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Abstract

Project Code : MRG4780027

Project Title : Development of quantitative structure/property relationship model of
skin permeation of transdermal drug delivery using genetic algorithm
combined partial least squares and artificial neural network methods

Investigator : Mrs. Suchada Piriyaprasarth (Wanchana)
Department of Pharmaceutical Technology, Faculty of Pharmacy,
Silpakorn University

E-mail Address : suchada@email.pharm.su.ac.th

Project Period : July 1, 2004 — June 30, 2006

This study was carried out to develop a quantitative structure property relationship
(QSPR) model on permeation of various skin models. Human, rat and shed snake skin
permeations of 14 structurally diverse drugs was collected from literature. The topological
descriptors were automatically calculated by Molconn-Z software for each compound on the
basis of their structures. A total of 220 connectivity, shape and atom-type E-state indices
were calculated from the 2D-geometry. Genetic algorithm (GA) was used for selection of
significant descriptors of each group and feed-forward back-propagation artificial neural
networks (ANN) were used for QSPR modeling. It was found that ANN could be used for
human, rat and shed snake skin permeation modeling. Molecular descriptor group obtained
from rat skin permeation data using GA could be able to predict the permeation across rat
and human skin while those obtained from human skin permeation data could be able to
predict the permeation across all skin types. Leave-one-out” cross-validation revealed that
the root mean square (RMS) errors were in the range of 0.111-0.782. The predictive ability
of these models was validated by a set of 3 compounds that were not included in the
training set. The predicted and experimental inhibitory activities were well correlated. The
proposed model, where Molconn-Z descriptors were used as molecular descriptors, was
able to predict the skin permeability of unknown compounds. However, molecular descriptor
group obtained from shed snake skin permeation data could not be able to predict the
permeation. This might be due to the species difference. Moreover, the ANN model could
predict the skin permeation of the developed methimazole transdermal delivery with a

reasonable degree of accuracy.

Keywords: QSPR, Artificial Neural Network, Permeation, Genetic algorithm
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[ { v [ { . v 1 o L :/ o a v o @
fquy’]ElLﬁﬁdLﬂJ’lﬂJ’] ﬁmwiuu’lmﬁa\‘lL‘IJ’]SJ’]LL@]Qz@?%zQﬂl%ﬂ’]%ﬁﬁ%ﬂLi&l@]% mﬁwﬂ@msoﬂum
!
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lussumd  Fygrausiedmanunnidmaung  semldandininuesudssyanmd
Hanandauana1ani a;J"mvl,iﬁmmmf’mﬁfm‘%'uﬁua’mgﬂﬂ%'uLﬂﬁlmu"léf eruann
MIEeuy
IummumiﬁwfmaaL@ﬁaﬂhslﬁ]zL'%laJ@Tumnﬂ’mimiw{mﬁfﬂmadLL@iammUﬂizm*ﬂ
a’mﬁf’uﬁaﬂawﬁagalﬁﬁ'um‘%mi’m IS atnsaE IR N s NENA NS u U wuals
mnfuﬁwﬁmﬁfﬂi%m:;‘]ﬂﬁwmmLﬁiaa@mmﬁ@wmﬂiumiﬁﬁmﬂﬁLﬁ@"fu NMIAWITHAZYIN

F AR N BT UHIBNTENT LAF1ANURANAIAD Uﬁq@

® wulglszaminea (artificial neural)
| a & , ' A a o P
wihglseaminauduwasisgasuadnIaznslszaninoudiaanuuuaiiNasaag
MINNNUVBINUIIYTE N TITNDNG sy mnasdnanazgnihangaiuaininyas
FygnmunuazinaguanTINiL  nuudayalzgnatdaiiarinmsdswmlasleiouns
dalandald 21ananalddn ANN uuuudraasnanduanudonlos lagiinunilglung

Wau T899 T UAILNUY DININNTIVAITU L LA

® Connection formula
A , . , = . o A a

maTenlosvasninadsranudazninsiinadanisinanusadintensdsaniion
Tuan B A oI WALLTARUILENINNFITNIG lasnihodszannifonaansasulens
FyanmnIzduuasFy iUt sansaudimasenlssaanidu 2 jdunulasdunanms
insaldfinitleunduvasdoyaluaietioastide mugenlosuuyldrond (feedforward
connection) tHumaBanlosi lifinmsssnaansnauldssyanmilowdn  asnudsladdnin
dastunnanaantluassneuntin lunsassnudnunumadenlasuuuilounay (feedback

) g a Aa ) v & o o o & A A
connection) Taiunsiranlasniinmsasnaawinavluas input askuazdinseaulasannwna
@ & Ao A o 3 ° v ' ' a 2‘ o A £ & ] &
sawsnavInnsyamnilawdn liudaznihadszanlwnniadn Wunalddranude
=) g/ { o v ~ vV a
8&3z (degree of freedom) Jun¥u LlarzuuwnszldaNuRanamanMIGEuiNe
X o 4 o & A A o XA o & . a A o N o &
Judasnge  asiwesetnonlfrzuuifianudniuednsdinazdasiufindrvoanaansluais
1 v o g: 1 [l v A U g { o U 1 g: 1
dauni ivmzmahauluadsedeld ldidinsdasianndayanndy g ss
‘3’ Q Q g; 1 v v o Q { 1 U 1
PunuraanSluasInannineis  MuNInA I mMNATINIaIRL Y s winedszanlas
Tfrunsadda luh

Net input to a node = i[j] = 2 {wlji] x[i]}
lasf wl[ji] = weight factor

X[i] = input (independent)
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o slsiizwn1sanslaw (Transfer function)

Wertgunisanslanazyininivnaans I@m:mﬁnﬂ@hwmwﬁmmmaﬁa;&aﬁ
fowdnannniinelszamluty (ayer) fountin sumsusasnnUFNRUSluNISTuNIEe
lauanailldnasguuuy wisulnnlFWarTu sigmoid Fauansldadeluit

Yj = (i)
Oj = 1{1+exp(-ii])}

I@Uﬁ i[jl = Net input to a node

Oj = HAANT

3UIUV89 node 1% input layer B Us IR BRI Aidasnisine

§rwanp04 node T output layer xRS IMIRGILLTINRAREINMIENEN

$1IUBDI layer UAEIWINUBY node  luusiaz layer arduALANNTUTaUA
Tgw launswmuandsauuazaiutian ﬁ‘hmumaaﬂﬁjuiagaﬁlﬁumsﬁmj WaITAL
mmgﬂﬁawaam‘sﬁwmUﬁﬁmmi $1947% hidden node Alvanzaviniuifasuasdalui

- IIWIWBVDY input AT output node

- 97W% training data set

- mwsffu%awaoaumsﬁa:gm‘%wi

- 37UIUVBI noise L4 target

- Training algorithm 1%

g; ad a v =) 1 /=)
VUG au’]‘ﬁﬂﬁiﬁﬁlug"ﬂ NGRS IR g VIS THEY

A v =} 1 = a v 6 A v v

neuvedaIednlsanifsuazTouinndszaumalinun e e wg Tagldnns
o 4 2 o A A | . A aad o 4 Y ¢ a | &

