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MOTIVATION

In USA $25B/yr for R&D of pharmaceuticals (33% clinicals)
10-15 years from conception - market for drug
Development cost 0.5B/drug

First-year sales > $1B/drug

1 drug approved/5000 compounds tested

1 out of 100 drugs succeeds to market
20,000,000 Americans with Alzheimer by 2050 .
19 Alzheimer’s drugs and 9 Viagra-like dru siiFdevelopment
Worth their weight in gold [e.2d
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Source: Fortune Magazine March 20, 2000 page bO

A B C O

1 [FRODUCT FRICE WEIGHT (Ibs) FRICE!b

2

3 |PEMTILIN NIl 800 MHz microprocessar $551.00 0.01954 §42 5593.00
4 “iagra (tablet) ha. 0 0.000658 $11,7656E.00
5 |Gald {ounce) $a01.70 0.0625 $4 582720
B |Hermes scarf 275 00 0.14 §1 9:4.29
{ |[Palm %' $449 00 026 $1,726.52
8 |Saving Private Ryan on DWVD $34.99 004 574745
8 |Cigarettes (20) 4,00 0.04  H100.00
10 'Wwho Maoved My Cheese? (pencer Johnson) B 1500 .45 H40.80
11 |Mercedes-Benz E-class four-door sedan 578 445 00 4 134.00 $18.93
12 | The Competitive Advantage of Mations $40.00 299 $13.38
13 | Chevrolet Cavalier four-door sedan 517 7000 2 B30.00 6.7k
14 |Hot-rolled steel (ton) $370.00 2000.00 $0.19
15

16

17
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Drug Desgn and QSAR

* High-throughput screening
e Rational drug design

« Quantitative Structure Activity Relationship

— IS an attempt to correlate structural or property
descriptors of compounds with their activities.

Activity = f(Structure)

a
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Molecule #BR #C #CL #F #H #| #N #O #P #S #S|I BALA IDC IDCBAR IDW IDWBAR KO K1 K2
K3 KA1l KA2 KA3 NXC3 NXC4 NXCH10 NXCH3 NXCH4 NXCH5 NXCH6 NXCH7 NXCH8 NXCH9
NXP10 NXP2 NXP3 NXP4 NXP5 NXP6 NXP7 NXP8 NXP9 NXPC4 SI TOPOL90 TOPOL91
TOPOL92 TOPOL93 TOPOL94 TOPOL95 TOPOL96 TOPOL97 TOPOL98 TOPOL99 WW X0 X1 X2
XC3 XC4 XCH10 XCH3 XCH4 XCHS5 XCH6 XCH7 XCH8 XCH9 XP10 XP3 XP4 XP5 XP6 XP7
XP8 XP9 XPC4 XV vVl XV2 IXVC3 X' C4 ()Y \ 3 XV 'H4 *VCH5 XVCH6 XVCH7
XVCH8 XVCH2! (VPL AL E AN )i JCFH I CF/ X 2 (A | £-.,S001 S002 S003
S004 SO005 SC = SOCy7 /03 i50Q €4 Si\SY RO JE V) [N \Sok \Z | £ e S017 S018 SO019
S020 S021 SC22'S0=3 £DZ2 " "8Jcc g SO=N)S=HEL S S\ YR A A I N S033 S034 SO035
S036 S037 S038 S039 049 S041 S043 S044 S045 S046 S049 S050 SO51
S052 S053 S054 S055 S056 SO057 S059 S060 S061 S062 S065 S066 S067
S068 S069 S070 SO071 SO072 SO073 S075 S076 S077 SO078 S081 S082 S083
S084 S085 S086 S087 S088 S089 S091 S092 S093 S094 S097 S098 S099
S100 S101 S102 S103 S104 S105 S107 S108 S109 S110 S113 S114 S115
S116 S117 S118 S119 S120 S121 S123 S124 S125 S126 S129 S130 S131
S132 S133 S134 S135 _S136_S137 S139 S140_S141 S142 S145 S146 S147
S148 S149 S150 1Y )15 ] ? NN 1A - K58 S S161 S162 S163
S164 S165 S166 1 ) 6! ‘ I ! 4 S177 S178 S179
S180 S181 S182 ) 8 ‘ : 30 S193 S194 S195

