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SRR Al evolvus

e Bioinformaticians were able to segregate
protein targets by several means from 1D to
3D and 4D

!
"
b‘ e We have potent means to perform same

analysis from ligand standpoint:
- Fingerprint (e.g. 2D,3D, interactionFP, etc)
— Shape Descriptors

- Grid

e Do we appreciate their peculiarities?
e Would our structural knowledge grow, if we

knew some frequent target-directing structural
pattern?
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SLe Tt — Method evlvus
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e Plenty of late work trying to link protein
structures, functions and cavities to ligands (and
vice versa) through similarity concepts

e I would here stress not new methods but what we
have already in our hands to boost ideas with
couple of applications with freely available
software (like KNIME, RDKit, R)

e FP = Do we appreciate their peculiarities enough?
e Can we look into statistical models? If yes,do we?

’
'
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or different scopes evlvus

FP Type Tan-Distance
MW, LogP,HA(CDK)... 0.000
Y Y Layered(RDKit) 0.082
N /NL AtomPairs (RDKit) 0.098
J\)ﬁ ) M ) Indigo(GGA) 0.190
NN 7N Morgan(RDKit) 0.302
Ny C’\@C’ FeatMorgan(RDKit) 0.348
\::. I ErG* 0.375
Ki =30 nM Ki> 10,000 nM
Fig. 1.7 A particularly striking effect of positional isomerism @

[K; values for binding to the human corticotropin-releasing
factor 1 (CRF1) receptor] [16].

Similarity ~ 0.62-65

*N. Stiefl et al. JCIM.,(2006), 46(1)208; N. Stiefl et al. JCIM, (2006), 46(2)587 ’

A. Zaliani 9thICCS




for different scopes evcfolvus

Tan-Distance

Malecules

CDK)...  0.000

it) 0.082
DKit) 0.098
0.190
it) 0.302
\((RDKit) 0.348
0.375
wdledsd RDKit FP Similarity.
toIndigo Fingerprint g"'ﬂ;;l'r;“"'“ @
"'r}
1.62-65
Ml} Ml I'~.I2 GGA Indigo FP Similarity.

*N. Stiefl et al. JCIM.,(2006), 46(1)208; N. Stiefl et al. JCIM, (2006), 46(2)587

A. Zaliani  9thICCS 5 /
k]




cophore-fingerprint evlvus

N
Development of ErG (Extended reduced Graph), a 2D- )\/\Qé
pharmacophoric similarity tool for virtual screening N

ErG is much less substructure-dependent so that: ‘7 Charge H-Bonding
eOpens opportunities in library design (scaffold-hopping) D’

N
eMultiple-to-one correspondence of chemical substructures to %c
pharmacophoric patterns = ‘abstract’ % rophobic andeaps

eSimilarity searching & ‘scaffold-hopping” documented v\@é
Hf S
_Ac

*FP interpretable as each bit corresponds to the count of

pharmacophore pair distances in graph & )
D
«Atom types [6] generate pairs [21] x max_distance " @ i Abstactring fomg
[15] = 315 bits | Fhe
AcAcdl,AcAcd2,...,AcDod4,...,ArHfd4,......+-d15 D
Cpd A0, 0, ....)1, ...1, ...,0
Pt RDF vectorization ”fWA@E Graph
“Ac
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lent plan - Dataset  evélvus

& ¢ From a mix of literature and proprietary

" databases select a relevant random subset
(ca.17K) of compounds showing at least one
activity (pEx50>6) towards a precise target
among class families like

GPCR-A, Kinases, Proteases or NHR

e Data are high quality in terms of
consistency

e Less than 5% of entire Pharma Database of
Evolvus

e To check homogeneity all vs. all similarity |
E\I;aluation with TanDistance under different g

~gk

A. Zaliani  9thICCS 7



o evolvus

iebtor Database

Small Molecule Ligand Database Features

Targets Annotated « 3.2 Million Structures
- GPCR’s « > 1000 Targets
- lon- Channels + Global Patents
- CNS Transporters « Med Chem. Journals
- Kinases - Data annotated from 1967
- Proteases  Multiple Target Data
- Phosphatases - 2D Structures

