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[Abstract]

In this paper, we review Al-based protein-ligand docking, highlighting its evolution from traditional
techniques to modern approaches utilizing deep learning and diffusion models. Computer-Aided Drug Design
(CADD) accelerates discovery, with docking central to pose prediction and virtual screening. Conventional
workflows split pose sampling (GA/MC/MD) and scoring (force-field/empirical/knowledge-based), but suffer
from receptor rigidity and binding-site dependence. Al mitigates these via CNN/GNN rescoring, learned site
prediction, and generative models. Diffusion docking (DiffDock) denoises translation/rotation/torsions, boosting
top-k accuracy. An EGFR-Gefitinib study (1M17) contrasts AutoDock Vina, GNINA, and DiffDock, motivating
hybrid Al-physics pipelines.

» Key words: Computer-Aided Drug Design, Protein-Ligand Docking, Binding Site Prediction,
Al-based Rescoring, Diffusion Model
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I. Introduction
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II. Conventional Protein-Ligand
Docking

1. Pose sampling and Scoring
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A. Conventional Protein-Ligand Docking
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B. Al-based Protein—-Ligand Docking
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III. Al-based Protein-Ligand Docking

1. Pose sampling and Scoring
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o] opla}, AlA| k&

| o2 g 2
A clopgu Quist #41E anKoz o
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6. Case Study: EGFR-Gefitinib Docking
Epidermal Growth Factor Receptor (EGFR)+ A
ZA9 ME S RA5H= receptor tyrosine kinase®, H]
AN ZH2Hnon-small cell lung cancer, NSCLC) &}
oA &5 dHolet o] WEEE £ o 7 <
Ato]tH23]. Gefitinib& EGFRQ] ATP 2% HolE 1A
o2 sk 1Mt X1EA} Elol 241 7|Uol] SHFI(TK)
2, adoz 9 AgdL ook mey
EGFR-Gefitinib 23H1= AEA £7] 7|93} 5Al Al 7|
g =) 71le vl ¥ M50 Ageh B AJARIC
2 7I3=En & A d3oA= EGFR kinase domain
(PDB ID: 1M17)3} Gefitinib (PubChem CID: 123631)2
oz, 2T B9l o5, AEA £, Al 7I4 &2 30]
2, Jeln PAk B Tk £78 expHos Agsiol
ZAnE v wslycH24]. B EGFR-Gefitinib £ Atgl=
o]A]2, AutoDock Vina (ver. 1.2.3),
GNINA (ver. 1.0), DiffDock (ICLR 2023 release)2 ©]
8sfo] 2asiaict. 7t £700) F4 A, A%t 27] @ A
A melojEe @ =2 Folo] AAelgici{12,14,25].
6.1 Binding Site Identification
=7 Algdoldy AAl 2712 2RIer Atk &
7S 7Es] f¥ste Zlolth. 2 AtolA= Fpocket
(geometry 7]8hHat GalaxySite (template 7|¥hHS =&
5o EGFR kinase domain®] AH&jAl AgF Hoj & &x|5}
FH7]. Crystal F+x29A49] binding site £A1(21.697,
0.303, 52.093)> A AgH 2Rt=] 2154 (CoM)=
71Z20 7 AoJstyict. o]of vlsl, fpocketS Ymt Ao
71gte] =71 ZAN(27.411, 1.706, 51.778)2, GalaxySite
+ BEH 718t o5 2jRteo] 2 541(23.286, 4.018,
51.872) &=stglong, Aol Atort EXft 13
o= & Wro] AAlgt 42 Crystal #Hamet 27F 5.9
A(fpocket), 4.0 A(GalaxySite) Ato] S o] AA| A%
HE BMAIRSH ol S25] skt 24]. ol=igh A}
= Al
=]

S

geometry 7|8t EMIL template 7|8t of| 0] R A3

Moz Py A% Bot FE9 WAFS T

(Fig. 2).

