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7 In Silico Drug Discovery

« Top pharmaceutical companies are collaborating with computational start-ups
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¢ Structure-Based Virtual Screening

« Searching the binding pose of a ligand within a pocket
» Receptor structure is required
* Protein-ligand docking
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 Docking of Millions

« Aim: Screening million scale library with a time scale of a week
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7 VV-Dock

Docking of 0.1m molecules and train a docking score predictor
from molecules to docking score
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7 AK-Score2

citrus creamy sweet baked spicy odorless

£

vanilla clean alcoholic beefy chocolate fruity
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7 DoM: Iterative V-Dock

Small molecule library
_ e
e — 5. Model inference
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7 Benchmark

« Compare DoM result with virtual screening data

* Mcule in stock library (5M compounds)
 Learning algorithm: Multi-Layer Perceptron with 1386 features
* |nitial compounds: 142k clustered from Mcule in stock library
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Q h 5 — CREBBP Bromodomain 5NU3

PDES Phosphodiesterase 2H42
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7 Benchmark

A 1000 Reproducibility B 100 V-Dock Prediction Accuracy
e | e ' Average computation time: 4.2%
: T - S e e——e—e 4 o ——0——0——0——0—0—0—O .
R o e L R et 2616 h (full screening) — 109 h (DoM)
E o i ,5 0.90 - /9/.:::0—'—0—‘0,——,"“.
g 0.925 — = i % ‘ séz/./:/o-".—fo——o-!“\o
s e _ .
§ 000 - | 8 oss = Average docking runs: 5.4%
] \‘\o\. o 2 Y e .
m::) P00t < 5M (full screening) — 0.27M (DoM)
0.825 - J 0.75 MW LogP Number of H donors Number of H acceptors
. 6 74 15.0 4
0.800 -1 r—7 +— — — Y — =009 4 . @
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10 2 s 1257
Iteration Iteration 400 24 _§ 51 g 10.0 -
o 04 4 © 4
C Top 100 Recovery Rate E 200 g N E ;. 325 Z: . :5:;
1.0 1 a $ ) $ =9 a2l € 24 > g > -_..==.._
/0—"’/’—; ‘/’___’__:_:__:’_:_’____’ 4 = £ | ==
* t/~'*”"’—"_‘ 200 1 6+ =1 2 1 <+
S e e N L

T T T T T T T T
7] ./+/ Screened Selected Screened Selected Screened Selected Screened Selected
-
© .} L)
; 0.6 / TPSA Number of Rings Number of rotatable bonds Fsp3
5 i 200 144 30 4 1.0 A
g / :
g 0.4 1 / v 12 4 2
& 150 " _8 254 0.8 4
7 £ 107 =2
« 2 7 0.6
0.2 $ B < s o -
7% @ 100 S & s 2
o u o 15 ) |
o, = 2 64 = 04
0.0 +—@- £ i T E 10
T T T T T T T T T T 50 é ¢ EE g 0.2
1 2 3 4 5 6 7 8 9 10 2 - g 54
Iteration + = 0.0 1
0 04 04
o T T T T T T T T
— DDR1 —— ckit —— ASKI —— NSD1 —— CREBBP —— PDE5 Screened  Selected Screened  Selected Screened  Selected Screened  Selected

. Ol
CH 2t 015 45} 2]

Korean Society of Gynecologic Oncology




Activity (% Control)

Activity (% Control) Activity (% Control)

Activity (% Control)

125 H .
100 —
75
50 —

25

100 —
75
50

25

100 — .
75—
50

25—

100
75

50 —

logqo

7
conc (M)

logqo

7
conc (M)

log1o

conc (M)

logqo

conc (M)

20264 CHEIRANF YLD M31XF =H S EX S

« Target: ASK1
« 27 molecules purchased

* 1 molecules showed activity
< 50%

* Lowest IC;y = 1.9 uM

» Target: DDR1
« 31 molecules purchased

* 4 compounds with activity < 50%
* Lowest IC., = 788 nM
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Z Hurdles in Structure-Based Virtual Screening

« Cannot handle conformational change of a receptor properly

« Performance on homology modelled structure is not as high as on holo
structure (Hao et al., J. Chem. Inf. Model., 2009)

« Considering receptor flexibility requires more time and computational resources
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7 Kinase: Major Drug Targets . ommmmnims  soomormtiai i

targets in major families that target major families

« 56% of targeted proteins
 Target of 30% of small molecules
 Loop flexibility in bir"

l GPCRs (7TM1)

B lon channels

[ Kinases

[ Nuclear receptors
B Other

M Percentage of compounds in ChREMBL
[ Percentage of drugs
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7 Kinase: Structural Changes

- KinCoRe (Modi and Dunbrack PNAS 2019)
 Classifying kinase active site structure into 12 categories
« Spatial group: DFGin, DFGinter, DFGout

 Dihedral cluster: (¢,y) of X-DFG (residue before conserved Asp), DFG-Asp, DF
G-Phe and side chain dihedral (x1) of DFG-Phe.

g/

ATP pocket Class KinCoRe Notation
oot Activator DFGin_BLAmMinus

= Inhibitor DFGin_BLBplus, DFGin_ABAminus
Type-Il Binding DFGout_BBAminus
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7 Traditional Methods to Target Multiple Structures

« Ensemble: docking ligands to set of target protein structures

MIDII]E::uIar Different Dﬂ::Ekié‘lg sc:;re Final Li_gand
ibrary i and pose ranking
conformations .Df orediction
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, Deep Learning Methods to

