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ARTICLE INFO ABSTRACT

Keywords: The LC3 proteins play a crucial role in autophagy by participating to the formation of the autophagosome.
L.C3 Modulation of autophagy by molecular interference with LC3 proteins could help to understand this complex
L‘ga“_d . . fundamental biological process and how it is involved in several pathologies. Identifying new LC3 ligands is a
Ez::;‘li gs;mulanons useful contribution to this aim. In the present study, we created a PubChem library of 749 compounds having a

Deep learning

structure based on the central scaffold of novobiocin, a reported LC3A ligand. A robust, rapid and exhaustive

algorithm was used for docking each compound of this database as ligands within the dihydronovobiocin binding
site, providing a docking score. Remarkable reliability and consistency between docking scores and the reported
binding efficiencies of known ligands was observed, validating the machine leaning protocol used in this study.
Investigation of the binding mode of the ligands having the best docking score provides additional insights in
possible mode of actions of the LC3 identified ligands.

1. Introduction

The autophagy is a vital intracellular mechanism that allows cells to
degrade and recycle damaged, unwanted or obsolete organelle as well as
cell constituents [1,2]. This natural process of self-digestion plays a
determinant role in the state of health of the cell and in cellular homeo-
stasis. It is an important process to prevent cancer by eliminating abnormal
cells and suppressing the tumor growth. As a consequence, impaired
autophagy may promote the development of cancer by allowing cancer
cells to survive and grow. In addition to cancer, autophagy also plays a role
in different pathologies in particular neurodegenerative diseases avoiding
the accumulation of undesired proteins and cell constituents [3-7]. This
process begins when signals activate the formation of a membrane in the
cell, called phagophore. This latter sequesters the constituents of the
cytoplasm and evolved through the interaction with the LC3 protein to an
autophagosome which then merges with a lysosome allowing the degra-
dation of the trapped compounds (Fig. 1). The LC3 protein is involved in
the regulation of autophagy by initiating the process through the forma-
tion of the autophagic membrane [8-13].

Some studies have shown that LC3 ligands can modulate autophagy
in certain cells [14-19]. For example stapled peptides with nanomolar
affinities disrupt autophagy [15]. Finding new LC3 ligands is still useful
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as the overall understanding of how LC3 proteins are involved in the
autophagy pathway is not fully understood [20]. The emergence of
artificial intelligence as a tool for drug discovery [21-23] is particularly
attractive and opens new opportunities in medicinal chemistry. The
development of docking algorithms combined with scoring functions
[24,25], together with the availability of compounds databases are
indispensable tools towards machine learning and deep docking [26,
27]. Taking advantages of the known X-ray structure of the complex of
the LC3A protein with the antibiotic derivative dihydronovobiocin [16]
(Fig. 2), the present work is a contribution towards machine learning
perspectives aiming at retrieving LC3A ligands through original
chemo-informatics approaches using docking simulations with an
exhaustive and rapid search algorithm and a PubChem library based on
the novobiocin substructure.

2. Material and methods

The construction of a Pubchem library based on the novobiocin
substructure was achieved using the Pubchem database through the
structural search tool using the novobiocin substructure smile template
C1 =CC=CC2 =C1C(=C(C(=0)02)NC=0)O0. All the 749 3D-structures
available were downloaded in a single SDF file.
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Fig. 1. Schematic representation of the autophagosome formation from a LC3-
inserted phagophore membrane.

All collected compounds were then docked within the dihy-
dronovobiocin binding site of the PDB structure (code 6tbe) [16]
(Fig. 2). Prior to docking simulations using ArgusLab as software [28],
the dihydronovobiocin ligand included in PDB structure was set as
known ligand and residues interacting with the ligand were selected to
define the binding site. A docking box 19.810 x 20.942 x 30 A centered
on this ligand was created with the docking module of the software.
Docking simulations with ArgusDock as engine and Ascore as scoring
function were then performed. All compounds were ranking according
to their docking score. Compounds described in the study reported by
Ewgenij Proschak and co-workers [16] were also found in the database
and the docking scores were collected to be correlated with the pICsg
values.