T o2 rf 4o

rob

Binding site 34! Z&E(x, y, 2)

Crystal (1M17) 21.697, 0.303, 52.093
27411, 1.706, 51.778

23.286, 4018, 51.872

Fpocket

Galaxysite

Fig. 2. Binding—site identification for EGFR kinase (PDB 1M17).
(A) Surface view of the EGFR kinase with the co-crystallized
ligand (green); (B) Comparison of binding—site centers (x, v,
z; A); Crystal (CoM of bound ligand); Fpocket (a—sphere
geometric center): (27.411, 1.706, 51.778, 5.9 A); GalaxySite
(template—pose center): (23.286, 4.018, 51.872, 4.0 A).

6.2 Conventional Docking with AutoDock Vina

2 271 89" %, AutoDock Vinag ©]-&3l
Gefitinib& =75ttt Vina?] A e 2|52 2
teo) BAl, 9, vlEd Aleeg BAste] 24 1Y
xx2 A §, H3A scoring functiong &-835}H0]
2912 oj7icH25]. Best £=9] binding affinity= -6.9
kcal/mol2 AAtE]9] 00, EGFR-Gefitinib &34 27X
x0t Uhe oAl AEARE molxott WA
quinazoline coret= hinge region (Met769)%] FAtES
NHe} 4 ZAghe A5t ct ®3F aniline group A
244 w7l Z140] ARIE]o] Ala719, Leu764, Leu8201}t
Jorge Yysiit. £gE mag
702 ¥ aRS 1, best BAE A4 TEo] WA
e 29 ZEo A dXIsIPeY, false 2EE AR
[UA](-6.6 kcal/mol)E 71531Z0l= =5kl
orientationo] FA £0A pocket Qto] AlA| ZAgH X9

il

ox,
>
2
fok
e}

151
2y

oAl Hloju= A2 BT olgsh A= HeA
scoring functiono] L A0] ZALS X835 J1H35IK] 2st

the SIS 2 Eof&EH{13].

6.3 Al-based Re-scoring with GNINA

AEA =79 sE Betspr] floll, =59 2255
GNINAS] CNN 7]8t scoring function© 2 AJH7}5t%
C}. GNINAE TR -2j7te =3RS 3AHd ARHgrid)
2 Hgsty Zh voxelo] oFMd EAIS QIFHR H,
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convolutional neural networksS E35l| = =0] EF Ay}
binding affinityS o] &35HH14]. B4 2} Gefitinib]
FA TAE= -7.1 kecal/mol2 H7tE]o] Vina ZAytet o
e e HYen, BAlo GNINAOME =2
CNNscore (0.856)2F S-2]3F CNN affinity (6.9)= &9l
E)oit}. ¥hH ARE orientationg Ml ZAE FARRE
Vina A4(-6.7 kcal/mol)S 7|Es)8o)z B35}
GNINAOJA= w2 CNNscore (0.024)2F Ez2]st CNN
affinity (4.8)2 H7I=]|Qlch. of2{gh Auk= GNINAZ} 7
EA scoring function®] sHA|S H A5t false positive
2 Zo|n, UA| A% REo} QAR Bx2 O HE

HE 9ge& HoFTHFig. 3). &, GNINA=
sampling> 7|& A daie]&o] O ESHA|TL scoring
SAOIA AL 718 Rl FEtoem ] e &

AAR) A Alle & 4 9ok
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6.4 Diffusion-based Docking with DiffDock

DiffDock 2j7t=9] WAl gJd A v|Ed 242 o
= oA AR F DR 2H4Hdenoising) 1=
Sofl XS AB/ISITH12]. o] u7gollA T mHO| 7]
sletalat shsia =20l £21% Yo SgE, A

[¢)
2] mRL Wro] gcoring function TjAl YAk

confidence model©f 2]3] H7}=lt}. EGFR-Gefitinib =
SAollA DiffDock2 Top-1 RMSD = 0.95 A2 24 1L