Generate Multiple Conformation
« Dominates structure prediction field

« AlphaFold3 (DeepMind)
 RoseTTAFold (D. Baker)
« ESMFold (Meta)

CASP14 (2020)

220

: Alphafold2

Sum(Zscore>0.0)
I}
o

[HE NOBEL PRIZE
IN CHEMISTRY 2024

payawl|3 sepjIN :suoijeaysn|||

Demis John M.
Hassabis Jumper

“for protein structure prediction”

David
Baker

“for computational
protein design”

THE ROYAL SWEDISH ACADEMY OF SCIENCES
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7 Biases in Kinase Structure Space

80 | All Human Kinase Structures
70 1 25 Kinase Structures
9 Standard AF2 Predicted Structures
2.- 60 AlphaFold3 Predicted Structures
T 50
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g' 40
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O 2
DFGin- DFGin- DFGin- DFGin- DFGin- DFGin- DFGin- DFGinter- DFGinter- DFGout- DFGout- Unassigned-
ABAminus BLAminus BLAplus BLBminus BLBplus BLBtrans Unassigned BABtrans Unassigned BBAminus Unassigned Unassigned

Kinase Structural State
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orean Society of Gynecologic Oncology
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7 Multi-State Modeling to Get the Conformation of Interest

* Replacing MSA part to follow specific template conformation
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7 Multi-State Modeling to Get the Structure of Interest

[ ] Af2 modeling without template

[ ] DFGin_BLAminus

[] DFGin_BLBminus

|:| DFGin_BLBplus Activation loop
|:| DFGout_BBA_minus
PDB:2QD9

KLIFS //’ —» DFGin- Filter.models tﬁgerlxeec;tt Final
=Y by KinCoRe
(11106 Structures) riiation pIDDT Model

model




- 202643 CHOHSIQIFZ QOS] 31Xt X 7| Al FLX|2:

7 Benchmarking AF2 Multi-State Modeling

» 25 Kinase from DUD-E set
 Protein crystal structure
 Active compounds bind to the target kinase
« Decoy compounds have similar chemical features to the actives but do not
bind to the protein

» Docking using AutoDock-GPU

* Virtual Screening Benchmark
« Enrichment factor
« AUC
« BEDROC
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7 Screening Evaluation Metric: BEDROC

« AUC cannot discriminate three cases below
« BEDROC puts additional weight to the early recognition

ROC Curve ROC Curve ROC Curve

=
=
iy

D.5

Binder found fraction
Binder fourld fraction
Binder found fraction

|0.5
*Nonbinder found fraction

(=]
o
o

1 1

"Nonbinder found fraction " Nonbider found fraction
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4 MSM Virtual Screening Benchmark

« Categorizing kinases based on ligand diversity

« Based on the dissimilarity of active compounds

* The multi-state model performs better than the standard AF2 model when the a

ctive compounds are diverse

Diversity EF 1% AUC BEDROC
CREEOR \ISM AF2  AF3  Xtal MSM AF2  AF3  X-stal MSM AF2  AF3  X-al
AllTargets 82 66 69 7.8 0661 0.659 0.664 0.674 0.183 0.183 0.184 0.213
>0.7(14) 64 46 48 53 0.648 0.641 0.647 0.667 0.154 0.146 0.151 0.175
<0.7(11) 106 9.1 95 109 0678 0681 0.685 0.679 0.220 0.229 0.228 0.245




Example: CSF1R

EF1 AUC BEDRO Div. of Top 1 IC50: 45

54 0.643 0.161

0.134

ChEMBL245377  Rank

Standard AF2 167

Standard AF2
Song et al. Sci. Rep. (2024) 14:25167
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7 Predicting Conformational State using Language Model
« KASSPer (Kinase Active Site Structure Predictor)

Kinase ‘
AAseq ’l Selnr e
" JJ ~

ABAmMinus
BLAmMinus
BLAplus
BLBminus
»1 BLBplus
BLBtrans

Ligand ’l ‘ Unassigned
Smiles S A KASSPER DFGout

DFGothers




- 202643 CHOHSIQIFZ QOS] 31Xt X 7| Al FLX|2:

7 Predicting Conformational State using Language Model

 Human kinase structure dataset
* With co-crystalized ligands
e /673 structures
 Training : Validation : Test=70:15:15

» External validation set
* Mouse kinase structures co-crystalized with ligands
» 303 structures

« Annotate structural state using KinCoRe
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7 Conformational State Prediction Benchmark

 LightGBM performed best among tested models for human structures

BB Human: LightGBM EZ] Mouse: LightGBM
S Human: Stacked (LGBM+RF) 3 Mouse: Stacked (LGBM+RF|
~ -

MCC: Single Model A

XGBoost LightGBM Random Cross
Forest Attention

0.796 0.819 0.798 0.511 0.771 " }

Recall
o =

MCC: Stacking Ensemble

XGBoost + LightGBM XGBoost " )
LightGBM + RF + RF
0.811 0.818 0.806 f
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7 Application to Virtual Screening

o 25 kinases of DUD-E

 Predicting conformational state and docking the ligand to the state before docking
improves for all metrics

10 -1.0

23 KASSPER
I Ensemble Docking
8.547
8 ----- é/// ————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————— 0.8
/ 7.189

= 0.668 53
o]
v
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(@)
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£ <
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w

2_ _______

EF1s, EFss, EF10m AUC '
_ Performance Metric Jang and Shi
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