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ABSTRACT: Acute myeloid leukemia (AML) is a heterogeneous MCE Database :
hematopoietic malignancy with limited therapeutic options for Total 8616 molecules A Hs i
many patients. Discoidin domain receptor 1 (DDR1), a trans- 4%\ R
membrane tyrosine kinase receptor, has been implicated in AML v
progression and represents a promising therapeutic target. In this
study, we employed a hybrid virtual screening workflow that
integrates deep learning-based binding affinity predictions with Vina-GPU
molecular docking techniques to identify potential DDRI
inhibitors. A multistage screening process involving PSICHIC,
KarmaDock, Vina-GPU, and similarity-based scoring was con-
ducted, leading to the selection of seven candidate compounds.
The biological evaluation identified Compound 4 as a novel DDR1
inhibitor, demonstrating significant DDR1 inhibitory activity with an ICs, of 46.16 nM and a 99.86% inhibition rate against Z-138
cells at 10 yM. Molecular dynamics simulations and binding free energy calculations further validated the stability and strong
binding interactions of Compound 4 with DDRI. This study highlights the utility of combining deep learning models with
traditional molecular docking techniques to accelerate the discovery of potent and selective DDRI1 inhibitors. The identified
compounds hold promise for further development as targeted therapies for AML.
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A cute myeloid leukemia (AML) is a malignant tumor of aberrantly expressed in many human cancers. DDR includes
the hematopoietic system originating from myeloid DDRI and DDR2, which play a series of biological roles by

precursor cells, with a high degree of heterogeneity.' Intensive binding to collagen. They can regulate cell proliferation,
chemotherapy is recommended as the first choice for patients adhesion, migration, and matrix remodeling. Dysregulation of
with newly diagnosed AML. Low-dose cytarabine (LDAC) and receptors may promote cancer progression.5 In AML, somatic
hypomethylating agents (HMAs) are recommended for mutations of the DDR1 gene have been reported.6 In addition,
patients who cannot tolerate intensive chemotherapy.” The several studies have found that the expression level of DDRI is
(7 + 3) induction intensive chemotherapy containing elevated in AML, indicating that DDR1 may be related to the
cytarabine and anthracyclines is the traditional first-line disease progression of AML.”*

regimen for AML. Allogeneic stem cell transplantation (Allo- When collagen binds to the DS domain of the receptor,

SCT) is a breakthrough treatment for improving sgrvival in DDRI is activated and phosphorylated. Usually, RTK
AML patients. Ne'vert'heless,' less than 50% of patients are participates in the development of AML by regulating the
suitable for first-line induction chemotherapy, and not all PI3K/AKT pathway and affecting c-MYC transcription.9

patients are eligible for transplantation, both of which make DDRI exerts its effects by binding to collagen, further
drug choices limited. With further studies of the AML genome lati . . . i’
regulating cell dynamic behavior, matrix remodeling, and

and molecular mutations, targeted therapies and combinations
of different classes of therapeutic agents could further improve
patient survival rates.” Currently, there is still a substantial
unmet need for the treatment of AML. Inhibitor development Revised:  January 18, 2025 ?(%é“d
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Discoidin domain receptors (DDR) are a special type of
transmembrane tyrosine kinase receptors (RTKS),* which are
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Figure 1. Structure of reported DDR1 inhibitors.
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Figure 2. Distribution of the DDRI active data set. (A) The pICsj, distribution of DDRI active compounds. (B) The t-SNE plot of DDRI active

data set.

mediating cell signaling pathways.'® Some studies support that
the upregulation of DDRI facilitates AML tumor cell
migration and invasion into extramedullary sites, thereby
promoting AML progression. In addition, the expression of
DDRI1 helps to build a barrier around the tumor, limiting the
effect of T cells in killing tumor cells."' If a suitable DDR1
inhibitor can be found, it may become a new strategy for
treating AML.

Drugs targeting DDRI1 have been extensively studied,
primarily in the field of oncology,'” with a focus on DDR1
antagonists. Several DDRI inhibitors, including nilotinib,
dasatinib, and GZD824, have been approved for clinical
use."® Additionally, sitravatinib and ANG-3070 are currently in
Phase III and Phase II clinical trials, respectively.'* Other
inhibitors, such as DDRI-IN-1 and 7rh, remain in the
developmental stage and have not yet reached clinical
application (Figure 1). Despite the promising efficacy of
these candidate drugs, challenges such as off-target effects and
inconsistent therapeutic outcomes limit their clinical utility.
While DDR1 inhibitors are an active area of research and
development, there is a noticeable absence of highly effective
DDR1 inhibitors in widespread clinical use.'® Furthermore, the
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evaluation of multitarget inhibitors remains complex due to
their associated adverse effects. Therefore, it is crucial to
accelerate and broaden drug screening efforts to identify
potent and stable DDRI1 inhibitors that can overcome these
limitations and achieve consistent clinical efficacy and safety.

