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Deep learning-assisted discovery of a
potent and cell-active inhibitor of RNA
N6-methyladenosine recognition
protein YTHDC2

Zhenyu Yang 1,7, Weining Sun2,7, Qiao Huang2,7, Yueyue Li2,7, Meng Yuan2,
Yu Yang3, Heng Zhao4, Zheyi Liu4, Xiaoxi Zeng 1, Fangjun Wang 4,
Yuanyuan Jiang 2 , Yi Zhao 1,5 & Runsheng Chen1,6

YTHDC2, a unique YTH-domain-containing protein that recognizes N6-
methyladenosine (m6A) on RNA, plays critical roles in diverse pathological
processes and represents a promising therapeutic target. Despite its potential,
no potent small-molecule inhibitors have been reported to date. To bridge this
gap, we develop EPMolGen, a deep learning-based molecular generative
model that explicitly incorporates the electrostatic features of receptor pro-
teins. The model achieves state-of-the-art performance in dry-lab validations.
Using EPMolGen, we identifyH3, a YTHDC2 inhibitor with an IC50 of 16.84μM.
Subsequent structural optimization of H3 yields DC2-C1, a highly potent
compoundwith an IC50 of 0.168μMagainst YTHDC2 and selectivity over other
YTH-domain proteins. In cellular assays, DC2-C1 effectively targets YTHDC2.
Notably, DC2-C1 treatment substantially reduces the expression levels of
multiple target mRNAs of YTHDC2, leading to phenotypic suppression of
related cells. Overall, this study highlights the great potential of deep learning
in drug discovery and provides a promising lead compound for drug devel-
opment targeting YTHDC2.

N6-methyladenosine (m6A) is a common RNA modification in eukar-
yotic organisms. It dynamically regulates the RNA fate and functions
through the coordinated efforts of methyltransferases (writers),
demethylases (erasers), andm6A-recognition proteins (readers)1,2. This
modulation influences a wide array of biological processes, including
cellular differentiation, development, and disease progression3,4.
Among these components, m6A readers function as effector proteins

and are involved in numerous physiological and pathological
processes5–7. Currently, proteins containing the YT521-B homology
(YTH) domain (YTHDC1-2 and YTHDF1-3) have been identified as the
primary readers of m6A-modified mRNAs8–11.

YTHDC2 is a unique YTH-domain containing m6A reader, which
is located in both the nucleus and cytoplasm12,13. It contains multiple
functional domains, with its YTHdomainbeing themost notable for its
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ability to recognize and bind to m6A-modified RNA molecules14.
YTHDC2 has been demonstrated to play a crucial role in various bio-
logical processes, including RNA metabolism, cellular function and
development, and has also been linked to the pathology of numerous
diseases15. For instance, multiple studies have highlighted a close
association between YTHDC2 and the onset and progression of rheu-
matoid arthritis (RA)16–18. In RA, RA fibroblast-like synoviocytes (RA-
FLS) serve as key constituents of the hyperplastic and invasive synovial
tissue. The abnormal proliferation and aggressive phenotypes of RA-
FLS exacerbate joint destruction. Notably, impairing the m6A binding
function of YTHDC2 in RA-FLS reduces the stability of AMIGO2mRNA,
a target of YTHDC2, leading to decreased AMIGO2 protein expression.
This downregulation of AMIGO2 inhibits the proliferation, migration,
and invasion of RA-FLS, thereby alleviating RA symptoms18. Further-
more, YTHDC2 exhibits a complex role in cancer, acting as either a
promoter or suppressor of tumor growth through various mechan-
isms. For example, numerous studies19–26 have shown that YTHDC2
serves as a tumor suppressor in hepatocellular carcinoma, and papil-
lary thyroid carcinoma, while an oncogene role in gastric cancer,
pancreatic ductal adenocarcinoma (PDAC), prostate cancer, naso-
pharyngeal carcinoma, and cutaneous squamous cell carcinoma. In
addition, YTHDC2 has also been implicated in metabolic regulation,
such as hepatic lipogenesis27, therefore, contributing to the patho-
genesis of some metabolic disorders.

However, current experimental approaches to studying the bio-
logical functions of YTHDC2 predominantly rely on the knockdown,
knockout, or overexpression of the entire YTHDC2 gene. These
methods do not allow for the determination of whether blocking
YTHDC2-m6A recognition is responsible for the observed biological
effects. Small molecule inhibitors of the YTH domain could serve as
ideal tools to address this limitation. To our knowledge, only one pan-
YTH protein inhibitor has been reported thus far, which showed weak
activity against YTHDC2 with an IC50 of 30μM28. In this investigation,
we aim to discover potent inhibitors specifically targeting YTHDC2.

Traditionally, identifying active compounds against a new target
protein has relied on high-throughput screening29, a method that is
often costly and time-intensive. Recently, deep learning-based gen-
erative models have achieved remarkable success across various
domains, including speech processing30,31, computer vision32,33 and
natural language processing34,35. In the realm of drug discovery, this
technological revolution has led to the development of a number of
specialized models tailored for molecular generation36–39 Among
these, receptor-based molecular generative models, such as LiGAN40,
Pocket2Mol41, GraphBP42, TargetDiff43, and PocketFlow44, stand out as
representative and cutting-edge approaches.

LiGAN converts protein-ligand complexes into three-dimensional
(3D) atomic density grids and utilizes a 3D convolutional neural net-
work (CNN) architecture for molecular generation. Pocket2Mol
employs an E(3)-equivariant generative framework, outperforming
non-equivariant models in capturing molecular graph topology and
geometric constraints. GraphBP introduces a local spherical coordi-
nate system to parameterize spatial molecular generation. TargetDiff
represents a full-atom 3D equivariant diffusionmodel for target-aware
drug design. PocketFlow applies the idea of autoregressive flow and
incorporates chemical knowledge into its framework, with the bioac-
tivities of the molecules it generates having been experimentally vali-
dated in wet-lab settings.

Despite their individual strengths and impressive benchmark
performances, these models are not without their drawbacks. For
instance, LiGAN falls short in achieving the desirable equivariance
property, as performing 3D CNNs on atomic density grids lacks
inherent equivariance. Additionally, its reliance on discretizing con-
tinuous 3D space to construct grids further limits its practical applic-
ability. Models like LiGAN, GraphBP, and TargetDiff depend on Open
Babel45 for chemical bond generation, a post-hoc approach whichmay

inadvertently produce undesirable substructures, thereby diminishing
drug-likeness of the generated molecules and complicating chemical
synthesis. Furthermore, with the exception of PocketFlow, these
models have primarily been evaluated in dry-lab settings, lacking
validation through wet-lab experiments—a critical step in confirming
their relevance to real-world drug discovery. Lastly, none of these
models explicitly consider electrostatic features (including electric
field intensity and electric potential) of target proteins, which are vital
for ligand-protein interactions. To our knowledge, not only themodels
discussed here but also no existing molecular generative models cur-
rently explicitly integrate these electrostatic features into their mole-
cular generation processes.

In this study, we develop EPMolGen, an autoregressive flow-based
deep generative model which explicitly incorporates electrostatic
features of target proteins into its architecture. The model’s effec-
tiveness is systematically validated through a series of dry-lab experi-
ments. Following this, we employ EPMolGen to generate small
molecules targeting the YTH domain of YTHDC2. Subsequent wet-lab
experiments lead to the identification of an active compound, H3.
Further structuraloptimization towardsH3 results in thediscoveryof a
highly potent compound, which also exhibits cellular activity.

Results
Establishment of the generative model EPMolGen
EPMolGen is an autoregressive flow-based deep learning model
designed for pocket-aware molecular generation. Unlike conventional
molecular generative approaches, EPMolGen explicitly incorporates
the electrostatic features of receptor proteins, which are critical
determinants of ligand-receptor interactions. By embedding these
features, the model is expected to enhance its capacity to generate
biologically active molecules. In this study, we adopted a point-charge
model, with the atomic charges derived from the OPLS4 force field46.
The electric field intensity and electric potential at any specified
location within the binding pocket were calculated by summing the
contributions from all individual point charges. This approach ensures
a physically accurate depiction of the protein’s electrostatic landscape.

Figure 1 schematically illustrates the workflow of EPMolGen,
which consists of six distinct modules. The first one is the encoder
module (Fig. 1a), which encodes the context of either a protein pocket
or protein-ligand complex using 3D equivariant neural networks that
incorporate message passing and graph attention mechanisms. This
module captures essential 3D spatial and environmental features of
the binding site. The second one is the pivotal atom selection module
(Fig. 1b), which selects a pivotal atom based on the encoded context.
For an empty protein pocket, the pivotal atom is chosen from among
the protein atoms, whereas for protein-ligand complexes, it is selected
from existing ligand atoms. The third one is the atom position pre-
diction module (Fig. 1c), which employs a Mixture Density Network
(MDN)47 to predict the position of a new atom based on the encoded
context from the encoder module and the feature representations
from the pivotal atom selection module. This module only considers
positions within 2 Å of the selected pivotal atom.

The fourth one is the electrostatic features modeling module
(Fig. 1d), which extracts representations of electric field intensity and
electric potential, and integrates them with the encoded environ-
mental features. The remaining two modules handle atom type sam-
pling (Fig. 1e) and chemical bond sampling (Fig. 1f), respectively. These
two components generate new atoms and chemical bonds guided by
features from the previous modules. Notably, the bond type sampling
module incorporates geometric constraints and chemical rules to
ensure the generation of valid molecular structures. To consider
geometric constraints, we introduce a triangular self-attention
mechanism inspired by AlphaFold248, for modeling bond type dis-
tributions. This mechanism captures three-edge constraint relation-
ships within themolecular graphs. For instance, if there is a triple bond
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between atoms i and j, it is unlikely that another atom k can simulta-
neously form a double bond with both atoms. Additionally, our
approach limits potential bonding candidates to previously generated
ligand atoms located within a 4 Å radius of the newly generated atom.
To ensure chemical validity, the bond type sampling module discards
proposed bonds that violate atomic valence rules or form unfavorable
structural motifs (e.g., O-O, O–N, C =C =C, and three-membered
rings). The model then resamples until a valid bond type is selected.

