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We have so small data for Materials
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Dynamic “Functional Groups”
Generator -YMB-

Joback FG Table

Smiles Small FG Table

Fedors FG Table

C(F)(F)C(F)(F)OCF
®» YMB -

Hoy FG Table
Polymer Smiles
XCCX
XC(F)(F)C(F)(F)X VK polymer FG Table

I

Bio/Drug FG Table HSP polymer FG Table |




It we have FG Table with Properties,

278.74=1*CH3+ 1*CF3 +1*CF2 : -
326.79= 1*CH2F+1*CHF2 +1*CF2 Multiple Regression
el . . . Neural Network method
299.32= 1*CHF2+1*CF3 +1*CH2 Support Vector Machine
300.15= 1*CHF2+1*CF3 +1*CH2 Deep Learning
316.20= 1*CH2F+1*CHF2 +1*CF2
e N
278 1,0,0,1,0,1 CH3 _
326 | _ 01100 1 * CH2F Express simultaneous
-~ Matrix A
(278 CH3 . . .
Find the inverse matrix
A_l 326 A 1 A CH2F .
* 1299 | CHE2 A1l of the A matrix
- 1,0,0
- CH3 A-l*AzE F= O: 1: 0
Contributions for E CH2F 00 1
Property CHF2 o
by each FG



Bio/Drug properties Estimation

log BCF (Bio Concentration Factor)
log Kow(Octanol/Water Partition Coef.)

- Same with Group Contribution method
log S (Solubility to Water g/100g)

LD50, LC50 ]
Design of Lead compounds B difficult
Drug Design < |
Modify lead compounds
R1 R1
0 CH3 OCH3 NH2 - - - CH3 OCH3 NH2 - - -
DN R 1 0 0o - - - 0 0 0O -+ - - Huge
R! N o1 0 - - - oo 0 - - - Column
O datal

e Hansch Method reduce Column

HNTNT TR 7, MR, Hammet(Field, Resonance)



QSAR of carboquinone derivatives

NO Activity MR1.2 Pi1.2 Pi2 MR1 F R R1 R2
1 169 -005 -055 057 028 007 CH3 COCH3
O 2 433 508 392 1.96 254 0.16 -016  CBH5 C6H5
3 447 45 366 3.16 057 -008 -026  CH3 CH2CH2CH2Ph
[>N RZ 4 463 4386 5 25 243 -008 -0.26 C5H11 C5H11
5 477 3 26 13 15 -008 -026  CH(CH3)2 CH(CH3)2
6 485 357 251 201 057 -0.12 -014  CH3 CH2Ph
7 492 3 3 15 15 -008 -026  C3H7 C3H7
R! Nq 8 515 3.79 216 1.66 057 -004 -013  CH3 CH20Ph
9 5.16 6.14 072 0.36 307 -008 -026  CH2CH20CON(CH3)2 CH2CH20CON(CH
O 10 546 206 2 1 103 -008 -026  C2H5 C2H5
37 6.54 242 -032 -0.16 121 -008 -026  CH2CH20H CH2CH20H
38 6.77 213 068 0.18 057 006 -105  CH3 N(CH3)2
39 6.9 247 -0.13 -063 057 -004 -013  CH3 CH(OCH3)CH20H

Make table and solve with Multi Regression Method (You can do with Excel)
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-0.4152480*m, -0.274901*MR; 5 o, %°°
-1.771798*F -0.749842*R Ll
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Structure Activity oo A‘;;vny Eip' e
Relationship

If you have new modifier’s Hansch parameters, you can search
more active Drug.



Descriptors for Drug design

Hansch Method

MO Base Hydrophobicity (77) HSP Method
Mol Refraction(MR)
ClogP Calc. F( Hammet Field) 6D (Dispersion)
} &P (Polality)

logKow R (Hammet Reso.)
&H (Hydrogen Bonding)

MO Calc. 1,2 Interaction
HOMO M MRy, <|:6Hedo (Donnor)

LUMO _ 8H... (Acceptor)
Dipole moment ’v
.
Surface charge These 2 parameters are Mol Volume
Dragon difficult to obtain Mixing rule exist

Descriptors Generator
Hansch method, HSP method
You can calculate EVERY Activity is determined by Solubility

Structure. +
But with meaningless parameters Fine tuning by Hammet or Do/Ac




QSAR of carboquinone derivative
with HSP
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Neural Network method