In response to the limitations of traditional DDRI1 inhibitors,
we focused on discovering new DDRI inhibitors. We
developed a novel method for inhibitor discovery that
combines deep learning with molecular docking techniques.
This innovative approach allowed us to identify a new class of
DDRI1 inhibitors with scaffolds distinct from those of
conventional DDRI1 inhibitors. Our method involved con-
structing a comprehensive DDRI1 data set, applying deep
learning models to predict binding affinity from sequence data
directly, and using an ensemble molecular docking strategy for
virtual screening. Compound 4 exhibited DDRI inhibitory
activity among the compounds identified, with an IC, of 46.16
nM.

Furthermore, this compound significantly reduced cell
viability in hematologic tumor cell lines, as shown by cell
viability assays. Molecular dynamics simulations were also
conducted to analyze the binding stability and interactions of
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Figure 3. Evaluation results of docking programs and DDRI proteins. (A) The ROC curve for the molecular docking of multiple DDRI proteins
with the selected docking programs using DDRI validation data set. (B) The box plot of KarmaDock with 6FEW protein. (C) The box plot of
Vina-GPU with SSAZ protein. (D) The redocking result of DDR1 protein (PDB ID: 6FEW) using KarmaDock (White: original structure; Green:
redocking conformation). (E) The redocking result of DDRI protein (PDB ID: SSAZ) using Vina-GPU (White: original structure; Blue: redocking

conformation).
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Figure 4. Hybrid Virtual Screening workflow of DDRI inhibitor
discovery.

Compound 4 with DDRI. These simulations confirmed the
high binding affinity of Compound 4 and elucidated its
mechanism of action, suggesting its potential for further
development as a therapeutic agent.

We obtained DDR1 active molecules with reported pICs
values of 6 or higher from the ChEMBL database'®'” to serve
as the active molecule component of the validation data set.
These molecules were carefully selected based on their
documented bioactivity against DDR1 to ensure high-quality
data for downstream validation. To account for structural
diversity within the data set, we clustered the active molecules
into S0 distinct groups using structural similarity metrics. For
each cluster, a representative compound was chosen, serving as
a reference for the generation of decoy molecules. Decoys were
generated using the advanced deep learning tool DeepCoy,'*
which is specifically designed to produce structurally similar
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but biologically inactive compounds. This approach ensures
the validation data set is well-balanced, comprising both active
and decoy molecules for robust performance evaluation of
predictive models. As a result, the final validation data set
included 50 active molecules and 2,450 decoy molecules,
providing a comprehensive set of compounds to test the
accuracy and specificity of virtual screening tools. Furthermore,
the distribution of pICs, values across the active molecules and
the detailed clustering results were visualized, as shown in
Figure 2.

Using the integrated tool EvaluationMaster'® from GitHub,
we systematically evaluated the performance of four dockin
software programs—AutoD0cl<-GPU,20’21 Vina-GPU,”
PLANET,” and KarmaDock**—across 13 DDRI protein
structures with resolutions of 2.5 A or better from RCSB
database.”® The results, presented in Figure 3A, identified the
combination of KarmaDock and the 6FEW protein structure as
the top-performing pair, achieving a ROC-AUC of 0.866. This
high ROC-AUC value®®”’ indicates excellent discrimination
between DDRI active and inactive molecules. To further
analyze the statistical significance of these results, we
conducted t tests. The KarmaDock-6FEW combination
produced a t-value of —15.19 and a p-value of 6.38 X 107°.
The low p-values indicate a significant distinction between the
active and inactive molecule classifications for both combina-
tions, with KarmaDock-6FEW exhibiting the best statistical
performance. Additionally, the box plots shown in Figure 3B
visually highlight the effectiveness of these combinations.
KarmaDock, in particular, demonstrated an effective separation
of DDRI active molecules from inactive ones.

https://doi.org/10.1021/acsmedchemlett.4c00634
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Table 1. Screening Score Result of Screened 7 Compounds