This ensures that all generated molecules comply with fundamental
chemical principles. Ultimately, the newly generated atom’s position,
type, and chemical bonds are incorporated into the environment,
serving as inputs for the next generation step.

Evaluation of the performance of EPMolGen
We assessed the performance of EPMolGen by selecting a test set of 10
diverse target proteins which have previously been used to evaluate
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Fig. 1 | Schematic architecture of EPMolGen. a Encoder module. Here, f denotes
the equivariant graph neural networks. Yellow and light green circles represent
protein atom nodes and ligand atom nodes, respectively, in the KNN (k-nearest
neighbor) graph. Variations in the depth of red color indicate different attention
weights. Proteins and molecules are drawn using PyMOL(Version: 3.1). b Pivotal
atom selection module. The purple curve represents the protein pocket. c Atom
position prediction module. Here, k represents the different Gaussian mixture
components, andwp

k denotes the coefficients of these components. d Electrostatic
feature modeling module. Esum and φsum represent the total electric field intensity

and electric potential, respectively, contributed by all atoms in the protein pocket
at the predicted atom position. v and s are the vector and scalar context feature of
the newly predicted atom position, respectively, derived from the output of the
encoder module. e Atom type sampling module samples the atom type of the next
generated atom. It is basedon autoregressive flow, withonly 9 types of atoms (C, N,
O, F, P, S, Cl, Br and I) could be possibly sampled. f Bond type sampling module
samples a chemical bond type. It is also based on autoregressive flow, with four
types of chemical bonds (Single, Double, Triple, and Empty) could be possibly
sampled. Here, Empty means no bond between two atoms.
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other generative models40,44. These proteins are represented by their
PDB IDs: 1bvr, 1u0f, 1zyu, 2ah9, 2ati, 2hw1, 4bnw, 4i91, 5g3n, and 5lvq.
For each binding pocket of these target proteins, wegenerated 10,000
molecules using EPMolGen, followed by calculating the average values
of several key properties of these molecules, including validity of
chemical structure, quantitative estimate of drug-likeness (QED)49,
octanol-water partition coefficient (logP), and synthetic accessibility
(SA)50. All these properties were calculated by utilizing the RDKit tool.
To benchmark EPMolGen’s performance, we also evaluated other
representative generative models, including LiGAN40, Pocket2Mol41,
GraphBP42, TargetDiff43, and PocketFlow44. Additionally, the corre-
sponding property values of molecules fromCrossDocked202051 were
calculated to serve as reference baselines.

The average values of key properties for molecules generated by
different generative models and those from CrossDocked2020 are
presented in Table 1. To calculate these averages, we first calculated
the results for each property across all molecules generated by each
model, and then determined the mean and standard deviation (SD).
Remarkably, all molecules generated by EPMolGen and PocketFlow
were chemically valid,whereas TargetDiff, GraphBP, andLiGANdidnot
achieve complete validity. In terms of logP values, all the generative
models generated molecules with average logP values within the
desirable range of 0-5, thereby meeting the drug-likeness criteria.
However, for specific targets, some baseline models, including Tar-
getDiff, Pocket2Mol, PocketFlow, and LiGAN, failed to ensure that
average logP values remain within this range (see Supplementary
Tables S1-S4). Notably, EPMolGen showed distinct advantages in two
critical metrics: QED and SA. QED provides an intuitive, transparent,
and straightforward measure of a compound’s drug likeness, where a
higher QED value indicates better drug-likeness. Molecules generated
by EPMolGen exhibited significantly higher average QED values com-
pared to those generated by other models. SA indicates how easily a
molecule can be synthesized, where a lower SA value signifies easier
synthesis. Molecules generated by EPMolGen displayed lower average
SA values than those produced by othermodels, indicating their easier
synthesis. Furthermore, as evidenced by the distribution analysis in
Fig. 2, EPMolGen demonstrated tighter clustering (smaller standard
deviations) in both QED and SA. This indicated that EPMolGen could
maintain consistently high performance in both metrics compared to
other baseline models. Detailed metrics for molecules generated by
these generative models for each target are provided in Supplemen-
tary Tables S1-S7.

We next assessed the binding affinities of the generatedmolecules
using ChemScore52,53. Table 1 presents the calculated average Chem-
Score values for all the molecules generated by these models against
the 10 target proteins (average ChemScore values for each target see
Supplementary Table S8). Four models—EPMolGen, PocketFlow,

TargetDiff, and Pocket2Mol—demonstrated high average binding affi-
nities. It is worth noting that GraphBP exhibited abnormal binding
affinity values, likely due to many of its generated molecules clashing
with protein atoms or locating outside the protein pocket. One might
argue that binding affinity is heavily influenced by molecular weight,
with larger molecules potentially exhibiting higher binding affinities.
To address this, we evaluated ligand efficiency (LE), which measures
binding affinity per heavy atomof amolecule and is oftenused toguide
the selection and optimization of fragment hits. The calculated average
LE values for all the molecules generated by these models are also
presented in Table 1 (details for each target see Supplementary
Table S9). Among all generative models, EPMolGen exhibited the
highest average LE value, indicating superior performance.

Finally, we analyzed the proportions of molecules containing
uncommon substructures within the entire set of generated mole-
cules. These uncommon substructures encompass three-membered
rings, eight-membered rings, unexpected rings (depicted in Supple-
mentary Fig. S1a), and condensed rings (comprising ≥4 fused rings, as
illustrated in Supplementary Fig. S1b). The presence of these sub-
structures, while occuring in some drugmolecules, is often associated
with challenges such as high toxicity or synthesis difficulty. As pre-
sented in Table 2, EPMolGen generated the lowest proportion of
molecules containing three-membered rings, eight-membered rings
and unexpected rings among different generative models. Also, the
proportion of uncommon structures generated by EPMolGen is nearly
comparable to that of CrossDocked2020. Notably, several other
baseline models produced a substantial number of molecules with
uncommon substructures. For instance, 52.6% ofmolecules generated
by Pocket2Mol contained condensed rings, suggesting a tendency
towards generating highly rigid structures. Similarly, GraphBP gener-
ated a set of molecules in which 84.9% contained three-membered
rings and 64.2% contained unexpected rings. LiGAN generated mole-
cules with three-membered rings and unexpected rings in 50.9% and
32.2% of cases, respectively. Lastly, 7.7% of molecules generated by
TargetDiff contain eight-membered rings.

Ablation analyses
In comparison to other reported generative models, a key distinction
of our model lies in its explicit consideration of electrostatic features.
To assess the influence of these features on model performance, we
conducted ablation analyses. To this end, we developed a model,
termed the ablation-model, which did not incorporate electrostatic
features. We then calculated various properties of molecules gener-
ated by the ablation-model, using the same methodology as before.
As presented inTables 1–2, the ablation-model is capable of generating
chemically valid molecules with reasonable logP values, and a
very small proportion of these molecules contain uncommon

Table 1 | Calculated average values of four key properties of molecules generated by different generative models and those
from CrossDocked2020

Validity (%)(↑) QED (↑) LogP(-) SA(↓) Ligand efficiency (↑) ChemScore (↑)

TargetDiff 99.96 0.46 ± 0.24 1.69 ± 2.73 4.94± 1.05 0.76 ± 0.69 16.25± 15.47

PocketFlow 100.00 0.51 ± 0.19 3.72 ± 2.33 2.93 ± 1.17 0.98± 0.86 17.13± 22.68

GraphBP 99.72 0.42 ± 0.21 3.62 ± 3.02 5.82± 1.35 −29.35 ± 111.24 −782.88± 3108.61

LiGAN 81.38 0.48± 0.18 0.51 ± 1.81 4.82± 1.15 0.65 ± 1.80 9.19 ± 30.37

Ablation-modela 100.00 0.48± 0.15 2.55± 1.68 4.36 ± 1.17 0.55 ± 1.29 7.56± 22.78

Pocket2Molb -- 0.44 ± 0.21 3.19 ± 2.79 4.62 ± 1.34 0.77 ± 0.59 19.93± 15.63

CrossDocked2020c -- 0.53± 0.21 2.29± 2.52 3.25 ± 0.98 -- --

EPMolGen 100.00 0.61 ± 0.17 3.56 ± 1.83 2.92± 0.96 1.03 ± 0.64 18.10± 9.74
aThe ablation-model is a similar model as EPMolGen, but without explicitly considering the electrostatic features of protein targets.
bPocket2Mol could not generate the intended number of molecules for certain target proteins, we conducted statistical analysis using only the molecules that were successfully generated.
cDuring the calculation, duplicate ligands in the CrossDocked2020 dataset were removed.
Data are shown as mean ± SD.
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substructures. However, it exhibits inferior performance compared to
EPMolGen in terms of average QED, SA, LE, and ChemScore values.
Notably, the LE and ChemScore values of the ablation-model are sig-
nificantly lower than those of EPMolGen. The density distributions of
QED, SA, LE, and ChemScore values (Supplementary Fig. S2) further

show that the ablation-model performs substantially less effectively
than EPMolGen. Collectively, the results of the ablation analyses
underscore the benefits of explicitly considering electrostatic char-
acteristics in enhancing model performance, particularly with regard
to the binding affinities.

Fig. 2 | Densitydistributions ofQEDandSA. aQEDdensity distributions ofmolecules generatedby EPMolGen, Pocket2Mol, PocketFlow, GraphBP, LiGANandTargetDiff.
b SA density distributions of molecules generated by EPMolGen, Pocket2Mol, PocketFlow, GraphBP, LiGAN and TargetDiff. Data are shown as mean± SD.
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Application of EPMolGen provided a hit compound
targeting YTHDC2
We subsequently utilized EPMolGen to discover small molecule inhi-
bitors targeting the YTH domain of the m6A reader protein YTHDC2.
The 3D structure of the receptorwas derived from the crystal structure
of theYTHdomainofYTHDC2 (PDB ID: 6K6U),with thebinding site for
the m6A-mRNA substrate defined as the pocket for molecular genera-
tion. We generated 5,000 molecules using EPMolGen. From this pool,
we selectedmoleculeswithQED values exceeding 0.8 and sorted them
basedon their LE values.Out of the topfifteenmolecules,wechosefive
(H1-H5) that could likely be synthesized easily and quickly. These five
molecules were subsequently synthesized and tested for their bioac-
tivity. The synthetic routes for these molecules are detailed in Sup-
plementary Fig. S3–S7.

