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Design steps of general purpose HTS library creatic

Physicochemical filters
drug/lead-likeness to select favorableum W W W
compounds - w u W

Structural filters/predictive models

to removecompoundsootentially toxic,
unstable, reactive, false positives, etc

Diversity selection
to better cover available chemical space




Physicochemical rules/filters/predictive models

Lipinski | Oprea Oprea |Walters
druglike |leadlike
acceptocount |<=10 [2-9 0-8 <=10
donorcount <=5 0-2 0-5 <=5
logP <=5 -3.5-45|-5-5
molecularweight | <=500 <=450 |200-500
RTB 2-8 <=8

drugs/drug candidates
oral bioavailability

leads

capacity foroptimization




ldeal general purpose HTS library

\

A small
A high chances to find hits minimum set of
A return true hits for variety of assays . requirements
A no promiscuous compounds
A soluble

A stable




PubChendataset

94 PubChenassays
number of assays
assay type —

trainingset | test set
celltbased 27 20
biochemical 22 21
other 0 3
total 49 45
compounds 230 325 72 760
hit rates,% 0.0045.10 | 0.0142.55

no PAINS, no frequent hitters

Compounds are from MLSMR library which was created using different strategies o
compounds selection (including physicochemical filters and diversity selection)




Physicochemical parameters

Physicochemical properties calculated WRDKit
AH-bond donors count (HBD)
AH-bond acceptors count (HBA)
AComplexity = HBD + HBA
AlogP
AMW
ATopological polasurface area (TPSA)
ARings countNumRing}
ARotatable bonds count (RTB)