QSAR of Pyrimidine derivatives

No Activity  Volume  dD33 dP33 dH33 Volume  dD33 dP33 dH33 Volume  dD33 dP33 dH33 MR 3 4
NH; 34 6.96 322 205 8.9 9 138 17.1 0.1 0.1 13.8 17.1 0.1 0.1 6.73611169 Br
| o 34 6.96 13.8 17.1 0.1 0.1 138 17.1 0.1 0.1 322 205 8.9 9 673611169 Br
N7 N N ol 53 8.85 322 205 8.9 9 105.9 185 45 5.3 322 205 8.9 9 7.22720083 Br NH2 Br
37 7.02 44.98 10.8 4.2 4.2 138 17.1 0.1 0.1 13.8 17.1 0.1 0.1 693260575 CF3
H.N N T R,
. . 56 6.45 13.8 17.1 0.1 0.1 16.5 211 219 45,6 138 17.1 0.1 0.1 7.45672032 OH
Ra 57 6.6 138 17.1 0.1 0.1 66 18 19.8 9.5 13.8 17.1 0.1 0.1 6.90903596 0S02CH3
59 6.89 13.8 17.1 0.1 0.1 105.9 185 45 5.3 13.8 17.1 0.1 0.1 670822422 OCH2Ph
60 6.93 138 17.1 0.1 0.1 7273 18.2 2.6 5.1 138 17.1 0.1 0.1 6.64600956 Ph

Make Table

Multivariate analysis method

/ Multiple Regression

Neural Network Method

Support Vector Machine i
.ty Deep Learning V20908 s 00022

. o, R'=0.9919 /.“0

NN RCL HL-8

Multiple Regression Calc.

Activity Exp. &
Activity Exp.

Every analysis method needs Descriptors.
If the modifier base descriptors are available,
“Reverse Design” of Drug become easy.



Self Organization Map (SOM) Neural Network

No
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Activity<6.0
LL
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Analysis

34
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13.8
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HHH

dH33

HH

9
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Volume dD33 dP33 dH33 Volume dD33 dP33 dH33 MR 3 4
13.8 17.1 0.1 0.1 13.8 17.1 0.1 0.1 6.73611169 Br
13.8 17.1 0.1 0.1 322 205 8.9 9 673611169 Br
105.9 185 45 53 322 205 8.9 9 7.22720083 Br NH2 Br
13.8 17.1 0.1 0.1 13.8 17.1 0.1 0.1 6.93260575 CF3
165 21.1 21.9 45.6 13.8 17.1 0.1 0.1 7.45572032 OH
66 18 19.8 95 13.8 17.1 0.1 0.1 6.90903596 0S02CH3
105.9 185 45 53 13.8 17.1 0.1 0.1 6.70822422 OCH2Ph
72.73 18.2 2.6 5.1 13.8 17.1 0.1 0.1 6.64600956 Ph
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Modifiers’” descriptors generator

0

>N R?
R NG

0 Modifier’s HSP
Modifyer Mol Volume dD dP dH
X—{CH2)20CONH2 67.78 174 20.7 175
X~{CH2)30CONH2 Node base 843 171 171 138
X-C2HS YMB.js 4228 131 0.1 0.1
X-C3H7 59.41 141 0.1 0.1
X-C5H11 9228 15 0.1 0.1
X-C6HS 72.73 182 26 5.1
X-CH(C2H5)CH20CONH2 101.54 16.7 13.7 118
X-CH(CH3)2 614 13.7 0.1 0.1
X-CH(CH3)CH20CONH?2 8487 171 16.1 141
X-CH(OC2H5)CH20CONH2 Calculate as 109.31 168 146 12
X-CH(OCH2CH20CH3)CH20CONH?2 Molecule. 13189 17 139 13
X-CH(OCH3)C2H5 82.98 147 46 49
X-CH(OCH3)CH20CONH2 Subtract 91.75 172 171 143
X-CH(OCH3)CH20H CH3 or Phenyl 64.14 16.3 108 19.7
X-CH2CH{CH3)OCONH2 83.98 171 16.2 142
X-CH2CH2CH2Ph group parameters 120.73 17.3 24 34

X:CH3, Phenyl



We have so small data for Materials
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Descriptors for Magician

Molecular
Orbital
Calculation

Materials Genome
Materials Informatics Winmostar
Chemo-Informatics

Molecular
Dynamics
Calculation

Properties Topological
Index

Not only properties Network but Researcher’s Network



