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Abstract: In this work we discuss the insights from activity landscape, docking and molecular 12 
dynamics towards the understanding of the structure-activity relationships of dual inhibitors of 13 
major epigenetic targets: lysine metiltransferase (G9a) and DNA metiltranferase 1 (DNMT1). The 14 
study was based on a novel data set of 50 published compounds with reported experimental activity 15 
for both targets. The activity landscape analysis revealed the presence of activity cliffs, e.g., pairs of 16 
compounds with high structure similarity but large activity difference. Activity cliffs were further 17 
rationalized at the molecular level by means of molecular docking and dynamics simulations that 18 
led to the identification of interactions with key residues involved in the dual activity or selectivity 19 
with the epigenetic targets. 20 

Keywords: Activity cliff; Activity landscape plotter; Epigenetics; Docking; Drug discovery; D-Tools; 21 
Molecular dynamics; Epi-polypharmacology; SmART; Structure-activity relationships. 22 

 23 

1. Introduction 24 
Technological-scientific advances have allowed to study the molecular machinery involved in 25 

the development of chronic diseases, as is the case of neoplastic hematological diseases. There are 26 
phenomena related to the development of this type of diseases, e.g. coding mutations, and more 27 
recently the deregulation of epigenetic events such as the processes of methylation, acetylation, 28 
phosphorylation, etc., which are fundamental in cellular homeostasis. Therefore, there is a need to 29 
develop new therapeutic strategies to address these alterations in the molecular machinery. 30 

The work published by Rabal, et al. (2018) is a key step forward in this analysis. They synthesized 31 
a novel series of 4-aminoquinolines as inhibitors of the enzymes lysine methyltransferase (G9a) and 32 
DNA methyltransferase 1 (DNMT1). Both epigenetic targets participate collaboratively in the 33 
development of neoplastic hematological diseases. Authors of that work carried out in vitro, in vivo 34 
and in silico analysis that led to the identification of compounds selective for G9a (5, 6 and 26, Figure 35 
1), selective for DNMT1 (43), and dual inhibitors (12 and 13) [1]. Given that the compounds analyzed 36 
were obtained from a lead optimization process, the activity landscape modeling for the identification 37 
of "dual activity cliffs" and "dual activity switches", along with their interpretation at the molecular 38 
level are crucial to complement the characterization of the structure-activity relationship (SAR) and 39 
structure multiple-activity relationships (SmART). 40 
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Figure 1. Selected 4-aminoquinoline compounds with the highest activity reported for G9a and DNMT1. 41 
 42 
The objective of this work was to better understand the structural modifications of 4-43 

aminoquinoline analogues for dual or selective inhibitory activity of G9a and DNMT1. The strategy 44 
to achieve this aim was to explore the single- and dual-activity landscapes to rapidly uncover activity 45 
cliffs and activity switches. The structural features associated with the cliff-forming compounds were 46 
further rationalized and explored at the molecular level with molecular docking and molecular 47 
dynamics with G9a and DNMT1. The significance of this study lies in the identification of structural 48 
features that could lead to pharmacophoric hypothesis and eventually develop additional selective 49 
and dual inhibitors against the two epigenetic targets. To the best of our knowledge, this work would 50 
be the first to characterize the binding site for two epigenetic targets in a parallel protocol. It is 51 
expected that the outcome of this study contributes to further advance the epigenetic polypharmacy. 52 

2. Results and Discussion 53 
First we present and discuss first the results of a qualitative exploration of the SAR of the data 54 

sets against two targets followed by the results of the activity landscape modeling. The latter analysis 55 
led to the identifications of activity cliffs. A structure-based interpretation of the cliffs was done with 56 
docking and molecular dynamics (MD) simulations that are discussed in the following sub-sections.  57 

2.1. Qualitative Analysis of the SAR with SAReport 58 
We conducted a qualitative assessment of the SAR of the data set of 50 compounds tested with 59 