UTUANNAINTIT o UUAREAUNIUUTZRIN FIFTA M INITUTUAN RN 13158n97 Iuaan
aa A o L. . a4 v & . =~ v @ '
IDNILUI (training algorithm) lunftazistuie back-propagation rule FlTnannmIrian
ANNRANINEAUNAL I@zm'ril,‘%slufﬁ]:L‘%&lﬁnﬂmﬁﬁmu@mﬁmﬁfﬂL‘%wﬁu @T’Jﬁ%msq;\l 270
wwaziturIumaFoui las 2 Juneu Aa feed forward U back propagation (3u1 3) lag
° o o @ v & A o = A o o ga &
Mg azldaNaantaanyn GeazinydSuuiisunudinaawinal vzl
A o ] ' A a £ v 1w [ A A
(expected value) LNERIWIUAINMVRANAIANLAAT 1 u,mao*‘uaganauiﬂlmmammwa

duwnazdTuatinnenlnd  MIEI W MATYiNg LA NI AN TENS laaNaNNAANAIAEN

=p

542
q
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Adaptive network
. ' Output
Input -
* : . t"‘\ y (network)
: " 5
QN
/o™
Error measure Learning signal
- Exvor h ¥ (expected)
generator

P & a [ [ .
g‘i.l‘n 3 PUADUNTILIYUIAILARNN back-propagation rule

ac A A [y
HAIWILNLNLIVDI

msﬁﬂmmwwé’uﬁufszwhﬂmaa%“wLLazqmawﬁ'ﬁmaam (quantitative  structure
activity/property ~ relationship, QSAR/QSPR) HuisnfluulfiNafazmamantianinanzay

tY P o o & ' 1 o a & A . .
vasxsduunuiazh ldwasiduengtuuudeg  lagldmadensdiBown  (multivariate
data analysis) LT mﬁmsﬂzﬁm’mn@nam%dwn (multiple linear regression, MLR) 1T

A A o o ¢ ) o A £ A 2 v & 2 A o &

sasdlalumsmanusunuiseningtadsdaszuazgnineiinn”  asnudsdanudniu
athidefazwauis QSAR/IQSPR Nddszaninmwiiaillflunmsviunsguaudifvasans
ANlATIFIRAINTANE

InonumsAnmfienuduiuienivnsfurduimiaysduazguaudanime

! .3 o an ' b . .
nLARua9en 13U Degim® uazaAniz (2003) IEnmantAnulaizauiin (hydrophobicity) 189813
\J% molecular descriptor WiaduLsBaTziNaTI8 UM IWIBMITURN RN watymamany
3 wn U A e @ 1 1 {

milfquaudanmemuiefivessnfannusinzesnsldandiguauiaamany uazdfiuan

\ [ ' \ " . 4 % ° ' . d
@]'Nﬂuiz‘ﬁ']']dLL@ﬂzLL%QGTaHﬂ Lim Lazase (2002) lﬁﬂqiﬂ']uﬂmﬂ'] molecular orbital ‘%GLII%

]
=

s A 2 v [ aa A < 0/ a [ <3 o s
dudsfldnngaslesafsluananidumuiidivedududsdss  adelsionanaduimei
X . a & de o X a  d
wishidaudiginuazifonaan wenanidymndniieiudeanaldniesesimasuuy
Fmasuszanuianmanndfildnnminases  lasewnzagnbulafivdayannanwae g
uwnastayarilfiiaanuuanedesznindfldanmmasaaiiasanil protocol  Aluanearin
waz e WsngdinenwmsansuuudiasslasmsansSauiigunasmsmanuauR LS
22IMT A UNWRINIITAAG 9
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A = A o . L 5 & = . A oo
LAl e wAUNIIWN topological indices w9111 molecular descriptor ﬂmminslmaga
wnenulasasvess skt Insnuanudseauanugisalunsls topological indices 1w
. o ' 6 ' " . 7
molecular descriptor 1umimmﬂmi]‘maa@ (Hall et al., 1996) @1 partition coefficient
.8 . v A
(Huuskonen et al., 1999) molecular refractivity (Katritzky et al., 1993 ) Juen iiasann
topological indices munIadwaldhouszadlasligatlanaie 2 Hdvasms Fanea:
\flu molecular descriptor fianzaulasiarnzatvbslunsdaiianasnlguaudamanzaud
Q 1 [ -1 o . . . YV & .
znande bl wagslilisneanunsin topological indices 1n15tH% molecular descriptor Tunn3
aNuuLdaasfnIUMIBuEBRI R laglTaunuR I nsTiasn
AsaniiagUmduemsdnm QSAR/QSPR - Aamsdumeiudsdassnilyse
antmwlumaihwsgusud@nauladinm adnelsfiowdiauduigu tial and error ¥inli
Q = 1 £Z :Sr wa [ [] o
mydAnanusnuiznilesuazgnintequautfvassndullagnsnndiuinuas
] QI { Q =) o v { v 9
wonalasanizagesblunsmniandsdaszdnwinunnidauniietas Wanchana (2003)
ldanumunuiseiinsidasdunmsiiinmisesiaieesindegndlflunviwnsguauda
[ & A o Aad . . 10 & « A A
MINFTIAUMFAT  WUINTTBNUMIUIT Genetic algorithm  Gaiduineafiailslunis
' o a { 0o & ' [y ° 11-13 ° o o
\Wannguuasiuldsszimansauuazindudanisainuuuinaes CRU T e IREIN
wa =3 1 14 o a aaa 1 [ 6
FUUANMITURIU CaCO-2 cell BaIg1s  wazmisvhwiamaiiadfionszwinsenuian s
15 Y ° o a o o {o o ' [y
cytochrome P450 3A4 1Judu & wIumiienzianusunusnsusantas idusunse
, o A « A . 16 i s
sewihsisnidunguazng wuininieasedisdszanifian - (Artificial Neural Network, ANN)
& adda & ad A e o A A
i duwizndanuwanzan lag ANN HudtmnautieeiNansnnanufiauadszuuaIaTig
[ A (Y ' { o o \ o @ 1Y .
vasdulzamluanes Sanztznoudiomudiunddnfesiuvasmuindayadn (input layer)
' o Aa A ' . ' 2
§IUBINIINUWAAMZANATUTENT hidden layer uazdIuaINIEITaYAaan (output layer)
1 1 J Qo 1 g; IQ Qs = =) =) J Q U { 1
WARZENIUITTUN LR IUTTENNURITUNAANY  lasIzaLuaIdnTwasziunuaaInsiTanss
. Ly ° > J/ ) Y o
(connection) luifagtiudmain ANN nllumandanssuanniu iiuldviune octanoliwater
. .. 17 + A a a 18 o o 19-20
partition coefficient ANTIUITENTNATILN  URTMTEONILUUAITU
é’aﬁfulumiﬁﬂma%'oﬁ%awmmuﬁamﬁ”ﬁol,l,um"ﬁaaaLﬁa'ﬁ’]mquauﬁ'&mssﬁumu
Awbiasndmiudmunuianibiziiadnegldun vy wazasyy leoldis GA waukauiy
ad . 21 ad A A o . . . & o
A% partial least squares” wazitiaTadnUszaMiisuuasld topological indices Lluaauils

