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ABSTRACT: G9a is a histone-lysine methyltransferase that performs the mono- and dimethylation of lysine 9 at histone 3 of the
nucleosome. It belongs to the SET PKMT family, and its methylations are related to promoter repression and activation. G9a is a
promising epigenetic target. Despite the fact that there are several G9a inhibitors under development, there are no compounds in
clinical use due to adverse in vivo ADMET (absorption, distribution, metabolism, excretion, and toxicity) issues. The goal of this
study is to discuss the exploration, characterization, and analysis of the chemical space of 409 G9a inhibitors reported in a large
public database. Exploring the chemical space of the inhibitors led to the quantification of their structural diversity based on
molecular scaffolds and structural fingerprints of different designs. As part of the analysis, the G9a inhibitors were compared with
commercial libraries focused on epigenetic targets. The findings of this work will help in the development of, in a follow-up study,
predictive models to identify G9a inhibitors. This study also points out the relevance of screening commercial libraries to expand the
epigenetic relevant chemical space, in particular, G9a inhibitors.

1. INTRODUCTION
The term epigenetic can be defined as the heritable changes in
genetic information that occur without any change or mutation
in the DNA sequence.1 Epigenetics describes the mechanism
of post-translational modifications in the chromatin and
associated proteins through which the transcription is
regulated.2 These modifications have an important role in
regulating the expression and transcription of genes involved in
many human diseases, such as cancer,3 addiction,4 and
psychiatric5 and neurodegenerative disorders.6 One of the
most studied post-translational modifications is the covalent
and reversible mono-, di-, or trimethylation of histone 3 (H3)
and histone 4 (H4) at the definite ε-amino group of Lys and
Arg and at the terminal imidazole moiety of His.7 These
reactions are catalyzed by the histone methyltransferases
(HMTs) and are removed by histone demethylases
(HDMs).8 In particular, the euchromatic histone N-methyl-
transferase 2 (EHMT2) enzyme, also known as G9a or lysine
methyltransferase 1C (KMT1C), contains a highly conserved
catalytic SET domain that, in the presence of S-adenosyl-L-
methionine (SAM), enables the selective mono-, di-, or

trimethylation of lysine 9 in histone 3 (H3K9me1 and
H3K9me2, respectively) in euchromatin,9,10 leading to gene
transcriptional repression (di- or trimethylation) or promoter
activation (monomethylation).11 Overexpression of G9a is
linked to a variety of unusual biological processes as well as to
disease onset, including oncogenic transformation, cancer
metastasis,12 HIV-1 latency, cognitive disturbances, and
neurodegenerative disorders.13 G9a inhibition is effective
against the development of carcinogenic cells.14,15

Promising G9a inhibitors with a quinazoline scaffold have
been reported, but none have passed clinical trials due to their
poor pharmacokinetic properties. Therefore, it has been crucial
to identify better and safer G9a inhibitors that may act as novel
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epigenetic therapeutic agents.12 In addition to quinazoline-
containing scaffolds, several other small molecules have been
investigated as G9a inhibitors. At the time of writing, the latest
version of the ChEMBL database (v. 32)16 had 608 records
related to the bioactivity of compounds tested against G9a.
The data set was reduced after a curing and filtering process to
409 compounds that consider a pCL50 range from 1.8 to 9.3.
Notably, the main compounds in ChEMBL reported to be
inhibiting the activity of G9a have been derived from
quinolines and indoles.15 In general, the inhibitors can be
roughly classified into three main groups according to their
mechanism of action (although there are compounds with
unclear mechanism): 1) substrate-competitive inhibitors, 2)
SAM cofactor competitive inhibitors, and 3) inhibitors by zinc
ejection.17 Figure 1 shows representative compounds with
inhibitory activity against G9a. Of note, Jose-́Eneŕiz et al.
designed and synthesized CM-272 (Figure 1), a novel,
selective, and potent substrate-competitive dual inhibitor
against methyltransferase activity of G9a and DNMTs.
Interestingly, CM-272 can potentially inhibit DNMT1,
DNMT3A, DNMT3B, and GLP.18

Structure−activity relationship (SAR) studies of G9a
inhibitors have been explored using activity landscape
modeling.15,19,20 SAR analyses have led to the identification
of critical substituents associated with the selectivity and
efficacy of the compounds and to the identification of key
protein−ligand interactions that drive the inhibition of G9a.