G9a and DNMT1 with the SAReport tool of Molecular Operating Environment (MOE). Briefly, 60 
SAReport (Figure 2) aligns the compounds according to a main core scaffold and visually represent 61 
the activity data for each biological target (G9a and DNMT1 in this work) using continuous color 62 
scales. E.g., for G9a: from red (low activity) to green (high activity), and for DNMT1: from red (low 63 
activity) to blue (high activity) (Figure 2 and Figure S1 in the supplementary materials). 64 

The representation in Figure 2 shows a visualization of the activity data for the two targets as 65 
pie charts: the activity for G9a is represented in the inner part of the circle and that of DNMT1 in the 66 
outer ring. When two compounds share the same substituent, the graph is divided into two parts, 67 
where each one represents a compound. If there are three compounds sharing a substituent the 68 
circular graph will be divided into three parts, and so on. Figure 2 is focused on the variations in 69 
activity on G9a and DNMT1 driven by substituents R1 and R3. The qualitative analysis indicated that 70 
the substituents at position R2 and R4 have a lesser impact on the activity of the set of compounds 71 
(Figure S1 in the supplementary materials). 72 

 73 
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Figure 2. Visual representation of the activity data for compounds with different R1 and R3 substituents on 74 
the dual activity of compounds against G9a and DNMT1. The graph was generated with the SAReport of 75 
Molecular Operating Environment. 76 

 77 
Based on the outcome of SAReport in Figure 2, the dual activity of compounds largely increases 78 

with the substituents N,1-dimethylpiperidin-4-amine (R1-2), 1-methyl-4-(methylamino)piperidin-2-79 
one (R1-13) and 1-(3-methoxypropyl)pyrrolidine (R3-1). The selectivity towards G9a is favored by the 80 
substituent 1-(3-methoxypropyl)piperidine (R3-11). The selectivity for DNMT1 is mostly driven by 81 
the 6-methoxy-2-methyl-2-azaspiro[3.3] heptane (R3-3). Thus, overall, the dual activity is driven by 82 
the substituents in the position R1 and R3. 83 

2.2 Activity Landscape 84 
2.2.1 SAS Maps 85 

Figure 3A and 3B show the Structure-Activity Similarity (SAS) maps for G9a and DNMT1, 86 
respectively. Each plot contains 1225 data points, each one representing a pairwise comparison (vide 87 
infra). The maps show the relationship between the difference in activity and molecular similarity for 88 
each pair of compounds. As detailed in the Materials and Methods section, the molecular similarity 89 
was measured with the Tanimoto coefficient and MACCS keys. The data points are further 90 
distinguished by the Structure-Activity Landscape Index (SALI) value using a continuous color scale 91 
from low (green) to high (red), where the activity cliff will have a high SALI value. For both targets, 92 
most pairs are colored green and yellow indicating a more continuous SAR: similar structures with 93 
similar activity. This result can be explained, at least in part, because the compounds come from a 94 
lead-optimization process [1]. 95 
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 96 
Figure 3. SAS map of compounds with activity against G9a (A) and DNMT1 (B). Data points are colored 97 
by SALI value using a continuous scale from low (green) to high (red). 98 

Figure 3A shows that a significant proportion of pairs of compounds that have large activity 99 
differences (more than one or two log units). This suggests that this set of compounds explores in 100 
more detail the SAR for G9a but have a rough activity landscape. However, Figure 3B shows that for 101 
DNMT1 most of the pairs have a low activity difference (less than one log unit) and have high 102 
structure similarity. This is consistent with a lead-optimization process that is based, in general, in 103 
the similarity principle. Thus, the SAR for compounds with DNMT1 activity would be suitable to 104 
generate quantitative structure-activity relationship (QSAR) models that overall assume that similar 105 
compounds have similar activity [2]. 106 