Bxsz  WWaltlunmIasauuusiaaaNamsvinm quauﬂ'@ MITUN BV ﬂﬁ%ﬁ’)%f&i&l%ﬂgﬁ‘d

2N
a A

uLwaLﬂmm’mﬂﬂumsﬁ@ummlugﬂLmuﬁmé{amaﬁ’mﬁfoﬁﬁﬂsxﬁw%mwLLa:a@Na"iT’mLﬁm
{ a J q"l/ o { v ; = a
N1 NaUUVDILN KANINRIINARAVULUINFDINFIITWIO 8 NIIWAIWI LTI L8
(methimazole)  LNBTNRINIIRIATE Lﬁaamﬂml,w%misﬁaLﬂumﬁmﬁ'ﬂiaﬁﬁmjuamgﬁuﬁ’maa
. . AN oo L Aa - A & A [ 6 o
thiomidazole Vﬂ:’mﬂmgﬂwmm's: hyperthyroidism Taidun1izNdausasasauNMIBIIBIIN
a a 3 < o 6 1 a e a 1 [ A s
Al lasin1IguaznInadtesasagas luninnninUnauniiasiununisidausesauale
£ ga o & v & & v & A A
na lMIBangNIVRINtf et INIRILATTATET LR gas luuLas LT D uenRTIsuITNAEh
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a o 6 6 1 Aa U dl Y % [ ad 1 [ ' v
mmsaamﬁzmmaU@aaﬂuumnm’]ﬂﬂmlugmmmaaiumﬁﬂmﬂ@mmnsm(ﬂ@mmﬂ
& A o A o o o 22 a A, A aas . v & o~
JauawIa NN laun Il ba laAun N ANIWTIR LTI At aNa I T auTNIa A
< Ao o A A = , & 232 o A
20N 5-7 TLad LLazgﬂLmummﬂuﬂamm@mwmgﬂuwmmmmuu Jhangatlaym
Tumslfinaesgile hyperthyroidism ~ ilanmInawenswdqsiiiasnngthenguitazla
RNIIDNARYN LA ENIREAINUITNAUNLAINABIUTHITLILALATILHBINNA1AIITIAN T
° [ ' @ R ° A o o 24
maamml%mmmuﬁalumﬂ"nmmaa@mUa@mdLLazmmmmmaumaﬂuﬂﬁiﬂm T
ﬂ%’gﬂ‘uﬁmu‘i’%’nﬁﬁﬁawmmm:ﬁ‘@umgmmwmmﬁmm:au Lﬁa‘lﬁgﬂaﬂﬂéjmﬁlfmvlﬁ
t}/ [} o ] L 1 [ 1 hrd 1 v
REANNUK 1% MILTwgAiUNIIANN  wdagnglsAauwuIn sunuasnanlimIa
UsagennTasaz liasn vinlwnanssne luiniuan
(¥ 6
mqﬂszmﬂ
1. INAWNMWILLLII889 QSPR  MRNNNIDYINMUNANTTUNIA%IHI 987 @I N R7
wikriiadng 9 inaidudayandaydanisisouszmanamnszuuinasnnlimaing
2. INaANENULAZNWATNIAaNNILADS Lol GA-PLS uaz ANN fazsinanldlunisasnd
o o 1 a Ed =1 g d'd ] g; a 6
WULUF1889 QSPR U843 UUINRIENNNIRIRIHITINDIT 0NN NA G 0UUA UM TIATILH

v v

magamﬁ% AINAN

¢ 1 s
Uselaninaiainezlasy

1. ﬁ']ll']iﬂﬁ@lluqlal,ﬂﬂ"ﬂoqﬂaﬂ QSPR ﬁﬁ']ll']iﬂﬁ’]uﬂUﬂqi‘%wNquaaﬂﬂ:ﬂmaﬂﬂqﬁ’]ﬂgﬂuﬂﬂ
FaesRnhITiaa1es lasnafin?d genetic algorithm combined partial least
squares Wa2/®3977 artificial neural network

o_Aada a €‘§ U A a J

2. ﬁ']lniﬂu’]']ﬁﬂ’mﬂallwqL@’Iassﬁ\‘i'ﬂ']vlﬂ\‘nﬂ%iﬂNﬂ@muLa@ﬂqﬂluﬂizLﬂﬂ quﬂuﬂqi
NANDILNUNITINAR/BDINIG in vitro AT in vivo Lﬁaiﬁa@ﬁzﬂzlﬂaqLLaz@‘hl"ﬁﬁhﬁiuﬂqi
WA TU LN 98NN 1AM

o A [

3. RIUIIDNAWINITITY T UL &ILN MR mTINTananw lanialulszine
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ASNIINAaay

1. ﬁﬂm*ﬁagaﬁLﬁ'wﬁaaLLa:Lﬁmwmwﬁa;&amﬁuNmﬁmﬁfomgwﬁ RIMTvnuuazaTL
129N THAGN 9 @A aminopyrine, antipyrine, diclofenac sodium, dopamine, estradiol
indomethacin, isosorbide dinitrate, ketoprofen, morphine, lidocaine, levodopa,
flurbiprofen, ibuprofen, 5-fluorouracil, cyclobarbital, isoproterenol L&z nicorandil

2. AnweRumwIndaas waa molecular descriptor Aitnanzanfazsin Ul lumsaie
LUUI1aa9Y QSPR maoms%umuﬁmﬁfmguﬁ HIMTWULAZA T LB AZET Y
neI8ITeangg laun

2.1, MUl AaSuasFILLL889 QSPR deiTaa

2.2. MIAWNMNALADTUALENIULUTIAY QSPR  @2835  genetic  algorithm
combined partial least squares

2.3.MIABMMNALADTUAZEIIULLIE9 QSPR 287D artificial neural network
lagltldsunsy Trajan

3. ﬁnmam’s:ﬁmm:auf,%m%'umi‘il,m'}:ﬁﬁ’m%‘%@iws]VL@‘TLLﬁ

3.1.9% genetic algorithm combined partial least squares LT Anmaanmiiia
crossover JLATWIAZSIWIN generation lansEItnaanmMILUaenuasues
fRawMasznInendldanmmasesiudnf ldannisvinme

3.2. artificial neural network L% AN®131WI hidden layer 5'mﬂmil3'ﬂu§” (learning
rate)  fimanzanlanissainaanmMaasnulasuossnRanatnzingai e
nnInasasiuedldanmariue  §uwamen root mean square error
(RMSE) §%70M3 train aya Uaze predictive RMSE §#%3UN13%n Leave-

one-out cross (LOO) validation

_ \/Z(y:‘ - ypred)2
predictive RMSE —
n

loy vy, = f y NldanmInesas

Yorsd = M y Nleanmsvinwsnsansdiui o
(%38 Yo NIDEIWITAAT RMSE)
n = Hwndaya
4. UsziuANUENNITINIFINWILVBILUUITIAE9 QSPR UaIMIBUENBRIRRAaTa ba
A A . . : A w s o o :
lagl#3% LOO cross validation namlasdefatayanilidiazgniiaanannguuas

0 o o a4 o & v A A [ A o o s
%’ISJ’]FL“IT‘Y]@]%VE]‘]JLLUU%WE\]E]G‘Y]&TN?J%I@Uﬂﬁg&l”ﬂ@%la‘ﬂlmaa 6]\‘]3"]_]7] 4 NMNTATUITUD
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aunznidayanndignltlunmsviiuiy  nuudwitedn  predictive RMSE e

