 6UWP to 26,527 for 6GUH (Table 3). This includes all generated structures
matching at least some of pharmacophore features. For many pharmacophore models
structures matching all pharmacophore features were successfully generated. In the
extreme case of 6UWP the maximum number of 5 out of 8 features were matched by
generated structures and no further extension was possible. This can be attributed to two
primary factors. Firstly, we imposed a limitation on the number of rotatable bonds,
capping it at seven; in some cases, further extensions resulted in the formation of
structures that surpassed this threshold. Secondly, many compounds contained a hydroxyl
group, which matched a hydrogen bond donor feature of the model. This hydroxyl group
was utilized in subsequent extensions, leading to its conversion into either an ester or
ether group. Consequently, this transformation resulted in the loss of the hydrogen bond
donor characteristic in generated structures and their exclusion from further
consideration.



The number of structures generated by PGMG did not exceed 10,000 in all cases
(Table S2). The majority of them were very large and lipophilic. The simple search
resulted in 13,256 molecules out of all 80,624 generated structures, which contained a
polymethylene chain of at least 10 CH, groups. This can be explained by the absence of
reasonable restrictions in the generative model, where the main issue could be the
inability to consider exclusion volumes. The percentage of structures satisfying some
drug-like criteria (MW <= 500, logP <=5 and TPSA <= 120) was relatively low, from
0.8% to 46.5% and 16.8% in average (Table S2). If we consider the criteria applied to
CReM-pharm generations except the number of rotatable bonds (MW <= 450, logP <=4
and TPSA <= 120), the percentage of PGMG structures passed filters further decreased
and varied from 0.1% to 24.2% with the average value 6% (Table S2). This indicates that
PGMG by default generates mainly non-drug-like compounds.

Although PhoreGen generated 10,000 structures for each pharmacophore model, up
to 37% of these were duplicates and were therefore removed (Table S5). The proportion
of structures meeting broad drug-like criteria (MW < 500, logP < 5, and TPSA < 120)
substantially varied across pharmacophore models, ranging from 99.5% to 5.7%. As
expected, the proportion satisfying the more stringent CReM-like criteria (MW < 450,
logP < 4, and TPSA < 120) was lower, ranging from 95.5% to 0.5% (Table S5). The
lowest yields of drug-like structures were observed for the 3RAL, 4GV1, and 8DV7
models, which contain numerous features separated by relatively large distances.
However, other structurally complex pharmacophore models performed more favorably.
These findings indicate that the drug-likeness of PhoreGen-generated structures is
strongly dependent on the underlying pharmacophore model and that the fraction of drug-
like outputs is difficult to predict in advance.

We conducted an additional analysis to assess whether the conformers generated by
CReM-pharm and PhoreGen are structurally plausible and whether molecules generated
by PGMG are capable of matching the corresponding 3D pharmacophore models. To this
end, up to 25 low-energy conformers were generated for each structure using ConfGen,
followed by virtual screening in LigandScout. Screening was performed with
pharmacophore models containing directed features as originally generated in
LigandScout. In addition, all features were converted to undirected representations and
the screening was repeated to evaluate the importance of feature directionality. All models
included exclusion volumes defined previously in LigandScout. Screening was performed
while allowing the omission of features, down to models retaining only a single feature,
in order to count the number of structures matching a given number of pharmacophore
features. Such exhaustive screening was computationally infeasible for the complete set
of PGMG-generated structures because many of these molecules were very large, for
example containing long polymethylene chains, and possessed numerous pharmacophore



features, resulting in a prohibitively large number of possible feature combinations. To
reduce computational complexity, PGMG-generated structures with molecular masses
above 600 Da were excluded in this analysis.