Specific examples of activity cliffs are labeled in Figures 3A and 3B. Figure 4 shows the chemical 107 
structures of selected activity cliffs. For instance, a prominent activity cliff for G9a is the compound 108 
pair 6-38 (Figures 3A and 4) that have a small structural change at R3. Other examples of compound 109 
pairs with small structural changes at R3 but large activity differences are 6-36, 6-37, 5-32 and 5-42. 110 

A representative activity cliff for DNMT1 is the compound pair 43-45 (Figure 3B) that have a 111 
small structural change at R3. Other examples of activity cliffs with small structural changes at R1 are 112 
34-43, 43-47 and 43-50. 113 

 114 
Figure 4. Chemical structures of representative compounds forming activity cliffs. 115 
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2.2.2 Quantitative Analysis of SAS Maps 116 
To generate a systematic and quantitative analysis of the activity landscape, the SAS maps were 117 

divided into four regions defining thresholds for activity difference and structural similarity (see 118 
methods section and Figure 3-A). Table 1 summarizes the number of pairs of compounds in the 119 
Activity Cliff, Smooth SAR and Similarity Cliff regions identified in the SAS maps generated for G9a 120 
and DNMT1, respectively. As stated in the methods the pair wise similarity was calculated with 121 
different fingerprints (MACCS keys, PubChem, and ECFP4). 122 

Table 1. Summary of quantitative analysis of the SAS map for G9a and DNMT1. 123 

Target Fingerprint Activity 
Cliff 

Smooth 
SAR 

Similarity 
Cliff 

Not 
descriptive 

G9a 

MACCS 268 (21.8 %) 320 (26.2 %) 290 (23.7 %) 347 (28.3 %) 
PubChem 432 (35.3 %) 468 (38.2 %) 142 (11.6 %) 183 (14.9 %) 

ECFP4 324 (26.5 %) 439 (35.8 %) 171 (13.9 %) 291 (23.8 %) 
Consensus* 341 (27.8 %) 409 (33.4 %) 201 (16.4 %) 274 (22.4 %) 

DNMT1 

MACCS 55 (4.5 %) 532 (43.5 %) 488 (39.9 %) 147 (12.1 %) 
PubChem 92 (7.6 %) 755 (61.9 %) 262 (21.5 %) 110 (9.0 %) 

ECFP4 177 (14.5 %) 949 (77.6 %) 71 (5.8 %) 25 (2.1 %) 
Consensus* 108 (8.86 %) 745 (61.1 %) 274 (22.4 %) 94 (7.73 %) 

* Consensus calculated based on the average of existing compounds in each region of the SAS map according to 124 
different fingerprints. 125 

Results in Table 1 indicate a higher proportion of consensus activity cliffs for G9a (27.8 %) vs. 126 
DNMT1 (8.9 %). This is in line with the previous qualitative analysis of the SAS maps discussed 127 
above. However, for both targets, most of the data pairs are located in the Smooth SAR region (33.4 128 
and 61.1 %, respectively). This is also consistent with the overall similarity principle. 129 

2.2.3 Activity Cliff Generators 130 
Based on the SAS map and the number of activity cliffs, the frequency of compounds that form 131 

pairs in the activity cliff region was quantified, identifying compounds 5 (7.9%), 6 (9.6%), 12 (9.1%) 132 
and 13 (13.4%) as Activity Cliff Generators, that is, molecules frequently found in the activity cliff 133 
region, who also are associated with the largest activity differences [3]. 134 

2.2.4 DAD Maps 135 
Figure 5 shows a Dual-Activity Difference (DAD) map plotting all pairwise activity differences 136 

of the 50 compounds (1225 data points) with G9a (X-axis) and DNMT1 (Y-axis). Therefore, the DAD 137 
map facilitates the identification of compounds with selective and dual activity. Figure 5 also 138 
provides relevant information of selected pairs of compounds. E.g., pairs with compounds 5 and 6 139 
(selective for G9a), 43 (selective for DNMT1), as well as 12 and 13 (identified as dual compounds) are 140 
highlighted. In contrast to the results discussed in previous sections pairs with compound 18 suggest 141 
selective activity against G9a. Also, pairs with compound 25 suggest a dual activity. 142 
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Figure 5. DAD map of compounds with dual activity against G9a and DNMT1. Data points are colored by 143 
SALI value. The chemical structures of selected compounds are shown. 144 