However, the past SAR analyses were conducted about 5 years
ago, and many more compounds have been tested. Moreover,
there has not been a systematic analysis of the structural
diversity and property profile of the current hundreds of small
molecules tested as inhibitors of this promising epigenetic
target and the recently developed commercial libraries focused
on G9a.
The goal of this study was to rigorously characterize the

chemical content, diversity, and drug-like properties of an
epigenetic-focused library containing 409 compounds with
reported G9a enzymatic inhibitory activity. To this end, we
generated a compound library focused on G9a with the data
reported in the latest release of ChEMBL.16 The chemical
space and diversity profile of the compounds tested with G9a
were compared to those of several reference libraries, including
three commercial screening libraries focused on G9a and a
library of approved drugs. The study agrees with the proposal
of Flores-Padilla et al. that showed that the content analysis of
an epigenetic-focused library is informative before its screening
(either computational or experimental) to uncover hits.21 This
work is part of our continued effort to chart the epigenetic-
relevant chemical space (ERCS).22

2. METHODS
The chemoinformatics characterization of the G9a inhibitors
was based on the following criteria: distribution of properties

Figure 1. Representative compounds with inhibitory activity against G9a are classified into competitive substrate inhibitors (black), SAM cofactor
competitive inhibitors (blue), and inhibitors by zinc ejection (green). CM-272 is a substrate-competitive dual inhibitor against the
methyltransferase activity of G9a and DNMTs.
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of pharmaceutical relevance, molecular scaffolds (content and
diversity), and fingerprint-based structural diversity. In
addition to quantitative analysis, visual representations of the
chemical space were generated. The data set of G9a inhibitors
was compared to three epigenetic-focused libraries and drugs
approved for clinical use. Details of each analysis are described
hereunder.
2.1. Data Sets. This study was based on a curated data set

of 409 compounds derived from quinazoline, quinoline,
pyrimidine, indole, and purine with reported enzymatic
inhibitory activity against G9a (IC50). All compounds were
retrieved from ChEMBL, release 32, and were categorized
according to their IC50 values as “active” (IC50 < 10 μM),
“inactive” (IC50 > 20 μM), and “unknown” (10 μM < IC50 <
20 μM) (Figure S1 in the Supporting Information). The
SMILES representation of the structures and pIC50 (−log
IC50) values are presented in Table S1 in the Supporting
Information. The pIC50 values ranged from 1.82 to 9.30.
The epigenetic-focused screening libraries were obtained

from three chemical vendors: LifeChemicals,23 Enamine,24 and
ChemDiv.25 A set of drugs approved for clinical use was
retrieved from DrugBank.26 To identify how many unique
compounds are in all data sets, we generated a “global” data set
by putting together all compound data sets. The number of
compounds in each data set considered in this work is shown
in Table 1, which summarizes the data set name, source, and

size (before and after curation). All compound data sets in this
study underwent the same preparation process, including
SMILES standardization and duplicate removal.
The data set of G9a inhibitors was analyzed and compared

to the reference data sets based on physicochemical properties
and scaffolds, as described in the next subsections.
2.2. Properties of Pharmaceutical Relevance. The

following properties were computed with the RDkit
2023.03.01 library in Python:27 molecular weight (MW),
number of rotatable bonds (RB), hydrogen bond acceptors
(HBA), hydrogen bond donors (HBD), topological polar
surface area (TPSA), and the octanol/water partition
coefficient (log P). The data distribution (DD) of each
property was analyzed using box plots, and the correlation
between the properties was evaluated with Pearson’s
correlation coefficient (PCC) using the pearsonr module
from the library SciPy 1.10.1 (Virtanen et al. 2020). Visual
representations of the chemical space were done with principal
component analysis (PCA) and t-distributed stochastic
neighbor embedding (t-SNE) based on the six physicochem-
ical properties (vide supra). In the case of PCA and t-SNE, the
variable reduction was generated through PCA and TSNE
modules from the library scikit-learn 1.2.2.28