As expected, the fraction of PGMG-generated structures capable of matching at least
two pharmacophore features was low for several models, including 2BTR, 2FVD, 3RAL,
and 8DV7, whereas the corresponding reduction for CReM-pharm and PhoreGen was
relatively modest (Figure 7). This likely reflects the absence of exclusion volumes in the
PGMG generation pipeline, which may prevent even structures of moderate molecular
weight from fitting the pharmacophore models. It was anticipated that both PGMG and
PhoreGen would produce structures capable of matching all features of the
pharmacophore models. For PhoreGen, at least a small fraction of such structures was
observed for nearly all models, irrespective of whether directed or undirected
pharmacophore representations were used. By contrast, PGMG-generated structures
matched all features only for the 6CM4 four-point pharmacophore (Figure S3, Figure S4).

Structures generated by CReM-pharm generally matched more pharmacophore
features than those generated by PGMG and, in many cases, fewer than those generated
by PhoreGen. However, it should be emphasized that CReM-pharm was not designed to
generate only structures matching the complete pharmacophore, as all molecules
matching at least some feature subsets were retained in the output. A close agreement was
observed between the distribution of CReM-pharm-generated structures matching a given
number of features and the expected distribution (Figure 8). This suggests that the
conformers produced within the CReM-pharm pipeline are structurally reasonable and
can be reproduced by unconstrained conformer generation. Notably, the numbers of
structures matching the directed and undirected pharmacophore models were very
similar, indicating that the use of directed features may not be essential. This observation
further suggests that exclusion volumes are sufficient to guide fragment orientation
appropriately, such that the directions of hydrogen-bond donors and acceptors in the
generated structures largely correspond to the expected arrangements.
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Figure 7. The number of structures generated by each tool and the number of structures
which could match at least two features in the independent virtual screening runs using
directed and undirected 3D pharmacophore models by means of LigandScout. The
numbers in brackets near the model code is the number of features in the undirected
models. There was one more feature in 4GV1 and 7ONT directed models due to double
H-bond donor centers, which are reduced to a single feature in undirected models.
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Figure 8. The number of CReM-pharm structures matching specific numbers of features
in the originally designed conformers and in the course of independent virtual screening
by directed and undirected pharmacophore models.

For the further analysis we selected PGMG and PhoreGen structures satisfying
criteria aligning to CReM-pharm generations (MW <= 450, logP <=4 and TPSA <= 120,
except of RTB constrain). Since PGMG generates structures with undefined
configuration of stereocenters we enumerated up to 8 stereoisomers for each of them
before docking. Full enumeration of all stereoisomers and their docking was infeasible
because there were a large number of structures with a large number of chiral centers, that
would produce too many stereoisomers. For the subsequent analysis we chose a
stereoisomer with the best docking score as a representative one of each compound.

As a baseline we selected 50,000 random compounds from ZINC[31] which meet the
same physicochemical criteria as CReM-pharm generated structures. This number of
compounds was selected because computational resources required to dock these
compounds will be comparable to computational resources spent on generation and
docking of the largest set of molecules generated by CReM-pharm for 6GUH. Thus, this



Is the output from conventional virtual screening pipeline with the same computational
efforts as de novo generation. As an additional reference, we docked active ChEMBL33
compounds (pKi/pK4/plCsy > 6) having molecular mass below 500 Da for each target.

For this analysis, the top 100 compounds ranked by docking score were selected for
each target and each protocol, namely CReM-pharm, PGMG, PhoreGen, and ZINC. In
several cases - specifically 2FVD, 70NT, and 8DV7 for PGMG, and 8DV7 for
PhoreGen—fewer than 100 structures satisfied the applied physicochemical criteria
(Table S2, Table S5). For six targets (3RAL, 4GV1, 6CM4, 6GUH, 7ONT, and 8DV7),
structures generated by CReM-pharm achieved better docking scores than those produced
by the other generative methods. For five targets (2BTR, 2FVD, 4EY7, 6GUH, and
6UWP), PGMG-generated compounds vyielded the best docking scores, whereas
PhoreGen performed best for three targets (2FVD, 3FUK, and 6B8Y) (Figure 9). It should
be noted that for two pharmacophore models, 3FUK and 4GV1, PGMG did not generate
any structures because of either an excessive number of features (more than eight) or the
presence of unsupported features, such as a negatively charged center. In general, the
generated structures only rarely outperformed known ChEMBL actives in terms of
docking score. By contrast, the top-ranked ZINC compounds showed docking scores
comparable to, or better than, those of the best designed molecules.