Entry PSICHIC Affinity KarmaDock Score
Compound 1 8.120 79.977
Compound 2 7.894 96.555
Compound 3 8.038 99.111
Compound 4 7.904 64.292
Compound § 7.924 73.703
Compound 6 8.059 72.766
Compound 7 8.014 83.394

Staurosporine” - -

Vina-GPU Score

Similarity Score @25 pM Inhibition Rate (%)

—10.5 0.367 30.69 + 3.28
—10.8 0.323 12.92 + 0.10
—13.5 0.479 87.46 + 0.71
=79 0.350 90.10 + 3.04
-89 0.354 87.12 + 0.46
-9.0 0.272 435 + 4.40
—11.1 0.329 100.57 + 0.66
- - 100.06 + 0.56

“This entry in the table represents the positive control compound used in the enzyme inhibition assay at 25 uM.

Z-138 human lymphoma cell line
120 120~ , 120+
= 100 - 4
2
5 80 g 807
4 ® X 60+ / c
§ E / § o
S 40 5 307 S 40
= £ <
£ 2041 = 0 /- £ 204
0- ’I T T 1 0 T T
2 0 2 4 6 IN ™ A
N k6 6 A g > tS
FRASPLIELSL LSS Log[C].nM o 5 5
O & P PSS S S & &L L
FELLLLELSL & S &
DDR1-IN-1, IC5o = 1.393 nM © o

&® » P P P P F P

Compound 4, IC5y = 46.16 nM

Log[C].10 uM

-+ Compound 7, IC5¢ = 165.0 nM

Figure 6. Biological evaluation results of Compound 4 and Compound 7. (A) The inhibition rate histogram of screened 7 molecules (positive
reference: Staurosporine). (B) The dose—response curves for Compound 4 and Compound 7 (positive reference: DDRI-IN-1). (C) The cell
inhibition results for the Z-138 cell line treated with Compound 4 and Compound 7 (positive reference: DDRI-IN-1).

Although KarmaDock demonstrated excellent discrimination
ability on the DDRI target, it has a known limitation in
generating accurate ligand conformations, often resulting in
Vina-GPU is capable of
generating more accurate ligand conformations. In the
evaluation using the SSAZ complex, Vina-GPU achieved a
ROC-AUC of 0.834, with a t-value of —9.20 and a p-value of
748 x 1072 indicating strong statistical significance. The

structural errors. In contrast,

corresponding box plot further confirmed its robust discrim-

ination ability. Therefore, to ensure the accuracy of the ligand
conformations used in subsequent molecular dynamics (MD)
simulations, we selected Vina-GPU as the final screening
method following KarmaDock.

To further evaluate the effectiveness of the docking software,
redocking experiments were conducted using KarmaDock and
Vina-GPU with their respective proteins and crystallographic
ligands. As shown in Figure 3D and 3E, the redocking results
demonstrated that the conformations predicted by Vina-GPU
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Figure 7. RMSD trajectory and total energy analysis of MD results of Compound 4 and Compound 7 with DDR1 protein. (A) The RMSD
trajectory of DDR1-Compound 4 complex and DDR1-Compound 7 complex for S00 ns. (B) The Gibbs freedom energy landscape of DDRI1-

Compound 4 complex. (C) The Gibbs freedom energy landscape of DDR1-Compound 7 complex. (D) The total binding free energy of complex
of Compound 4 with DDR1 protein. (E) The total binding free energy of complex of Compound 7 with DDRI protein.

were almost identical to the initial crystallographic poses, while
those predicted by KarmaDock closely aligned with the
backbone of the original structures. The Root Mean Square
Deviation (RMSD) between the original and redocked
conformations was calculated using OpenBabel,28 yielding an
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RMSD of 0.55 A for Vina-GPU and 1.63 A for KarmaDock.
Since an RMSD below 2 A is generally considered to indicate
reliable redocking performance, these results suggest that both
KarmaDock and Vina-GPU exhibit high accuracy and
reliability. Consequently, KarmaDock was selected for the

https://doi.org/10.1021/acsmedchemlett.4c00634
ACS Med. Chem. Lett. 2025, 16, 602—610


https://pubs.acs.org/doi/10.1021/acsmedchemlett.4c00634?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acsmedchemlett.4c00634?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acsmedchemlett.4c00634?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acsmedchemlett.4c00634?fig=fig7&ref=pdf
pubs.acs.org/acsmedchemlett?ref=pdf
https://doi.org/10.1021/acsmedchemlett.4c00634?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