2.3. Molecular Scaffolds. We computed the Bemis and
Murcko scaffold29 of each compound in the G9a, FDA, and the

three epigenetic-focused screening libraries. The calculation
was done with the RDkit 2023.03.01 library in Python.27 The
total amount and frequency of each scaffold were analyzed. In
addition to the two diversity measures mentioned above
(number and frequency of scaffolds), the specific distribution
of compounds in the n most populated scaffold was quantified
with an entropy-based information metric, the Shannon
Entropy (SE).30,31 The SE of a population of P compounds
contained in the n scaffold is defined as

= =
=

p p p
c
P

SE log ,
i

n

i i i
i

1
2

(1)

where pi is the relative frequency of the scaffold i in a
population of P compounds containing a total of n distinct
scaffolds; ci is the absolute number of molecules containing a
particular scaffold i. The values of SE range between 0 and log2
n and hence depend on n but not explicitly on P. If SE = 0,
then all compounds possess only a single scaffold. If SE = log2
n, then the P compounds are uniformly distributed among the
n scaffolds, which represents the maximum scaffold diversity.
With the purpose of normalizing the SE values for each data
set, the scaled SE (SSE) is defined as30

=
n

SSE
SE

log2 (2)

The values of the SSE range between 0 and 1.0, where all P
compounds are contained in one scaffold or each scaffold
contains an equal number of compounds, respectively. When
the SSE values are closer to 1.0, this indicates a large scaffold
diversity within the n most populated scaffold.
2.4. Structural Fingerprints. The fingerprint-based

diversity of the compounds in the G9a data set and reference
libraries was computed with the RDkit topological finger-
print,27 extended connectivity fingerprint diameter 4 (ECFP4),
and MACCS keys (166-bits) with the Tanimoto coefficient.
The fingerprint-based structural diversity of the compounds in
the G9a data set was analyzed by means of the similarity
matrices and the cumulative distribution functions of the
pairwise similarity values. The visualization of the similarity
matrix was carried out in Python software v 3.11.3,32 using a
dendrogram and a heatmap plot from matplotlib and scipy
packages. The hierarchical clustering was carried out
considering a single linkage, and the delimitation of each
cluster was established with a cutoff point of 0.7.
2.5. Analysis and Visualization of Chemical Space.

The chemical space of the six data sets (including, in some
cases, a global data set for visual purposes) was analyzed by
DD, PCC, PCA, and t-SNE based on the six molecular
properties of pharmacological interest described in Section 2.2
(HBA, HBD, RB, TPSA, log P, and MW). The modules and
packages used for these analyses were carried out in Python v
3.11.3,32 and the main tools for visualization were matplotlib
and seaborn packages.
The DD was performed with the module describe from

Python, and the visualization was done through two plots; the
first was a boxplot showing the statistical distribution of the
data sets for each property, and the second was a pairplot
plotting the pairwise relationships by each property of the data
sets. These visualizations were made using the submodules
boxplot and pairplot from the seaborn package.
In order to define the correlation between the six properties

for each data set, the corr submodule of the pandas package

Table 1. Summary of G9a inhibitors and Reference
Compound Data Sets Considered in This Study

size

data set initial curated source

G9a 609 409 ChEMBL
ChemDiv 25,883 25,883 Epigenetics Focused Library 25,883
Enamine 10,560 10,542 Histone Methyltransferase Library
LifeChemicals 3578 1114 Epigenetic Focused Library
FDA 2747 2470 Small molecules from DrugBank
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was used for PCC, and it was charted through a heatmap using
the submodule heatmap from the seaborn package. For PCA
and t-SNE, the values for each property were normalized
across compounds before the reduction of dimensions. For
both PCA and t-SNE, the number of components considered
to reduce the dimensionality of the data set was two
components. The scatterplot submodule from seaborn was
used to plot the chart of PCA. For t-SNE, the perplexity and
the number of iterations were set at 40 and 300, respectively.