To assess the bioactivity of compounds against YTHDC2, we
expressed and purified the recombinant human YTHDC2 YTH-domain
protein (Supplementary Fig. S8a–c). Leveraging the YTH-domain’s
specific recognition ofm6A, we established a fluorescence polarization
(FP)-based assay using the fluorescein amidite (FAM)-labeled
m6A-mRNA. (Fig. 3a)54,55. For the FP assays, we opted to use the GST-
tagged YTHDC2-YTH protein instead of the tag-free YTHDC2-YTH
protein, as the latter’s relatively small molecular weight (< 16 kDa)
resulted in inadequate signal intensity (Supplementary Fig. S9a). Fur-
thermore, our findings indicated that the GST-tagged YTH domain
protein provided enhanced FP signals compared to the tag-free pro-
tein, without interfering with the specific recognition of m6A by the
YTH protein (Fig. 3b, and Supplementary Fig. S9a–h). Out of the five
compounds generated by EPMolGen, onlyH3demonstrated inhibitory
activity, with an IC50 value of 16.84 ± 2.04μM (Fig. 3c–g). Subse-
quently, we conducted structural optimization and structure-activity
relationship (SAR) analyses on H3.

Structural optimization and structure-activity relationship
analyses of H3
The structural optimization of H3 was focused on two regions: the
benzyl group (R1) and the 4-chlorophenol moiety (R2) (Fig. 3h). In the
first step, we optimized R1 while keeping R2 unchanged. We synthe-
sized a total of 13 new compounds (14a-m)with various substituents at
R1 (Supplementary Fig. S10). The bioactivities of these compounds are
summarized in Fig. 4. Fluorine substitutions at different positions on
the benzene ring did not improve the bioactivity (14a-c); but the para-
fluorine substitution is relatively more tolerable. Then chloride and
bromine were used to replace the para-fluorine, nevertheless the
bioactivity was not improved (14d-e). Further substitutions with tert-
butyl and phenyl at the para-position led to a complete loss of bioac-
tivity (14f-g). Notably, ester and carboxyl substitutions (14h-i) either
enhanced or maintained bioactivity. Next, we introduced double
substituents (including an ester) on the benzene ring. The resulting
compound 14j exhibited nearly a 6-fold increase in bioactivity

compared to the original hit compound (H3). The cyclization product
14k, with para- and meta-substituents, also showed improved bioac-
tivity compared to H3. However, compound 14l, containing a naph-
thalene group, did not display activity. Surprisingly, when R1 was
replaced with a dibenzo[b,e]oxepin-like moiety (14m), the activity
increased further, with an IC50 value of 1.56 µM, suggesting that the
dibenzo[b,e]oxepin-like moiety is an optimal substituent for R1.

In the second step, we fixed the dibenzo[b,e]oxepin-like moiety at
R1 position, and replaced the phenyl group of R2 with a variety of
substituents. A total of 14 new compounds (16a-n) were synthesized
(Supplementary Fig. S11). Bioactivities of compounds 16a-n are dis-
played in Fig. 4. Initially, we investigated the impact of the phenol
hydroxyl group andobserved that the activitywas lostwhen thephenol
hydroxyl group was removed (16a), indicating a critical role of the
phenol hydroxyl group to the bioactivity. Subsequently, the position of
chlorinewas changedor removed (16b-e), andwe found that theortho-
substitution of chlorine (16d) slightly increased the potency, while
other changes resulted in loss of activity. Then, replacement of the
chlorine group by fluorine (16f), bromine (16g), methyl (16h), and tri-
fluoromethyl (16i) decreased the potency. Surprisingly, the introduc-
tion of chlorine at positions 4 and 6 of the benzene ring (16j) enhanced
the activity by approximately 3-fold. We thus introduced different
substitutions at these positions of the benzene ring and synthesized
four additional compounds (16k-n). Among them, compound 16k
(hereafter called DC2-C1) with a 4-bromo-6-chlorophenol at R2 posi-
tion, displayed the highest potency with an IC50 value of 0.168 µM.

Bioactivity characterization of compound DC2-C1
against YTHDC2
Through structural optimization and SAR studies conducted on the
initial hit compound H3, we successfully developed compound DC2-
C1 (Fig. 5a). This compound exhibited remarkable inhibitory potency
in the FP assay, with an IC50 value of 0.168 ±0.02 µM (Fig. 5b), marking
a 100-fold enhancement in potency relative to the original hit com-
pound H3. In the FP assay for DC2-C1, the fluorescence intensities
remained consistently stable, indicating the absence of anyfluorescent
interference from the compound (Supplementary Fig. S12a–c).

To further substantiate the bioactivity of DC2-C1 in vitro, we
employed a battery of biochemical and biophysical techniques. An
Isothermal TitrationCalorimetry (ITC) assaywas utilized to evaluate the
binding affinity of DC2-C1 to YTHDC2, revealing a robust binding affi-
nity with an equilibrium dissociation constant (KD) of 0.46 ±0.10μM
(Fig. 5c). Additionally, a Differential Scanning Fluorimetry (DSF) assay
demonstrated that DC2-C1 dose-dependently stabilized the YTHDC2
protein, inducing a thermal shift (ΔTm) of 2.18 ±0.21 °C at a con-
centration of 6.25μM (Fig. 5d, e). Furthermore, based on the FP-based
screening assay,DC2-C1 exhibited amore pronounced inhibitory effect
on YTHDC2 compared to other YTH-domain-containing m6A readers,
underscoring its selectivity for YTHDC2 (Fig. 5f).

Table 2 | Proportions ofmolecules containing three-membered rings, eight-membered rings, condensed rings (≥4 rings fused)
and unexpected rings in all molecules generated by different generative models and those from CrossDocked2020

Three-membered rings (%) Eight-membered rings (%) Condensed rings (%) Unexpected rings (%)

TargetDiff 0 7.7 5.6 2.7

PocketFlow 0.03 1.2 2.9 0.09

GraphBP 84.9 11.4 0.2 64.2

LiGAN 50.9 1.2 0.2 32.2

Ablation-modela 0.8 1.1 0.3 1.2

Pocket2Mol 2.7 7.4 52.6 2.9

CrossDocked2020 3.7 0.2 2.8 0.6

EPMolGen 0.01 0.5 0.8 0.05
aAblation-model is a similar model as EPMolGen, but without explicitly considering the electrostatic features of protein targets.
bDuring the calculation, duplicate ligands in the CrossDocked2020 dataset were removed.
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Binding mode of DC2-C1 with YTHDC2
To explore the possible binding mode between DC2-C1 and YTHDC2,
we performed docking analysis to identify a putative binding mode
after unsuccessful co-crystallization attempts. Given that the hit
compoundwas generated in them6Abinding pocket, we hypothesized
that the DC2-C1’s binding site is likely to be shared with the
m6A-binding site. In order to obtain a more precise binding mode of
DC2-C1 and YTHDC2, we conducted induced fit docking using Glide56.
Our docking result suggests that DC2-C1 resides perfectly in the m6A
binding pocket of YTHDC2, thus could block YTHDC2 from binding to
m6A-mRNA (Fig. 6a). In comparison with the generated pose of
YTHDC2-H3, it was found that the binding mode of DC2-C1 with
YTHDC2 is similar to that of H3 (Supplementary Fig. S13). DC2-C1
forms multiple interactions with the m6A-binding site of YTHDC2
(Fig. 6a). Specifically, the hydroxyl group on 2-amino-4-bromo-6-
chlorophenol of DC2-C1 forms a hydrogen bond with residue N1300.
The 2-amino-4-bromo-6-chlorophenol engages in hydrophobic inter-
actions with residues I1303, I1309, and L1365. The nitrogen atom on
the amide bond of DC2-C1 establishes a hydrogen bond with residue
S1311. The oxygen atom on the amide bond forms hydrogen bonds

with residues N1300 and S1295. Furthermore, each of the two benzene
rings in the dibenzo[b,e]oxepin-like moiety of DC2-C1 form a pi-anion
interaction with residue D1402, respectively.

To verify the predicted binding mode, we conducted mutation
experiments. According to the molecular docking results, DC2-C1
establishes crucial interactions with residues D1402, I1303, I1309,
L1365, N1300, S1311, and S1295 of YTHDC2. Consequently, we indivi-
dually mutated these seven residues to alanine and successfully gen-
erated six YTHDC2 mutants (I1303A, I1309A, L1365A, N1300A, S1311A,
and S1295A); we failed to obtain the D1402A mutant due to compro-
mised protein stability. To assess the bioactivity of DC2-C1, we
employed DSF assays using these mutated YTHDC2 proteins. Our
results showed that all the six mutations significantly reduced the
bioactivity ofDC2-C1 (Fig. 6b), thereby validating the bindingmode of
DC2-C1 with YTHDC2.

To further validate the interaction site of YTHDC2 with DC2-C1,
we adopted Nuclear Magnetic Resonance (NMR), a commonly used
technology to determine the binding site of a ligand with a receptor
protein57. We attempted NMR experiments but encountered chal-
lenges due to DC2-C1’s poor water solubility, which precluded
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meaningful data acquisition under standard NMR conditions. To
overcome this limitation,we chemicallymodifiedDC2-C1 to generate a
more water-soluble analog, 16p (IC50 = 1.88 ±0.07 µM), and used it for
NMR analysis (Supplementary Fig. S14 and S15). The NMR data
revealed that amino acid residues N1297, N1300, L1301, K1307, T1312,
T1313, K1319, A1323, and I1352—which exhibited chemical shift per-
turbations (CSPs) upon 16p binding—are located within or adjacent to
the m6A recognition pocket (Supplementary Fig. S16a–g and S17a–b).
These findings suggest that YTHDC2 interacts with 16p specifically at
the m6A recognition pocket.