YeHoe sl

%9}

Ao A ExE

[12,21,25]. Quinazoline corex= Met7690] 44 ZAgHS
FA5t9al, aniline group2 ALA ®ZNOT Ala719,
Lys721, Leu764, Leu8200] QMdXloz QJx|stct =
OgAlE, &Yst A|ARIO] s AutoDock Vina2t
DiffDock?] Top-5 ZAi+S v]w3H-S Tf RMSD E3ojjA
T Ao YEPHTE Vina®] 749 Top-b & RMSD7}
165 Az ¢33t mxw Qglou, UmR] SHESL
1.70~8.14 Aoz ®Wap} Zct §HA DiffDocke wE
Top-5 $127} 0.83-0.95 A Wejoll $JxJste] 27 et
Aol UAsRE mxE YRoR sl 3
DiffDocke TY SHE ofyz} 4J¢] ohil S8 Avtof
X RMSD < 2.0 A 4280 100%S 7|231%o0, o]
Vina®| g435-8(°f 20-40%)2ct ¥-53] =9t} o]
Ak DiffDocko] &4t 78F A4 wHg Soff o
2 7919 7|5t A elelA AlofE o 5435] vy
O 7H, AEA GA 7|8t ST AR Ae 2E
=2 SEE S| AT 4 Se HoEoh
EGFR-Gefitinib A= &84 =704 Al 7|8 4,
Uol7} 84t el 7t =700 20 Tjejcie) Mgte & W
ol&th. Vinaw A& &AM 7|9t Aoz AA A8 &
AFS A AS15HA] T false positiveZ} £X[5HITH GNINA
o] 7% sampling2 Vinao] ©9J&3t], CNN 7]yt
scoring 2 o& Alfgeg JfAMsteich  Diff Docke
samplingd} scoringS 3kt A nElz 3R AAO]
ae/da Fde SAI FEAR. o] Blule Al 7|9

T O P S o

Ligand Vina GNINA
Affinity (kcal/mol) Affinity (kcal/mol) CNN score CNN affinity
Best pose -6.9 -71 0.86 6.9
False pose -6.6 -6.7 0.02 4.8

Fig. 3. Docking and Al re—scoring of Gefitinib in EGFR (PDB 1M17) (A) Crystal binding mode of Gefitinib; (B)
Best Vina pose; (C) Crystal ligand (green), best pose (cyan), and a misoriented false pose (magenta)
superposed within the pocket; (D) Binding affinity (Vina) and CNN re—scoring (GNINA) for best vs. false poses.
The binding mode was visualized by discovery studio visualizer.
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IV. Conclusions

Qo2 ojfstn 9lge Hlsluict

=

2 0ge ASA cpg-azie wy)o) whae gy OINE ALV 42 e 71N Bekg el Al
2 gARCE Aejsti, dejd 2 A mole xoz  of A mlojmeilo] H4l EFoR B4k gk O
3t Al 7|8 £7]0] X132 Jfd, gnels @ o8 Aoio] U ol2ieh Al 7Y =] RS2 ofils] 3 VK] oA
N ERo g pAslgdty MEA 7]e mx mzZayr S A'dth DiffDockit 22 2l RER Sk HjojE|Q]
~sojyol Bejd 725 &3 B 4 agg gRs) © =l = =

- - = o A

o, 84 Al P A £ AFE, e = T
E2u)-80)-RA/ vigo] REo2 Q) AleE of5nt =
7V 2329 Al=dol #AA AokE B2 ol
gk AL 719 22 2lAFojge S8 vy JeAkE
sl o decoy A Al 7IWF A £¢ 52 &
blind/semiblind AJuUz] @ A, A8 2P (Es] At &
&) 2 St goly 7t 2= AgoR, g gaat

Diffdock
CNNscore RMSD (A) Affinity (kcal/mol) RMSD (A)
TOP1 0.86 1.65 -7.0 0.95
TOP2 0.66 8.14 -6.9 0.94
TOP2 0.57 1.70 -6.9 0.84
TOP2 0.34 3.51 -6.9 0.91
TOP2 0.18 6.13 -6.9 0.83

Fig. 4. AutoDock Vina vs. DiffDock on EGFR-Gefitinib (PDB 1M17) (A) Top—1 docking mode from DiffDock
(B) Overlay of Vina Top—5 poses (green) with the crystal ligand (magenta); (C) Overlay of DiffDock Top—5
poses (green) with the crystal ligand (magenta; (D) Top—5 poses (Vina vs. DiffDock): Binding affinity & RMSD
to crystal (A). The binding mode was visualized by discovery studio visualizer.
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