3. RESULTS AND DISCUSSION
Identifying inhibitors of epigenetic targets, including G9a, is an
area of active research area. Screening compound libraries and
optimization of hit and lead compounds have led to the
population of ERCS.33 Remarkably, more and more chemical
libraries have been experimentally tested, and the information
has been deposited in public libraries such as ChEMBL and
other chemogenomic databases.34 Consequently, the SAR or,
more specifically, the structure−epigenetic activity relationship

(SEARs) have increased, paving the way for developing
predictive models. Similarly, several drug discovery strategies
are being successfully implemented and developed to augment
the ERCS,22 including developing screening libraries focused
on epigenetic targets.
3.1. Data Set. Most of the compounds in the G9a

inhibitors data set reported to date in ChEMBL (88%) have
relatively low IC50 values (<10 μM) (Figure S1 in the
Supporting Information). This observation agrees with the
current trend in public repositories to disclose “positive” (aka,
“active” compounds). Looking forward to developing robust
predictive models that do not rely on decoy data sets, there is a
need for the scientific community to disclose “negative” data
(i.e., inactive compounds).35

3.2. Properties of Pharmaceutical Relevance. The
drug-likeness definition varies depending on the empirical rules
employed within that concept, which has evolved with time.
Developed in 1997, Lipinski’s rule of five (Ro5) was among the
first set of quantitative parameters rules that defined the “drug-

Figure 2. Box plots of the six properties of pharmaceutical relevance for all data sets considered in this study. G9a inhibitors are shown in red, FDA
in yellow, ChemDiv in blue, Enamine in green, and LifeChemicals in purple.
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Figure 3. Definition of the scaffold used in this study. The scaffold is obtained after iteratively removing the side chains from the entire molecule.
For example, the Bemis−Murcko framework of the G9a inhibitor BIX01294 is shown.

Figure 4. Distribution of the 15 most populated scaffolds of the G9a data set and the 3 commercial, focused libraries. The chemical structures of
the 5 most frequent scaffolds per data set are shown. The color code is the same as in Figure 2.
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likeness” concept.36 The Ro5 considers a MW less than 500 g/
mol, not more than five HBD, not more than ten HBA, and
logP less than five.37 Another widely used set of empirical rules
was proposed by Veber et al., who suggested that polarity and
molecular flexibility could largely control drug bioavailability
independent of MW. Veber’s rules consider not more than ten
RB and a TPSA greater than 140 Å. It is worth mentioning that
if a compound that violates more than one of these rules is
flagged as a “high-risk” compound in terms of oral
bioavailability36 although it is known that the “drug-likeness”
rules are meant to be used as a guide but not as hard rules.38

Indeed, Ro537 and Veber’s rule39 are often misused. They were
originally conceived to aid the development of orally
bioavailable drugs and were not designed to guide the
medicinal chemistry development of all small-molecule drugs.
Oral administration is a desirable objective for the treatment of
several diseases like cancer or diabetes, but it is not an absolute
requirement.40

To compare the G9a data set with the three epigenetic-
focused libraries and with an approved drugs data set, we
selected six properties of pharmaceutical relevance considered
by Lipinski and Veber (MW, HBD, HBA, log P, RB, and
TPSA). We employed these descriptors to explore the drug-
likeness profile of the data sets because they are well-accepted
parameters and broadly used in chemoinformatics character-
ization of compound data sets. Figure 2 shows box plots
summarizing the distribution of each of the six properties.
Analysis of the figure indicates that the epigenetic-focused
libraries and G9a data set have, in general, drug-like properties.
Compared to the other data sets analyzed in this work, the
compounds tested with G9a have a slightly higher MW and are
more flexible, as measured by the number of RB.
The radar plots in Figure S2 of the Supporting Information

reinforce the above analysis. This figure shows that most of the
compounds in the G9a data set and in the epigenetic-focused
libraries fulfill the Ro5 and Vever’s rules with a few exceptions.
Most of these exceptions are related to logP values. As
expected, most compounds in the FDA data set comply with
these limits (e.g., the FDA set is included as a general reference
in this work). Also, as anticipated, there are well-known
exceptions to the Ro5 because, for instance, not all drugs are
administered orally. It is important to remark that Ro5
violations do not necessarily indicate a lack of efficacy or safety
in a drug.38,41