* Molecular Descriptors
« |C50 and Unified Values
Client Proprietary Targets « Therapeutic Indications

Liceptor database can be customized with client specified additional fields and

custom data annotation
. oo




Qpen-Source Cheminformatics Opﬁons
and Machine Learning Heat Map
—  Gradient

I | HeAT

Compound #
Compound #

Similarity

RDKit FP

ore-based FP betterevlvus

Options

Heat Map

RDKit Feature Morgan FP
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ore-based FP betterevlvus

Options

Gradient Heat Map Options

Gradient

e
AT v

ME'EI‘E to EDH Compound #
o
Mode 2 Compound #
Molecules
Similarity
RDKit FP RDKit Feature Morgan FP
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t plan - Dataset

evolvus

Distribution of Target Classes

[PROT = 080 (5%)

GPCRA = 8,064 (36%) [ KIN = 4,152 (24%)|

{NHR = 5,852 (34%) |

S PROT=969 ®KIN=4152 © NHR =51852 © GPCRA=6064
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ids and pExC50 evlvus

Find Murckeo RDKit Fingerprint I'llgerprlﬂ

m‘ﬂ%

File Reader Molecule Type Cast
Molecule to RDKit Scaffolds

|
o Open-Source Cheminformatics * 0
and Machine Learning

Murcko Fetl‘u"lmgan

ErG pruﬂled all Nude 23 Nu — Nu o1 Nude 2 Node 24
Murclm_FetMmgan
‘ File HiLite
1.000— ml.0 = 10 oo
|
b - ! — 0%
| I I
| I I
| | I 0.&8
| |
0.735— : o7 I 0.éa
| : iU.EE
|
| 0.61
0.59 0.58 L 0.58 i
0535 0.8
0.49 '
qu_q_ —— 0,44 |
|
o | 0.41
— : ! — 032 — 0.33
| I I I
| ! I .
| e (1,15 ! + o
0.135 | | |
GPCRA KIN NHR




NHR

US

PROT

Open-Source CH
and Machin)

0.2007
0.1007
o

I I I I I I I I

[6 - 6.722) (B.722 - 7.444] (7.444 - B.166] (5.166 - 8.888] (5.888 - 9.61] (9.61-10.332] (10.332- 11.054] (11.054- 11.776]

Default Settings | Column/Aggregation settings | Bin settings | Visualization setﬁngsl Deiails|

Aggregation method: Binning column: "D picso ]
@) Average Available columns ————— Agaregation columns
add ==
© sum = :
@ Row count Aggregation column: || | -d13
: | o L
(71 Row count {wfo missing values) | —di5 -




Ication Model

« Partition Tree model generated

can be predicted with 15 ErG
" distances only

I« If shuffled on Y, models generated
b with ave errors ranging 63-77%

~(100x)
_u Confusion Matnx - 0:126 - Scorer l 3 | =] |_ﬂh_J
«
| File Hilite
platform \ Prediction ... GPCRA MHR. KIM PROT
GPCRA 642 127 74 B
INHR. 38 716 55 0
IKIN 33 55 450 3
PROT 10 1 1 122
Correct dassified: 1,970 Wrong dassified: 413
Accuracy: 82.669 % Error: 17.331 %

A. Zaliani 9thICCS
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¥ . Platform (KIN, GPCRA, NHR, PROT)

Error % in 100 Y-shuffled Models

lllllllllllllll

Loop on partition training/test

%%%%%%%%%%%%%




lassification Model evci>lvus

’ 0,70 -
b 0,60

0,50
0,40
0,30
platform Area
0,20 PROT 059812
KN 0 8230
HHR 08051
0,10 GPCRA 07347
0 -tr——1T——"T T T T T 1