SA scores of top generated structures by CReM-pharm were mainly within the narrow
range 2.5-3, while for top Phoregen and PGMG structures SA scores varied substantially
larger frequently exceeding 4 (Figure 9). In the majority of cases structures generated
with CReM-pharm had better or comparable SA scores to PhoreGen and PGMG
structures. SA scores for ChEMBL actives were mainly below 3 with the exception of
6UWP and, thus, were aligned with CReM-pharm and ZINC outputs. In the majority of
cases structures generated with CReM-pharm also had favorable drug-like properties
(Figure 9). These results show the promising nature of compounds generated by CReM-
pharm. They have low SA scores, high drug-likeness and docking scores are comparable
to ChEMBL actives and ZINC compounds (Table 4). It may also be noted that some
structures generated by PhoreGen do not have required features, as an example is the
structure having the best docking score for 6CM4 (Table S6), which does not have a
center of a positive charge.



docking score
*kk ns ns Er T3 *kEF ns *kk K *k K ki ns
ik P Ay Py i P ns i P .
N o - o R £ o o S S o o
54| . . .
i i . B
' .
! } 2 ‘ | i | i
. L B ] 1 ' L By
B .= [H ) B T. .l 0 T8
-104 ,_,?'= =+=0H B - Ll &= _|,__=T = BiA = .?_ | e T
T G, T [Te== mi |[] - e Jp O_ HTTY
. =, H AR : i T Tt |
'y Vst T H
: v ’
-154
SA score
ek ek e ek ke ke ek e ns ek ek ek ke ns
6 m ok ok e de ek 'ﬂ_| ke ko ke ok sk ke ke
| S . | 0. ,
‘ : . . . — | :
s i1 gl B Sl DL L s L
3 4 B | | H | R R
> = .y l -] 1 = : ' H 'BI ': H A_"|'l Iy
“HE I‘EE £ oms | . —:g{' f‘q= el B=ty ~Q H B ,:%,;T L. -
24 o =5 |
L]
QED
1254 ot T hEES *E hEEF e hEx e ey JiE
ek ns ek ke ek ke * ek kk ok e e ns
vk s, ke s e s, s, = vk wan ke N
1.004
=] i | H
0.751 o |£ i | lt : "|‘|" 0
H }_FH— H _,Hj ga. 8. |[H H —HQ, H FHE Hyl J 0
oso{ 1| W, 4 LT TR T} | Rl MRielks Ran Ll "l —ﬂ HHE
0254 | | ‘ . b | E l | L
2 2 = o =, S & 2 5 5 c s
o & @ @ < g @ 8 & 2 ~ 3
protein
L
ChEMBL [ | ZINC E CReM-pharm [F-5] PhoreGen [5] PGMG

Figure 9. Distribution of docking and SA scores of top 100 compounds by docking scores
for individual proteins and programs. PGMG and PhoreGen compounds were preliminary
filtered by MW <= 450, logP <=4 and TPSA <= 120 but not by rotatable bonds to align
to physicochemical restrictions applied to CReM-pharm. Lower values of docking and
SA scores indicate more favorable outcomes. Statistical significance was calculated by t-
test: ns - not significant (p > 0.05), ** - p <0.01, *** - p <0.001, **** - p < 0.0001.

Table 4. Top scored compounds from generative tools CReM-pharm, PGMG and
PhoreGen. The numbers designate docking scores and SA scores, for which lower values
indicate better performance. Absent structures for PGMG are for pharmacophore models
having more than 8 features or containing negatively charged centers which cannot be

treated by PGMG.