Althoughwe have established via NMR that the analog 16p ofDC2-
C1 binds to the m6A recognition pocket of YTHDC2, we cannot defini-
tively confirm whether DC2-C1 itself also targets the same site, given
their distinct chemical structures. To address this uncertainty, we
employed native top-down mass spectrometry (MS) combined with
193-nm ultraviolet photodissociation (UVPD), a powerful tool for elu-
cidatingdynamic structural changes inproteins,whichhasbeenapplied
to the identification of ligand binding sites. A notable advantage of
UVPD is its ability to operate without requiring high concentrations of
small molecules, making it particularly well-suited for our current
investigation58–61. In this assay, the YTHDC2 protein in solution was
directly introduced into the MS system via electrospray ionization (ESI)
under native-like conditions. Subsequently, target ions were selectively
isolated and exposed to UV radiation to induce fragmentation, thereby
providing structural insights into binding sites, conformations, and
interaction patterns from the resulting fragment ions. During nativeMS
characterization, YTHDC2was successfully transferred to the gas phase
under native ESI conditions, generating noncovalent complexes con-
taining either DC2-C1 or 16p. Both the YTHDC2 (apo) and its complex
ions (holo) with a charge state of 7+ were isolated and subjected to

UVPD analysis, achieving over 87% sequence coverage for both apo and
holo ions (Supplementary Fig. S18 and S19).

Protein regions engaged in non-covalent interactions following
ligand binding typically exhibit reduced fragmentation efficiencies
during UVPD. Therefore, the fragmentation efficiency of each back-
bone linkage in YTHDC2 was quantified based on the intensities of the
fragment ions generated by cleavage of that linkage. The results
revealed a decrease in fragmentation efficiencies for most YTHDC2
backbones upon binding toDC2-C1 or 16p (Fig. 6c and Supplementary
Fig. S20). Notably, the region (highlighted in green) with reduced
fragmentation efficiency corresponds to the reported m6A-binding
pocket for both compounds (Fig. 6d and Supplementary Fig. S20).
These UVPD findings further substantiate that both DC2-C1 and 16p
bind to the m6A recognition pocket of YTHDC2.

DC2-C1 binding to YTHDC2 in living cells
Next, we proceeded to examine the cellular activity ofDC2-C1. Prior to
these investigations, we synthesized a negative control compound,
16o (Supplementary Fig. S11), which is an analog of DC2-C1 (Fig. 6e).
Compound 16owas synthesized by removing the halogen atoms from
DC2-C1 and introducing a methoxy group. In the FP assay, compound
16o exhibited no obvious activity against YTHDC2 (IC50 > 50μM)
(Supplementary Fig. S21a) and showed no fluorescent interference
(Supplementary Fig. S21b–d).Weproposed that this inactivity is due to
a steric clash between the methoxy substituent and residue I1309 of
YTHDC2, based on the predicted binding mode (Fig. 6a and Supple-
mentary Fig. S21e).

The cellular thermal shift assay (CETSA) and drug affinity
responsive target stability (DARTS) assays were adopted to examine
the direct interaction betweenDC2-C1 and YTHDC2 in living cells. It is
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important to note that the YTH domain constitutes only a minor seg-
ment of YTHDC2. Consequently, we posited that relying on full-length
YTHDC2 Western blot to assess DC2-C1’s binding capacity to the YTH
domain in CETSA and DARTS might not provide a specific evaluation.
We thus, in these assays, used HEK293T cells transfected with a pCDH-
GFP-3xFlag-YTHDC2 (YTH domain) plasmid. DC2-C1 treatment led to
substantial shifts of the thermal stability of YTHDC2 protein in CETSA
(Fig. 6f and Supplementary Fig. S21f). Moreover, DC2-C1 could block
pronase-induced proteolysis of YTHDC2 (Fig. 6g and Supplementary
Fig. S21g), further confirming their direct interactions. In contrast, 16o
did not exhibit any effect in CETSA and DARTS assays (Fig. 6f, g and
Supplementary Fig. S21f, g).

It is important to note that the useof cells overexpressing the YTH
domain of YTHDC2 in CETSA and DARTS assays presents certain lim-
itations, as this approach may not accurately capture the genuine
binding interaction between DC2-C1 and YTHDC2 in wild-type cells.
Consequently, we plan to validate the regulatory impact ofDC2-C1 on
YTHDC2 specifically in wild-type cells in subsequent experiments.

In vitro cellular activity of DC2-C1 in RA-FLS
As mentioned above, YTHDC2 contributes to RA progression by pro-
moting joint destruction through the hyperproliferative and invasive
behavior of RA-FLS. Disruption of YTHDC2’s m6A-binding capacity in
RA-FLS destabilizes its target, AMIGO2 mRNA, leading to reduced
AMIGO2 protein expression. This downregulation attenuates RA-FLS
proliferation, migration, and invasion, thereby alleviating RA
symptoms18. Consistent with these findings, CRISPR-mediated knock-
out of YTHDC2 in MH7A cells (a human RA-FLS line) significantly
diminished AMIGO2 protein levels (Supplementary Fig. S22).

We then assessed the effect of DC2-C1 on the binding between
YTHDC2 and AMIGO2 mRNA using the RIP-qPCR (RNA immunopreci-
pitation-qPCR) assay. DC2-C1 treatment markedly reduced YTHDC2-
AMIGO2 mRNA binding in MH7A cells (Fig. 7a). RNA stability assays
further revealed that DC2-C1 substantially accelerated AMIGO2mRNA
degradation (Fig. 7b), accompanied by dose-dependent reductions in
AMIGO2 mRNA (Fig. 7c) and protein levels, while GAPDH remained
unaffected (Fig. 7d, e). In contrast, the negative control compound 16o

Fig. 5 | Bioactivities of DC2-C1 against YTHDC2. a Chemical structure of DC2-C1.
b Dose-activity curves of DC2-C1measured by the FP assay. Data are shown as the
mean ± SD from three technical replicates in three independent experiments. c ITC
binding curves for YTHDC2 with DC2-C1. Data are shown as the mean ± SD from
three independent experiments. d, e The effect of DC2-C1 on the thermal stability
of YTHDC2was detected usingDSF. The concentrations ofDC2-C1 fromhigh to low

are 6.25 µM, 3.13 µM, 1.56 µM, 0.78 µM, and 0 µM. Data are shown as the mean ± SD
from three technical replicates in three independent experiments. f Dose-activity
curves ofDC2-C1 against m6A “reader” proteins measured by the FP assay. Data are
shown as the mean ± SD from three technical replicates in three independent
experiments. Source data are provided as a Source Data file.
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showed no obvious effects in these assays (Fig. 7a-d). These results
demonstrate that DC2-C1 intracellularly inhibits YTHDC2 binding to
AMIGO2 mRNA, disrupting its stabilizing role and reducing AMIGO2
expression. It is necessary to mention that we cannot completely rule
out the possibility that DC2-C1 may affect the expression of AMIGO2
through other regulatory mechanisms.

We finally evaluated DC2-C1’s impact on MH7A cell phenotype
using functional assays. In the colony formation assay, DC2-C1

substantially inhibited MH7A cell clonogenic potential (Fig. 7f, g).
Transwell assays revealed that DC2-C1 significantly impaired both
cellularmigration and invasive capacity (Fig. 7h, i). In all the assays, the
negative control compound 16o had no discernible effects (Fig. 7f–i).

In vitro cellular activity of DC2-C1 in PDAC cells and hepatocytes
We next investigated the effects of DC2-C1 on PDAC cells, building on
prior evidence that YTHDC2 knockout suppresses malignant
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phenotypes in this context. Mechanistically, YTHDC2 promotes his-
tone H3 lysine 4 trimethylation (H3K4me3) in an m6A-dependent
manner, facilitating local chromatin accessibility and oncogene
expression in PDAC cells62. Consistent with these findings, CRISPR-
mediated YTHDC2 knockout in PDAC cells significantly reduced
H3K4me3 levels (Supplementary Fig. S23a, b). Treatment of PANC-1
andMiaPACA-2 cells withDC2-C1 induced a dose-dependent decrease
in H3K4me3 expression (Fig. 8a, b). Functionally, DC2-C1 markedly
suppressed the clonogenic potential and invasion of both cell lines,
whereas the negative control compound 16o exhibited no noticeable
inhibitory effects (Fig. 8c, d and Supplementary Fig. S23c, d).

Previous studies established that YTHDC2 plays a critical role in
regulating hepatic lipogenesis and triglyceride (TG) homeostasis.
Specifically, YTHDC2 knockdown in HepG2 cells was shown to upre-
gulate mRNA levels of key lipogenic genes—ACC1, FASN, and SREBP-
1C27. We confirmed these results via CRISPR-mediated YTHDC2
knockout in HepG2 cells (Supplementary Fig. S24a-d). Consistent with
these, DC2-C1 treatment induced a dose-dependent increase in ACC1,
FASN, and SREBP-1C mRNA levels (Fig. 8e-g).

Finally, we examined the selectivity of DC2-C1 in living cells. To
this end, we selected two mRNAs as examples, which are targets of
other YTH proteins but not targets of YTHDC2. These RNAs are FZD7
and ID2, targets of YTHDF1 and YTHDF2, respectively63,64. Our results
showed thatDC2-C1 treatment did not alter mRNA/protein expression
of FZD7 in HGC27 cells and that of ID2 in PANC-1 cells (Fig. 8h-j and
Supplementary Fig. S25a-d), indicating good selectivity in living cells.

Discussion
The m6A-modification of RNA plays a pivotal role in various physiolo-
gical and pathological processes. Dysregulation of the proteins gov-
erning m6A modifications has been implicated in a myriad of diseases,
encompassing immune disorders, cancer, metabolic syndromes, and
neurological conditions. The development of inhibitors targeting m6A
regulatory proteins is of great significance for the treatment of major
diseases caused bym6A dysregulation and for in-depth research in this
field. Currently, multiple potent inhibitors have been reported for the
methyltransferase METTL365, demethylases FTO66,67, and ALKBH568,69,
as well as other YTH family proteins (YTHDF1-357,70,71, and YTHDC172.
These inhibitors have shown promising therapeutic potential in var-
ious diseases. However, no potent inhibitors targeting YTHDC2 have
been reported to date.