ACS Medicinal Chemistry Letters

pubs.acs.org/acsmedchemlett

)

A

PHE785

LEU616

MET676 |/

GLU

623

GLY ) -
VAL

6198 \
7 G 624
618, LEU

GLY ,616
617

\'A

LEU |

79
N

ASP

08

\

GLY

MET
676

\
j07
ILE
675 - \
HN
PHE \ 2
762 N
e 6 m/ o
685 \672/ AALA 703 | LEU
783 THRY S 113
e PHE 701
w 785
B
655 6a3

B

4

PHE
762

LEU
679

Figure 8. Detail binding mode analysis of Compound 4 and Compound 7 after S00 ns MD. (A) The 3D binding mode of Compound 4 and DDR1
protein. (B) The 3D binding mode of Compound 7 and DDR1 protein. (C) The 2D binding mode of Compound 4 with DDRI protein (Purple:
hydrogen bond; Red: p-7 interaction). (D) The 2D binding mode of Compound 7 with DDR1 protein (Red: p-r interaction).

second round of virtual screening, while Vina-GPU was chosen
for the third round.

We developed a hybrid virtual screening workflow to
identify potential DDRI1 inhibitors using a library of MCE-
like drug compounds.”” The library was prepared with
RDKit,>* and previously reported DDRI active molecules
were excluded to ensure novelty. After this curation process,
the virtual screening workflow included a total of 8,616
compounds.

The hybrid screening workflow is illustrated in Figure 4. We
first employed PSICHIC®' to predict the binding affinities of
compounds to the DDRI protein directly from protein
sequences and molecular SMILES representations.””” This
initial computational screening identified 1,500 compounds
with affinity scores exceeding 7.649, which were subsequently
selected for the second round of docking-based screening using
KarmaDock. In this stage, compounds with KarmaDock scores
above 63.79 were further refined to a subset of 750 molecules
for the third round of screening using Vina-GPU docking,
followed by a fourth round of similarity-based scoring.**

Following these computational steps, the final selection of
seven compounds was made based on visual inspection by
medicinal chemists, considering the alignment of docking
poses and chemical features with the target binding site. These
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seven compounds were chosen for experimental validation of
biological activity. The molecular structures are shown in
Figure S, while corresponding scores from each screening
round are summarized in Table 1, providing a comprehensive
overview of the compound selection process and their
performance throughout the workflow.

The biological evaluation of the selected compounds was
performed using the ADP-Glo assay to measure their
inhibition rates against DDR1 at a concentration of 25 uM.
As shown in Figure 6A, Compound 7 exhibited the highest
inhibition rate of 100.57%, followed by Compound 4, which
achieved an inhibition rate of 90.10%. The positive control,
Staurosporine, displayed a comparable inhibition rate of
100.06%. IC, values were determined to further assess these
compounds’ potency, and the corresponding dose—response
curves for Compound 4, Compound 7, and the positive control
DDRI-IN-1 were presented in Figure 6B. Compound 7
demonstrated notable inhibitory activity against DDRI with an
ICy, value of 165.0 nM, while Compound 4 showed an ICs,
value of 46.16 nM. In comparison, the positive control DDR1-
IN-1 exhibited superior potency, with an ICs, value of 1.393
nM.

Additionally, the cell viability of hematologic tumor cell lines
treated with Compound 4, Compound 7, and DDR1-IN-1 was
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Figure 9. Contribution to Gibbs energy analysis of different residues of DDR1 protein. (A) The contribution analysis of amino acid residues for
DDRI protein (Compound 4). (B) The occupancy percentage of binding between Compound 4 and DDR1 protein. (C) The binding distances
between Compound 4 and different DDR1 proteins. (D) The contribution analysis of amino acid residues for DDR1 protein (Compound 7). (E)
The occupancy percentage of binding between Compound 7 and DDRI protein. (F) The binding distances between Compound 7 and different

DDRI proteins.

evaluated, and the results are depicted in Figure 6C. The cell
viability assay revealed that both Compound 4 and Compound
7 significantly reduced cell viability in the tested Z-138 human
lymphoma cell line, demonstrating efficacy comparable to
DDRI-IN-1. Collectively, these results indicate that the
selected compounds effectively inhibit DDR1 at the molecular
level and exhibit significant biological activity in cell-based
assays, suggesting their potential for further development as
DDRI1 inhibitors for AML therapeutic agents.