Figure S3 in the Supporting Information shows the
correlation coefficient considering the six properties of major
pharmaceutical interest for each data set. The PCC of the
focused libraries showed that the negative and positive
correlations of highest significance were log P-TPSA, log P-
HBD, and log P-HBA (negative) and HBA-MW and HBA-
TPSA (positive). For approved drugs, the negative and positive
correlations of significance are log P-HBD and log P-TPSA

(negative) and TPSA-HBA and TPSA-HBD (positive). Finally,
in data set G9a, the negative and positive correlations are log
P-HBD and log P-TPSA (negative) and TPSA-HBD
(positive). Overall, these correlations suggest that in the
focused libraries, approved drugs, and G9a data set, lip-
ophilicity (as measured by logP) negatively correlates with
properties related to hydrogen bonding capabilities (HBD and
HBA) and TPSA. Additionally, TPSA shows positive
correlations with HBA and HBD. These findings provide
insights into the relationships between various molecular
properties in the data sets studied.
3.3. Scaffold Analysis. 3.3.1. Content. The term

molecular scaffold describes the core structure of a molecule.42

There are different ways to computationally derive the scaffold
of a molecule systematically and consistently that have been
reported and reviewed elsewhere.30,42 This study defined the
scaffolds as the union ring systems and linkers in a molecule,
also known as the atomic framework of Bemis and Murcko29

(Figure 3).
Figure 4 shows the distribution of the 15 most populated

scaffolds in the G9a set, the focused libraries, and the FDA data
set. The figure indicates that, other than benzene, which is
ubiquitous in bioactive compounds data sets and screening
collections,43 the most frequent scaffolds in the G9a data set
correspond to derivatives of quinazoline (10 of 15) and
quinoline (2 of 15), as is reported in the literature.15 The other
two frequent scaffolds are pyrimidine (1 of 15) and purine (1
of 15) [see Figures S5 and S6 of the Supporting Information].
In the focused libraries, it is worth highlighting that among

the most frequent scaffolds, there are no derivatives of
quinazoline or quinoline, enabling the focused libraries to
explore other potential sections and scaffolds in the chemical
space. There are no shared scaffolds among the 15 most
frequent scaffolds in the epigenetics-focused libraries. Still, the
Enamine and LifeChemicals data set has derivatives of
benzamides between the top three scaffolds. The three most
frequent scaffolds for the focused libraries are (ordered by
frequency, scaffold ID is shown in parentheses, Figure 4):
ChemDiv: N,4-diphenyl-4,6-dihydrobenzo[c]cyclopenta[e]-
azepine-5(3H)-carboxamide (4YPFU) > N-phenyl-2-((9-
phenylpyrazolo[1,5-a][1,2,4]triazolo[3,4-c]pyrazin-3-yl)thio)-
acetamide (U3XQJ) > 1,4-diphenyl-4,8-dihydro-1H-pyrazolo-
[3,4-e][1,4]thiazepin-7(6H)-one (OCKUC); Enamine: N-
phenylbenzamide (7S08S) > N-benzylbenzamide (WSQ4C)
> phenyl(2-phenyl-1H-pyrrol-3-yl)methanone (WPMFH);
LifeChemicals: 1,5-diphenyl-1H-imidazole (RB51E) > N-
(4,5,6,7-tetrahydrobenzo[b]thiophen-2-yl)benzamide
(QW6C9) > N-(4,5,6,7-tetrahydrothieno[2,3-c]yridine-2-yl)-
benzamide (W4A7J).

3.3.2. Diversity. The scaffold diversity of four data sets of
active compounds and compounds registered in focused
libraries targeting G9a (Table 1) was assessed using frequency,