Compounds in the top 10 were extracted from the SDF file and were
then docked to analyze their binding mode using PyMol. 2D-representa-
tion with the H-bonds networks were generated with LigPlot + [29].

3. Theory/calculation

Docking simulations were conducted with the ArgusLab software
allowing to perform docking simulations using two methods [30], a
stochastic method with a genetic algorithm [31,32] and also a robust,
exhaustive and rapid shape-based method leading to reproducible sim-
ulations (shape-based method probing shape matching with a flexible
ligand defined as a torsion tree) [33-35]. The latter method imple-
mented in ArgusLab and called “ArgusDock engine” was used and can be
described as follow:

— The conformational space of the ligand is described as a torsion tree.

— Construction of binding site grids and search points inside the
binding site.

- Conformational search within the binding site at the search points.

— Optimization and minimization / Pose candidates scoring (AGpjng =
AGygw + AGH-bond +AGdeformation + AGhydrophobic + AGo as described
by Wang and coworkers [36]).

Docking simulations are associated to the Ascore scoring function
optimized from Xscore [25,36]. This function described above estimates
the total protein-ligand binding free energy decomposed into several
distinct terms such the contribution of van der interactions between the
ligand and the protein, the hydrophobic effect, the hydrogen bonding
between the ligand and the protein.

4. Results and discussion
4.1. Database construction and docking simulations

Due to the central role of the protein LC3 in autophagy, the search of
ligand for this protein is still necessary for continuing the study of its role
in autophagy [20]. The binding of dihydronovobiocin to the protein LC3
resolved by X-ray is a significant advance and a starting point for the
search of ligand based on this structure (Fig. 2). Novobiocin is an
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antibiotic with an amino-coumarin central scaffold substituted with a
benzamide and a sugar derivatives.

Dihydronovobiocin binds the LC3 protein through several in-
teractions. Firstly hydrophobic interactions occur between the isopentyl
chain of the ligand and the hydrophobic residues of the binding site
forming the hydrophobic pocket HP2 Phe56, Ile39, 1le70 Leu67. With
respect to the H-bond network, interactions between the carboxamide
branched on the coumarine scaffold and the residue Leu57 and the
carbonyl of the lactone with the residue Lys34 are obvserved. The ter-
minal carboxamide functional group also develop a H-bond with the
residue His31.

A Pubchem library based on the novobiocin substructure with the
central aminocoumarin moiety with an amide functional group was
drawn constructed using the Pubchem database through the structural
search with drawing application tool using the molecular template
depicted in Fig. 3. This resulted in a set of 749 compounds.

The 749 compounds with 3D structure available were downloaded in
a single SDF file and docking simulations were achieved. Among all
compounds, 722 out of the 749 were successfully docked and were
ranked according to their docking score with docking energies ranging
from — 14.92 to — 5.66 kcal/mol.

4.2. Correlation between docking score and biological activity

The compounds described in the Ewgenij Proschak and co-workers
study were found in the database and their docking scores were thus
available. These docking scores were plotted against the pICsy values
calculated from data (ability to induce the displacement of p62-LIR-
sGFP from LC3A) reported in the Ewgenij Proschak study (Fig. 4).

First of all, the docking score were found to be favorable with a
negative values ranging from — 14.92 to — 9.44 kcal/mol for all active
compounds. Appropriated correlations between docking scores and
biological activities were observed. For the compounds 164626676,
164620798, 164616275 and 164611734 displaying good activities, a
remarkable docking score was obtained showing the robustness of the
docking method. For the compound 1646131107 displaying a modest
activity, a modest docking score was also obtained. The docking score of
the compound 164609749 was overestimated in comparison with its
activity. Overall a good reliability was observed for compounds in this
series and suggest a potential prediction of active compounds with a
favorable docking score.