—T—
o0 0410 020 030 040 050 060 O70 080 0950 1,00 15




missclassified evIvus

' ‘e 15 DIStances enough tO Segregate 17K El @D[Dn.ﬁ.rdl::t]]: dass KIN' (1,654 of 2,684)
compounds 1n four classes

s . o — d =0 d 1 1 , f !
Te FI’OIIl mOdCl some 1n81ghts can be =) @D[ﬁ:ﬂn 3 «=0]: dass 'KIN' (1,400 of 2,044)

1 extracted: EI @D[anrdq <=0]: dass ¥IN' (781 of 1,320)
'+ Example KIN relevant features: i N[ pots <= 1: doss Yo (50167
1. Presence of HetNH [DoArd1>0]
N _ o Qﬂ[nmrda <=0]: dass'NHR' (210 of 485)
1. Absence of a-aminoacid signature

@D [AcArd3 > 0]: dass KIN' (332 of 502)

AcDod3 =0
111. Need of AcArd3 >0 1f 1. applies or =1 & (2[Jowdt> 1: cessrav m00f233)

@D [HfArd2 <= 0]: dass 'KIN' (279 of 324)

@D HfArd2 > 0]: dass 'GPCRA' (6 of 9)

] @D [HfArd4 > 0]: dlass 'KIN' (619 of 724)

=1

- t’;:‘ﬂ [AcDod3 > 0]: dlass 'GPCRA' (356 of 640)

A. Zaliani  9thICCS 16
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missclassified

evolvus

" . Table View - 0:182 - Interactive Table (65 x 320) == e o
| [File Hilite Navigation View Output
|| Row ID 5 platform | § Rank 5 target @ Smiles
. r ;
PN 5 0
{i \\:} 90 3
L 122
—
h, MNrong dassified: 413 |
Fy 1
NHR. ERb_1552  |ERb y . Error: 17.931 % |
\ / -
A
" 4 ‘d3 <=10]: dass 'NHR' (210 of 485)
Vi A
{:.-’ RN,
X / 43 > 0]: dass KIN' (332 of 502)
-"Ir-r
HO > 1]: dass KIN' (280 of 333)
A & S |
@D [HfArd2 <= 0]: dass 'KIN' (279 of 324)
- 0 @D [HfArdZ > 0]: class 'GPCRA' (6 of 9)
3-Hydroxy-6H- , i
Sl Sad RO i (] > 0: dass Y (5190 729
6H-Benzo[c]chromen-6-one derivatives as selective ERB agonists
Bioorganic & Medicinal Chemistry Letters 16, (6), 2006, Pages 1468-1472 - {:‘.D [AcDod3 = 0]: class 'GPCRA' (356 of 640)

A. Zaliani 9thICCS
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missclassified evIvus

&+ 15 Distances enough to segregate 17K

" compounds 1n four classes & (] otedt > 01 dass 0N (1,6540f 2689
7+ From model some insights can be ([t <l s 006200
1 extracted:
=R fird4 <=0]: dass KIN' (781 of 1,320
/'« Example KIN relevant features: (s =03 o r0v o113

=8 rﬂﬂ [DoArd1 <= 1]: dass KIN' (501 0f 987)

1. Presence of DoArdl
ii. Absence of ai-aminoacid signature Qs <01 cos 08 @100 589

AcDod3 =0 @D[Am d3 > 0]: dass KIN' (332 0f 502)
iii. Need of AcArd3 >0 if i. applies or =1 |

=8 @D [DoArd1 > 1]: dass KIN' (280 of 333) |
@D [HFard2 <= 0: dlass KIN' (279 of 324)

@D [HfArd2 » 0]: class 'GPCRA’ (6 of 9)

- @D [Hfard4 > 0]: dlass KIN' (519 of 724)

A. Zaliani  9thICCS i Qﬂ[mnda::u]: dass ‘GPCRA' (356 0f880)
- e ww



File Hilite
| platform \... GPCRA NHR KIN PROT
(ercra 542 127 74 5
. R 3 716 65 0
' “KIN 33 55 490 3
(PROT 10 1 1 122

) ]

Correct dassified: 1,970

Accuracy: 82,669 %

Wrong dassified: 413

Error: 17.331 %

Lo 1 1VOVIIVVGY Ul 19V 13210U1

5 platform | § target

5 Rank

@ Smiles

missclassified

evolvus

B ([ poardt > 01: cass YN (1,654 0f 2684

KIM PI3 _kin_a

PI3 kin_a_183

L

aH
"" i

{’ 3
<.