2.3 Molecular Docking 145 
Based on the outcome of the activity landscape, molecular docking was used to generate 146 

plausible binding poses with G9a and DNMT1 of selected compounds involved in activity cliffs. 147 
Docking was conducted with AutoDock 4, as detailed in the materials and methods section. 148 

Figure 6 shows the top ranked binding poses with G9a of three representative compounds with 149 
dual activity: 12, 13 and 25. The three compounds were selected because the DAD map highlighted 150 
them as the best compounds with dual activity (Figure 5 and S2). The docking model suggested that 151 
the three compounds have protein-ligands contacts with the side chains of ASP 1088, LEU 1086 and 152 
PRO 1121. Also, these compounds make contacts with the backbone of TYR 1154. 153 

 154 
Figure 6. Predicted binding poses of dual compounds against G9a. Key amino acids proposed for the dual 155 
activity are highlighted in green. 156 

Figure 7 shows the predicted binding poses of three selected compounds that are selective for 157 
G9a: 5, 6, 18. These compounds were selected because the DAD map pointed to these molecules as 158 
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the best with selective activity against G9a (Figure 5 and S2). These molecules have protein-ligand 159 
contacts with the side chains of ASP 1078 and ASP 1083. 160 

 161 

 162 
Figure 7. Predicted binding poses of selective compounds against G9a. Key amino acids proposed for the 163 
selective activity are highlighted in red. 164 
 165 
We emphasize that the R3 substituent (Figure 2) generates electrostatic interactions with polar 166 

amino acids in G9a. In addition, the dual compounds make interactions with amino acids inside the 167 
pocket (colored green); in contrast, the selective compounds also generate interactions with amino 168 
acids on their exterior (colored red). 169 

Figure 8 shows the top ranked binding poses of three representative compounds with dual 170 
activity against DNMT1: 12, 13 and 25. These compounds have preferred protein-ligand contacts with 171 
the side chains of ALA 695, ASN 1192, LEU 1247 and ARG 1574. 172 

 173 

 174 
Figure 8. Predicted binding poses of dual compounds against DNMT1. Key amino acids proposed for the 175 
dual activity are highlighted in green. 176 
 177 
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Figure 9 shows the top ranked binding poses of the representative compounds with activity 178 
against DNMT1: 43 (this compound was selected because the DAD map refers to them as the best 179 
compounds with selective activity against DNMT1, Figure 5 and S2) and 6 (selected because this 180 
compound was the starting point to optimize the activity of the whole compound series) [1]. In the 181 
predicted binding models, 6 and 43 have protein-ligand contacts with the side chains of THR 1528 182 
and ASN 1578, and contacts with the backbone of CYS 1148. 183 

 184 
Figure 9. Predicted binding poses of selective compounds against DNMT1. Key amino acids proposed for 185 
the selective activity are highlighted in red. 186 
 187 
For DNMT1, the substituents at R1 and R3 (Figure 2) make electrostatic interactions with polar 188 

amino acids close to the surface of the pocket (colored green - Figure 9). In contrast, the selective 189 
compounds also make interactions with amino acids distant from the surface (colored red - Figure 9). 190 
2.4 Molecular Dynamics 191 

Based on the insights from activity landscape modeling and docking calculations we performed 192 
MD simulations for selected compounds. Figure 10 describes the interactions generated between 193 
compounds 6 (selective for G9a), 13 (dual) and 43 (selective for DNMT1) against G9a, for a period of 194 
100 ns under pre-established conditions (see in the materials and methods section). Of which we 195 
highlight the hydrophobic and ionic interactions with ASP 1083 and ASP 1088, which are conserved 196 
in the selective and dual compounds. 197 
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 198 
Figure 10. G9a–ligand contact analysis during the 100-ns simulations. The diagrams show the duration and 199 
kind of interactions with representative ligands during the simulation. 200 