CReM-pharm

PGMG
(physicochemical
filters)

PhoreGen (physicochemical
filters)
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Novelty of generated structures and coverage of known chemical space

To assess the novelty of the top 100 structures, we conducted a search for the most
similar compounds within the whole ChEMBL33, as well as among the active compounds
in ChEMBL33 corresponding to specific proteins, utilizing chemfp[32] with 2048-bit
Morgan fingerprints of radius 2. The active compounds were sourced from ChEMBL33,
defined as those with pKi/pK4/pICso values of 6 or higher. The top 100 structures
identified by all programs exhibited low similarity to the established active space, with
Tanimoto similarity coefficients primarily below 0.3 for PGMG and PhoreGen structures
and below 0.4 for CReM-pharm (Figure 10). In contrast, similarity to the entire ChEMBL
database was higher, reaching values between 0.4 and 0.6 for all programs. Notably, in
five cases (6B8Y, 6CM4, 6GUH, 70NT, and 8DV7), the PGMG generator successfully
reproduced six known structures from ChEMBL, which was anticipated given that
ChEMBL compounds were utilized in training the PGMG model. Additionally, CReM-
pharm generated 14 known ChEMBL compounds for the case of 6UWP, which was also
expected, as the structures generated for 6UWP matched a maximum of five features and
were relatively small, with a molecular mass below 200 Da. Nevertheless, these
previously untested compounds may be considered for repurposing studies or fragment-
based screening aimed at identifying new ligands for the corresponding targets. In
summary, the top-scoring structures produced by both programs can be regarded as
predominantly novel.
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Figure 10. Tanimoto similarity (2048-bit Morgan fingerprints with radius 2) of top 100
generated compounds selected by docking scores to the closest neighbor from the whole
ChEMBL database and from the set of known actives.

Although the similarity between the top-scoring generated structures and known
active compounds was found to be low, it remains important to assess the overall coverage
of the known active chemical space. This evaluation may demonstrate that the approach
not only produces unique structures with high docking scores but also effectively explores
relevant chemical space. To assess this capability, we conducted a search for the closest
generated structures to each active compound from the corresponding set and count the
number of ChEMBL actives that had generated structures with Tanimoto similarity
exceeding the thresholds of 0.5 and 0.6. This analysis aims to illustrate the extent to which
the generated compounds align with the known active chemical space (Table 5).

Our findings revealed that only 3 out of 10 targets had at least some known actives
achieving a similarity score of 0.6 with PGMG compounds, whereas 8 out of 12 targets
exhibited this level of similarity with CReM-pharm compounds and 10 out of 12 for
PhoreGen. Furthermore, the number of known active compounds that displayed high
similarity with the generated compounds was also greater for CReM-pharm and
PhoreGen. These results suggest that CReM-pharm and PhoreGen, in general, more
frequently encompasses previously explored chemical space while maintaining a high
degree of novelty among the top-scoring generated compounds.

Table 5. The number of known actives from ChEMBL having the closest neighbors
among generated compounds within the specified similarity

CReM- CReM-

protein | pharm, pharm, PGMG, PGMG, PhoreGen, | PhoreGen,




Tanimoto > | Tanimoto > | Tanimoto > | Tanimoto > | Tanimoto > | Tanimoto >

0.5 0.6 0.5 0.6 0.5 0.6
2BTR 4 0 1 0 26 12
2FVD 0 0 0 0 3 0
3FUK 45 7 42 15
3RAL 99 16 0 0 11 1
4EY7 21 2 35 26 14 0
4GV1 0 0 23 4
6B8Y 20 2 0 0 0 0
6CM4 252 28 98 8 144 27
6GUH 23 2 1 0 43 7
6UWP 0 0 2 0 0 0
TONT 48 11 6 0 7 1
8DV7 53 7 3 1 11 0