Structure-activity relationships indicate that compounds bearing
hydrophobic substituents in the meta-position of the benzamide moiety
and also branched on the benzene ring of the coumarinyl scaffold are
leading to favorable interactions with the two hydrophobic pocket HP1
and HP2.

4.3. Extension to the top20 compounds with best docking scores

Compounds were ranked and the ones in the top 20 among the 749
compounds were examined. For these compounds, docking energy
values ranging from — 14.92 to — 12.41 kcal/mol were obtained. Their
potential biological activity was searched in the PubChem database and
is described in Table 1. Remarkably, five compounds reported to be LC3
binders using FRET experiments [16] (Fig. 3) were in this list showing
the pertinence of the docking simulations. Hence, other compounds
without any literature data as LC3 ligand but exhibiting high docking
scores in this experiment appear as interesting possible LC3 ligand with
a good affinity. Most of the compounds in Table 1 namely 139494545,
139494372, 155480556, 155480932, 139494534, 139494431,
139494507, 155480863, 139494582, 155481178 were in the PubChem
database as antibiotics against gram negative bacteria, and other ones
have been patented for their preparation in organic synthesis.

Among this collection of 20 compounds, the top 10 compounds were
further examined with respect to their binding modes (Table 2). The
binding modes clearly confirm the importance of the residues Lys34,
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Fig. 2. A Structure of novobiocin; B, C Representation of LC3B in complex with the p62 LIR peptide (PDB code 2ZJD) [37]; D, E Binding mode of dihydronovobiocin

[16] to the protein LC3A determined using X-ray (PDB code 6TBE) and hydrogen bonds networks.
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0

Fig. 3. Molecular template designed from the novobiocin substructure used for
the construction of the database (smile C1 =CC=CC2 =C1C(=C(C(=0)02)
NC=0)0).

Leu57 frequently involved in H-bonds with the central 3-amino-4-
hydroxycoumarine scaffold and His31 involed in the H-bonds with
substituents of this pharmacophore. It is interesting to note that bis-
substituted benzamide, compounds 159614606 and 162021392, fit
particularly the hydrophobic pocket (HP2) with two arms i.e. the meta-
isopentyl and para-benzyloxy substituents. Three sulfonamide de-
rivatives known as LC3 ligands were also retrieved showing the
importance of this functional group to provide a substituent able to
interact in the corresponding hydrophobic pocket (HP1).

Further superimposition of the 10 complexes was performed to
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highlight the binding modes and the importance of the residues Lys34,
Leu57 and His31 involved in the H-bonds network with the central 3-
amino-4-hydroxy-coumarine pharmacophore and also to show the in-
teractions of the ligands in the two hydrophobic pockets (HP1 and HP2)
with diversely substituted benzamide (HP2) and also the other cou-
marinyl substituent especially with a sulfonamide functional group
(HP1) (Fig. 5).

5. Conclusions

Taking advantages of the discovery of dihydronovobiocin as LC3A
ligand along with the X-ray structure of the protein-ligand complex, a
library based on the central scaffold of this antibiotic has been con-
structed from PubChem. Docking simulations of the 749 compounds
with the ArgusDock engine, a robust shape-based method revealed
several potential ligands in addition to ones already know. Examination
of the different binding modes confirms the importance of the central
coumarine scaffold and the residues involved in the H-bonds network
and also the two hydrophobic part of the compounds interacting with
the residues located in the two hydrophobic pockets HP1 (coumarinyl
substituents especially with a sulfonamide functional group substituted
with an hydrophobic substituent) and HP2 (benzamide substituents).
The simulations also enable a good prediction of know ligands
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Fig. 4. Docking score and pICs, for compounds able to induce the displacement of p62-LIR-sGFP from LC3A [16].
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Table 1
Docking score and available data in the PubChem database for compounds in the top 20.
CID numbers Docking score (kcal/mol) PubChem Biological activity / patents
H-bonds donors/acceptors
164626676 -14.92 Displacement of sGFP-p62-LIR peptide from human N-terminal SNAP-fused LC3B by time-resolved FRET assay
3/7 (Ki = 7.5 uM)