Also, compound 6 (selective for G9a) and 13 (dual) maintain H-bond interactions with ASP 1088 201 
with their respective substituents R3. However, the interaction between ASP 1088 is enhanced in 202 
compound 6, where it also presents a "salt bridge" with its scaffold, in contrast to its counterpart 13 203 
(which does not generate it). Other fundamental interactions in the molecular recognition are with 204 
the PHE 1087 and ARG 1157 that make Pi-cation interactions, respectively. 205 

Figure 11 describes the interactions generated between compounds 6 (selective for G9a), 13 206 
(dual) and 43 (selective for DNMT1) against DNMT1. We highlight the hydrophobic and ionic 207 
interactions with GLU 698. Likewise, the three compounds maintain hydrophobic and ionic 208 
interactions with their respective substituents R1 and R3. 209 
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 210 
Figure 11. DNMT1–ligand contact analysis during the 100-ns simulations. The diagrams show the duration 211 
and kind of interactions with representative ligands during the simulation. 212 

In addition to the above-mentioned interactions, compound 13 (dual) interacts with ARG 1574 213 
through Pi-cation interactions, in contrast to its counterparts 6 and 43 (which do not generate it). 214 
Finally, another fundamental interaction in dual molecular recognition is with the PHE 1145. 215 

3. Materials and Methods  216 
3.1 Data Set 217 

This study is based on a novel data set of 50 compounds derived from 4-aminoquinoline with 218 
dual activity against G9a and DNMT1 published by Rabal et. al. [1]. All compounds were assayed 219 
under the same biological conditions and have IC50 values reported for each target. The SMILES 220 
representation of the structures and pIC50 (-log IC50) values are listed in Table S1 in the 221 
supplementary materials. For G9a, the pIC50 values range from 5.0 to 8.69; For DNMT1 the pIC50 222 
values range from 4.3 to 7.67. Overall, the range of activity values for both targets is similar which 223 
facilitates the cross-comparisons of the Activity Landscape (vide supra) [4]. 224 

 225 
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3.2 Software and Online Resources 226 
The qualitative SAR analysis was performed with the SAR Report Tool implemented in MOE 227 

[5]. The activity landscape analysis was carried out with Activity Landscape Plotter, an open web 228 
tool (https://www.difacquim.com/d-tools/) that enables the analysis of SAR of screening data sets [6]. 229 
As shown in the sequel, this tool facilitates a first and rapid exploration of the SAR of compound data 230 
sets with a common scaffold and rapid decomposition of R-groups. The visual representation of the 231 
chemical space was done with DataWarrior [7]. Molecular docking was performed with AutoDock 232 
4, and molecular dynamics studies were done with Desmond [8, 9]. 233 

3.3 Activity Landscape 234 
A SAS map is a tool for SAR analysis of compound data sets tested with one molecular target. 235 

SAS maps are based on the concept of activity landscape and are suited for the rapid identification of 236 
activity cliffs, defined as compounds with a similar high structure but different biological activity 237 
[10]. DAD maps allow the analysis of activity landscapes of compound data sets with two biological 238 
targets. DAD maps quickly identify "selective switches", defined as compounds with structural 239 
changes that completely invert the selectivity against toe different biological targets [11, 12]. 240 

SAS and DAD maps are based on systematic pairwise comparisons of the compounds in a data 241 
set. Thus, SAS and DAD maps generated in this work represented all 1225 pairwise comparisons 242 
between the 50 compounds of the set. Two SAS maps were generated, one for each target, G9a and 243 
DNMT1, respectively. In each map the structure similarity was calculated with the ECFP4 fingerprint 244 
and the Tanimoto coefficient and was represented on the X-axis. The activity difference was plotted 245 
on the Y-axis. In order to differentiate the four major regions in the SAS map two thresholds were set 246 
along the X- and Y-axis, respectively. The criteria to select the threshold along the X-axis was the 247 
mean of the similarity values of all compounds in the set (0.4712) (calculated with Tanimoto and the 248 
ECFP4 fingerprint). The threshold of the activity difference (Y-axis) was set to one logarithmic unit. 249 