"

\ /

|
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E

E+ @D [AcDod3 <= 0]: dlass KIN' (1,400 of 2,044)

E—J (fiﬂ [HfArd4 <= 0]: class KIN' (781 of 1,320)

|:+ QD [DoArd1 <= 1): dass KIN' (501 of 987)

QD [AcArd3 <= 0]: dass NHR' (210 of 485)

@D [AcArd3 > 0]: dlass KIN' (332 of 502)

= @D [DoArd1 > 1]: dlass KIN' (280 of 333)
@D [Hfard2 <=0]: ciass KIN' (279 of 324)
@D [HFard2 » 0): dlass ‘GPCRA' (6 of 9)

- @D [Hfard4 > 0): dlass KIN' (519 of 724)

i Qﬂ[mnda::u]: dass ‘GPCRA' (356 0f620)

- -



earn evolvus

= @D [AcDod3 > 1]: dass 'PROT' {716 of 1,137)

15 Distances enough to segregate 17K & ((2[]tackds <-0): coss Gocra (1510f 206

comp ounds in four.clgsses El @D[Acnrda::u]: dlass 'PROT' (567 of 931)
¥+ From model some insights can be

E} @D [DoHfd1 <= 0]: dass 'PROT' (632 of 827)

extracted: |

¥« PROTEASE Target relevant features: - (P[] rctoz <=01: dess proT (61807 781)
' 0 - @D [Hfardd <= 1]: dass PROT' (605 of 741)

i. Presence of AA signature AcDoD3 ||

NH, . @D [DoHfd12 <= 0]: dass PROT' (371 of 503)
C -- = D [DoHfd2 <=0]: dass PROT' (250 of 379)
11 Presence Of ACAI’d3 -- G |:| [DoHfd2 = 0): dass 'PROT' (121 of 124)
Hf = @D [DoHfd12 > 0]: dass PROT' (234 of 238)

@ |:| [Hfard2 <= 1]: dass PROT' (222 of 223)

j &- @ D [HfArd2 > 1]: dass PROT (12 of 15)

111. Absence/Presence of max 1 \L X
HfArd4 ' Ar

AN/

------ (3 |:| [HfArdS <=0]: dass 'GPCRA' (3 of 3)

A. Zaliani 9t
- @D[anrds >0]: dass PROT' (12 of 12)




do we use this

evolvus

We can try to use these as smarts query
into PDB
http://www.pdb.org/pdb/search/advSearch.
do
PROTEASE Target relevant features:

i. Presence of AA signature AcDoD3

ii. Presence of AcArd3

PDB Query Results (101 hits)

iii. Presence of max 1 HfArd4
Results of query after removal of non
polypeptide, solvents, chain duplicates
« 101 complexes of which 53% correct
proteases

« If only i.&iii. Were used, then 1141 hits

Results from PDE query AcDod3 AND HfArd4 (1141 total)

found with 738 protease complexes (65%)
retrieved

A. Zaliani 9thICCS




/ Classification Models evolvus

| e Each Target Family could also be modeled
: through classification

e KNIME offers several functions for:

b‘ — Data preparation

— Training/Test split with stratification on population

— Data reduction performed with an exhaustive
retrograde selection

— Cross-validation with 100X Leave-10%-out

— Shuffled-Y 100 classification models built for
negative test

— Performance statistics given on 25% external test 7‘

TTIdEILET EWLITTILED

File Reader Random Label -
Assigner (DataColumn FilteCross Validation

Column Filter XY Chart

o e

Label, Probab = [**Q] Shuffled-Y

Shuffler-Y  Mode 152
¥-Shuffled Validation HITEr oas Nudelﬁg Nudelﬁa

: oo wd
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on Model - NHR  evélvus