Identifying active compounds against a novel target such as
YTHDC2 presents a formidable challenge. To swiftly obtain hit com-
pounds while circumventing the high costs associated with high-
throughput screening, we leveraged an AI-based generative model to
design new ligands in this study. To achieve this, wedeveloped a cutting-
edge deep learning generativemodel namedEPMolGen, which sets itself
apart from other established models by explicitly incorporating elec-
trostatic features. Ablation experiments underscored the advantages of
considering electrostatic characteristics in enhancing model perfor-
mance. Utilizing this model, we generated small-molecule inhibitors
targeting YTHDC2. From the generated molecules, five compounds
were selected for chemical synthesis, with one compound exhibiting

activity with an IC50 of 16.84μM. Further structural optimization and
SAR studies led to the discovery of a potent YTHDC2 inhibitor, DC2-C1,
boasting an IC50 of 0.168μM. This compound demonstrated good
selectivity against other YTH proteins and exhibited low cytotoxicity
(Supplementary Fig. S26a). Notably, DC2-C1 significantly reduced the
expression levels of multiple targets of YTHDC2, thereby inhibiting the
phenotypes of related cells. However, DC2-C1 serves only as a lead
compound and warrants further investigation; in silico evaluation of its
pharmacokinetic properties and toxicity revealed that while it possesses
good drug-like potential, it also exhibits some less favorable properties,
such as poor water solubility, and the inhibition of certain metabolic
enzymes (see Supplementary Fig. S26b-c and Supplementary Table S10).
Additionally, in the current version of EPMolGen, we incorporated only
electrostatic contributions from receptor proteins due to the char-
acteristics of the autoregressive flow-basedmodel, which demonstrated
marked performance improvements over alternative models. We
hypothesize that considering electrostatic interactions from both
receptor proteins and small-molecule ligands could further enhance
performance, a feature we plan to incorporate in future updates. In
conclusion, our proposed molecular generative model facilitated the
discovery of a potent and cell-active lead compound against YTHDC2,
underscoring the successful application of deep learning in the early
stages of drug discovery.

Methods
Data sets and preparation
We pretrained and fine-tuned the model using data selected from the
ZINC(downloaded in December, 2022)73 and CrossDocked2020 data-
base, respectively. The molecules selected from the ZINC database
adhere to the following criteria: (1) containing no more than the nine
types of atoms: C, N, O, F, P, S, Cl, Br, and I; (2) havingmolecular weights
ranging from 300 to 600 Daltons; (3) exhibiting a QED score above 0.6;
(4) possessing a maximum ring size of less than 8; and (5) having a
smallest set of smallest rings (SSSR) fewer than 6. Among them, criteria
(1)-(3) are related to the common drug-like properties. Criterion (4) was
applied because molecules containing rings with 8 or more members
are often more challenging to synthesize and, in some cases, exhibit
reduced chemical stability compared to smaller-ringed analogs. Criter-
ion (5) was used because molecules with an SSSR of 6 or more are
typically difficult to synthesize and may have a higher propensity for
cytotoxicity relative to those with smaller SSSR (such as many natural
product molecules).

Regarding the CrossDocked2020 dataset, the selected complexes
shouldmeet the following requirements: the RMSD (rootmean square
deviation) of binding poses should be less than 1A; no more than 9
types of atoms, namely C, N, O, F, P, S, Cl, Br, and I, can be included in
small molecules.

The statistical summary for pretraining and fine-tuning datasets is
shown in Supplementary Table S11.

The protein-ligand complex was modeled using heterogeneous
K-nearest neighbor (KNN) graphs, wherein we explicitly accounted for
the covalent bonds between atoms, rather than treating them solely as
a point cloud model. In a KNN graph, nodes and edges are key

Fig. 6 | BindingmodeofDC2-C1withYTHDC2and targetengagementofDC2-C1
in living cells. a Predicted bindingmodeofDC2-C1with YTHDC2 (the 3D structure
of YTHDC2was taken from PDB ID: 6K6U), proteins andmolecules are drawn using
PyMOL(Version: 3.1). b DSF analysis of DC2-C1 (6.25 µM) binding to the recombi-
nant mutated YTHDC2 proteins. Data are shown as the mean ± SD from three
technical replicates in three independent experiments. c, d UVPD fragmentation
propensity comparisons of YTHDC2 7+ versus and YTHDC2-DC2-C1 7+ based on
the summed abundances of a/x ions, and the results were mapped to the crystal
structure. Blue indicates suppression, and red indicates enhancement of UVPD FYs,
the green area represents the possible bindingpockets. Data are shown as themean
± SD from three independent experiments. Source data are provided as a

Supplementary Data file. e Schematic summary of the chemical modification
towardsDC2-C1, providing the negative control compound 16o. f The CETSA assay
was carried out with Flag-YTHDC2-(YTH domain) transfected HEK293T cells grown
in the presence or absence ofDC2-C1/16o. Blots shown are representative of three
biological replicates. Full blots can be found in Supplementary Fig. S27. g The
DARTS assay was carried out with Flag-YTHDC2-(YTH domain) transfected
HEK293T cells grown in the presence or absence of DC2-C1/16o. Blots shown are
representative of three biological replicates. Full blots can be found in Supple-
mentary Fig. S28. Source data are provided as a Source Data file. (*P <0.05,
**P <0.01, ***P <0.001, ****P <0.0001; by two-tailed unpaired Student’s t-test).
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Fig. 7 | BioactivityevaluationofDC2-C1 inRA-FLS. a Interactionanalysesbetween
YTHDC2 and AMIGO2mRNA in RA-FLS (treated with DMSO, DC2-C1 or 16o)
determined by the RIP-qPCR assay. Data are shown as the mean ± SD from three
technical replicates in three independent experiments. b The RNA decay was
detected inDC2-C1- or 16o-treated RA-FLS after incubation with actinomycin D for
the indicated times (normalized to 0h). Data are shown as themean ± SD from four
technical replicates in four independent experiments. c AMIGO2mRNA expression
was validated by RT-qPCR inDC2-C1- or 16o-treated RA-FLS. Data are shown as the
mean ± SD from four technical replicates in four independent experiments.
d Western blot analysis of AMIGO2 expression in DC2-C1- or 16o-treated RA-FLS.

Blots shown are representative of three biological replicates. Full blots can be
found in Supplementary Fig. S29. eQuantitative analysis ofWestern blot for MH7A
cells. Data are shown as the mean ± SD from three independent experiments.
f Colony formation assay of MH7A cells treated withDC2-C1 or 16o. gQuantitative
analysis of colony formation forMH7A cells. Data are shown as themean ± SD from
three independent experiments.hAbilities ofmigration and invasionofMH7A cells
treated with DC2-C1 or 16o. Scale bar, 50 μm. i Quantitative analysis of migration
and invasion for MH7A cells. Data are shown as the mean ± SD from three inde-
pendent experiments. Source data are provided as a Source Data file. (*P <0.05,
**P <0.01, ***P <0.001, ****P <0.0001; by two-tailed unpaired Student’s t-test).
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components: protein and ligand atoms were represented as nodes,
while the connections between these nodes were depicted as edges.
Further details regarding the attributes and descriptions of these
heterogeneous KNN graphs are provided in Supplementary Table S12.
Finally, protein preparation was performed using the Glide OPLS4
force field46 to determine the partial charge of each atom within the
protein pocket.

Encoder and pivotal atom selection
The encoder module of EPMolGen is constructed by 6 blocks which
could extract geometric features of either proteins or protein-ligand
complexes. Each block is mainly built up by an equivariant graph
neural network with graph attention and message passing mechan-
isms. Message passing mechanism combines the messages between
atoms to extract the geometric features of neighbor atoms. Graph
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attentionmechanism is used for further capturing the local and global
geometric features. The details of graph attention and message pas-
sing mechanism are displayed in section 4 in the Supplementary
Information.

The pivotal atom selection module is mainly constructed using
the same type of equivariant neural network as encoder. It takes the
vector and scalar features from the encoder module as its input.
During the initial autoregressive step, when no ligand atoms are pre-
sent in the protein pocket, the module selects a pivotal atom from
protein pocket atoms. In all subsequent steps, the selection is made
from existing ligand atoms.

Atom position prediction
To predict the new atom position, we first estimate the relative posi-
tion of the new atom to the pivotal atom. Here EPMolGen models the
probability distribution of three-dimensional relative atom coordi-
nates based on Gaussian Mixture Model:

p Δrp
� �

=
Xn
k = 1

wp
k �N μp

k , Σ
p
k

� �
ð1Þ

Here, n is the number of Gaussian components, Δrp is the relative
three-dimensional coordinates from the selected pivotal atom p. k
denotes different Gaussian mixture components, wp

k represents the
coefficient of the component,μp

k is themean vector of the component,
Σp
k stands for the covariancematrix of the component. In EPMolGen, n

is set to 3, indicating that 3 components are considered to model the
probability distribution of three-dimensional relative atom
coordinates.

We applied a Mixture Density Network (MDN) to realize the
Gaussian Mixed Model. The MDN directly predicts wp

k , μ
p
k and Σp

k for
each component k. In order to keep the whole molecular generating
process equivariant, we directly select theμp

k with themaximumwp
k , as

the predicted relative coordinates of the new atoms. The details of
MDN are shown in the Supplementary Methods.

Electrostatic features modeling
As shown in Fig. 1d, electrostatic features modeling module is mainly
constructed by 4 blocks. Twoof them (~f 1,

~f 2) are for vectors, which are
VN-MLPs74, while the other two (f 1, f 2) are for scalars, which areMLPs.
A VN-MLP is constructed by a vector neuron for down-sampling vector
features, an activation function for vector features and a vector neuron
for up-sampling vector features. An MLP is constructed by a linear
layer for down-sampling scalar features, an activation function for
scalar features and a linear layer for up-sampling scalar features:

E0
sum =~f 1 Esum

� �
= f "VN1 σv f #VN1 Esum

� �� �� �
ð2Þ

Eout =
~f 2 E0

sum, v
� �

= f "VN2 σv f #VN2 E0
sum

M
v

� �� �� �
ð3Þ

φ0
sum = f 1 φsum

� �
= f "lin1 σs f #lin1 φsum

� �� �� �
ð4Þ

φout = f 2 φ0
sum, s

� �
= f "lin2 σs f #lin2 φ0

sum

M
s

� �� �� �
ð5Þ

Where f #VN1 and f #VN2 are vector neurons which down-sample vector
features; f "VN1 and f "VN2 are vector neurons which up-sample vector
features. f #lin1 and f #lin2 are linear layers which down-sample scalar
features; f "lin1 and f "lin2 are linear layerswhichup-sample scalar features.
σv is an activation function using VN-LeakyReLU for vector features,
while σs is an activation function using LeakyReLU for scalar features.