Table 2. Summary of the Scaffold Diversity of the Data Sets Studied in This Worka

data set M N N/M M15 N15 N15/M15 SE15 SSE15

G9a 409 239 0.584 143 15 0.105 3.647 0.933
ChemDiv 10,542 4421 0.419 3714 15 0.004 3.781 0.977
Enamine 25,883 7543 0.288 466 15 0.032 3.503 0.897
LifeChemicals 1114 504 0.452 221 15 0.068 3.843 0.983
FDA 2470 1364 0.552 674 15 0.022 2.496 0.639

aM: Number of molecules; N: Number of scaffolds; M15: number of molecules contained in the 15 most populated scaffolds; N15: 15 most
populated scaffolds; SE: Shannon Entropy; SSE: Scaled Shannon Entropy. The variables with the number 15 correspond to a value of n = 15.
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SSE values, and other well-established metrics used to analyze
the scaffold diversity quantitatively, as detailed in the Methods
section. SSE was computed to quantify the diversity of the
most populated scaffolds. SSE values closer to 1 indicate that
compounds are uniformly distributed in different scaffolds, i.e.,
maximum diversity. If SSE is closer to 0, all of the compounds
share the same scaffold, i.e., less diversity. Table 2 summarizes
the number of molecules (M), the number of scaffolds (N),
and the fraction of scaffolds relative to the number of
molecules in the data set (N/M) in each data set. The table
also summarizes the SSE values for each data set’s 15 most
populated scaffolds. The results indicate that, overall, the G9a
data set and LifeChemicals have the largest diversity as
measured by the total fraction of scaffolds (N/M) and SSE15.
Regarding the focused library studies, ChemDiv is the second
most diverse, followed by Enamine (the latter with the lowest
fraction of total scaffolds and SSE15 values of 0.288 and 0.897,
respectively). As a reference, the total scaffold diversity of the
FDA set is also quite large (N/M = 0.552). However, the
diversity of the 15 most populated scaffolds is not quite large
(SSE15 = 0.639) due to the large fraction of compounds with
the benzene scaffold (11%), followed by the compounds with a

steroidal scaffold (9.2%), as shown in Figure S5 in the
Supporting Information.
Taken together, these results point to the large diversity of

scaffolds tested with G9a activity. Out of the focused libraries,
LifeChemicals is the most suitable for finding novel scaffolds
and can be prioritized in a virtual screening campaign to
identify G9a inhibitors.
3.4. Fingerprint-Based Diversity. Figure 5 shows the

cumulative distribution functions of the pairwise similarity
values computed with the Tanimoto coefficient and three
fingerprints of different designs, namely, RDkit topological
fingerprint, ECFP4, and MACCS keys (166-bits). The figure
also shows the summary statistics of the similarity values. A
high value of the Tanimoto coefficient (close to one) indicates
high structure similarity (based on that particular fingerprint)
and hence a low diversity. The cumulative distribution
function and summary statistics of the pairwise similarity
values for each data set computed with all three fingerprints
indicated that the G9a data set is the least diverse (higher
similarity values) compared to the other focused libraries and
the FDA data set. Regarding the focused libraries, Figure 5
shows that the ChemDiv data set is less diverse than
LifeChemicals. The latter has diversity similar to that of

Figure 5. Cumulative distribution function of the pairwise similarity values of the G9a data set and reference compound collections considered in
this study. The similarity was computed with the RDkit topological fingerprint and the Tanimoto coefficient. The table shows the summary
statistics of the similarity values computed with the Tanimoto coefficient and other fingerprints with different designs.
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Enamine. As a reference (or control), the fingerprint diversity
for the FDA data set was consistent with previous reports.44,45

As anticipated, the focused data sets were more diverse than
G9a because focused data sets are selected by chemical
vendors providing promising insights to identify potential hits
in an experimental screening campaign.
The similarity matrix of the G9a data set computed with the

RDkit topological fingerprint and the Tanimoto coefficient
(detailed in Section 2.4) is shown in Figure S7 in the
Supporting Information. The matrix is visualized as a heatmap,
and it displays similarity values using a continuous color scale,
ranging from zero (white) to one (dark red), where one
indicates the highest degree of similarity. The matrix shows
that the data set has distinct clusters. Noteworthily, there are
two major clusters, which correspond to quinazoline and
quinoline derivatives. This observation aligns with what has
been pointed out in the literature,15 namely, the main chemical
scaffolds experimentally tested to date are quinazoline and
quinoline derivatives. Also, it is worth exploring scaffolds
corresponding to the rest of the chemical space reported for
G9a or elucidating other scaffolds of potential interest.
Identifying these clusters provides valuable insights into the