The data points in the SAS maps were further colored by their SALI value. This index, as 250 
implemented in Activity Landscape Plotter, quantify activity cliffs using the equation proposed by 251 
Guha and Van Drie [13, 14]: 252 

𝑆𝐴𝐿𝐼 𝑖, 𝑗 = |𝐴𝑖 − 𝐴𝑗|1 − sim(i, j) (1)

where Ai and Aj are the activities of the ith and the jth molecules, and sim (i, j) is the similarity 253 
coefficient between the two molecules (in this work computed with the ECFP4 fingerprint and the 254 
Tanimoto coefficient). The SALI values were mapped onto the SAS maps using a continuous color 255 
scale from the structurally most similar pairs (green) to the least similar pairs (red). For the 256 
quantitative analysis of SAS maps, the structure similarity was also evaluated with MACCS keys 257 
(166-bits) and PubChem fingerprints as implemented in Activity Landscape Plotter [6]. 258 

A DAD map was generated plotting on the X- and Y-axis, the absolute value of the activity 259 
difference of compounds tested with G9a and DNMT1, respectively. To analyze the DAD maps 260 
threshold value of one logarithmic unit were used. 261 

3.4 Molecular Docking 262 

3.4.1 Protein Preparation 263 
The crystallographic structures of human G9a (PDB ID: 3RJW) and DNMT1 (PDB ID: 3SWR) 264 

were retrieved from the Protein Data Bank [15, 16]. From each complex the co-crystal ligands were 265 
removed (quinazoline-4-amine CIQ and sinefungin, respectively). Using MOE 2018 hydrogen atoms 266 
were added, followed by a minimization step with the AMBER99 forcefield [6]. 267 
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3.4.2 Ligand Preparation 268 
The ligands were built and energy-minimized in MOE using the MMFF force field. The more 269 

stable protomers at physiological pH were identified [17]. 270 

3.4.3 Molecular Docking 271 
AutoDock 4 was used to add the solvent model and assign the atomic charges of Gasteiger to 272 

proteins and ligands [8]. For G9a, the grid was centered on the carbon atom of the carboxyl group of 273 
ASP 1088 (chain A) with a size of 45 Å3, and for DNMT1 on the carbon atom of the carboxyl group of 274 
GLU 1266 (chain A) with a size of 65 Å3. A grid spacing of 0.375 Å was used. Using the Lamarckian-275 
Genetic algorithm, the binding compounds were subjected to 20 search steps using 2,500,000 energy 276 
evaluations, and the default values of the other parameters. The ten best binding poses of the different 277 
clusters were generated. 278 

3.4.4 Search for Ideal Conditions  279 
Based on studies that describe the interactions involved in the molecular recognition of G9a and 280 

DNMT1 [1, 18, 19]. Compound 6 (not present on the PDBs structures reported) was used to guide the 281 
development of a protocol that captured the interactions reported for other active compounds. To 282 
this end, different grid sizes were evaluated for G9a (i.e., 20, 30, 40, 45 and 50 Å3) and DNMT1 (i.e., 283 
20, 30, 40, 50, 60, 65 and 70 Å3). The grid sizes selected were 45 Å3 for G9a, and 65 Å3 for DNMT1. 284 

3.5 Molecular Dynamics 285 
MD studies of the protein-ligand complexes were performed using Desmond (version 2018-3) 286 

with the OPLS 2005 forcefield [20]. The most representative docking pose for each ligand was used 287 
as starting point to initiate the MD simulations. The complexes were prepared with the System 288 
Builder Utility in a buffered orthomobic box (10 x 10 x 10 Å), using the transferable intermolecular 289 
potential with 3-point model for water (TIP3P). The complexes were neutralized and NaCl was added 290 
in a 0.15 M concentration.   291 