Esum and φsum denote the electric field intensity and electric
potential, respectively, which are calculated by summing up the cor-
responding values generated by various point charges:

Esum =
Xn
i = 1

1
4πε

� Qi

d3
i

� Ci � Cpred

� �
ð6Þ

φsum =
Xn
i = 1

1
4πε

� Qi

di
ð7Þ

WhereQi is the partial chargeof an atom in theprotein pocket.Ci 2 R3

is the coordinates of pocket atom i. Cpred 2 R3 is the predicted new
atom coordinates. di is the distance between Ci and Cpred. ε is the
permittivity. Here the permittivity of water was used.

The v and s are the vector and scalar features of context of Cpred:

s =
X

i2N Cpredð Þ
hi ð8Þ

v=
X

i2N Cpredð Þ
hi ð9Þ

N Cpred

� �
=NBR Cpred

� �
KNN Cpred,Cctxð Þ ð10Þ

where hi and hi denote the scalar and vector features of the i-th
neighbor of Cpred in the KNN graph, which are computed using Cpred

and Cctx. Cctx are the positions of existed nodes.

Atom type sampling and bond type sampling
EPMolGen applied a special type of flow-based model, autoregressive
flow, to model the atom type and bond type distributions as well as to
sample newatomandbond types.Theobjective offlow-basedmodel is
to build an invertible transformation between the real-world distribu-
tion x � pxðxÞ and a basedistribution z � pzðzÞ. A normalizing flow is a
type of flow-based model, which aims to transform a base distribution
(normal distribution for example) into a complex distribution by uti-
lizing a sequence of invertible transformation functions.

Fig. 8 | In vitro cellular bioactivities of DC2-C1 in PDAC cells and hepatocytes.
a Western blot analyses of H3K4me3 expression in DC2-C1-treated PANC-1 or
MiaPACA-2 cells. Blots shown are representative of three biological replicates.
Full blots can be found in Supplementary Fig. S30. b Quantitative analysis of
Western blot for PANC-1 or MiaPACA-2 cells. Data are shown as the mean ± SD
from three technical replicates in three independent experiments. c Colony
formation assay of PANC-1 or MiaPACA-2 cells treated with DC2-C1 or 16o.
d Abilities of invasion of PANC-1 or MiaPACA-2 cells treated with DC2-C1 or 16o.
Scale bar, 50 μm. e-g ACC1, FASN and SREBP-1C mRNA expression were deter-
mined by RT-qPCR in DC2-C1-treated HepG2 cells. Data are shown as the mean ±
SD from three technical replicates in three independent experiments. h Western

blot analyses of ID2 expression in DC2-C1-treated PANC-1 cells; Western blot
analyses of FZD7 expression in DC2-C1-treated HGC27 cells. Blots shown are
representative of three biological replicates. Full blots can be found in Supple-
mentary Fig. S31. i FZD7 mRNA expression was determined by RT-qPCR in DC2-
C1-treated HGC27 cells. Data are shown as the mean ± SD from four technical
replicates in four independent experiments. j ID2mRNA expressionwas validated
by RT-qPCR in DC2-C1-treated PANC-1 cells. Data are shown as the mean ± SD
from four technical replicates in four independent experiments. Source data are
provided as a Source Data file. (*P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001;
by two-tailed unpaired Student's t-test).
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In EPMolGen, both atom type sampling and bond type sampling
are implemented based on normalizing flows. In each case, the entire
sequence of flow transformations is structured as an autoregressive
process, which is an autoregressive flow. For the i-th generation step in
autoregressive flow, the result xi is based on the results of the previous
i� 1 steps: x1:i�1. As shown in Formula:

xj =μ x1:j�1

� �
+ σ x1:j�1

� �
� zj ð11Þ

where � is element-wise product. Therefore,

zj =
xj � μ x1:j�1

� �

σ x1:j�1

� � ð12Þ

During these processes, we only considered scalar features in the
invertible transformations, while vector features provide additional
information in the generation of new atom and bond types.

Training method
To address the challenge posed by limited protein-ligand complex
data, we adopted a transfer learning approach for model training,
which comprises two stages: pretraining and fine-tuning.

During both pretraining and fine-tuning, the datasets were ran-
domly divided into training and valid set. The loss of valid set was used
tomonitor the training status ofmodel, such as adjusting learning rate,
preventing overfitting or drastic changes of gradient. After applying
the filtering criteria to the ZINC dataset, a total of 10,019,815 com-
pounds were randomly selected as the pretraining dataset. From this
pool, 10,000 samples were randomly divided as the valid set, while the
remaining 10,009,815 compounds constituted the training set. In the
fine-tuning stage, a total of 157,960 protein-ligand complexes
remained after filtering from CrossDocked2020 dataset, we randomly
selected 100 protein-ligand complexes as the valid set, while the
remaining samples were used for training (see Supplementary
Table S11).

During the pretraining stage, we set the batch size to 128. It’s
worth noting that we employed gradient accumulation during fine-
tuning. This was necessary because, unlike the pretraining dataset, the
fine-tuning dataset contains protein-ligand complexes, necessitating
small batch sizes to avoid GPU memory overflow. However, small
batch size may compromise the model’s stability and training con-
vergence speed. Gradient accumulation mitigates this issue by divid-
ing the original batch into several mini-batches, calculating the
gradients for each mini-batch in sequence, and then accumulating
them for backpropagation. Specifically, we set themini-batch size to 1,
with gradient accumulation performing over 8 mini-batches.

During themodel training phase, EPMolGen takes proteinpockets
and ligand trajectories as input, both of which are represented using
heterogeneous KNN graphs (k = 16). It is worth noting that in the pre-
training stage, we designate the protein pockets as blank, as the pre-
training data samples do not include protein pockets. Self-supervised
learning is employed throughout the model training process. At each
step, an atom and its covalent bonds are masked, and EPMolGen is
trained to recover the masked elements based on the remaining ones.

Training of EPMolGen requires optimizing four loss functions
simultaneously. Theoverall loss functionLtotal is the summationof four
loss functions:

Ltotal = Lpiv + Lpos + Latom + Lbond ð13Þ

Here, Lpiv denotes the binary cross entropy loss of the predicted
pivotal atom. Lpos represents the loss of the new atom position, which
is the negative log likelihood of themasked atompositions. Latom is the
negative log likelihood of masked atom, which indicates the loss of

new atom type. The loss of new bond type, denoted as Lbond, is the
negative log likelihood of masked chemical bond.

We mainly applied PyTorch and PyTorch Geometric to construct
EPMolGen. AnNVIDIA A800 80GGPUwas adopted to train themodel.
The Adam optimizer was used for gradient descent optimization.
Specifically, the initial learning rate was set as 2 × 10�4, the minimum
learning rate was set as 1 × 10�5, the decay rate was set as 0.6 and the
patience was set as 10. Gradient clipping was applied to the model
training process to avoid gradient explosion and ensure training
stability.

Protein expression and purification
HumanYTHDC2 (residues 1287-1423) was subcloned into the pGEX-6P-
1 vector. Proteins were over-expressed in Escherichia coli BL21 (DE3)
cells grown in Luria Broth media. The media was treated with Ampi-
cillin. Protein expression was induced with 0.2mM isopropyl-1-thio-D-
galactopyranoside for 15 h at 16 °C. GST-tag could be removed by
PreScission Protease. All recombinant proteins were further purified
by SuperdexTM 200 Increase 10/300 GL (GE Healthcare). The purified
proteins were stored at -80 °C in the buffer containing 20mMTris-HCl
pH 7.5 and 150mMNaCl. The instrument used for protein purification
was the ÄKTA pure (Cytiva), and the software used for data collection
was UNICORN 7.0. Themutated YTHDC2 proteins were expressed and
purified using the same method. The expression and purification
conditions for Human YTHDF1 (residues 366-558), Human YTHDF2
(residues 383-553), Human YTHDF3 (residues 393-585), and Human
YTHDC1 (residues 345-509) were consistent with those for YTHDC2.
The plasmids were purchased from Tsingke Biotechnology Co., Ltd.
UV absorption spectra of proteins were collected usingNanoDropOne
(Thermo Scientific).

Fluorescence polarization (FP) assay
Fluorescence Polarization (FP) experiments were performed in the
buffer containing 20mM HEPES pH 7.5, 180mM NaCl. GST-tagged
YTHDC2 proteins (650nM) were incubated with 7 nM probe (FAM-
m6A-mRNA). FAM-m6A-mRNA sequence: FAM-UUCUUCUGUGG-(m6A)-
CUGUG.The FAM tag is a fluorescent dyewhose degree of polarization
changes with binding status, thereby indicating molecular interac-
tions. Experiments were performed in 384-well black plates and FP
reading was performed in the Plate Reader (CLARIOstar PLUS). For the
compound screening assay, compounds and protein were incubated
for 30min, and then the probe was added to the assay system for
further incubation for 2 h. To minimize the risk of RNase contamina-
tion, RNase-free water was used for preparing mRNA solutions, and
RNase-free consumables were used in FP assays. The data were fitted
using GraphPad Prism software.

In the FP assays, to ensure that all YTH family proteins could
specifically recognize m6A to the same extent, the experimental con-
ditions for different proteins were not entirely consistent (the con-
centration of NaCl affects the specific recognition of m6A by YTH
family proteins). For YTHDF1-3 and YTHDC1 in the FP assays, the
protein concentration was 300 nM, and the substrate concentration
was 7 nM. The buffer conditions for other proteins in the FP assays
were as follows: YTHDF1 (20mM HEPES pH 7.5, 380mM NaCl),
YTHDF2 (20mMHEPESpH7.5, 200mMNaCl), YTHDF3 (20mMHEPES
pH 7.5, 250mM NaCl), and YTHDC1 (20mM HEPES pH 7.5,
180mM NaCl).