Reproducibility of poses of structures generated by CReM-pharm in docking

It was of particular interest to analyze whether the top scored poses found by docking
correspond to conformations generated during the de novo generation and 3D embedding
within the CReM-pharm pipeline. It was found that the only a small portion of structures
have poses within 2A from the conformation created during de novo generation, up to
13.8%. The only exception was 7ONT pharmacophore model for which almost a half of
molecules (48.6%) reproduced conformations found by de novo generation (Table 6).
Poor reproducibility of poses may be explained by several factors. Molecules matching
only a small number of total features are usually small and therefore are less restricted by
the shape and the volume of the binding site and can change their pose in docking.
However, some pharmacophore models have a small number of features (e.g. 6CM4
contains 4 features) which are span over a large distance and therefore generated
structures is also large. While the binding site of 6CM4 is deep the molecules could flip
or shift towards outside resulting in RMSD values greater than 2A (Figure 11). Among
pharmacophore models containing more than 5 features low RMSD were mainly
achieved for more rigid molecules having a smaller number of rotatable bonds (Figure
S2, 7TONT). However, in the case of CDK2 receptor (3RAL) despite of a large number of
generated structures only a tiny portion of them could reproduce the poses. This may be
explained by the wide binding site which may adopt ligand of different sizes (Figure 11).
PARPL1 binding site has another specific structure, which guides the ligands to dock in
the poses similar to those from de novo generation. It has narrow and wide opposite sides.
Therefore, the designed ligands cannot flip, because the part of a ligand matching a wider
cavity of the binding site cannot fit into the smaller side of the site (Figure 11). Other
possible reasons of difference in poses could be i) specific tautomeric forms used for



docking due to generation of stable tautomers during post-processing and ii) possible
errors in protonation states, due to which some H-bond donors may disappear and as well
as positively or negatively charged centers. Structures having reproduced docking poses
do not outperform the remaining molecules by docking scores. However, these structures
may have priority for selection for further stages, because consistency between
pharmacophore and docking modeling may indicate a more reliable result.

¢ T /

. A . \/\//% |
PARP1 (7ONT) — ligand aligned well
Figure 11. Poses of molecules from de novo pharmacophore generation (blue) and

molecular docking (green).

Table 6. The total number of generated structures by CReM-pharm and the number of
structures whose conformation embedded during de novo design was within 2A from the
top docking pose.



number of | number of molecules percentage of molecules

protein | molecules | with RMSD < 2A with RMSD < 2A

2BTR 6561 523 8.0%
2FVD 177 0 0%
3FUK 376 4 1.1%
3RAL 10195 81 0.8%
AEYT7 2585 60 2.3%
4GV1 731 51 7.0%
6B8Y 6379 13 0.2%
6CM4 13469 1290 9.6%
6GUH 26527 233 0.9%
6UWP 86 2 2.3%
70ONT 6565 3193 48.6%
8DV7 7098 981 13.8%

Dependence of docking scores of compounds on the number of matched features

We conducted an analysis of the distribution of docking scores among structures
characterized by different numbers of matching pharmacophore features. Our findings
generally indicate that structures matching a greater number of pharmacophore features
tend to exhibit better docking scores, which may be attributable to their higher molecular
weight (Figure 12). However, there exists a significant probability that structures failing
to match all features may still yield high docking scores, thereby warranting their
consideration for further evaluation. This observation suggests that it may not be essential
for molecules to match all pharmacophore features in order to attain high docking scores.
Consequently, it may be beneficial to optimize pharmacophore models prior to their
generation by eliminating less critical features. This approach could potentially enhance

the diversity of generated compounds while maintaining high docking score levels.
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Figure 12. Distribution of docking scores of compounds generated by CReM-pharm and
matching different number of features. Lower values of docking scores indicate more
favorable outcomes.

Web-application

The software developed has been released as open-source under the GPL-3 license.
To facilitate its evaluation, a web application has been created, accessible at the following
link: https://crem-pharm.k8s.imtm.cz. This application employs simplified, hard-coded
settings to allow for the rapid generation of structures based on a provided
pharmacophore. Users can input a pharmacophore model in the form of an xyz-file or as
a text, select the initial pharmacophore features, and impose restrictions on the
physicochemical properties of the generated structures. Upon submission, the generation
process is limited to a maximum duration of five minutes to prevent server overload.
Given that the approach prioritizes exploration, this time frame is deemed sufficient to
yield a diverse set of output structures. The generation process utilizes the highly
restricted CReM fragment database, which was derived from fragments of ChEMBL33
molecules with SA score of 2 or lower. During the execution of the process, users will be
able to monitor progress, including the number of structures that align with the
pharmacophores and the number of structures pending expansion. The output will consist
of a table displaying the generated structures, which can be downloaded as an sdf-file
containing the 3D conformations of the structures that correspond to the pharmacophore
model.