hit rate for selected compounds

Enrichment =
baseline hit rate



t

iningse

©
=
&)
<
O
o
S
al

| paramete

ica

hem

ICOC

hments. values of phys

lan enric

Distribution ofmed

Juo

awyd1Ua uelpaw

(% 90) 6691 ! [ asioloool T S | [ (% 9°0) 669} | L 051
(% 4 L) Z27SE (% 2'}) zrse B (% Z 1) ZvsE | - (05 1-e1]
(% 5'2) z69. (EN - (GE1-02ZH]
(% 9°G) 2/021. (% 9°G) L4 (% 9'G) 2201" - (021-501]
< (% 801} vESEE, (% 8'01) vegze (% g01) pegze - (501-06
D (% ¥91) s2L6¥1 (% v'9t) seL6v 1 SN (% ¥°91) G2L6%1 - (06-62]
| (% e91) ovesr! (% €94 E_mm_‘" ] (% €'94) O¥E6Y - (G2-09]
(% €'€1) 86E07 (% e'¢1) g6e0v NN | [ (% €€l) 86€0 - (09-67)
(% §'9) 292614 (% 5°0) 29461 1 ] 3\9 g e 2961 - (51-0¢€]
: ! e - am.m;
(% 2'0) G682, (% 2'0) 552! : a 2.0 85L ) 51>
(% 6°'F) €E6F L, > -+
(% €G] #7091 (% €'G) ¥¥091 1
8] Lo 1Ge (% €8} nm_mml
(%S'L1) 8G6¥E | @D m L1) 856pe R | | (% 5711) Bseve | RN
m [ (% ¥'E1) GL50%1 (% ¥'€1) 52507 T (% #'E1) SLc0r T
& | (%v€1) 60207 (% v°E}) 60L0 (% pEl) mchowl
(% e01) voLIe (% €01 ¥OLL (0 €°01) vOLLE,
(% 1'9) 28¥81, § _mu 28
—{%£:2) DN (% £2) 9£89
(g0 esse, (% 5°0) 256} - 1>
(% 1°0) 902" : L+
—ezezil . NN %k, ; .:.g
% (+ ENFCIEEI— (% €) veli S -(9-6)
g | @15 EI (% 151 NRI (% Fm: l - (G-p]
E | (% L'eg) seeo0t (% +-ee) seeoo [N | | (% L'€€) GEE00} - (7€l
Z | T%E e 6579 Leeeazlaiceo, IR | | T% € 12) 61579 - (e-2)
(% 6'2) 89881 - (%62 898s!: [INEGNG (2 6'2) 89881 - [ RN
(% 1°0) 80E ! : (% 1'0)gog ! : (% 10) gog! : - 1>
(% 1°0) 092, - (% 1'0) 092, - (% 1'0) 092, - L +009
[ar o) gy - _R oonl ey - %.aom.omm.—
(% g'1)og (sa51) mmgl (%519 - (055-00¢]
(% 99 ¥56 (% 99) vs66 1 |, KNG (% 9'9) ¥S - (005-05t]
= | (% ze) ooroFi— (% 2'et) ooror | | | (% z'€t) 00 [DENE | (0St-00t]
=| (%681) t&nml (% 6°81) L¥2L5 I (% 6'81) nvmnml - Moow.omm“
(% G'81) L5655 I (% G'81) LG6SS Leggl) seace I - (0S€-00€
(% 9°LL) wmrmm_ : ? 9’ E mm_m“ (s911) 8616, ; [ | (0oc-0Se]
I@dﬂd&ui (% sv)ovoer' - [ | (0S2-002]
(% 600192 : @3 0 DGN_. (% 80 0192, : - 002>
QL E ) -+9
? o'1) 6. G L (9-6)
(% 6) v SR - (G-v]
o (% g2 SEI - (1€l
2| (% 9ve) 829vL, : (% 9've) szovs | | R % 9'va) 829vL, - (g2l
(%92h wmmmm. : % 0'ZL) 82£8¢ (% 9°21) wmmwn. -(2-1]
(% 9°€) GGOLL! - (% 9’ (% 9E - (1-0]
(% 6'0) 8852 | : %60 e85z : [N (% 6°0) 8852 | - 0>
(% 9°0) BO9L ! : (% 9°0) 899} !
o | = L (% L°€) 28 : :
@ (% 5'81) 68655 (% G'81) 68655 (% 5'81) B8BSS
(% 6'9€) €28 11 NU% 6'9¢) czai i ' I | | (% 6°9¢) e28tii (e-1]
(% £°91) £6v6 a1 £6v6v ! 1>
oA sl I L +g
(% ¥°2) 0ESEZ (% ¥'2) 0£52 (% ¥'2) 08SEZ (g-2]
(% 921} 10188 (% 9°24) 1018 (% 9'21) LoL8e - (2-9]
(% 9°91) 20205 KN (% 9°91) 20205 NN | | (% 9'91) 20205 NN - (9-)
m (% 591) mmccm"I (% 5'91) 8z00s | - (% 591) mmccm"I - (G-p]
Lepii)oove! SN | | EVTTTOTIVE - | | (riy)0iove ! MRS | (-]
(% 8'%) 22974 : [ (% a7 Z2ovi : [N (% 8'F) L2971 : L | (e-2]
(%60 800z': [N (% 6'0) 80921 (% 6°0) g092! * -(2-1]
(% 0) 6% : (% 0) 6¥ | : (% 0) v} : s
2 Beura i
(% t'¥) 02€€ (% %) 0L (% +'¥) 0LEE} " I (018l
(% z'8) | L6vZ IR (% z'8) 116vz I (% 2'8) 1 16vZ I | (58]
»| vy Nmmnm“ (% ¥t Nmmmml (% ¥2L) mmmhm“ -(8-/]
- (% G'G1) 650L% (% 65+ 6507 |, NN (% G'G1) 6S0L - (2-9]
o | (%Gl S90ri (% G'¥1) G90bt 1 (% Gv1) 590ty 1 N | (9-G)
m % L°01) 6¥ESE! % £°01) 6¥ESET - (% n.c_v grege! L (5]
(% 6°%) L08F} | (% 6'F) L08PL ) : H - (€]
(% G°L) evbiry (% G'L) 2vbry : - (e-2]
(% 2'0) 625! : (% 2'0) 6251 : (% 2'0) 6251 * -(2-1]
(% 0) ev! : (%0) €¥! ! (% 0) €p! 1>
e uioidwayoig paseq|eo
© w9 S S © o v 9 9 W o @ 9
[aY - - ol - - =] =1

| parameters

ICa

icochemi

d phys

inne

b



Manually derived rulefrom the PubChentraining set

all biochemical | cell-based | Lipinski | OpreaDL | OprealL | Walters
complexity 5-10 5-10 3-10
acceptocount |3-8 4-8 3-8 <=10 |29 <=8 <=10
donorcount 0-2 0-4 0-2 <=5 <=2 <=5 <=5
logP 3-6 1-6 >3 <=5 -3.5-45 |-5-5
molecularweight | 250-550 | 200-550 300600 |[<=500 <=450 |200-500
Ring count 3-5 2-5 3-6
RTB 1-7 1-6 3-9 2-8 <=8
TPSA,A2 15135 |[30-150 15135
Application ofthe derived rules to the test set
number of datasets median enrichment
rule set : :
selected compoung all biochemical| cell-based
all 14 852 (20.4%) 1.18 1.15 1.24
biochemical | 26 407 (36.3%) 1.01 1.06 0.99
cell-based 21 941 (30.2%) 1.00 1.05 0.93