NHR Target Distribution

|PPARA_bind = 574 (11%) |

ERb = 145 (3%)

| RXRa = 262 (5%)|

ERa = 1,064 (36%)|

IAH=939 {'1?'.ijll

GR = 1,030 (19%) |

[FPARa_bind = 178 (3%)

PPARg_bind = 331 (B%

i

=

S AR=539 ®GR=1030 © PPARg_hind=331 © PPARa_bind =178 ® ERa=1064 © RxRa= 262 © ERh=145

® PPARd_hind =574

A. Zaliani 9thICCS




. File [HiLite|

HilLite selected Branch 9 of 3,304)
UnHiLite selected Branch
0 Clear HiLite (817 of 2,178)

=8 ;E.I:I [AcDod2 <= 0]: dlass ‘ERa' (421 of 840)
G- QD [AcHfdS <= 0]: dlass 'ERa' (224 of 559)

- @D [AcHFdS = 0]: dlass ERa' (197 of 281)

=N rlf:‘ﬂ [AcDod2 = 0]: dass 'GR' (716 of 1,336)
- C/E\D [AcHfd10 <= 0]: dass 'GR' (708 of 1,135)

B @D [AcHfd10 > 0]: class 'AR' (140 of 150)

=8 QD [Ac+d2 > 0]: dass PPARd_bind' (492 of 1,128)

rf—“ﬂ [AcAcd6 <=0]: dass PPARA bind' (441 of 794)
H-

QD [AcAcd6 > 0]: dass PPARg_bind' (172 of 334)

. @D [DoArdd = 0]: dass 'ERa' (1,241 of 1,359)

..... @D [AcDod2 <=0]: dass ERa' (1,160 of 1,166)

& ﬁﬂ[nmndz}u]: dass 'ERa' (81 of 133)

on Model - NHR  evélvus

ERb GR PPARa_bind PPARd bind PPARg bind RXRa
a 33 1 n ] n
2 2 1 1 ] n
1 4 0 ] ] ]
a 117 ] n 1 n
a ] 15 5 4 1
0 0 4 64 3 k)
a ] 1 39 n
a ] ] 31
Wrong dassified: 143
u"'r-_‘l
II‘_\_J_HH‘II
. =

[
}

e

PPARa_hind =178

. Zaliani  9thICCS
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lon Model - NHR  evélvus

0,6

0,4-]
M ”'ZZA’LA\_/\J\

o0l

EEEEE“’“E' ft: EEEEE“’“E' REpEEE EEEEE“’“
;SEﬁI IO g &&&&&&gﬁ%ﬁzI ;SEﬁI H &&&&&&gﬁ%ﬁzI ;SEﬁI HEt

Dnug§§
&&&&&&&D&EII

ERa ERb
. 1,0 1,0
: 0,8 0,8
. 06 0,6
. 0,4 0,4;A/\\
, 02- 0,2- /\/\\'
n,n_ f\* g0l —'J\"/\— n,n_ el
3555? BEb ;Eﬁﬁ EEEEE ;Eﬁﬁ LIIRREEE?
5553 @@333 TrrrAgire  SR8Y9RTgRRiietassh aaaa &&&&&&aﬂﬁéﬁﬁﬁ D“Dﬁgg ThRT
PPARa_bind PPARM_bind

1,0+ 1,0

= - Ave. Distance Profiles f
0,4 0.4

0,2 0,2 M .
n,n_ |:||:|_

DDD-% EI% EEP—EE ”-E, I Dnn‘% EEEEE*—\—\—ﬁ
EﬁﬁﬁﬁﬁﬁﬂﬁﬁII ORISR &&&&&&EDQEII ;SEﬁI TOETEEEs

