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Abstract

Generative machine learning models offer a novel strategy for chemogenomics and de novo drug design, allowing researchers
to streamline their exploration of the chemical space and concentrate on specific regions of interest. In cases with limited
inhibitor data available for the target of interest, de novo drug design plays a crucial role. In this study, we utilized a pack-
age called 'mollib,' trained on ChEMBL data containing approximately 365,000 bioactive molecules. By leveraging transfer
learning techniques with this package, we generated a series of compounds, starting from five initial compounds, which are
potential Plasmodium falciparum (Pf) Lactate dehydrogenase inhibitors. The resulting compounds exhibit structural diversity
and hold promise as potential novel Pf Lactate dehydrogenase inhibitors.
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Introduction

Malaria is a tropical disease caused by protozoa of the
genus Plasmodium and is often fatal due to drug resist-
ance, leading to millions of deaths per year [1, 2]. The rise
of Multiple drug resistance in Plasmodium has necessi-
tated putting new efforts into drug discovery and develop-
ment [3-8]. The search for new drugs which act through a
novel mechanism in our bodies has received much atten-
tion. Of the many Plasmodium falciparum targets being
worked on, lactate dehydrogenase enzyme is an attractive
drug target for developing new drugs [9—11]. To meet its
metabolic requirements, the parasite requires more glu-
cose from its host cells; therefore, targeting enzymes from
glycolysis can potentially impede adenosine triphosphate
(ATP) production and lead to parasite mortality. The func-
tion of P/LDH is the reduction of pyruvate to lactate using
the cofactor NADH, has unique residues and kinetic dif-
ferences from the human LDH (hLDH), which further
suggests that PfLDH is a suitable antimalarial drug target
[12-14].

Several experimental and computational studies show
candidate inhibitors' binding to P/LDH [15-21]. It has
been demonstrated that chloroquine binding in or near the
PfLDH cofactor binding site acts as a competitive inhibi-
tor [22, 23]. Similarly, selective inhibition of the enzyme
compared to the human enzyme has also been reported
using gossypol derivate [24]. A series of heterocyclic,
azole-based compounds that preferentially inhibit the
enzyme at sub-micromolar concentrations have also been
studied [25].

We obtained PfLDH inhibitors from ChEMBL [26, 27]
to serve as seed molecules for this study. We identified the
inhibitors with the most favorable IC50 values and con-
ducted similarity calculations on them. The resulting five
compounds were chosen for transfer learning to generate
application-focused libraries. Additionally, we carried out
molecular docking to generate complex structures of the
generated compounds with P/LDH. Furthermore, we per-
formed a similarity analysis on the top-scoring compounds
compared to the input molecules. Any compounds found
to be dissimilar underwent molecular dynamics simulation
to evaluate their stability.

Machine learning is a rapidly evolving field with a
potential to significantly impact pharmaceutical research
and drug discovery, including the de novo generation of
diverse novel compounds, designing and optimizing lead
compounds, and predicting clinical trial outcomes [28].
In recent advancements, Stokes et al. demonstrated a suc-
cessful application for antibiotic discovery leading to the
identification of halicin, a structurally novel molecule
with potent antibacterial activity against a wide range of
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pathogens [29]. Various machine learning algorithms,
including support vector machines and neural networks,
have been successfully employed to predict the antima-
larial activity of compounds with accuracies exceeding
85% [30-33].

Structure-based drug design studies, like those con-
ducted by Rahul et al., have explored targeting PfLDH for
therapeutic purposes [15]. Amod et al. have successfully
identified novel Plasmodium falciparum inhibitors using
machine learning and virtual screening methodologies
[34]. However, previous studies have not integrated both
machine learning and structure-based drug design spe-
cifically for the PfLDH target. Building on these advance-
ments, this study uniquely combines the power of genera-
tive Al with structure-based virtual screening to accelerate
the discovery of potent and novel Pf/LDH inhibitors. By
integrating these complementary methodologies, we aim
to identify promising PfLDH inhibitors and advance the
global fight against malaria.

Generative deep learning techniques enable the creation
of novel data, like chemical structures, without explicit
human-coded rules. These models, often using language
modeling approaches, learn from features of large datasets
of sequences, such as simplified molecular input line entry
systems (SMILES). Transfer learning is crucial as it helps
us apply what we've learned from bioactive molecules to
address the unique needs of specific pharmacological tar-
gets [35].