In the FP results corresponding to Fig. 3b and Supplementary
Fig. S9a-h, the concentration of FAM-m6A-mRNA or FAM-mRNA was
constant (7 nM), and different protein concentrations were used for
the FP assays.

Differential scanning fluorimetry (DSF) assay
DSF experiments were performed on the RT-PCR detection system.
The fluorescent dye selected was SYPRO orange (Sigma, 5000×,
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S5692). DSF experiments were performed in the buffer containing
20mM HEPES pH7.5, 30mM NaCl. The excitation and emission
wavelengths are 492 nm and 610 nm, respectively. The reaction mix-
ture, which consisted of 2μM YTHDC2 proteins (wild-type and
mutant), 5× SYPRO orange, and the DC2-C1, was heated from 25 to
95 °C. The heating rate was 1 °C per 15 seconds. The Boltzmann equa-
tion was employed to calculate the inflection point of the transition
curve (Tm). Data analysis was carried out using GraphPad Prism
software.

Isothermal titration calorimetry (ITC) assay
ITC experiments were performed on aMicroCal PEAQ-ITC instrument.
The buffer conditions were 20mMTris-HCl (pH 7.5) and 150mMNaCl.
The titration was performed by injecting the YTHDC2 protein
(580μM) into a reaction cell containing the DC2-C1 (5-20μM). The
MicroCal Origin software was utilized to analyze the calculated equi-
librium dissociation constant (KD).

Induced fit docking
The binding mode of DC2-C1 with YTHDC2 (PDB ID: 6K6U) was pre-
dicted through induced fit docking, performed using Schrödinger
software. The molecular structure of DC2-C1 was prepared using the
LigPrep module with its default settings. Specifically, the OPLS4 force
field46 was used, possible ionization states were generated for a target
pH range of 7.0 ± 2.0, the molecule underwent desalting, and all
potential tautomeric forms were considered. For protein preparation,
watermolecules were initially removed. Subsequently, the proteinwas
processed using the Protein Preparation Workflow with its default
parameters, again utilizing the OPLS4 force field. The simulation pH
was 7.4, and the maximum number of states to be automatically
processed was 1.

In the induced fit docking procedure, all parameters were main-
tained at their default values. The energy window designated for
sampling ring conformations was 2.5 kcal/mol. The van der Waals
scaling factors were 0.50 for both the receptor and the ligand.

Native UVPD-MS analysis
The protein samples were buffer-exchanged into 200mM NH4Ac (pH
7.0) using Bio-spin columns and were then diluted to 10 µM. Subse-
quently, the protein samples were incubated with 500 µM compounds
at room temperature for 120min. All the MS data were collected using
a Thermo Fusion Lumos mass spectrometer equipped with UVPD as
reportedpreviously60,61,75. The incubated samplesweredirectly infused
into MS by nano spray. The full mass spectra and fragment mass
spectra were both collected by the orbitrap analyzer with a resolution
of 500000. The temperature of the transfer capillarywas set to 200°C.
The protein ions with the charge state of 8+ were isolated with an
isolation width of 4m/z (± 1.5m/z) and subjected to single pulse (1.2
mJ) 193 nm laser shoot. The fragment mass spectra were obtained by
averaging 500 transients across a scan range of 200-4000m/z.

Native UVPD-MS data analysis
Raw MS data were converted to mzML format using MSConvert (Pro-
teoWizard). Deconvolution was performed with TopFD (TopPIC Suite
v1.6.2) to extract monoisotopic masses of fragment ions. The decon-
voluted spectra were calibrated and searched against an in silico-
generated library of expected fragment ions (including a, a + 1, a + 2, b,
c, x, x + 1, y, y-1, y-2, z, z + 1) with a 2 ppmmass tolerance. Fragment ion
identificationswere validated using the Pearson correlation coefficient
(PCC ≥0.7) between experimental and theoretical isotope distribu-
tions. For replicate consistency, ions detected in < 16 of 20 scans were
discarded. Intensity normalization was applied using the median
method. The UVPD fragment yield (FY) for each residue was derived
from the summed intensities of a, a + 1, b, c, x, x + 1, y, y-1, z, z + 1 ions.
Differential fragmentation between YTHDC2 and complex was

assessed viaWelch’s t-test (p <0.01). All analyses were implemented in
custom R scripts.

15N-Heteronuclear single-quantum coherence spectroscopy
15N-heteronuclear single-quantum coherence (HSQC) NMR spectra
were recorded at 298K on a 700MHz Avance III Bruker spectrometer
equipped with a 5mm QCI-F CryoProbe (Ettlingen, Germany). 1H-15N
HSQC spectra were acquired using the Bruker pulse program
hsqcfpf3gpphwgwith D1 = 1 s, DS = 16, NS = 32, TD = 2048 and 256, and
SW= 16.2300 and 34.0000 ppm for the direct 1H and indirect 15N
dimensions, respectively. The total acquisition time for each 1H-15N
HSQC experiment was 2 h 34min. The 1H-15N HSQC spectra were pro-
cessed using Bruker TopSpin 4.5.0 software (Bruker biospin, Rhein-
stetten, Germany), including automatic zero filling, Fourier
transformation, manual phase-correction, and chemical shift
calibration. 15N-labeled YTHDC2 protein for NMR studies was prepared
and purified using the same protocol as for unlabeled protein with the
exception that the bacteria were grown on M9 minimal media sup-
ported with 1 g/L of 15NH4Cl. Protein samples were prepared in a
20mMTris-HCl, 100mMNaCl, and 1mMDTT, 1%DMSO-d6, and0.02%
NaN3 solution at pH 7 in 5% D2O. The final concentration of the protein
was 0.4mM. Then, HSQC NMR spectra of the protein at its free state
were recorded. After that, the tested compound dissolved inDMSO-d6
final (concentration: 0.8mM) was added into the above solution,
which was incubated at 4 °C for 1 h and then centrifuged. HSQC NMR
spectra of the protein-compound complex were recorded. The HSQC
spectrum of free YTHDC2, which is publicly available from the Biolo-
gical Magnetic Resonance Data Bank (http://www.bmrb.wisc.edu/;
access number: 36310), was used as the reference for the assignment
of chemical shifts. The Δδ-value computed as the following equation
was used to quantify the chemical shift of residues on the 2D HSQC
spectra.

Δδ=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðΔδ1HÞ2 +0:2 Δδ15N

� �2
r

ð14Þ

Cell culture
hTERT-HPNE, PANC-1, DU145, MiaPACA-2, BxPC-3, HepG2, and
HEK293T were obtained from the American Type Culture Collection
(ATCC); LX-2 was acquired from Sigma-Aldrich; HGC27 was sourced
from the EuropeanCollection of Authenticated Cell Cultures (ECACC);
MKN−45was obtained from theGermanCollection ofMicroorganisms
and Cell Cultures (DSMZ); and MH7A was originally established by the
RIKEN BioResource Research Center. Unless otherwise specified, LX-2,
PANC-1, MH7A, MiaPACA-2, HepG2, and HEK293T were cultured in
high-glucose DMEM (Gibco) supplemented with 10% fetal bovine
serum (FBS) and 1% penicillin/streptomycin. MKN-45, hTERT-HPNE,
HGC27, and BxPC-3 were maintained in RPMI-1640 (Gibco) with 10%
FBS and 1% penicillin/streptomycin, while DU145 was cultured in MEM
(Gibco) containing the same supplements. All cells were maintained in
a humidified incubator at 37 °Cwith 5%CO₂. All cells were negative for
mycoplasma, and these cell lines are not among those commonly
misidentified by International Cell Line Authentication Commit-
tee (ICLAC).

Cell viability assays
Cell viability was assessed using the MTT assay to evaluate cell pro-
liferation. Cells were seeded in 96-well plates at a density of 2×103 to
5×103 cells per well. After overnight incubation at 37 °C to allow cell
attachment, test compounds were added, and cells were treated for
72 h. Subsequently, 20μL of MTT solution (5mg/mL in saline, Sigma)
was added to each well, followed by incubation for 2-4 h at 37 °C. To
solubilize the formazan crystals, 50μL of SDS solution (10% w/v in
water with 0.1% HCl) was added per well, and plates were incubated
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overnight at 37 °C. Finally, absorbancewasmeasured at 570 nmusing a
multiscan spectrum reader (BMG Labtech), and cell viability was cal-
culated as a percentage relative to the control group.

Cell migration and invasion assays
For invasion assays,matrigel (LABLEAD,MG2237)was thawedat4 °C for
12 h, diluted 1:8 with serum-free DMEM, and added to transwell cham-
bers (8-μm pore) (LABSELECT, 14341). MH7A, PANC-1, and MiaPACA-2
cells were serum-starved overnight. Cells (MH7A: 2.5×104 cells/mL,
PANC-1: 5×104 cells/mL, MiaPACA-2: 2.5×104 cells/mL) in 200μL serum-
freemediumwere seeded into uncoated (migration) ormatrigel-coated
(invasion) transwell inserts, placed in lower chambers with 600μL
DMEM with 10% FBS, and treated with DMSO, DC2-C1 (25μM), or 16o
(25μM). After 48 h at 37 °C, cells penetrating the filter of the inserts
were fixed, stained with crystal violet (Beyotime, C0121), imaged via
inverted microscope (Evident, Olympus IX73), and quantified.

Cell colony formation assay
MH7A cells were seeded at a density of 1000 cells per well in 12-well
plates. PANC-1 and MiaPACA-2 cells were seeded at a density of 400
cells per well in 12-well plates. Following overnight incubation at 37 °C
to allow cell attachment, cells were treated with DMSO, DC2-C1
(25μM), or 16o (25μM). Cultures were maintained for 10-14 days with
medium changed every 2 days to ensure nutrient supply. Once visible
colonies formed, cells were fixed and stained, and the images were
captured.