PPARg_bind RxFa

4 me £ uvaraverxa PR VTR W S — . /

é




ion Model - NHR  evolvus

target Area
PPARd_bind 09775
ERa 0, 96545
FxRa 0,9648

PPARg bind 0,9636
PPARa_bind 0,9462

GR 0,9358
ERb 0,9296
) AR 0,9286

| ! | ! | ! | ! | ! | ! | ! | ! | ! | ! |
0,00 0,0 0,20 030 0,40 050 0,60 0,70 0,80 0,90 1,0C
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Kinase Target Distribution (3731)

GSK_IIlb = 1,082 (28%)| p38a = 1,150 (31%)]

|KDR = 205 (5%) |

PKA = 166 (4%) |
PI3_kin_a = 262 (7 %) |

{aKa=2842%)]

——~ROCK_Il = 128 (3%)|

[cDK_Iv = 187 (5%)
IKKb = 280 (8%) [~
[ MLK_WIl = 200 (8%)|

®p3da=1150 @ PKA=166 ¢ PI3_kin_a=262 © GKA=84 @ ROCK_Il=126 © MLE_VI=209 © [Kkbh =280
®COKE_IV=187 ®KDR =205 @ GSK_Illb=1,062
A. Zaliani 9thICCS




{—

——

5 @D [Ar-d8 <=0]: dass'p3aa’ (706 of 1,137
@D [AcArd1l <= 0]: dass'p3aa’ (550 of 851)

rﬁlﬂ [AcArd1l > 0]: dass KDR' (140 of 256)

(|

- iﬁD[ﬁJ—dB > 0]: dass 'KKb' (216 of 414)

Bl- riflﬂ [AcArd2 > 1]: dass 'GSK_IIIb' (905 of 1,657)

\ =y QD [DoArdd <= 1]: dass MLK_VIT' (178 of 472)

ﬁf—“ﬂ [ArArda > 0]: dass 'MLK_VIT (134 of 220)

= @D [DoArd4 > 1): dass 'GSK_ITIb' (392 of 1,185)

@D [DoArd4 <= 3: dass ‘GSK_IIIb' (861 of 1,095)

El CAD [DoArd4 > 3]: dass 'COK_IV' (59 of 50)
@D [DoArd10 <= 0]: dass 'COK_IV' (35 of 35)

B tizﬂ [DoArd10 » 0]: class 'GSK_ITIb' (31 of 55)

&D [AcArd2 <= 1]: dass 'p38a’ (764 of 1,551) '

on Model -

@D[ﬁmda <=0]: dass PI3_kin_s' (137 of 252) ' I..-f I".

Kinase evélvus

th KDR. A p38a
0 0
0 p38a 0
3 P 0
a . 0
27 0
1 target Smiles 0
0 2
— —~
— SN N,
r /= 143
B
N
GSK_IITb _ b
- N ¥ l"'w."»_ Y
N /
|I —
|I ___..-.:-__,____._ ‘
\ i [
¢ k 825 | fl-A - I| |
l I I | | | 1 M i
.1“ i || (| | ‘ - l', Iy || [
Jmel (L et AW
# o I | || |l | I | [ \
a0\ i I' II"- [ II | f 111 H | l || | II‘| | I| | II I| N |‘I|
ctg: 725 .I \ l |||I Il-.__ I_‘I I I\H ‘.I il II ) [ 1] {f | | I: = |I ! ||II
o | LRI “ | 1 11 |I| | | I || |
L'.i 700 ul Il 1 | "'.l II| ||I i I| | | ! I
87.5 l | lll | 1 III ! Il Lo I |I | | i | | [
850 | |I | I|‘ | | il \I |I
' AV . |
825 I/ | |
80.0 = |
575 |
|
GEA=84 & RO( B0 e w0 5 m 25 m 3 4 4 w0 o5 @ 5 70 75 0 85 @0 85 100
ndiscrete models
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Ion Model - Kinase evIvus