Materials and methods
Compounds selection

Numerous Pf Lactate dehydrogenase inhibitor compounds
exist in various small-molecule databases. We obtained
these compounds from the ChEMBL database due to
its comprehensiveness and ease of access [26, 27]. The
selection of the five initial compounds was based on a
two-step process (See Fig. 1 for the study pipeline). First,
we retrieved compounds from the ChEMBL database that
were identified as PfLDH inhibitors [36]. Subsequently, we
employed the Tanimoto similarity coefficient to assess the
similarity between these retrieved compounds. This step
allowed us to select a diverse set of five compounds that
encompassed a range of bioactivity values, from strong
to weak inhibitors. This diversity of compound struc-
tures ensures that the transfer learning process explores a
broader chemical space, potentially generating compounds
with properties similar to both highly active and less active
compounds, as well as intermediate levels of activity.
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Fig. 1 Study pipeline followed in the study. Initially seed molecules
were selected for generation of library of diverse compounds, fol-
lowed by stringent methodology for prioritization of the best com-
pound

Similarity calculation

We used similarity search calculations to see how many
of the input compounds resembled each other. To prior-
itize the generated compounds, we looked for the ones that
were the most different from the input compounds, indicat-
ing they were more unique. The calculation of compound
similarity was carried out utilizing the online web server
ChemMine tools [37]. The Tanimoto coefficient was cal-
culated for all the retrieved compounds.

Common pharmacophores

The five seed compounds selected for this study represent
a series of structurally diverse oxamic acid derivatives with
potential as P/LDH inhibitors. These compounds were cho-
sen based on their unique structures and documented bioac-
tivity against PfLDH.

Fig. 2 illustrates the common pharmacophores across the
selected parent compounds. The identified pharmacophores
include hydrogen bond acceptors (A), which facilitate inter-
action with key amino acids in the active site of P/LDH,
and hydrogen bond donors (D), which contribute to the for-
mation of stable hydrogen bonds with the enzyme. Addi-
tionally, hydrophobic regions (H) enhance the compounds'
interaction with hydrophobic pockets within the enzyme,
while positive ionic centers (P) engage in electrostatic inter-
actions with negatively charged residues in the active site.
These pharmacophores are crucial for the binding affinity
and inhibitory activity of the compounds, playing a signifi-
cant role in the observed bioactivity trends.

Generating application-focused compound libraries
using mollib

The chemical language model (CLM) demonstrated its abil-
ity to generate a variety of molecules with a focus on specific
structural features. By using transfer learning, it expanded
the range of molecules it could create by learning from
diverse sets of compounds. This allowed the CLM to gener-
ate molecules that were different from the ones it initially
learned from, enriching the diversity of molecules it could
produce [35]. The transfer learning model involves utilizing
a model trained on one problem to address a related sec-
ond problem. We employed the mollib package, written in
Python, for the transfer learning process. The utilized CLM
model employed for training is a sequential neural network
with two Long Short-Term Memory (LSTM) layers. The
first LSTM layer comprises 1024 units, while the second has
256 units. Batch normalization is applied before and after
the LSTM layers. The output layer employs the TimeDis-
tributed wrapper with a Dense layer having 71 units and a
softmax activation function. The optimization is performed
using the Adam optimizer with a learning rate of 0.0001
[35]. Our study employed this technique to generate unique
and diverse virtual compound libraries to identify potential
inhibitor molecules for PfLDH.

Binding site studies and molecular docking
The crystal structure of the P/LDH was downloaded from
RCSB PDB (with PDB ID—I1LDG). The 1LDG structure

shows that P/LDH is tetrameric, with each subunit consist-
ing of two domains: a catalytic domain and a NADH-binding
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Fig.2 A Common pharmacophores in parent compounds, B parent compound alignment on common pharmacophores

domain. The catalytic domain is similar to LDH from other
organisms, but the NADH-binding domain is unique. This
unique domain provides a potential target for the design of
new antimalarial drugs [38, 39].

To carry out molecular docking, pre-processing of the
study molecules was performed, as described below.

Protein and ligand preparation

The protein and ligands underwent preparation steps using
the protein preparation module and ligand preparation mod-
ule within the Cresset software (http://www.cresset-group.
com/flare/). This involved the addition of hydrogens and
charges to the protein and ligands. Subsequently, the struc-
tures were subjected to energy minimization.