Virus infection
The sgRNA sequences for transfection were: sgDC2-1 (tgagtaccattctg-
taagtg), sgDC2-2 (atgtgaattgccttgaacca), sgDC2-3 (tatgacttactggat-
gatgg). The recombinant plasmids (containing the above sgRNA
sequences in lentiCRISPR v2-CMV-ZsGreen-Puro vector) were pur-
chased from Tsingke Biotechnology Co., Ltd. HEK293T cells were co-
transfected with psPAX2, pMD2.G and the lentiviral plasmids using
Hieff Trans® Liposomal 2000 Transfection Reagent (YEASEN,
40802ES03) in Opti-MEM for virus packaging. Viral supernatants were
collected and filtered through 0.45 μm membranes to remove cell
debris. Target cells were seeded in 6-well plates to achieve 30−50%
confluency, then infected with 200 μL of viral supernatant per well in
the presence of 6-8μg/mL polybrene (YEASEN, 40804ES76) to
enhance infection efficiency. After 24 h, themediumwas replaced, and
cells were cultured for an additional 1-2 days before selection with
2μg/mL puromycin (YEASEN, 60209ES10) for 3-5 days to establish
stable knockout cell lines.

Transient transfection
The coding sequence for the YTH domain of YTHDC2 (amino acid
residues 1287-1423) was inserted into the PCDH-GFP-Puro-3xFlag vec-
tor to generate overexpression plasmids. HEK293T cells were trans-
fected for 24 h with 4 µg overexpression plasmid and Hieff Trans®
Liposomal 2000 Transfection Reagent. The cells then were used for
CETSA and DARTS experiments as described below.

Cellular thermal shift assay (CETSA)
HEK293T cells transiently transfectedwith theYTHdomain of YTHDC2
for 24h were treated with DC2-C1 (30μM), 16o (30μM), or DMSO for
an additional 24 h at 37 °C. Cells were harvested by centrifugation,
washed twice with ice-cold PBS, and resuspended in PBS supple-
mented with 1× protease inhibitor cocktail (Sigma-Aldrich, P8340) and
1mM PMSF (TargetMol, T0789). Cell suspensions were aliquoted into
PCR tubes and subjected to thermal challenge at varied temperatures
for 3min. Samples were then lysed by three freeze-thaw cycles (liquid
nitrogen/37 °C) and centrifuged at 4 °C. Supernatants containing
soluble proteins were mixed with SDS-PAGE loading buffer, heated at
95 °C for 8min, and analyzed by Western blot.

Drug affinity responsive target stability (DARTS)
HEK293T cells transiently transfectedwith theYTHdomain of YTHDC2
for 24 h were treated with DC2-C1(30μM), 16o(30μM), or DMSO for
an additional 24 h at 37 °C. The cells were collected by centrifugation,
washed twice with PBS, and cells were lysed in 200μL NP-40 lysis
buffer (Beyotime, P0013F) containing 1× protease inhibitor cocktail,
and 1mM PMSF on ice for 20min. And each soluble protein was col-
lected and normalized to 3mg/mL using a BCA assay (Beyotime,
P0012). The protein was divided into 50μL aliquots per tube, and
pronase (Roche, PRON-RO) was added at final concentrations of 0-10%
(w/w) relative to total protein. Samples were incubated at 37 °C for
30min, and reactions were terminated by adding 20× protease inhi-
bitor cocktail, followed by ice incubation for 10min. Finally, the pro-
teins weremixedwith SDS-PAGE loading buffer and heated at 95 °C for
8min. The results were analyzed by western blotting assay as descri-
bed in Western blot analysis.

Western blot (WB) assay
MH7A, HGC27, PANC-1, and MiaPACA-2 cells were treated with com-
pounds at different concentrations in complete medium for 48 h.
Whole cell lysates were extracted using RIPA lysis buffer (Beyotime,
P0013C) supplemented with 1× protease inhibitor cocktail and 1mM
PMSF. Protein concentrationswerequantifiedbyBCAassay (Beyotime,
P0012), and equal amounts of protein were separated by SDS-PAGE on
10–12% polyacrylamide Tris-glycine gels before transfer to PVDF
membranes (Millipore, IPVH00010). Membranes were then blocked
with TBS-T containing 5%nonfat drymilk for 1 h. Then, themembranes
were incubated with primary antibodies for 12 h at 4 °C. After being
washed three times with TBS-T, the membranes were incubated with
the corresponding secondary antibodies for 1 h at 37 °C, and washed
three times with TBS-T subsequently. Finally, the immune-bands were
visualized with the SuperLumia ECL plus HRP Substrate Kit (Abbkine,
K22030) and imaged with a chemiluminescence detector (FUSION-
FX6.EDGE V.070). The knockout cells were directly lysed with RIPA
buffer, and the above procedure was repeated. Antibodies used:
YTHDC2 antibody (ZenBio, R27443), AMIGO2 antibody (ImmunoWay,
YN2372), ID2 antibody (HUABIO, M1301-2), H3K4me3 antibody
(Abcam, ab8580), FZD7 antibody (Proteintech, 16974-1-AP),
DYKDDDDK Tag (Flag-tag) antibody (Cell Signaling Technology,
14793), GAPDH antibody (Proteintech, 60004-1-Ig), HRP-conjugated
Affinipure Goat Anti-Rabbit IgG(H + L) (Proteintech, SA00001-2),
HRP-conjugated Affinipure Goat Anti-Mouse IgG(H + L) (Proteintech,
SA00001-1).

Real-time quantitative polymerase chain reaction (RT-qPCR)
The cells at logarithmicgrowth stagewere inoculated into 6-well plates
at a density of 1× 105 cells per well. Cells were treated with test com-
pounds for 24 h. Total RNA was extracted from cells according to the
manufacturer’s instruction of the Cell Total RNA Isolation Kit (Fore-
gene, RE-03113). Then, total RNA was converted into cDNA using the
Hifair® III 1st Strand cDNA Synthesis SuperMix for qPCR (gDNA
digester plus) (YEASEN, 11141ES60). Subsequently, all qRT-PCR
experiments were conducted strictly according to the instructions of
the Hieff® qPCR SYBR Green Master Mix (No Rox) (YEASEN,
11201ES08). Gene expression was calculated using the comparative
ΔΔCt method with GAPDH for normalization. All primers of the
selected genes were listed as follows: for GAPDH (h), forward, 5′-
GCCCAATACGACCAAATCC-3′; reverse, 5′-AGCCACATCGCTCAGA-
CAC-3′; for AMIGO2 (h), forward, 5′-GTGTCTGGACCCCATCCTTA-3′;
reverse, 5′- CCCATCACTTCGTGCTTTTT-3′;for FZD7 (h), forward, 5′-
TGGTGCTCTACTTCTTCGG-3′; reverse, 5′-AGGATAGTGATGGTCTTGA
CG-3′; for ID2 (h), forward, 5′-CCGTGAGGTCCGTTAGGAAA-3′; reverse,
5′-TGAGCTTGGAGTAGCAGTCG-3′; for FASN (h), forward, 5′-TGCCCTG
AGCTGGACTACTT-3′; reverse, 5′-AAAGCTGCTCAGGACCATGT-3′; for
SREBP-1C(h), forward, 5′-GACAGCCCAGTCTTTGAGGA-3′; reverse,
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5′-CAGGACAGGCAGAGGAAGAC-3′; for ACC1(h), forward, 5′-TCACACC
TGAAGACCTTAAAGCC-3′; reverse, 5′-AGCCCACACTGCTTGTACTG-3′.

RNA immunoprecipitation (RIP-qPCR) assay
RIP-qPCR was performed using the PureBinding® RNA Immunopreci-
pitation Kit (GENESEED, P0102) according to the manufacturer’s pro-
tocol. MH7A cells and PANC-1 cells (1×107 cells/sample), which were
treated for 12 h with DMSO, DC2-C1 (30 µM) or 16o (30 µM), were
incubated with YTHDC2 antibody or IgG antibody (Beyotime, A7016)
at 4 °C for 2 h according to the instructions, and the corresponding
RNAwas extracted and then qRT-PCR was performed. The formula for
calculating the RIP-qPCR result is as follows:

ΔCtnormalized RIP = ½AverageCtRIP � AverageCtinput

� logðinput dilution f actorÞ
2 �

ð15Þ

%input = 2
�ΔCtnormalized RIPð Þ ð16Þ

ΔCtnegative control = ½AverageCtnegative control � AverageCtinput

� log input dilution f actorð Þ
2 �

ð17Þ

ΔCtnormalized RIP to negative control =ΔCtnormalized RIP

� ΔCtnegative control
ð18Þ

Fold Enrichment =2 �ΔCtnormalized RIP to negative controlð Þ ð19Þ

RNA stability assay
MH7A and HepG2 cells were seeded in 12-well plates and pretreated
with DMSO, DC2-C1 (30μM), or 16o (30μM) for 24 h. Transcription
was inhibited by adding actinomycin D (MedChemExpress, HY-17559)
at a final concentration of 5μg/mL. Cells were harvested at 0, 2, 4, 6,
and 8 h post-treatment, and total RNAwas extracted and used for qRT-
PCR. Relative mRNA levels were normalized to the starting point of
treatment.

Determination of solubility
The solubility of compounds was determined using the shake-flask
method with LC-MS/MS quantification. Briefly, supersaturated aqu-
eous solutions of the compounds were prepared, and were agitated at
37 °C in an orbital shaker (200 rpm) for 48 h. Following incubation,
sampleswere prepared for LC-MS/MS analysis. Calibration curveswere
generated using serial dilutions of standard compounds to quantify
the soluble concentration, with each measurement performed in tri-
plicate to ensure reproducibility.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The pretraining and fine-tuning datasets are available on Zeno-
do(https://doi.org/10.5281/zenodo.15921759)76. The crystal structures
of YTHDC2 used in this study are available in the Protein Data Bank
(PDB) under accession code 6K6U. The ZINC database is available at
https://zinc20.docking.org. The CossDocked2020 database is avail-
able at https://bits.csb.pitt.edu/files/crossdock2020. Source data are
providedwith this paper as a SourceDatafile. SupplementaryDatafiles
are also available under Supplementary Data 1 - Supplementary Data 9.

Code availability
The codes are available on Github (https://github.com/atzhenyuyang/
EPMolGen).A citableversionwith aDOI is availableonZenodo (https://
doi.org/10.5281/zenodo.17176305)77 with MIT License.
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