A

S196 S197 S198 S199 sS200 S201 S202 sS203 S204 S2u05 S206 S207 S208 AbsBNP1 AbsBNP1O
AbsBNP2 AbsBNP3 AbsRNPA_AbeBNPR5E_AbsSBNP6 AbsBNPZ, AbsBNP8 AbsBNP9 AbsBNPMax
AbsBNPMin AbsDGN1 i =d o] ! Y ol n 1 1 / { ! "sDGN6 AbsDGN7
AbsDGN8 AbsDGN9 A M b bs S = ) | | ‘R AbsDKN3 AbsDKN4
AbsDKN5 AbsDKNG6 Apdldn ) IK P 2 y Ak » JIM AbsDRN1 AbsDRN1O
AbsDRN2 AbsDRN3 AbsDRN4 AbsDRN5 AbsDRN6 AbsDRN7 AbsDRN8 AbsDRN9 AbsDRNMax

AbsDRNMin AbseEP1 AbsgP10 AbsgeP2 AbsgeP3 AbsgEP4 AbseEP5 AbseEP6 AbseP7 AbsgEP8 AbsgEP9
AbseEPMax AbseEPMin AbsFukl AbsFukl1l0 AbsFuk2 AbsFuk3 AbsFuk4 AbsFuk5 AbsFuk6 AbsFuk?7
AbsFuk8 AbsFuk9 AbsFukMax AbsFukMin AbsG1l AbsG10 AbsG2 AbsG3 AbsG4 AbsG5 AbsG6
AbsG7 AbsG8 AbsG9 AbsGMax AbsGMin AbsK1l AbsK10 AbsK2 AbsK3 AbsK4 AbskK5 AbskK®6
AbsK7 AbsK8 AbskK9 AbsKMax AbsKMin AbsL1 AbsL10 AbsL2 AbsL3 AbsL4 AbsL5 AbsL6 AbsL7
AbsL8 AbsL9 AbsLMax AbsLMin BNP BNP1 BNP10 BNP2 BNP3 BNP4 BNP5 BNP6 BNP7 BNP8
BNP9 BNPAvg BNPMax BNPMin Del(G)NA1 Del(G)NA10 Del(G)NA2 Del(G)NA3 Del(G)NA4 Del(G)NAS5
Del(G)NA6 Del(G)NA7 Del(G)NA8 Del(G)NA9 Del(G)NIA Del(G)NMax Del(G)NMin Del(K)IA Del(K)Max
Del(K)Min Del(K)NA1 Del(K)NA10 Del(K)NA2 Del(K)NA3 Del(K)NA4 Del(K)NA5 Del(K)NA6 Del(K)NA7
Del(K)NA8 Del(K)NA9 Del(Rho)NA1 Del(Rho)NA10 Del(Rho)NA2 Del(Rho)NA3 Del(Rho)NA4
Del(Rho)NA5 Del(Rho)NA6 Del(Rho)NA7 Del(Rho)NA8 Del(Rho)NA9 Del(Rho)NIA Del(Rho)NMax
Del(Rho)NMin EP1 EP10 EP2 EP3 EP4 EP5 EP6 EP7 EP8 EP9 Fuk Fukl Fukl1l0 Fuk2 Fuk3
Fuk4 Fuk5 Fuk6 Fuk7 Fuk8 Fuk9 FukAvg FukMax FukMin Lapl Lapll Lapll0 Lapl2 Lapl3
Lapl4d Lapl5 Laplé Lapl7 Lapl8 Lapl9 LaplAvg LaplMax LapIMin PIP1 PIP10 PIP11 PIP12 PIP13
PIP14 PIP15 PIP16 PIP17 PIP18 PIP19 PIP2 PIP20 PIP3 PIP4 PIP5 PIP6 PIP7 PIP8 PIP9
PIPAvg PIPMax PIPMin piV SIDel(G)N SIDel(K)N SIDel(Rho)N SIEP SIEPA1 SIEPA10 SIEPAZ2
SIEPA3 SIEPA4 SIEPA5 SIEPA6 SIEPA7 SIEPA8 SIEPA9 SIEPIA SIEPMax SIEPMin SIG SIGA1l
SIGA10 SIGA2 SIGA3 SIGA4 SIGA5 SIGA6 SIGA7 SIGA8 SIGA9 SIGIA sigmanew sigmaNV
sigmaPV SIGMax SIGMin SIK SIKA1l SIKA10 SIKA2 SIKA3 SIKA4 SIKA5 SIKA6 SIKA7 SIKAS8
SIKA9 SIKIA SIKMax SIKMin sumsigma SurfArea Volume CAQSOL CHEM _POT CLOGP CMR
CSAREA_A CSAREA_B CSAREA_C DELTAHF DIPOLE ETOT EVDW HARDNESS HBAB HBDA
HOMO LENGTH_A LENGTH_B LENGTH_C LUMO MASS MUA MUB MUC NHBA NHBD NUMHB
PISUBI QMINUS QPLUS RA RB RC SAAB SAAC SABC SAREA SASAREA SASVOL SHAPE
VLOOP1 VLOOP2 VLOOP3 VLOOP4 VLOOP5 VOLUME




Why to select features?