Receptor grid generation and ligands docking

To perform ligands docking, we performed receptor grid
generation which involves the creation of a three-dimen-
sional grid around the active site of a target protein. The
crucial residues for enzymatic activity, namely Gly29,
Lys62, Thr97, Thr101, Lys102, His243, Als244, Ser245,
and Pro246 [39], were employed to construct a grid within
the protein. Once the grid was established, the docking of
ligands took place using the docking module of the Cresset
software (http://www.cresset-group.com/flare/).

Molecular dynamics simulation

The docked complexes of the prioritized compounds were
subjected to a 100 ns molecular dynamics simulation
using the Desmond program (Maestro-Desmond Interop-
erability Tools, version 3.1.; Schrodinger: New York, NY,
USA, 2020) with the OPLS-2005 force field parameter.
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Initially, the system builder module of Maestro was
employed to configure the systems for the MD simulation.
The protein-ligand complexes were placed within a cubic
box, ensuring a solvent buffer of 2.5 A using the SPC
water model. Subsequently, the system was neutralized
by adding NA + and CL- ions at a concentration of 0.15
M. Before proceeding with the final production run, the
solvated system underwent a relaxation protocol imple-
mented in Desmond, which involved a six-step procedure.
Before thermalization, the protein—ligand complexes were
subjected to 100 steps of steepest descent energy mini-
mization to address any forces exceeding 100 kj/mol*nm.
Following this, the system was simulated under the iso-
thermal-isobaric (NPT) ensemble at a constant tempera-
ture of 300 K and pressure of 1 bar, using a time step of 2
fs. Subsequently, a simulation in the canonical ensemble
NVT (molecules (N), volume (V), and temperature (T))
was conducted for 1 ns. Finally, the simulated conformers
were equilibrated over a timescale of 100 ns.

Results and discussion
Selection of compounds

The downloaded ChEMBL compounds were chosen based
on their bioactivity and their self-similarity, assessed
through Tanimoto similarity. The bioactivity values for cho-
sen parent compounds P1, P2, P3, P4, and P5 were 1750 nM,
3130 nM, 8250 nM, 191,000 nM, and 241,000 nM, respec-
tively. The significant range of values, from high to low,
signifies a diversity of activity among the initial compounds.
This diversity can generate compounds exhibiting properties
similar to the most active and least active compounds and
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Table 1 Tanimoto similarity calculation results for the chosen parent
compounds

S. No Compounds Tanimoto similarity

1 Pl & P2 AP Tanimoto: 0.827869
MCS Tanimoto: 0.9512
MCS Size: 39

MCS Min: 1.0000

MCS Max: 0.9512

AP Tanimoto: 0.824249
MCS Tanimoto: 0.9070
MCS Size: 39

MCS Min: 0.9512
MCS Max: 0.9512

AP Tanimoto: 0.557396
MCS Tanimoto: 0.7381
MCS Size: 31

MCS Min: 0.9688
MCS Max: 0.7561

AP Tanimoto: 0.473005
MCS Tanimoto: 0.6905
MCS Size: 29

MCS Min: 0.9667
MCS Max: 0.7073

AP Tanimoto: 0.827869
MCS Tanimoto: 0.9512
MCS Size: 39

MCS Min: 1.0000
MCS Max: 0.9512

AP Tanimoto: 0.52716
MCS Tanimoto: 0.6905
MCS Size: 29

MCS Min: 0.9062
MCS Max: 0.7436

AP Tanimoto: 0.533246
MCS Tanimoto: 0.7250
MCS Size: 29

MCS Min: 0.9667
MCS Max: 0.7436

AP Tanimoto: 0.493757
MCS Tanimoto: 0.6591
MCS Size: 29

MCS Min: 0.9062
MCS Max: 0.7073

AP Tanimoto: 0.473005
MCS Tanimoto: 0.6905
MCS Size: 29

MCS Min: 0.9667
MCS Max: 0.7073

AP Tanimoto: 0.786948
MCS Tanimoto: 0.9375
MCS Size: 30

MCS Min: 1.0000
MCS Max: 0.9375

2 P1 & P3

3 Pl & P4

4 P1 & P5

5 P2 & P3

6 P2 & P4

7 P2 & P5

8 P3 & P4

9 P3 & P5

10 P4 & P5

AP atom pairs, MCS maximum common substructure

those in between. We performed Tanimoto calculations to
determine the similarity values between these compounds,
as presented in Table 1.