159614606 -14.75 3-acylamino-7-glycosyloxycoumarins and their preparation
2/7
|

O

P
aexee

164609749 -14.38 Displacement of sGFP-p62-LIR peptide from human N-terminal SNAP-fused LC3A by time-resolved FRET assay
2/5 (Ki = 166.5 pM)

2

1
Q
164618308 -13.71 Displacement of sGFP-p62-LIR peptide from human N-terminal SNAP-fused LC3B by time-resolved FRET assay
3/5 (Ki = 67 uM)
s
)
ALY
164616275 -13.49 Displacement of sGFP-p62-LIR peptide from human N-terminal SNAP-fused LC3B by time-resolved FRET assay
3/7 (Ki = 10.9 uM)
0 oSy
139494545 -13.22 Aminocoumarin compounds and methods of their use in the treatment of a Gram- negative bacterial infection.
2/9
oo J_o_o
|w RGPS
o ~TT0,
A
162021392 -13.21 3-acylamino-7-glycosyloxycoumarins and their preparation
3/6
O
. Y
Necuaal
139494372 -13.13 Aminocoumarin compounds and methods of their use in the treatment of a Gram- negative bacterial infection.
2/7
oo d oo (2
g | @Y
i T
155480556 -13.09 Aminocoumarin compounds and methods of their use in the treatment of a Gram- negative bacterial infection.
2/7
J opo oo
./ AL NN
7 I
164611734 -13.08 Displacement of sGFP-p62-LIR peptide from human N-terminal SNAP-fused LC3B by time-resolved FRET assay
3/7 (Ki = 4.2 pM)
Do ety
T o 050
155480932 -12.87 Aminocoumarin compounds and methods of their use in the treatment of a Gram- negative bacterial infection.
2/7
‘eSS
i IS Re
139494534 -12.78 Aminocoumarin compounds and methods of their use in the treatment of a Gram- negative bacterial infection.
2/8

(continued on next page)
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Table 1 (continued)
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CID numbers

Docking score (kcal/mol)

H-bonds donors/acceptors

PubChem Biological activity / patents

139494431

87195253

139494507

155480863

o

\

L 0,0 N\ 00

‘ORYOH1

s .
!

139494582

129275093

155481178

-12.75
3/5

-12.74
2/12

-12.65
3/8

-12.62
4/10

-12.54

2/8

-12.53
2/8

-12.44
4/7

-12.41
3/5

Aminocoumarin compounds and methods of their use in the treatment of a Gram- negative bacterial infection.

None

High-sensitive fluorescent energy transfer assay using fluorescent amino acids and fluorescent proteins

Aminocoumarin compounds and methods of their use in the treatment of a Gram- negative bacterial infection.

Aminocoumarin compounds and methods of their use in the treatment of a Gram- negative bacterial infection.

Aminocoumarin compounds and methods of their use in the treatment of a Gram- negative bacterial infection.

Autophagy inhibitors

Aminocoumarin compounds and methods of their use in the treatment of a Gram- negative bacterial infection.
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Table 2
Binding of compounds in the top 10 and 2D representation with the H-bonds networks.
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Table 2 (continued)
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Table 2 (continued)
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Table 2 (continued)
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Fig. 5. Superimposition of the binding modes for the compounds (cyan) in top
10 within the binding site without surface (A) or with protein surface (B).
Important residues involved in H-bonds are colored in magenta.

demonstrating the robustness of the docking method based on a robust
and exhaustive search algorithm. This machine learning protocol can
further be applied to the identification of LC3 ligands with original
structure. This aspect is currently under investigation using larger
compounds databases with structural diversity for the discovery of po-
tential autophagy modulators.

Declaration of Competing Interest
The authors declare that they have no known competing financial

interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgments

The authors thank MESRI and CNRS for Financial support.

