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Inibitori HDAC1
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Steps

Generazione training set

Sviluppo modellil di classificazione binaria e

regressione

Validazione esterna modelli

Analisi similarita molecolare test - training sets

Studio di selettivita HDACI1-HDAC4

Virtual screening
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1l.Generazione Training set
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features(X)
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MCC fit
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Metriche wvalidazione

classificazione
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MCC SvC Randomforest Gradientboosting
Desc. mol. 0.64 (A) 0.52 0.63
Fingerprints 0.70(B) 0.608 0.69
A 10 B 10 -
0.8 0.8 ‘,,"
Y svm0 (AUC = 0.89) o svm0 (AUC = 0.91)
& 06 4 ] svm1 (AUC = 0.86) @ 06 | svml (AUC = 0.94)
g ,/’ —— sym2 (AUC = 0.90) g svm2 (AUC = 0.91)
2z Pl —— svm3 (AUC = 0.90) G svm3 (AUC = 0.93)
€ 041 » —— svm4 (AUC = 0.88) § 04 - svm4 (AUC = 0.93)
f_ - svym0 (AUC = 0.89) g svm0 (AUC = 0.93)
5 svml (AUC = 0.88) svml (AUC = 0.91)
0.2 1 . svm2 (AUC = 0.91) 021 - svm2 (AUC = 0.93)
svm3 (AUC = 0.89) svm3 (AUC = 0.91)
0.0 svm4 (AUC = 0.88) 0.0 svm4 (AUC = 0.92)
00 02 04 06 08 10 00 0.2 04 06 08 10
False Positive Rate False Positive Rate
MCC 0.65(A) 0.71(B)
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R red SVR Randomforest
Desc. molecolari 0.59(A) 0.56
Desc. mol. scalati 0.57 0.64(B)
Fingerprints 0.73(C) 0.57
svr_PCA _descriptors rf_scaled_descriptors svr_fingerprints
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Experimental Activities Experimental Activities Experimental Activities
Q? 0.64(A) 0.65(B) 0.75(C)
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3.Validazione esterna
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ATTIVE INATTIVE

MCC R?
Descrittori mol. 0.68 0.12
Fingerprints 0.88 0.28
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5.Selettivita HDAC1l-HDAC4
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[GENERAZIONE DATASET E LABELS]

pIC;, HDAC1 | PICs, HDAC4 | Ratio | SELECTIVITY_ HDAC1-4
5.24 6.47 -1.23
7.27 5.0 2.27
4.90 4.47 0.43

545 molecole totali:

185 selettive HDAC4

144 selettive HDACI

216 non selettive

[MODELLI DI CLASSIFICAZIONE E REGRESSIONE]

MCC Q?
Desc. molecolari 0.89 0.83
Desc. mol. scalati - 0.83
Fingerprints 0.90 0.85
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