Chemical language model generated compounds

In this study, we generated nearly 3000 compounds from an
initial set of five compounds using the mollib package. To
comprehensively evaluate the diversity, assess the physico-
chemical properties, and understand the relative positioning
of these compounds within the chemical space, we employed
a set of key metrics.

Frechet ChemNet Distance (FCD)

To assess the coverage of the chemical space during transfer
learning, we utilized the feature-count distribution (FCD)
metric, which measures the similarity between two sets
of molecules based on their chemical structures [40]. A
zero FCD value indicates complete identity between the
compared molecular spaces, whereas higher values indi-
cate greater dissimilarity. As depicted in Fig. 3, the CLM
model demonstrated the ability to sample molecules from
the chemical space, regardless of their similarity or dissimi-
larity to the source space, encompassing a wide range of
bioactivities.

Furthermore, Fig. 3 reveals an initial distance between
the source space (ChEMBL) and the target space right from
the beginning of the epoch. This observation emphasizes the
diversity of our initial five compounds, suggesting that they
span distinct chemical space regions.

Fraction of sp*-hybridized carbon atoms (FCsp®)

To evaluate the alterations in physicochemical properties
throughout transfer learning, we opted to examine the FCsp3
parameter. FCsp3 has been established as a predictor for a
molecule's likelihood of becoming a drug and exhibits dis-
tinctions between synthetic compounds and natural products
[41]. Throughout the transfer learning process, the FCsp3
distribution approximated that of the transfer learning set
distribution. Figure 4 illustrates that despite commencing
with a limited assortment of similar and dissimilar com-
pounds, the transfer learning process inherently captures
pertinent physicochemical properties.

Visualization using uniform manifold approximation
and projection (UMAP) plot

To depict the relative positioning of the computer-gener-
ated molecules within the chemical space, we employed
the uniform manifold approximation and projection
(UMAP) technique to generate UMAP plots [42]. UMAP
facilitates the creation of a two-dimensional representation
of high-dimensional data distributions, ensuring that the
similarity relationships between data points in the original
high-dimensional space are better preserved compared to
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t-distributed stochastic neighbor embedding (T-SNE). In  Binding site and molecular docking studies
this visualization, the generated molecules shifted toward

the vicinity of the transfer learning set following the com-  All the generated compounds at each epoch were combined
pletion of transfer learning at epoch 40 (refer to Fig. 5). and subjected to docking studies. We have used Cresset
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Fig.5 The UMAP plot shows
the relative placement of gener-
ated compounds in the chemical
space following 40 epochs of
transfer learning
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software for docking. The docking revealed several com-
pounds with higher docking scores than the control inhibitor.
Supplementary Table 2S provides the docking scores and
interacting residues for both the parent compounds and the
top-scoring generated compound in complex with P/LDH.

Parent compound 1 (P1) exhibited a docking score of
-11.671 and formed hydrogen bonds with MET30, HIS195,
ASN140, ARG109, and ARG171. It interacted hydrophobi-
cally with residues such as VAL26, ILE31, PHE52, ILE54,
VALSS, ILE123, TYRS8S5, ALA98, PHE100, ILE119,
VALI138, LEU163, VAL142, TRP107, ALA236, PRO250,
LEU167, LEU112, PRO246, and TYR247. Charged inter-
actions with ASP53 and polar interactions with SER2S,
THRY97, THR101, ASN116, THR139, and SER245 were
also observed, along with other interactions involving
GLY27, GLY29, and GLY99.

Parent compound 2 (P2), with a docking score of
-11.403, formed hydrogen bonds with MET30, GLY99,
HIS195, ASN140, and ARG171. Hydrophobic interac-
tions were observed with VAL26, ILE31, PHES2, ILE5S4,
VALSS, ILE123, TYRS8S5, ALA98, PHE100, ILE119,
VAL138, LEU163, TRP107, ALA236, PRO250, LEU167,
and PRO246, TYR247. It also engaged in charged inter-
actions with ARG109 (positive) and ASP53 (negative),
polar interactions with SER28, THR97, THR101, ASN116,
THR139, and SER245, and other interactions with GLY27
and GLY?29.

Parent compound 3 (P3), with a docking score of -12.121
in the complex, formed hydrogen bonds with MET30,
GLY99, ARG109, HIS195, ASN140, and ARG171.