Building on the inhibitory activity assessments, molecular
dynamics (MD) simulations of the DDR1-Compound 4 and
DDR1-Compound 7 complexes were conducted to investigate
their binding interactions, providing insights for further
structural optimization. The simulations were performed
using GROMACS 2021.06.*>*° As shown in Figure 7A, the
binding of both compounds to DDRI stabilized after 300 ns of
simulation, indicating that the system had reached equilibrium
and was suitable for subsequent analyses.

Further analysis using the free energy surface (FES)
validated the stability of these binding modes (Figures 7B
and 7C). The FES plot illustrates the relationship between
root-mean-square deviation (RMSD), radius of gyration (Rg),
and free energy. For Compound 4, binding to DDR1 stabilized
the system in a low-free-energy region (depicted in deep blue),
indicating a strong binding affinity with an RMSD of 0.30 nm
and an Rg of 2.07 nm. Similarly, Compound 7 binding
stabilized a low-free-energy region, with an RMSD of 0.23 nm
and an Rg of 2.02 nm. These free energy minima highlight the
robust and stable interactions between DDRI1 and both two
compounds. These findings were further corroborated by
binding free energy calculations using the MM/GBSA
method.” 7" The binding free energy of Compound 4 was
determined to be -42.61 kcal/mol (Figure 7D), while that of
Compound 7 was -56.34 kcal/mol (Figure 7E). These values
confirm the strength of the protein—ligand interactions.
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The final frame from the MD simulation was extracted to
analyze the specific interactions between DDRI1 and
Compounds 4 and 7. As shown in Figure 8A, Compound 4
forms a hydrogen bond with ASP784 within the DDRI1
binding pocket, establishes a p-7 interaction with PHE78S, and
engages in hydrophobic interactions with residues such as
LEU616 and MET676. At the same time, Compound 7
primarily interacts with LYS655 through a p-7 interaction,
forming hydrophobic interactions with VAL624, PHE78S, and
other residues. The 2D interaction diagrams (Figures 8C and
8D) further confirm these interactions, which align with
previously reported critical amino acids in the DDR1 binding
pocket, including LYS655, ASP784, and PHE785."""'

Further, we utilized the gmx MMGBSA tool to calculate the
contribution of individual amino acid residues to the binding
free energy. As shown in Figure 9A, MET676 and PHE78S
were identified as key contributors to the binding energy of the
DDR1-Compound 4 complex. Additional analysis of the
occupancy rates of critical amino acids during the simulation
(Figure 9B) and the distance fluctuations between these
residues and the ligand (Figure 9C) revealed that ASP784 and
PHE785 exhibited high occupancy values of 96.88% and
81.3%, respectively. Moreover, their distances from the ligand
remained consistently below 3 A, indicating strong and stable
interactions throughout the simulation.

At the same time, for the DDRI1-Compound 7 complex,
VAL624, LYS6SS, and PHE78S were found to significantly
contribute to the binding energy (Figure 9D). Analysis of the
simulation data (Figure 9E) showed that these residues
maintained high occupancy values during the simulation,
with VAL624 at 82.80%, PHE78S at 74.29%, and LYS65S at
69.87%. The distance fluctuations between these residues and
Compound 7 also remained stable, consistently below 3 A
(Figure 9F), further supporting the stability of these
interactions.
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These findings align with previous analyses, reinforcing the
critical roles of ASP784, PHE785, MET676, VAL624, and
LYS655 in mediating the interactions between DDR1 and the
selected compounds. The consistent proximity and substantial
contributions of these residues to the binding energy
underscore the stability of the DDRI1-Compound 4 and
DDR1-Compound 7 complexes.

In summary, we employed a hybrid virtual screening
approach that integrates deep learning-based binding affinity
predictions with molecular docking techniques to identify
potential high-affinity DDR1 inhibitors for treating AML. Our
innovative strategy successfully identified a novel DDRI1
inhibitor, Compound 4, which demonstrated significant
DDRI inhibitory activity (ICs, = 46.16 nM) and exhibited
notable cytotoxic effects on the Z-138 cell line at a
concentration of 10 uM (inhibition rate = 99.86%). To ensure
the robustness and accuracy of the screening process, we
rigorously evaluated molecular docking software and protein
structures. Additionally, biological validation and molecular
dynamics simulations confirmed the selected compound’s high
binding affinity, stability, and mechanism of action. These
findings highlight the potential of combining deep learning
models with traditional molecular docking methods to advance
the development of DDR1 inhibitors and offer a promising
strategy for targeted therapeutic discovery.
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