Appendix A. Supporting information

Supplementary data associated with this article can be found in the
online version at doi:10.1016/j.aichem.2023.100022.

References

[1] T. Lamark, T. Johansen, Mechanisms of selective autophagy, Annu. Rev. Cell Dev.
Biol. 37 (2021) 143-169.

[2] Z. Xie, D.J. Klionsky, Autophagosome formation: core machinery and adaptations,
Nat. Cell Biol. 9 (2007) 1102-1109.

11

[3]
[4]

[5]

[6]

[71

[8]
[91

[10]

[11]

[12]
[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

Artificial Intelligence Chemistry 1 (2023) 100022

L. Dikic, Z. Elazar, Mechanism and medical implications of mammalian autophagy,
Nat. Rev. Mol. Cell Biol. 19 (2018) 349-364.

M. Kocak, S. Ezazi Erdi, G. Jorba, I. Maestro, J. Farrés, V. Kirkin, A. Martinez,

O. Pless, Targeting autophagy in disease: established and new strategies,
Autophagy 18 (2022) 473-495.

X. Li, Q. Liu, X. Xie, C. Peng, Q. Pang, B. Liu, B. Han, Application of novel degraders
employing autophagy for expediting medicinal research, J. Med. Chem. 66 (2023)
1700-1711.

J. New, S.M. Thomas, Autophagy-dependent secretion: mechanism, factors
secreted, and disease implications, Autophagy 15 (2019) 1682-1693.

Y. Zhang, X. Liu, D.J. Klionsky, B. Lu, Q. Zhong, Manipulating autophagic
degradation in human diseases: from mechanisms to interventions, Life Med. 1
(2022) 120-148.

B.L. Heckmann, D.R. Green, LC3-associated phagocytosis at a glance, J. Cell Sci.
132 (2019), jcs222984.

V. Kirkin, V.V. Rogov, A diversity of selective autophagy receptors determines the
specificity of the autophagy pathway, Mol. Cell 76 (2019) 268-285.

N.N. Noda, H. Kumeta, H. Nakatogawa, K. Satoo, W. Adachi, J. Ishii, Y. Fujioka,
Y. Ohsumi, F. Inagaki, Structural basis of target recognition by Atg8/LC3 during
selective autophagy, Genes Cells 13 (2008) 1211-1218.

S.E. Reid, S.P. Kolapalli, T.M. Nielsen, L.B. Frankel, Canonical and non-canonical
roles for ATG8 proteins in autophagy and beyond, Front. Mol. Biosci. 9 (2022),
1074701.

N. Wesch, V. Kirkin, V.V. Rogov, Atg8-family proteins—structural features and
molecular interactions in autophagy and beyond, Cells 9 (2020) 2008.

N. Mizushima, T. Yoshimori, Y. Ohsumi, The role of Atg proteins in autophagosome
formation, Annu. Rev. Cell Dev. Biol. 27 (2011) 107-132.

J.P. Gray, M.N. Uddin, R. Chaudhari, M.N. Sutton, H. Yang, P. Rask, H. Locke, B.
J. Engel, N. Batistatou, J. Wang, B.J. Grindel, P. Bhattacharya, S.T. Gammon,

S. Zhang, D. Piwnica-Worms, J.A. Kritzer, Z. Lu, R.C. Bast Jr., S.W. Millward,
Directed evolution of cyclic peptides for inhibition of autophagy, Chem. Sci. 12
(2021) 3526-3543.

H. Brown, M. Chung, A. Uffing, N. Batistatou, T. Tsang, S. Doskocil, W. Mao,

D. Willbold, R.C. Bast Jr., Z. Lu, O.H. Weiergraber, J.A. Kritzer, Structure-based
design of stapled peptides that bind GABARAP and inhibit autophagy, J. Am.
Chem. Soc. 144 (2022) 14687-14697.