UMAP 1

Hydrophobic interactions were observed with VAL26,
ILE31, PHES2, ILES4, VALSS, ILE123, TYR8S5, ALA9S,
PHE100, ILE119, VAL138, LEU163, TRP107, ALA236,
PRO250, LEU167, LEU112, PRO246, and TYR247. It
engaged in charged interactions with ASP53 and polar
interactions with SER28, THR97, THR101, THR139, and
SER?245, along with other interactions involving GLY27 and
GLY29.

Parent compound 4 (P4) had a docking score of -9.934
and formed hydrogen bonds with GLY29, THR97, ARG109,
HIS195, and ARG171. Hydrophobic interactions were
observed with ILE31, PHE100, VAL138, LEU163, LEU167,
TRP107, ALA236, PRO250, VAL142, and PRO246. It
engaged in charged interactions with ASP53 and polar
interactions with SER28, THR101, THR139, ASN140, and
SER245, along with other interactions involving GLY27,
GLY32, and GLY99.

Parent compound 5 (P5) exhibited a docking score of
—9.861 and formed hydrogen bonds with MET30, GLY99,
ARG109, HIS195, ASN140, and ARG171. Hydrophobic
interactions were observed with ILE31, ILES4, VALSS,
ALA98, PHE100, VAL138, LEU163, TRP107, ALA236,
PRO250, LEU167, and PRO246. It engaged in charged
interactions with ASP53 and polar interactions with THR97,
THR101, THR139, and SER245, along with other interac-
tions involving GLY?29.

We visually inspected the top 30 compounds and selected
10 that could form the bonds with most of the corresponding
residues. Figure 6A and B depicts the 2D and 3D interaction
plots of the five input molecules. Analysis of the compound
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Fig. 6 Interaction plots of the five compounds used for the generation of a diverse library of compounds using mollib. A 2D interaction plot of
the five input compounds. B 3D interaction plot of the five input compounds
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203 revealed that it forms Hydrogen bond: ILE31, GLY99,
ASN140, ARG109, ARG171 Hydrophobic: VALZ26,
MET30, PHES2, ILE54, VALSS, TYR85, ALA98, PHE100,
LEU112, ILE119, ILE123, VAL138, TRP107, ALA236,
PRO250, LEU167, PRO246, TYR247 Charged (positive):
LYS118, ARG171 Charged (negative): ASP53, GLU122
Polar: SER28, THR97, THR101, THR139, SER245 also
interactions with GLY27, GLY29, GLY32.

Compound 203 exhibited a docking score of -12.739 kcal/
mol, which is lower than the docking scores of all the par-
ent compounds. The parent compounds had docking scores
ranging from -9.861 to -12.121 kcal/mol.

Based on the docking scores and the similarity in interact-
ing residues, compound 203 demonstrates a superior bind-
ing affinity. This enhanced affinity may be attributed to the
dioxacyclotetra group forming an additional hydrogen bond
with the ILE31 residue of the target protein, a feature not
observed in the parent compounds. This improved interac-
tion is reflected in the lower docking score of -12.739 kcal/

Five most common scaffolds at epoch 10 (SSE = 0.95):
\:\;

8.23% 6.30%

Five most common scaffolds at epoch 20 (SSE = 0.78):

23.96% 5.54% 4.36%

Five most common scaffolds at epoch 30 (SSE = 0.73):
>~(\;\Q =
Five most common scaffolds at epoch 40 (SSE = 0.62):

41.32% 7.44%
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mol, suggesting that compound 203 has the potential to be
a more effective inhibitor of P/LDH.

Scaffolds analysis and Tanimoto coefficient
calculation

On comparing the scaffold from the generated compounds
with our input five compounds, we found a significant dif-
ference in diversity with a varied range of Shannon-scaled
entropy (SSE) values at each epoch. The following equation
is used to compute the SSE [43]:

~Y0 Piln(2)

SSE =
log,(n)

The numerator represents the Shannon entropy, where n
is the number of unique scaffolds, ci is the count of com-
pounds containing the ith scaffold, and P is the total number
of compounds among the considered n scaffolds.

o0

oo A o
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Fig.7 The similarity of the five most common scaffolds at an interval of 10 epochs. The SSE value can be seen to start from 0.95 and drops to

0.62. A higher SSE value indicates more significant dissimilarity
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Fig.8 The RMSD of the protein
and ligand 203 during MD sim-
ulation. The lower RMSD of the 321
ligand than that of the protein
backbone indicates its stability 281
inside the binding pocket
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Figure 7 shows the significant percentage of the five most
common scaffolds at each epoch. This further shows that the
generated compounds are more diverse than the existing five
potent compounds.