WU HUAMULANAIITZHINAIN LGATNNIINARILAZAIN LAINNNTIIFIUNE

Data set

N-1

Training data Testing data

Prediction

4 z Aa o a o o & o o
g‘l.l‘n 4 IPUADWID leave-one-out cross validation I@U N ADIUWIUTIURIANG VBUAWUY

o o s 9 o o d o X % a A
(ﬂ’)‘i]&‘gﬂ%ﬂaElﬂlelLWEll"]j‘ﬂ(ﬂﬁa‘uLLUU%’]RBGV]NTN“I]%I@U?JE]%J&Y]L‘vmﬂ (N-1)

= Qs a 6 1 o = 1 a % 6 a a
5. ANMMIANNFNRUTITNIULLIIEI QSPR BaamMaBur Ui Imanys Rantkiny
PR )
uazATUgNeToald
e o s { v o 1 =) e J { o
6. WAWIGITUENNIANIITZUUINRIOMNIIEIRIIIRUILNaNARaLLLUII8ad  QSPR
I a o A & , g
YDINITUENWRINIIN Lo LA 8U LA a6 D 11T
6.1 LIUNITULRFIINNIIRIRTIVAIEN methimazole
6.1.1 muassuaudan: wisuiaudalalauaw (H type, 80-85%DD,
CH) lagazaelalawsu anududs 1% lassiininluasazaiensa
ALTAN AMUTUTY 1% laulSu1as nvwnasazans balauale

N (petridish) auwiingmnni 60°e Liuiaan 2-3 Tl

6.1.2 MILEILUNSUNNRNLN:  tesuunNwAsuvassNgunUlalanaw  lag

aranseusulaalusntazay lalauaunigasriannududn 1 %
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Tagvimsinluwamet  ntuwia Weuuksswdsiumaedsuilda
wanlalauoy YSunmenluusuyinny 0.76 un./a3.o4.

6.2 ?iﬂmamauﬁamamﬁﬂaﬂsfmaaLLNuﬂﬁuﬁL@%ﬂé’[@ﬂ"ﬁ Differential Scanning
Calorimetry (DSC) uaznsinauanIonszninsenuasnadinasiaals  Fourier
Transform Infrared Spectroscopy (FTIR)

6.3 mytaalsagsuuuAeuaniemy (in-vitro release study) laglfiasasmasay
nIazany  (dissolution  apparatus)  eWATlwARTEIUTAIERIFALNIM
(Apparatus V, paddle over disk) LLaz"’iLmﬂ:ﬁﬁﬂmmﬂ%mmmﬁgﬂﬂa@ﬂdaal lag
15898l UV-spectrophotometry fitasndng § nelu 24 dalug

6.4 ANHMITUHUVBIRINIGIBIDABUENITIINNY (in-vitro permeation study)
laglgfmibignuyusnassaduimiadiass isasdefildnasey fo  Franz
diffusion cells SiarzdUSImMeNAivaadasafiamen g aolu 24 Talus Tagds

UV-spectrophotometry Laz¥inmIvinuaaimsduswiinlasliiuudiass

qﬂnsnf‘ﬁ"lii‘l%mﬁ%'ﬂ
Ultraviolet spectrophotometer
Hot air oven
Desiccators
pH Meter
Microscope
Controlled temperature waterbath
Analytical balance
Diffusion cells
WaaALAUAIE19INNIQATUH UGN
Venkel disk
Magnetic stirrer
Syringe WAEIRILLALABENS

ldsunsuuazsanyina$6n9 9L1% Molconn-Z software
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wamiﬂﬂaaauazuﬂ%m‘mi

[3 1 A % a Y a 1 &
1. Lﬂﬂi')ﬂs')&%ﬂﬁaﬂq?ﬁ&lN']%N'Jﬁ%\‘]&l‘lr!:‘]&l’ﬁ N?ﬁ%ﬂﬂhbllazﬂiqﬂgﬂaﬂEl'l’ﬁ%ﬂ@l'l\'i ) N9

BUA 14 A IINNIINUNAWITIHNIIN

{ ' ' a o a o a 25
('P']']S']\‘]ﬁ 1 ﬂ’m’liﬁ?ﬁlmumﬁmmwﬁ N?%u@%%uﬂﬁﬂiﬁugmE]\‘iﬂ’]?iu@@n\'i |

Drug name log P (sec/cm)
rat human shed snake

cyclobarbital -5.939 -6.650 -6.298
diclofenac -7.265 -7.265 -7.707
dopamine -6.590 -7.696 -8.377
estradiol -4.568 -5.479 -
flurbiprofen -3.943 -3.532 -4.144
ibuprofen -6.588 -8.064 -8.630
indomethacin -4.373 -4.909 -4.967
isosorbide dinitrate -5.306 -5.214 -5.107
isoproterenol -3.991 -3.653 -3.912
ketoprofen -4.618 -4.773 -5.191
levodopa -7.066 -7.964 -7.969
lidocain -5.192 -5.101 -5.312
morphine -6.921 -7.061 -7.275
nicorandine -7.295 -7.295 -7.392

= A v a 6 ~ . o dl o ¥
2. HAMIANBUNDAWWINITIALADS 138 molecular descriptor MtwaNzaNfiazin Ul
¥ [ =< 1 a U 6
Tun1sa3uuuudnaas QSPR vasnsBur A mwauBdvaen
fuwith molecular descriptor 2ad@gnudazaINNlaTdae 2 8@ lagldlusunsu
[% . o A [% ..
Molconn-Z l¢ molecular descriptor 220 @2 991U32NaUA2Y connectivity, shape LAz atom-type
E-state indices N3l molecular descriptor AANuFNAUTAUFITYNARBEN  WALARE
molecular descriptor 75 61 33WI13LT genetic algorithms (GA) iWatisiRannguaIULIN
o a 1 v o ] a L 10 U a
fandanIaivuuudines QSPR vaimIBuruianinusiuen GA- ldwanmyves
FIAUWINT LagMIRUULULRANNNSITITNIAALEENANTIINTNG (natural selection) T3
o A e A oo a A A ad g o &
witgwimadenngueaaudsiuanzanlaslidudsiSousleutn  A3nsfdsznaudinau

aauniAYmuTuaan Aa nMIAaLian MIFuLAsUAIAIUT (crossover) LazMINABWUE
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(mutation) lasngudaudsnldlumaiwonaladniazgnaaidenliludszainiu
. (% dl 1 o d' v 3 a o ny a 6 v ad
(generation) fialy Tuymizingududsnlinalunmsviwgldfazgndanis malieszidaeis
GA wINNNMIFTIUTTINT (population) maamjuﬁmﬂiﬁm: Lwia:mjwjangﬂlﬁiiﬁ'a
PBTEUUAILATRRIAIAG “1” DU “0” laNaNNEN VI TR AYNALINWIRAUTNIRNA A
“" panganuiautidsenuionuding lusmendn 0" waganuiiainlidasznula
fan idududasianldlumssiuuusiass nnuiivuedn fitness tialtlunsuen
anauandvvadndazngudasingudasladinguuasdiudsivainzaund  laslfinafiais
=) £ o 1 = a Qg Qs Q 1 { o v
mylareianunenasduainnam  lasdruuiaundszintandunuivasdniuela
T . .. 2 A v & ' . o A o ~
(predictive correlation coefficients, q ) Waltiduen fitness sl,umm@l,aaﬂﬂqwmLLiJS“nmmz
sudpinaiin GA Mathaau dildulminue 5 @ ndudesvasdudimmuandulyld
& 5 ' ' o I @ ' ' o ' o
finswua 2 ndudan ldun 01110, 00010, 00110 Liudu ndutozvatdULIRBINgNIZONAR
J 1 1 1 . g: e { 1 o o L
\Wanduinadnigulas@aindl fimess anuwazlinisduifoudduduasiimanaoug
{ v . TN ; o . ¥
auanziimue  azldngudssvasdiudsiulmiiioln  luudaziwazinsduwimdian

nAvendladszmnsasuauninrua b lagldan1izaad

Probability of crossover =0.8
Probability of mutation = 0.01
Predefined number of population =100
The number of generations = 500

