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Butina algorithm

» Calculate similarity matrix
* Select centroid

» "Single Pass” technique

Downs GM, Barnard JM. Clustering methods and their uses in computational
chemistry. Reviews in computational chemistry. 2002;18:1-40. 15
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PHARMACOPHORE

Model optimization

Change query threshold
Change overlap ratio
Add exclusion volume
Change ligand’s shape

Common Hits Approach

Wieder M, Garon A, Perricone U, et al. Common Hits Approach: Combining Pharmacophore Modeling and Molecular Dynamics Simulations.

Journal of chemical information and modeling. 2017;57(2):365-385. doi:10.1021/acs.jcim.6b00674
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OVERVIEW QSAR MODEL
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VIRTUAL SCREENING

Computational drug discovery: three schemes
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Pharmacophore

Local search

S, GH
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Feature selection

Higher F1 score
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RESULT

F1 score
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Feature selection
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RESULT QSAR - Classification
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ADA

RESULT

MLP  logic KMN Grad ExT Catbst

RF

XGB SVM

ADA  Catbst ExT Grad KWNMN  Logic MLP RF

SWVM  XGB

NS

p = 0.05

p =001

p< 0001

QSAR - Classification

Model selection

Logistic regression

Gradient Boosting

CatBoost
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RESULT

QSAR - Classification

Model Optimization

Data sampling

Over-sampling, under-sampling

Hyperparameter Tuning
Grid search,

Probability

Sigmoid (Platt Scalling) or isotonic
(Isotonic Regression).
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RESULT

Data sampling
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RESULT

Gradient tuning Contour Plot
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RESULT

QSAR - Classification
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RESULT QSAR - Classification

External Validation

Internal Validation External Validation

AP F1 D6 nhay AP F1 D06 nhay
Baseline 0,936 0,849 0,809 0,928 0,873 0,864
Optimize 0,933 0,852 0,817 0,938 0,874 0,865
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RESULT QSAR - Classification

Convex hull Applicability domain

isomap2
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RESULT QSAR - Classification

Applicability domain

Isomap \YIDN
CHEMBL3310415
CHEMBL394650 CHEMBL2236598
CHEMBL252831 CHEMBL3310409
CHEMBL19043 CHEMBL1914564
CHEMBL252757
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RESULT

Re-docking

1
b

Retrospective control

—

MOLECULAR DOCKING

Software selection
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a0l RESULT

Autodock-GPU

A Front view Side view

RMSD = 0.63

é’
o
« - Polarinteractions --- m-Ttinteractions yr}

) HIVintegrase @ vDNA @ Mg2* @ Co-crystallized Bictegravir () Redocked Bictegravir

MOLECULAR DOCKING

Re-docking
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RESULT MOLECULAR DOCKING

Re-docking

Softwares RMSD Best docking
A) score(kcal/mol)
Smina 0,677 -10,10
Qvina2 0,716 -9.30
Autodock Vina
1.2.3 0,636 -0,86
Vina-GPU 0,792 -9.80
Autodock-GPU 0,630 11,11
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RESULT

Autodock-GPU

=== add_gpu_mean

ad4_gpu_median
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Docking score
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True Positive Rate

o
FS

RESULT MOLECULAR DOCKING

Autodock-GPU Retrospective control

Autodock-GPU_min:

- AUC =0,876
- G-mean max = 0,841
- TPR = 0,806
- FPR =0,123

- cutoff = -9,71 kcal/mol

—— ad4_gpu_mean (AUC = 0.860)
~—— ad4_gpu_median (AUC = 0.854)

—— ad4 gpu max (AUC = 0.795
—— ad4_gpu_min (AUC = 0.876)
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True Positive Rate

RESULT

Autodock-GPU
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e & gpu_min (AUC = 0.876) Cutoff =-9.71 kcal/mol '
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4.3Pro
pChEMBL = 7,00

6.3Pipe
pChEMBL = 7,08

4.3Pipe 6.3Pro
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a o 0

AL, o
1 o
A
6.3.Arg 13Pro
pChEMBL = 7,40 pChEMBL = 7,16

NH,

VIRTUAL SCREENING

a

43Tyr
pChEMBL = 7,06
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RESULT

Docking score (kcal/mol)

=10

-12

-16

-18

Bictegravir

1.3.Pro

4.3.Pipe

4.3.Pro

4.3.Tyr

VIRTUAL SCREENING

L]

6.3.Arg

Molecular Docking

SEpe

6.3.Pipe 6.3.Pro
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RESULT VIRTUAL SCREENING

Molecular Docking

Group 1: 4.3.Pipe, 6.3.Pipe

Group 2: 1.3.Pro, 4.3.Pro,
6.3.Pro

Group 3: 4.3.Tyr

Group 4: 6.3.Arg
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