Further, to check the similarity/dissimilarity, we have
calculated the Tanimoto coefficient of the top 10 gener-
ated compounds with the five input compounds as shown
in Table 1S. Several initially promising compounds with
novel scaffolds exhibited high RMSD values after molecu-
lar dynamics simulations. This suggests that their structural
flexibility or interactions with the P/LDH protein might

4'0 6'0 8'0 100
Time (nsec)

not be optimal for long-term stability, potentially hindering
their effectiveness as drug candidates. On comparing input
compounds 1, 2, 3, 4, and 5 with the generated compound
number 203, we obtained the Tanimoto values as 0.48, 0.44,
0.43,0.36, and 0.31, respectively. This shows that the gener-
ated compound 203 is different from the input compounds
and its RMSD values fall within acceptable ranges during
the molecular dynamics simulation, indicating good poten-
tial stability. The table for the top 10 generated compounds
with their Tanimoto values with each of the input com-
pounds is shown in Supplementary Table 1S.
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bility of the protein during the '
MD simulation of its complex
with compound 203. Protein 4.2 4
residues that interact with the
ligand are marked with green- 3.6 -
colored vertical bars :
—_~
= 3.0
L
D 24+
=
o
1.8 4
1.2 A
0.6 A
0 50

@ Springer

-100 150 260 25'I>0 360
Residue Index



Molecular Diversity

Fig. 10 A The generated compound 203 encircling the dioxatetracyclo group. B Dioxatetracyclo group

Molecular dynamics studies

Further, we have performed the MD simulation for 100
ns using the Desmond program to check the generated
compounds' stability and interaction pattern. This also
helped study the conformational changes of the generated
compound with respect to the active site, along with the
motion of the residues of the PfLDH protein. During the
time period of simulation, a protein structure should con-
verge, and the overall system's stability is measured by
analyzing its RMSD. The trajectories of the start phase
of the simulation were superimposed onto the production
phase to analyze the progression of RMSD throughout the
simulation. The RMSD of the protein backbone compared
with the ligand is shown in Fig. 8. The higher RMSD of
the protein backbone than the ligand RMSD shows that the
ligand is stable in the protein's binding pocket. This further

sen
B
\
} o HO
mo
/145 .

™
b

ALA
236

(A)

reflects no significant movement of the docked ligand onto
the protein's active site. The protein stability was also ana-
lyzed using Root Mean Square Fluctuations (RMSF) of
individual Pf/LDH amino acid residues. Figure 9 indicates
the RMSF of the protein, and the peaks indicate the most
protein residues are in stable conformation during the MD
simulation.

Compound 203 is a potential chemotype PfLDH
inhibitor

The similarity scores between compound 203 and five
known inhibitors were calculated using the Tanimoto
coefficient and are shown in Table 1. The Tanimoto
coefficients between compound 203 and the available
inhibitors range from 0.316765 to 0.487023. These low

HIS195A

Fig. 11 A A 2D interaction plot of generated compound 203. B A 3D interaction plot of generated compound 203
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Tanimoto coefficient values (< 0.5) indicate that the gen-
erated compound 203, which contains a dioxatetracyclo
group, is dissimilar from the known inhibitors. As shown
in Fig. 10A, compound 203 encircles the dioxatetracyclo
group. Figure 10B provides a closer look at the isolated
dioxatetracyclo group. Likewise, Fig. 11A depicts the 2D
interaction between compound 203 and the binding pocket,
and Fig. 11B zooms in 3D interaction plot of generated
compound 203. Therefore, compound 203 represents a
new chemotype that could be further optimized.

Conclusion

The generative deep learning technique can diversify
medicinal chemistry chemical space by offering a com-
prehensive method of chemical transformations through
structural enumeration and combinatorial sampling. This
research demonstrates that deep learning models facilitate
the identification of novel molecular entities tailored to a
specific drug target.

In this investigation, the model based on SMILES rep-
resentations effectively generated diverse molecules with
the desirable characteristics, bridging the gap between
synthetic compounds and natural products. Utilizing the
principle of chemical similarity and P/LDH inhibitors as
initial reference points for drug development, this com-
putational method successfully produced one unique and
chemically diverse molecular entity that can be further
refined into a potential drug-like molecule.
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