35 3,5

3,0+ 3,0
2,54 25
2,0+ 2,0
1,5+ 1,5

1,0 1,01

0,5 /\/\/\ 0,5

0,0 e = 0,0
)

B EEEE RS EEEE R R EE R R
3§38 32322 * 3§35 32 3 2 < 3§33 3322 *
CDK_IV GKA GSK_lib
. 35 a5 35
| 30— 3,0 3,01
[, 25 2,5 2,54
2,0 2,0 2,0
1,5 1,5 1,5
1,0 1,0 /\/\ 1,0+
0,5 /\/ 0,5 0,5
e EE £ EE S e EE 8 £ EE S e EE 8 £ EE S
@&&Eagfa* @&.&gsgi < ﬁ&&:’%agi&a
IKKb KDR MLK_VII
3.5 35 35
3,01 3,01 3,01
2,54 2,54 2,54
2,0 2,0 2,0
1,54 1,54 15
1,0 1,0 1,0
0,54 0,54 0,5 W
I}'D (e 4 )] — = o } o= (] (] I}'D (e 4 )] — = o } o= (] (] I}'D ] 4 )] —
e EEE E 8 EE S e £ E g EE EE S £ E E 3
3 §§§28¢F¢f S 3 §§§28¢F¢% S 3§ 3 3
p3ga PI3_kin_a
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fon Model — Kinase evélvus

.'I:==:
=
= 0,50
=
ll" =
W target Area
0,40 GHKA, 0,9950
i Kb 09337
030 MLK_WIl 097385
GSE_ 05754
] — KDR 00,5691
0,20 — CD_IW 0, 5562
i — PEA 0 5544
010 PI3_kin_a 09640
' ROCE_I 0,5324
] p3a 0,5263
Dll:“} 1 I 1 I 1 I 1 I 1 I T I T I 1 I 1 I 1
000 010 020 030 040 050 O0OB0 070 080 090 1,00

1-Specificity

A. Zaliani  9thICCS 30 /
L




GPCRA Target distribution (5038 cpds)

{ Musc_| = 211 (4%)|

= Muse_Il = 266 (5%)]

| NPYY_| = 364 (7 %)

| CRF_I = 305 (B%)| -\f

|OpRA_delta = 156 (3%) |

OpRA_Mu = 100 (2%)|
NPY_Il = 166 (3%)]
Musc_V =74 (1%) |

| ghrelin = 167 (3%)|

[NPY_v = 272 (5%)|

|0X_Il = 133 (3%) ]

L | Nkone = 2 664 (53%)|

® Musc_ =211 ® Musc_Il=266 © OpRA_kappa=70 © OpRA_Mu=100 @ NPY _[Il= 166 © Musc_ V=74
O Mkone= 2664 ® 0X_Il=133 ®NPY_V=272 @ghrelin=167 ® OpRA_delta=156 @ CRF_I=395 ® NPY_| = 364

A. Zaliani  9thICCS 31 /
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= |l

g @D [AcArd2 <= 1]: dass Nkone' (2,138 of 3,002)

n Model - GPCRA evolvus
=8 @D [AcDod3 <= 1]: dass Nkone' (2,042 of 2,741) | .
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Sensitivity

0,50
0,50 target Area
| NPY | 09916
CRF | 09331
0,40 ghrelin 0,9775
—.I OpRA_kappa 0598553
MNkone 09355
0,30 oIl 09329
. Musc_ll 05052

OpRA_detta  0,8996

0,20
OpRA_Ku 0,35091
Musc_ W 0,2531
0,10 MNPy _I 0,3316
MNPy _W 08144
Musc_| 07224
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1-Specificity
A. Zaliani  9thICCS




learned here

QC-based database essential

2D Pharmacophoric FP approach is enough
but has to be “"understood”

Making FP less cryptic helps understanding
potentialities and limits

Targets do segregate. Ligands help us
realizing this, the more the more precise

Pharmacophoric Graph Space is immensely
less problematic than chemical space

]
Provocation: how big is graph space of IP? ’
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