Random forest model

[ Initial dataset ] Random subsample = 2/3
Nvars= 3
¢ ¢ ¢ Ntrees= 250
Random Random min_parent_samples 3000
subsample subsample min_child_samples 1000
* * 0.30- L
0.20{ &
,Ql ,Ql , L , X 0.15{ 8
(0] 0 | S 0 e O D | A [ 0.10-
1.4 g
134 8
prediction, prediction,
v v v oo
( Combined prediction | 215 [M/WV”’/W
1.2 g

0 50 100 150 200 250
number of trees



PubChentest set prediction

Manually derived rules

ule set number of datasets median enrichment
selected compoundg  all biochemical | cell-based
all 14 852 (20.4%) 1.18 1.15 1.24
biochemical 26 407 (36.3%) 1.01 1.06 0.99
cell-based 21 941 (30.2%) 1.00 1.05 0.93
Random Forest prediction
model number of datasemedianenrichment
selected compounds all biochemical| cell-based
all assays 20 337 (28.0%) 1.34 1.15 1.45
biochemicahssays 12 528 (17.2%) 1.36 1.38 1.27
cell-basedhssays 29 179 (40.2%) 1.16 1.08 1.36
Common physicochemical filters
number of datasets median enrichment
rule set , ,
selected compound: all biochemical | cell-baseg
Lipinski 61 624 (84.8%) 0.98 1.00 0.98
Opreadruglike 55 984 (77.0%) 0.95 0.92 0.97
Oprealeadlike 50 566 (69.5%) 0.99 1.01 0.89
Walters 57 533 (79.1%) 1.02 1.05 1.03




NCI60

NCI60 dataset(-logGlz)

inactivethreshold

<=5

activethreshold

>

numberof assaysvith > 9000compoundgested

68

numberof compoundsn thedataset

46982

hit rates

1.4% - 6.1%




NCI60 prediction

Common physicochemical filters

number of : :
rule set median enrichmen
selected compoung
Lipinski 34 497 (73.%) 0.97
Opreadruglike 26 951 (57.4%) 1.03
Oprealeadlike 29 295 (62.4%) 0.98
Walters 32824 (69.9%) 1.00
Manually derived rules
number of : :
rule set median enrichmen
selected compoung
all 7 043 (15.0%) 1.07
biochemical 13 232 (28.2%) 1.03
cell-based 9 080 (19.3%) 1.03
Random Forest prediction
number of : :
model median enrichmern
selected compoung
all assays 18 525 89.4%) 1.29
biochemicabhssays 16 412 84.9%) 1.65
cell-basedhssays 23 258 {9.5%) 1.52




Quantitative estimate of drugikeness (QED)

ARTICLES

PUBLISHED OMNLINE: 24 JANUARY 2012 | DOI: 10.1038/NCHEM.1243

chemistry

Quantifying the chemical beauty of drugs

G. Richard Bickerton', Gaia V. Paolini?, Jeremy Besnard', Sorel Muresan® and Andrew L. Hopkins™

Table 1 | Optimized desirability function weightings by Shannon entropy.

Shannon entropy Rank M, ALOGP HED HBA PSA ROTB* AROM* ALERTS
QED,, rayx 293.42 1 0.50 0.25 0.50 0.00 0.00 050 0.25 1.00
QED,, o 293.03 1-1000 0.66 0.46 0.61 0.05 0.06 0.65 0.48 0.95
QED,, 283.08 81,657 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
data set medianenrichment at QED doverage
>=0.5 >=0.6 >=0.7 >=0.8 >=0.9
PubChentraining set| 0.90/ 0.82|0.83/0.67|0.76/ 0.46| 0.66 /0.24| 0.59/ 0.04
PubChentest set 0.93/0.74|0.87/0.58|0.76 /0.39| 0.77/0.19| 0.53/ 0.04
NCI60 0.60/0.55/0.53/0.38/0.56/0.23|0.38/0.09{0.42/0.01




Conclusion

A HTSlike chemical space is partially overlapped with a dikg
chemical space

A HTSlikeness rules may reduce the size of a library and improve
rates relatively to drudikeness filters

A Random Forest models more accurately estimate-kKe8ess
than manually derived rules
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