WL genetic algorithm ldAaLRan 9 Molconn-Z descriptors (@rmaﬁ 2) AInugls

descriptors 119 9 GIHEIRIUNTAIILLUIN889 QSPR ¢k

M1319N 2  Molconn-Z descriptors %Ggmﬁaﬂi@]ﬁ% genetic algorithm Lﬁal‘ﬁ“ﬁ/a%}aﬂ’ﬁ%&l

muﬁwﬁhmgwﬁ

Molconn-Z descriptors

Chain 6 simple connectivity indices

Chain 6 valence connectivity indices

Sum of delta-l values

Flexibility index

Hydrogen atom type E-state index value for all groups except -OH, =NH, -SH, -NH,, -
NH-, =CH and -CH_X

Atom type E-state index values for atom types (-NH-)

Atom type hydrogen E-state index values for atom types (CH,=CH-)

Hydrogen atom type E-state index value for all groups except -OH, =NH, -SH, -NH,, -
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NH-, =CH and -CH_X

Polarity index

¥ aa

3. HANIMEAIENMANEENFEMSTUNNTIATIRRAI8IS  artificial neural network
(ANN) Tasly descriptor 9 o)

lumsfinwassitldiunewitnaieug (training algorithm) uuL  back-propagation
rule lagisuannmaifsuuadanmaFoug (leaming rate) Tuz19 0.002-0.02 laurfimuasiag
16199 @9t momentum WiNAL 0.05 91w hidden layer WinAL 5 wag weight -3.75 919 3.75

o o A ! . A £ ° v
lasyinmMIsuwIth 10,000 J0U WALEASIWANTTIA 3 WU leamning rate LWNZUAZYNIAAN root
mean square error (RMSE) aaad&1%Ium3 train {l'asq]lﬂ Uazfn predictive RMSE aaad&1®Iu
o . . A A . ! L A X o

13¥11 LOO cross validation wellaiiva learning rate £19 0.05 ¢en predictive RMSE [WJYU® @
& = a ' . A
Wit 9L88NA learning rate 1 0.02

NnnuwiMaUfsuuladan momentum Tus4 0.001-0.5 lasfwuasainenss aad
learning rate AL 0.02 $1%3% hidden layer \¥inAU 5 uae weight -3.75 §19 3.75 lagvinms
fMUITh 10,000 58U WALEAILUAITI9N 4 WUINNEN momentum L¥YiAAL 0.005 1¥iFn RMSE wag
predictive RMSE mmzauﬁqﬂﬁ’m%’ums train ﬁagmm:msﬁﬁ LOO cross validation @1y
810U AIUUIILFDN TR momentum WINAL 0.005 ANT1N 5 LEAIA1 RMSE Lazein predictive
RMSE Naw/asuuasiiu hidden unit dwiudaya training numI¥in LOO cross
validation @N&1AL WU $113% hidden layer winny 5 lien RMSE uaz predictive RMSE
WINERNNFAEWIUMT train Taya (RMSE=0.1912) uazmsvin LOO cross validation
(predictive RMSE =0.2194)

o & A ° o A €y ad ) . o A

AIBURNNINRNZRNEWIUMTAATZRAI8TT ANN lagls descriptor 9 @7 Ailglunns
fAnwaTafifa leaming rate YINNU 0.02 momentum LYiNNL 0.005 $1W72% hidden unityinnu 5

uaz weight -3.75 119 3.75 laa¥innmIdwass 10,000 Jau

4. &319UUUINAa9 QSPR °11aams%usimﬁmﬁfamguﬁua:ﬂsztﬁummmmsn‘lums
FNEUBILUUSIADS QSPR NNAIWID

WU gUNAMIFILLLS809 QSPR dhedtanan 53 GA-PLS uashs ANN lagld
ldsunsy Trajan gﬂﬁ' 5-7 (A) LLamm']wé’uﬁufszwmmmsfﬁwmuﬁmﬁ\mmgﬂﬁﬁiﬁmﬂmi
naaed (observed log P) ﬁ'ummiéfmNﬁuﬁ?%ﬁdmgwﬁﬁvl,ﬁmﬂmiﬁﬁmtu, (calculated log P)
lagldas multiple linear regression (MLR) 7D GA-PLS 183D ANN ﬁﬁ configuration 9-5-1
(§1%3U input, hidden W&z output layers) WU l@dN root mean square errors (RMSE) '3

LANAINBUNAUNFEINILNNT train TaYANINUA 19835 MLR a3 ANN (RMSE = 0.322 Uas

0.453 awiey) lumei3 GA-PLS 1vien RMSE deudnigs (RMSE = 0.621) ilaviims
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o { o £ a .o { '
ATIIROLANNDNABITEI ANN model M1a31971lae 3T LOO prediction 3Uf1 5-7 (B) W1 ANN
model #aanInvinedmMIBuiuiwiiyed ldandasnnigalianfioufisunivansesis
M39N 3 wamIdasullasdn leamning rate Nidlsiadin RMSE uas @1 predictive RMSE

ﬁ%ﬂ%%’ﬂ“ﬁaga training Lz LOO cross validation

Learning rate RMSE predictive RMSE
(Training data set)  (LOO data set)

0.002 0.4573 0.6322
0.01 0.3378 0.8903
0.02 0.2901 0.5396
0.05 0.1245 0.5410

0.2 0.0045 0.4713

M59N 4 WansiURsuuladdan momentum Nidadn RMSE waz ¢ predictive RMSE #1430

ﬁa;ila training L&z LOO cross validation

Momentum RMSE predictive RMSE
(Training data set)  (LOO data set)

0.001 0.1641 0.4231
0.002 0.2175 0.6119
0.003 0.2571 0.8864
0.005 0.1912 0.2194
0.05 0.2901 0.5396
0.5 0.0821 0.4386

M5N 5 WansiUReuulasdnwin hidden unit Nildadn RMSE waz @1 predictive RMSE

E%’m%uiaga training L8z LOO cross validation

Number of RMSE predictive RMSE
hidden unit (Training data set)  (LOO data set)

4 0.1842 0.3668
5 0.1912 0.2194
6 0.1477 0.2538
7 0.2093 0.3038
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0.1773

1.0376

A Goodness-of-fit to the entire dataset

-10

Calculated log P {cmis)

CUbserved log P {cm/fs)

-10

Predicted log P {cm/s)

E. Leave-one-out prediction

I T T l’
-10 -8 -6
¢ n
+ L]
+ ¢ e
. £
*
I
+
1004

CUbserved log P {cm/fs)

24

51N 5 poudNRutIEndedn log P ldainnismeassiusnldainnisA e lduuy

o = 1 a o rdl ¥ ¥ as . . .
ANA8Y QSAR TIBNNIFTHNTUNINUINYREIVIATINALIT multiple linear regression

(conventional) alddayasisunn (A) waz n1stlsziliuAanuauinlunsyinuie

PDILLUANAD QSAR 18INNITHEURMIRINYeNai9 1neds LOO cross validation

(B)

A Goodness-of-fit to the entire dataset

n
=

Calculated log P (cm/s)

Observed log P {cm/s)

-10.