chemical space of G9a and highlights the presence of specific
chemical motifs within the data set.
3.5. Visualization of the Chemical Space. Figure 6

shows a 2D visual representation of the property space
obtained with t-SNE, i.e., the chemical space of the compound
libraries as defined by the six properties of pharmaceutical
interest. Visual representations of the chemical space using
PCA are shown in Figure S8 in the Supporting Information.
For PCA, the total variance captured by the first two
components is summarized in Table S1 of the Supporting
Information. The properties that contributed most to the first
two principal components were TPSA and MW (PC1) and
logP (PC2).
The visualization of the chemical space in Figures 6 and S8

indicates that the G9a data set is quite diverse, covering a
broad region of the space. The visualizations also show that the
libraries have comparable and similar properties to the
approved compounds designed and prefiltered by the chemical
companies selling the libraries. Compounds in the Life-
Chemicals collection populate a more constrained region of
the chemical space compared with other libraries, such as
ChemDiv and Enamine, covering broader areas. As expected
by the large variety of mechanisms and targets involved,

Figure 6. Visual representation of the chemical space of the five data sets with a t-distributed stochastic neighbor embedding (t-SNE) of six
properties of pharmaceutical relevance. The plot on the bottom-right shows all five compound libraries plotted on the same graph. The color code
is the same as in Figure 2.
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compounds in the FDA library populate the most extensive
region of the chemical space.

4. CONCLUSIONS
Here, we explored the chemical space and structural diversity
of reported G9a inhibitors, which was the main goal of this
study. Analysis of the properties of pharmaceutical interest
indicated that the data set of G9a inhibitors has, in general,
drug-like properties. The commercial targeted libraries focused
on G9a have a more restricted coverage in the chemical space
considering the physicochemical properties (as compared to
the G9a data sets and approved drugs) since chemical
companies select the molecules to enforce that they have
drug-like properties. The scaffold content analysis revealed that
among the most frequent scaffolds found in focused libraries,
no quinazoline or quinoline derivatives are abundant in the
G9a data set, leaving the focused libraries to explore other
potential sections and scaffolds in the chemical space. The
diversity analysis revealed that the compounds tested with G9a
have a large scaffold diversity. The LifeChemicals-focused
library can be prioritized in a virtual and/or high-throughput
screening campaign to identify G9a inhibitors due to its large
scaffold diversity and different scaffolds compared to those
tested with G9a. The fingerprint-based diversity analysis
suggested that the diversity of the G9a set is not enough to
explore the rest of the potential chemical space to elucidate
innovative candidates. This aspect is reinforced by the fact that,
so far, most of the tested compounds focus on quinazoline and
quinoline scaffold derivatives. The previous point can be
addressed by screening the focused libraries, where among the
most frequent scaffolds the two previous scaffolds and their
derivatives are not present, allowing users to navigate across
other sectors with the potential of identifying novel candidates
in the chemical space of G9a.
Among the focused libraries, LifeChemicals and Enamine

are the most and least diverse data sets in terms of continuous
properties, respectively. Based on structural fingerprints,
Enamine and ChemDiv are the most and least diverse data
sets, respectively. These findings suggest two key points; the
first is that the compounds in the LifeChemical data set have a
wide range of drug-like properties compared with other data
sets and have a minor range of different molecular structures
compared with Enamine. In contrast, Enamine is the data set
with a limited range of drug-like properties but a large diversity
of molecular structures. Finally, ChemDiv is a data set with a
medium range of properties of pharmaceutical relevance and
less diverse molecular structures. The visual representation of
the chemical space indicated that the G9a data set is quite
diverse and covers a wide region of space. The commercial
targeted libraries focused on G9a have a more restricted
coverage in the chemical space, as analyzed using phys-
icochemical properties.
Taking the findings presented above together with the

results published in the literature, it is concluded that G9a
inhibitors have a large structural diversity and have, overall,
drug-like properties. Also, the epigenetic-focused libraries that
are commercially available are quite promising for identifying
novel inhibitors of G9a. A major goal of this work is to conduct
the systematic virtual screening of the focused libraries and test
the enzymatic inhibition of selected hits experimentally.
Studies are underway in our group and will be reported in
due course.
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