Complexes were minimized using the steep-descent (SD) algorithm followed by the Broyden-292 
Fletcher-Goldfarb-Shanno (LBFGS) method in three stages. In the first stage water heavy atoms were 293 
restrained with a force constant of 1000 kcal mol-1 Å-2 for 5000 steps (1000 SD, 4000 LBFGS) with a 294 
convergence criterion of 50 kcal mol-1 Å-2 ; for the second stage, backbones were constrained with a 295 
10 kcal mol-1 Å-2 force constant using a convergence criterion of 10 kcal mol-1 Å-2 for 2000 steps 296 
(1000 SD, 1000 LBFGS); and for the third stage the systems were minimized with no restraints for 297 
1000 steps (750 SD, 250 LBFGS) with a convergence criterion of 1 kcal mol-1 Å-2 . 298 

Equilibration was carried out in several steps. Beginning with Brownian Dynamics for 250 ps 299 
with the Berendsen thermostat. Followed by simulation on the NVT ensemble, slowly heating from 300 
10 K to 300 K over 3000 ps. At this stage, constraints were enforced on solute heavy atoms, using a 301 
constant of 50 kcal/mol. 302 

Finally, equilibration on NPT ensemble used the Berendsen thermostat and Langevin barostat 303 
for additional 250 ps. Subsequently, the system was submitted to 130 ns of production runs, under 304 
NPT ensemble at 1 bar using the Martyna-Tuckerman-Klein (MTK) barostat and 300 K using the 305 
Nose-Hoover thermostat. Electrostatic forces were calculated with the smooth PME method using a 306 
9 Å cut-off, while constraints were enforced with the M-SHAKE algorithm. Integration was done 307 
every 1.2 fs, with a recording interval of 50 ps. Finally, the first 30 ns of production runs were 308 
removed, this is due to system stabilization after this period [21]. 309 

The quality of the simulation and trajectory analyses were carried out with the tools 310 
implemented in the Maestro-GUI (Figure S3 and S4).   311 
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4. Conclusions 312 
The concept of epigenetic polypharmacy is increasingly relevant [22-25]. In parallel, Activity 313 

Landscape modeling has allowed the characterization of the epigenetic chemical space [26]. 314 
Therefore, this study analyzed and augment the information generated by conventional SAR studies. 315 
Activity landscape modeling led to the identification of selective and dual compounds against G9a 316 
and DNMT1, which will facilitate the generation of more robust SAR studies for both epigenetic 317 
targets. Together, based on the different activity landscapes, the set of compounds is an ideal 318 
candidate for the generation of QSAR models against DNMT1 (showing a homogeneous SAR) or for 319 
virtual screening against G9a (showing a heterogeneous SAR). From the dual ligand-based drug 320 
design it was concluded that the new approaches should consider generating structures derived from 321 
4-aminoquinoline with variations in the substituents R1 and R3. In addition, it was found that the key 322 
interactions between the targets and the selective compounds for G9a and DNMT1 are generated 323 
with the substituents R1 and R3, respectively. From the docking and molecular dynamics studies it 324 
was confirmed the importance of the interactions with polar amino acids in their respective binding 325 
sites. Therefore, those ligands capable of interacting with these will be favored in their activity. 326 

Supplementary Materials: The following are available online, Table S1: Compound data set; Figure S1: Visual 327 
representation of the activity data for compounds with different R2 and R4 substituents on the dual activity of 328 
compounds against G9a and DNMT1; Figure S2: Gini Index Plot of compounds with selective and dual activity 329 
against G9a and DNMT1; Figure S3: RMSD and RMSF of G9a during the MD; Figure S4: RMSD and RMSF of 330 
DNMT1 during the MD.  331 
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