M. Hartmann, J. Huber, J.S. Kramer, J. Heering, L. Pietsch, H. Stark, D. Odadzic,
1. Bischoff, R. Fiirst, M. Schroder, M. Akutsu, A. Chaikuad, V. Détsch, S. Knapp, R.
M. Biondi, V.V. Rogov, E. Proschak, Demonstrating ligandability of the LC3A and
LC3B adapter interface, J. Med. Chem. 64 (2021) 3720-3746.

S. Fan, L. Yue, W. Wan, Y. Zhang, B. Zhang, C. Otomo, Q. Li, T. Lin, J. Hu, P. Xu,
M. Zhu, H. Tao, Z. Chen, L. Li, H. Ding, Z. Yao, J. Lu, Y. Wen, N. Zhang, M. Tan,
K. Chen, Y. Xie, T. Otomo, B. Zhou, H. Jiang, Y. Dang, C. Luo, Inhibition of
autophagy by a small molecule through covalent modification of the LC3 protein,
Angew. Chem. Int. Ed. Engl. 60 (2021) 26105-26114.

M. Steffek, E. Helgason, N. Popovych, L. Rougé, J.M. Bruning, K.S. Li, D.J. Burdick,
J. Cai, T. Crawford, J. Xue, W. Decurtins, C. Fang, F. Grubers, M.J. Holliday,

A. Langley, A. Petersen, A.L. Satz, A. Song, D. Stoffler, Q. Strebel, J.Y.K. Tom,

N. Skelton, S.T. Staben, M. Wichert, M.M. Mulvihill, E.C. Dueber, A multifaceted
hit-finding approach reveals novel LC3 family ligands, Biochemistry 62 (2023)
633-644.

E. Leung, D.M. Ayine-Tora, A. Santos-Ledo, V.I. Korolchuk, J. Reynisson,
Identification of novel Atg3-Atg8 inhibitors using virtual screening for autophagy
modulation, Bioorg. Chem. 114 (2021), 105092.

M.P. Schwalm, S. Knapp, V.V. Rogov, Toward effective Atg8-based ATTECs:
approaches and perspectives, J. Cell Biochem. (2023). DOI.10.1002/jcb.30380.
M. Pandey, M. Fernandez, F. Gentile, O. Isayev, A. Tropsha, A.C. Stern,

A. Cherkasov, The transformational role of GPU computing and deep learning in
drug discovery, Nat. Mach. Intell. 4 (2022) 211-221.

R.S.K. Vijayan, J. Kihlberg, J.B. Cross, V. Poongavanam, Enhancing preclinical
drug discovery with artificial intelligence, Drug Discov. Today 27 (2022) 967-984.
X. Yang, Y. Wang, R. Byrne, G. Schneider, S. Yang, Concepts of artificial
intelligence for computer-assisted drug discovery, Chem. Rev. 119 (2019)
10520-10594.

1. Halperin, B. Ma, H. Wolfson, R. Nussinov, Principles of docking: an overview of
search algorithms and a guide to scoring functions, Proteins 47 (2002) 409-443.
D.B. Kitchen, H. Decornez, J.R. Furr, J. Bajorath, Docking and scoring in virtual
screening for drug discovery: methods and applications, Nat. Rev. Drug. Discov. 3
(2004) 935-949.

F. Gentile, V. Agrawal, M. Hsing, A.T. Ton, F. Ban, U. Norinder, M.E. Gleave,

A. Cherkasov, Deep docking: a deep learning platform for augmentation of
structure based drug discovery, ACS Cent. Sci. 6 (2020) 939-949.

Y. Yang, K. Yao, M.P. Repasky, K. Leswing, R. Abel, B.K. Shoichet, S.V. Jerome,
Efficient exploration of chemical space with docking and deep learning, J. Chem.
Theory Comput. 17 (2021) 7106-7119.

M.A. Thompson, 2004. ArgusLaB 4.0.1 planetaria Software LLC Seattle WA.

R.A. Laskowski, M.B. Swindells, LigPlot+: multiple ligand-protein interaction
diagrams for drug discovery, J. Chem. Inf. Model 51 (2011) 2778-2786.