B. Leave-cne-out prediction

Predicted log P (cm/'s)

-8 -6 -4
&/
.
»
e e 6
. 6
‘ ‘
* 5
TS
1o d

Observed log P {cm/fs)

% o & 4 1 dl % o J dl 1% o 4
ANHNANNUTIENINNAN log P Wiﬂ@’]ﬂﬂ’]?‘ﬂE”I@‘ﬂ\‘im_lﬂ’W]iﬁ‘ﬂ”lﬂﬂ’W?ﬂ’]u’Jﬂﬁ@ﬂiﬁjLL‘]_I‘LI

218849 QSAR 189N TN UAIMIINY AT 1950eR5 GA-PLS e lddayaeniiainn
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(A) 4ay N3z iRBAMNANNN NN LN URILULA1ABd QSAR 1BINNTT

HuRaMaNYEENaig 1aeds LOO cross validation (B)

A, Goodness-of-fit to the entire dataszet B. Leave-one-out prediction

-10 -8 -6 -4 -0
g VI E
i*ﬂ o
= ]
3 5 E
k ' £
2 . i
O ¢ -8 &

-10 -10
Cheerved log P (cmis) Observed log P (cmis)

a o o & ! ! A v o 1 any ° Y

g'i.l‘Vl 7 ANUANNUDTENINAT log P NlFannimaaasiuaAnldannisatuulag Iduuy

A1889 QSAR 189N19TNEURIUT Y BN a51949895 ANN Walddeyanniianun
(A) 4ay N13Us2RBANANNN9D NN URILULA1ABd QSAR 1BINNTTH

HuRaMsNyEeaing 1neds LOO cross validation (B)

laggane predictive q° Gsflenvin 0.829 15ald3% ANN uaz JAuviniu 0.568 waz 0.659
{1al43% MLR uaz GA-PLS awéney wananiinsls ANN §3l¥dn35 RMSE @‘ilwﬁqmﬁatﬁﬂu
NUBN&893D (RMSE= 0.624, 0.990 LLaz 0.880 §1%ILAT ANN 35 MLR uaz GA-PLS eusay)
uaﬂmﬂﬁl,fiamaaoﬁﬁagaﬁ"l;iLﬂniﬂumsa%ﬁoLmuaﬁﬁaaammaaummmmmlu
MIAINEIBILILEN eI T9T (external validation) §2835 ANN sz MLR WUMUUS1889
faslaold3s ANN & performance fiann (gﬂ‘ﬁ' 8) Taglwen predictve RMSE énninuuy
$raasfistalanldis MLR (predictive RMSE = 0.882 §113U3% ANN uaz predictive RMSE =
190 §93U5% MLR) fusasliifiuinuuusiassfiatilasldis ANN sansaviugennmsta
muﬁmﬁawwﬂﬁgﬂGTaamﬂﬂ’j’]mﬂ%‘i%ﬁy‘dLamshuﬁu’i%' MLR  nafianatiiasunainan
mmmlumiéﬁwmuﬁmﬁfawwﬁmaomﬁ?uﬁuﬁ'uﬂﬁwmﬂﬂszmi vatfastlwdoswosfiomnegs
Y] LLazﬂa%'ﬂ”Luﬁawaaqmauﬂ'ﬁmaaéhmLaa Iefurianuiian INaUazLIBluANAN

LUa ﬁﬂﬁmwé’uﬁuﬁwdwﬂm&a%waﬁ'ums%umuﬁmﬁfauwwﬁ%’uﬁamﬁuﬂdwﬂ%ﬂam



NPNUITVIFTAININAIULUFIHBI QSPR 28IMITUHIUAINIIVDISZ LN IR 26

e 'U a v 1 [} Aa a 9/3 o g; dﬁ | a { Yo et
auwufmuaumoamomu 70 MLR 1%ﬂ759‘ﬁﬂ’]£lvl,(ﬂ'ﬂ\‘i%l]@ @311 ANN GITGL]_]WJ%ﬁFL"Ua']W'iUﬂ’ﬁ

[ % a o‘d‘ o % 1 & % =3 o el dd‘»
RIIANNFUNUTNTUT AU LT AWATI T80T LT LA 6 LN Tk

A

ANN method

o MLR method

Predicted log P(cm/sec)
2

-8 -7 -6 -5

Observed log P (cm/sec)

;Sﬂﬁ 8 ﬂ’]iﬂi:Lfl%ﬂ’n&lE*T’l&l’]iﬂl%ﬂ’]‘iﬁ’]uﬁmlE]GLL‘]JU’%’]&EN QSAR maoﬂﬁ%umuﬁmﬁfa
o‘d' v v ad ad . . . ad
WBBEINTINNAILID ANN LA 1D multiple linear regression 10835 external

validation

[ o 3 1 o 1 a % & A
5. @NBIMIANMAFNABSITWIVUUUIIEDY QSPR BaIN BN IMHIMRIAREE K7
L% d. =~ v
wikonuazaugfiaiaale
5.1 NMIFIWUULTIA2IVDINIBUHIBHRINIBIY
fuIth molecular descriptor UBIAIELARZAINNLIATIFIS 2 A lasldlusunsn
[% . o A [% ..
Molconn-Z }¢ molecular descriptor 220 @2 94132NaUA2Y connectivity, shape LAz atom-type
E-state indices N3l molecular descriptor AANuFNAUTAUFITYNAABEN  WALARE
molecular descriptor 75 ¢ 33Wa1 31T genetic algorithms (GA) iNaTBiRanngu@ILLIT
o 04 1 v o =< ] a a k% e dl 1
fandansaiuuudiaes QSPR vaimsurnuiIntinysesn ldnaain1ien 6 wud
GA 'laaaiaan 9 Molconn-Z descriptors @41%4391% descriptors 19 9 AAEIWTUNNTFIIULL
$mas QSPR dald lunsassunudiaes QsPR lagld ANN 3Uf1 9 usasamudunus
izmwmmi‘%umuﬁmﬁf\iwwﬁﬁ"lﬁmﬂm*m@aa\‘i (observed log P) NUATMIBUNIBRINI
auwif ldannsdwins (calculated log P) w83uuusaas ANN 7l configuration 9-5-1

o et . . a A dl o a
(K193 input, hidden LLas output layers) lasfidn RMSE = 0.011 Saiilavinmsdszifinainy
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o o { o ¢=§/ v a . . Y . .
830 I BV BILLUIaaINF9W 83T LOO cross validation léien predictive
RMSE = 0.218 (é’mamlugﬂ‘ﬁ 10) TILEAITIMULINEDI ANN hanunTnrinwadn1sTunin
a e val
Al lad
4' . A A ad . . A ¥ v 2 [l
®1979N 6 Molconn-Z descriptors smgm,aaﬂimmﬁ genetic algorithm Lwalﬁmagammwmu