Conclusions

The iterative growth of molecular fragments to construct structures that align with
features of pharmacophore models has demonstrated its utility across various case studies
involving different protein families. The approach performs exhaustive de novo
generation; however, its feasibility is enhanced by several key features: i) the selection of
a more restricted fragment database and a larger context radius, which collectively
improve the synthetic accessibility of the generated structures; ii) the retention of only
those compounds that meet a minimal size requirement to align with pharmacophore
model features, thereby preventing unnecessary expansions and enumeration; iii) the
imposition of constraints on the physicochemical properties of the generated structures,
which further improves their drug-likeness; and iv) the incorporation of the rapid and
reliable conformer generator, Conforge, which greatly speeds up exploration of chemical
space relatively to other open-source conformer generator. Importantly, the approach is


https://crem-pharm.k8s.imtm.cz/

designed to maintain a balance between exploration and exploitation, allowing for
interruption at any point once a desired number of structures has been generated, with the
capability to automatically resume generation from the last checkpoint by executing the
same command.

Although CReM-pharm incrementally designs conformers by fixing the parent part of the
molecule, which could in principle lead to unreasonable geometries, additional validation
by unconstrained conformer generation and pharmacophore-based virtual screening
demonstrated that the resulting conformers are structurally plausible and largely
consistent with the intended 3D pharmacophore models. Moreover, despite the fact that
CReM-pharm employs only undirected pharmacophore features, the validation results
were highly similar for models containing directed and undirected features. This
observation suggests that explicitly directed features may not be essential for
pharmacophore models that include exclusion volumes, as these appear sufficient to guide
fragment placement and to ensure the appropriate orientation of hydrogen-bond donors
and acceptors.

The synthetic accessibility of the generated molecules is_primarily influenced by the
selected CReM fragment database and context radius, rather than the composition or
complexity of the pharmacophore model, and can be efficiently and predictably
controlled by user settings. The synthetic accessibility (SA) scores of structures generated
by CReM-pharm for various proteins and pharmacophore models were found to be within
a similar range and predominantly below the average SA score of compounds in the
ChEMBL database, indicating favorable synthetic accessibility of the generated
structures.

It was observed that choosing the initial features of a pharmacophore model or employing
different pharmacophore models of the same protein yields distinct generated structures
with low mutual similarity. This variability can be leveraged to enhance the quantity and
diversity of enumerated structures. The structures generated by CReM-pharm exhibited
novelty in relation to the reference ChEMBL space, while also partially overlapping with
previously explored active compound spaces for specific targets. Consequently, the tool
is capable of generating not only novel compounds but also relevant ones.

CReM-pharm presents certain advantages over the current state-of-the-art approaches,
PGMG and PhoreGen. Specifically, CReM-pharm allows for the restriction of drug-like
compound generation, whereas PGMG predominantly produces non-drug-like
compounds and PhoreGen likewise yields such compounds in some cases. The synthetic
accessibility of compounds generated by PGMG and PhoreGen is not controllable and
spans a broad range of values, often exceeding 4, necessitating more extensive post-
processing of the structures produced and reducing their effective number.



The most time-intensive aspect of the developed approach is the embedding of
conformers, an issue that will be addressed in future developments. The tool enhances the
arsenal available to researchers in drug design and complements other tools built upon
the CReM structure generator, such as CReM-dock[29], which can be utilized to further
refine structures generated by CReM-pharm to optimize binding site occupancy and
establish additional interactions not captured by a pharmacophore model, thereby
improving the binding affinity of the designed ligands.
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Operating system(s): platform independent

Programming language: Python
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CReM fragments databases are available at https://doi.org/10.5281/zen0do.16909328.
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