L. Soulere, C.O. Soulage, Exploring docking methods for virtual screening:
application to the identification of neuraminidase and Ftsz potential inhibitors,
Mol. Simul. 43 (2017) 656-663.

G.M. Morris, D.S. Goodsell, R.S. Halliday, R. Huey, W.E. Hart, R.K. Belew, A.

J. Olson, Automated docking using a lamarckian genetic algorithm and an
empirical binding free energy function, J. Comp. Chem. 19 (1998) 1639-1662.
G. Jones, P. Willett, R.C. Glen, A.R. Leach, R. Taylor, Development and validation
of a genetic algorithm for flexible docking, J. Mol. Biol. 267 (1997) 727-748.


https://doi.org/10.1016/j.aichem.2023.100022
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref1
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref1
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref2
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref2
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref3
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref3
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref4
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref4
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref4
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref5
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref5
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref5
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref6
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref6
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref7
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref7
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref7
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref8
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref8
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref9
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref9
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref10
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref10
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref10
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref11
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref11
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref11
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref12
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref12
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref13
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref13
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref14
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref14
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref14
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref14
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref14
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref15
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref15
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref15
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref15
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref16
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref16
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref16
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref16
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref17
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref17
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref17
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref17
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref17
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref18
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref18
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref18
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref18
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref18
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref18
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref19
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref19
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref19
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref20
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref20
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref21
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref21
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref21
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref22
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref22
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref23
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref23
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref23
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref24
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref24
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref25
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref25
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref25
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref26
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref26
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref26
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref27
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref27
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref27
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref28
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref28
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref29
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref29
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref29
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref30
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref30
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref30
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref31
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref31

L. Soulere and Y. Queneau

[33] O. Akifumi, O. Megumi, K. Yukiko, Y. Tomoki, T. Ohgi, H. Matsuzaki, Evaluation of
docking accuracy and investigations of roles of parameters and each term in
scoring functions for protein-ligand docking using ArgusLab software, Bull. Chem.
Soc. Jpn. 80 (2007) 1920-1925.

[34] R. Dias, W.F. de Azevedo, Jr, Molecular docking algorithms, Curr. Drug Targets 9
(2008) 1040-1047.

[35] 1.D. Kuntz, J.M. Blaney, S.J. Oatley, R. Langridge, T.E. Ferrin, A geometric
approach to macromolecule-ligand interactions, J. Mol. Biol. 161 (1982) 269-288.

12

Artificial Intelligence Chemistry 1 (2023) 100022

[36] R. Wang, L. Lai, S. Wang, Further development and validation of empirical scoring
functions for structure-based binding affinity prediction, J. Comput. Aided Mol.
Des. 16 (2002) 11-26.

[37] Y. Ichimura, T. Kumanomidou, Y.S. Sou, T. Mizushima, J. Ezaki, T. Ueno,
E. Kominami, T. Yamane, K. Tanaka, M. Komatsu, Structural basis for sorting
mechanism of p62 in selective autophagy, J. Biol. Chem. 283 (2008) 22847-22857.


http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref32
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref32
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref32
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref32
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref33
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref33
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref34
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref34
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref35
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref35
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref35
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref36
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref36
http://refhub.elsevier.com/S2949-7477(23)00022-2/sbref36

	Machine learning approaches for the identification of ligands of the autophagy marker LC3
	1 Introduction
	2 Material and methods
	3 Theory/calculation
	4 Results and discussion
	4.1 Database construction and docking simulations
	4.2 Correlation between docking score and biological activity
	4.3 Extension to the top20 compounds with best docking scores

	5 Conclusions
	Declaration of Competing Interest
	Acknowledgments
	Appendix A Supporting information
	References