ﬁwﬁl‘mg

Molconn-Z descriptors
Path 3 simple connectivity index

Path 5 valence connectivity index
Sum of delta-I (intrinsic state) value

Total topoogical state index based on electrotopological state indices

Hydrogen atom type E-state index value for all groups except -OH, =NH, -SH, -NH,, -
NH-, =CH and -CH, X

Maximum hydrogen E-state value in molecules

Maximum E-state value in molecules

Minimum E-state value in molecules
E-state of C sp’ bonded to other saturated C atoms

RMSE = 0.011

-10

-10 -8 -6 -4 -2

Calculated log P(cm/sec)
&

Observed log P(cm/sec)

ni e o 6 1 1 d' U = ] d' (% o U
3UN9  ANWANRUTIzRINET log P Aildninmamesasiudnldainnisdwislaslduuy

31889 QSAR °uadﬂﬁ%umuﬁmﬁmhbﬁﬁwﬁasﬁ%‘ ANN Lﬁalﬁﬁa;&amﬁwm
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predictive RMSE = 0.218

-10 -8 -6 -4 -2

Predicted log P(cm/sec)

Observed log P(cm/sec)

E‘]Jﬁ 10 ﬂ'ﬁﬂizLﬁuﬂ’J"lﬂJﬁ']ﬂJ'ﬁﬂIuﬂ'ﬁﬁ']%’m“ﬂa\‘JLL‘LITIJﬁ]oWaa\‘l QSAR YN ITUNIBRINGS

uus a5 ANN 1a2A% LOO cross validation

5.2 NIFIWUULTIA2IVDINMIBUHIBATIUY

fuwIth molecular descriptor ¥84G8NLGARzA1NLATIETS 2 U6 lagldlusunsn
Molconn-Z 'le molecular descriptor 220 a7 %dﬂizﬂauﬁw connectivity, shape WLaz atom-
type E-state indices ﬂifﬁﬁ molecular descriptor ﬁﬂ%ﬁwﬁuﬁufﬁunggﬂﬁ@aaﬂ NALTARE
molecular descriptor 75 @7 39RO LT GA Lﬁa*’ﬁasJLﬁann&jué’aLLﬂsﬁﬁﬂﬁzy@iam‘sﬁwLmu
#1989 QSPR 229MIBUHIUHINTRINYBIEN Idwasannsefi 7 wudn GA leddaidan 6
Molconn-Z descriptors 63563414 descriptors h3 6 §AREMTUMTEFIIULLE1a09 QSPR
aghelsfianuuuudians ANN #i3 configuration 6-5-1 (§1%3U input, hidden sz output
layers) laoiidn RMSE ¢dautnags (aglutag 2.027-2.349) avnmsdszafiuanusansaly
MIfeveILULiNaasfiaieiu §183% LOO cross validation usineziasuutasanied
l#waoanaz @ snazl 1 = 10000/0.02/0.005/0.0001/5 AR 2 =
10000/0.006/0.01/0.0001/5 LLazam’szﬁ 3 = 10000/0.001/0.9/0.0001/5 (EPOCHSs/learning
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rate/momentum/noise/hidden) W&AIILLUIIRAI ANN ﬁmmmﬁﬁmﬂmﬂﬁ%umummg
1 laiasin

a . = A ad . i A oo =<
A1919N 7  Molconn-Z descriptors Gmgmaaﬂimw genetic algorithm L&lal*’ﬁmayamssﬁu

mummg

Molconn-Z descriptors
Cluster 4 simple connectivity index

Kappa zero

Flexibility index

Minimum hydrogen E-state value in molecules
E-state index value for atom type >CH-
E-state index value for atom type -NH-

° a & A ' A o
5.3 ﬂ']i%']W']i’]Nl@lasﬁlﬁﬁ]’]ﬂﬂ"ii%ﬁaﬂaﬂ’]i%m N']%N’JW%\‘]WKMLQ&W?’“J&

NIWIYHANIIBN &i'mﬁmﬁwwmf

\Wanaaadlt Molconn-Z descriptors 9 @7 ﬁvl,ﬁmﬂmﬂ"ﬁﬁagam‘sfﬁumuﬁmﬁf\m%

(135199 6) FIIULUUF1809 QSPR maomss’fmmuﬁ’mﬁfwgﬂﬂ‘[ml% ANN % configuration
& di o a o o ai v &/ v ad
9-5-1 &adarinmsUsztinanua NI NI sUaILUUT18eINaTI9ln @183 LOO
cross validation l¢iein predictive RMSE = 0.360 (asugaaluzif 11) ugasduuudiaas ANN
dw o 1 = 1 a a v p.? d' o U A:l' 1
HanansnyhwsdmIBuiuRnibin s lae uaﬂmﬂumamaaammagaﬂumﬂﬂﬂumi
[ ) o o { v J . .
RLUUINRBINNAFELANNRINNTA UM I W EUaILLUINRaINR TN (external validation)
WUINEN predictive RMSE = 0.310 (Eﬂﬁ 12) fusadlmduinuuuiiassnasrslasmaihnim
ﬁL@la%ﬁ"lﬁmnﬂ'ﬁl%iayam‘s%wmuﬁ’mﬁfmﬁ Indmmlasliis ANN 8I3NInvinwea g
sﬁumuﬁfmﬁfamgwﬂﬁ
' I3 A @ . o AV o XY =<

aghglsneuiianaaasld Molconn-Z descriptors 6 @7 ﬂ"lm]’mﬂ’]ﬂwagaﬂ’lssﬁu

HAUATIY (799 7) sFsuuudiaes QSPR maomi?ﬁumuﬁmﬁowwﬂ@ﬂﬁ ANN N3
o a o o { v é/

configuration  6-5-1  WAZHNIMIUILLAUANNENNITD UMM BVBILLLF1RINRIT9DU
83T LOO cross validation kaz 37 external validation Wu3nbéen predictive RMSE = 3.50
ey 1.26 eNNAIAU ﬁmmmd’]wwmﬁL@la%ﬁ"lﬁmnm{lfﬁﬁagaﬂﬁs’fmmummg analy
mmmﬁ,’wmﬂs:yqﬂ@ﬂ“ﬁﬁﬁmmhmié'i?umuﬁmﬁfomgwﬂﬁﬁoﬁlﬁaaa’mﬂa"Lﬂlun’lsS‘fjumuﬁ

Lmﬂ@mﬁmzmqammg LLazﬁmﬁfawwﬁﬁfmm
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9]

~

g

S 4y

a¥

o

O -6

—

o

0

D -8 1

o e predictive RMSE = 0.360
ki

g -10 r r ' ]
[aN]

-10 -8 -6 -4 2
Observed log P (cm/sec)

;S‘ljﬁ 11 ﬂ’ﬁl]i:Lfl%ﬂ’)’]&lﬂﬂ&l’ﬁﬂl%ﬂ’]iﬁﬂ%ﬂEl"ll'eNLL‘]JTJ"ﬁ’]ﬂﬂx‘i QSAR ?lﬂdﬂ'ﬁ‘i%&l NIWRIR IR
e o 3 ad Y A 6 ¥ 2 ' a Cd ad
M%EU“/]@TN@’J 87995 ANN I(?’IEll’ﬁW']i’]&JL@l@‘i"ﬂ']ﬂ“Da}&aﬂ’]?ﬁNN']%N'J‘ﬂ%\‘i‘lﬁy} I@U'J‘E