Irrelevant and/or redundant features:

* Increase the dimension of the problem
hence require greater computational cost

 |ead to overfitting
 make the model more difficult to explain



Approaches to Feature Selection

e Filter method

— attempts to access the merits of features from
the data alone

 Wrapper method

— searches for an optimal feature subset tailored to
a particular induction algorithm and uses the
iInduction algorithm as a black box for
evaluating feature subsets

Il a |
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Genetic Agorithms

o developed by John Holland (1970’s),

e general optimization methods,

e work with encoding of the parameters,

e search by means of a population of potential
solutions,

e use an evaluation (fitness) function,

o search probabilistically
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Conponents of a GA

Problem: max f(x)

v Selected

Population Fitness 0. Population
111111 f,= 60 111111
110000 f,= 30 Selectio& 111111
000000 f;= 10 000000

Crossover point

111111 Crossove> -
000000 000011

Selected gene Mutated gene

000000 Mutation> 00000




Genetic Agorithms

procedure genetic algorithm
begin
Choose a coding to represent variables
t—0
Initialize population P(t)
Evaluate population P(t)

while (not termination conditiongio
t — t+1
Select P(t) from P(t-1)
Alter P(t) with crossover and mutation
Evaluate P(t)
end
end
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Feature selection with GA

e Uniform Crossover

5 24 131 534 603|Parent 1

19 33 Jj 255 334 508| Parent 2
L
19 33 131 534 603 | Child 1
5 24 255 334 508 | Child 2
e Mutation
5 24 | 131 | 534 | 603
JL
5 24 344 534 603
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Feature selection with G&hntinued..
* Prespecify number of featurds)(

. Evaluatlon functlon
- K ZC.R I_Z GC.J -B

where
F = fitness  k=123,...,Pop_size

C, = intercorrelation '=1=19,,.9,,,9,,-0,}
Cr = correlation with the response

J..= gene position 1 in the individual 1
a = Intercorrelation penalty factor

3 = Death penalty factor. If intercorrelation > 0.95 = 1000
A otherwise 0
DD/ SSL Drug Design and Ser-Sup ervised Learning RENSSELAER
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Bootstraping

Original data

Bootstrap sampl

h 4

Training set

v

Training se

Selected

features

v

»Neural Network

pervised Learning

!

Test set

Testing|final model

I Final Final
Validation set | sé'ected\_ Model
features
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Artificial Neural Network

Molecular ‘< W'11
weight
H-bonding t
>/ »Z‘J— —— Biological response

Hydrofobicity ( /

Molecular Observable
Descriptor Projection

Electrostatic
interactions
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Results

SCATTERPLOT OF 10-CV RESULTS

0.9, Lombardo Dataset o
O o5l Selected 40 features . 5 %ﬁe
= wf@% N S
Q 0.7 PR
7 K FF
V) « %
@ 0.6 - |
o * A
© 0.5 // * ok |
3 o
O 0.4- + ¥ 7%
© * F * .
G) £ - S *
g *a .
// * *
0.2 P |
0.1 // |
7 Q? = 0.255
0 01 02 03 04 05 06 07 08 09 1
Observed Response
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R =1- i(YO_Y P)2
2 (YO_VQ)2

Q=1-R

"~ Yo = observed

Yp = predicted
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Bootstrgp Aggregating (Bagging)

Original data
; .................. i ................... : i
: Training set . Test set
E_’ Model 1 W Test|ng final
Bootstrap sampl : model
:—» Model 2
: v . P .
. |Training set Validation set : ¢ | W, Bagging
: : . Model
v r ) W
GAfeat | -sNeural Network:—»{ Model N |—
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Conclusions

Selects relevant features

reduces dimension of the problem

builds predictive model

more robust predictive model with bagging
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