LOO cross validation

F]

o O]
~
Ty
[an)

o ]
o

~ 5.
ki
B9 predictive RMSE = 0.310
-

T

0}

“

[an)

-0 9 8 -7 6 5

Observed log P (cm/sec)

;Jﬂﬁ 12 miﬂsuﬁumwwmmsﬂlumiﬁ’]mmlamum‘haaa QSAR Tﬂdﬂﬁi%uﬂi?%a?ﬁﬁ;d
ed o v ad ¥ ) 6 v I~ ' A 4 ad
N%HUVI&TN@I’JU'J‘E ANN I@ﬂl“ﬁWWi’]ﬂJL@]ai’ﬂﬁﬂTa}'ﬁlaﬂﬁiﬂjNN']%N'J‘Iﬁ%\‘]‘ﬁhla I@U'J‘E

external validation



NPNUITVIFTAININAIULUFIHBI QSPR 28IMITUHIUAINIIVDISZ LN IR 31

5.4 msﬁ,’lwnﬁﬁma%’ﬁlﬁmnnﬁ‘lﬁ"ﬁaganﬁﬁuvi'mﬁ'mﬁfamwﬁﬁ'lmﬂwams

%Nﬁj’l%ﬁ’lﬁﬁ\?%%uagﬂiﬂﬂg

o . o AV o X =< ' ’~ @ &

27nN314 Molconn-Z descriptors 9 @7 wvl,mnﬂm{lma;&amiﬁﬁumuw’mmmgw

(@13197 2) aFauundiaes QSPR vaImIdusuiiantiinglasls ANN A% configuration 9-

P A ° o A o X v  ad
5-1  FNarIN UL IRAINUEINITD NI WLTAILUUI R aINE 9% @283F  LOO
. . v o [ { ] . °

cross validation @@ predictive RMSE = 0.111 (mua@ﬂugﬂﬁ 13) DILRAIINLUUINNDI
ANN ﬁmmmﬁﬁmﬂmﬂﬁ%umuﬁmﬁmkﬂﬁﬁ Lﬁamaaaﬁﬁagaﬁ"l,ﬁl,ﬂﬂlﬂumsa%ﬁaLmu
. . . . X o L
F1929INARALANNENINT LN IV B2 BILLUINRINE9UY (external validation) WLINEN
predictive RMSE = 0.230 (U1 14) uananiwaidunafiouiieulddszlvanumuinlu
MIwETaILUUIREd QSAR °1Jaamis‘fmmuﬁmﬁm%ﬁaﬁ’wﬁm%% ANN  Tagldwis
ﬁL@laﬁ(mﬂ“ﬁa%lamsfi?umuﬁ’mﬁfoﬁmm 75 @2 1lay37 LOO cross validation W& external
. . @ . o @ d A ,
validation (n=3) ladn predictive RMSE = 0.413 Llaz 0.456 @148 1aL (gﬂﬁ 15-16) T301NNIN
AN o Y A ¢aY o XY =< ' ’~ o & A v & A A
mﬂ"lmﬂﬂmﬂ“ﬁmiwL@laiﬂ"lmnﬂmﬂwagamswmumvxmmgw HURO AR T2 ANT
mwmaumuﬁmaoﬁﬁwwwmﬁL@a%ﬁ"l,ﬁmnmﬂ“ﬁagan’ﬁs?mmuﬁmﬁfowgﬂﬁmﬁwmm“[@ﬂ

v A o ' =2 1 a 4
FL‘]J"J'E ANN LWaﬂﬂuﬁﬂﬂqﬂﬁisﬁuﬂi’]%&l'}ﬂ%ﬂﬂy}

predictive RMSE = 0.111

-10

Predicted log P(cm/sec)

-10 -8 -6 -4 -2

Observed log P (cm/sec)
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of Genetic Algorithms and Artificial Neural Network
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Abstract

Human skin permeability (log P) data on 14 structurally diverse compounds were
analyzed from their two-dimensional molecular structure using a combination of genetic
algorithm (GA) and artificial neural network (ANN). The 9-5-1 neural network model was
much superior to the conventional multiple linear regression model in terms of root mean
square (RMS) errors (0.1912 vs. 0.322). A “leave-one-out” cross-validation revealed that
the neural network model could predict skin permeability with a reasonable accuracy
(standard error of prediction (s) of 0.2194). Even in an external validation, the predictions

were in good agreement with experimental values (s = 0.882, n=3).

Introduction

In the pharmaceutical, cosmetic and agrochemical fields, it is important to predict the
rate at which drug molecules penetrate the skin. To analyze the relationship between
molecular properties and biological effects including skin permeability, linear equations have
been used conventionally because of the simplicity of this approach. However, it is not
absolutely certain that biological phenomena can be described by such linear equations.
Recently, ANN has been proven to be suitable for processing data on the complicated
relationship between causal factors and their results.1 In this study, the correlation between
the molecular descriptors and human skin permeation was examined using feed-forward

back-propagation neural networks.

Experimental procedures and methods,
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Human skin permeation of 14 structurally diverse drugs was collected from Iiterature.2
The topological descriptors were automatically calculated by Molconn-Z software for each
compound on the basis of their structures. A total of 220 connectivity, shape and atom-type
E-state indices were calculated from the 2D-geometry. Prior to application of GA, the
descriptors exhibiting their highly skewed distribution were removed from the pool. This
method reduced the entire descriptor pools to 75 members.

GA was used for selection of significant descriptors to predict human skin permeation.
In genetic algorithm, two strings were selected randomly by a roulette wheel selection
method according to fitness values. Two-point crossover of the “parent” strings was
performed at a predefined probability (P) of 0.8. One of the new strings was taken,
subjected to random mutation (P=0.01), and stored in the next generation. Top 5 strings
with high fitness values were kept for the next generation (Elite=5). In each generation, a
series of these steps were repeated until the predefined number (100) of population was
obtained. After 500 generations, the best string that was generated by GA-driven
optimization was taken. The QSPR model was optimized by considering goodness-of-fit and
cross-validated predictability. The correlation between the molecular descriptors and

inhibitory activity was examined using feed-forward back-propagation neural networks.

Results and discussion

The result showed that nine Molconn-Z descriptors were selected by GA and used for
quantitative structure property relationship modeling by artificial neural network. The neural
network model with a configuration of 9-5—1 for input, hidden, and output layers was much
superior to the conventional multiple linear regression model in terms of root mean square
(RMS) errors (0.1912 vs. 0.322). The predictability of the QSPR model for human skin
permeability was investigated using leave-one-out cross-validation method. The result was
shown in Figure 1. A “leave-one-out” cross-validation revealed that the neural network
model could predict skin permeability with a reasonable accuracy (standard error of
prediction (s) of 0.2194).

The predictive ability of these models was validated by a set of 3 compounds that were
not included in the training set. The predicted and experimental inhibitory activities were

well correlated (s = 0.882, n=3) as shown in Figure 2.
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Figure 1. Leave-one-out cross-validated predictability of the QSPR model for human skin

permeability using the neural network model with a configuration of 9-5-1.
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Figure 2. Predictability of the QSPR model for human skin permeability using external

validation.

Conclusion
The proposed model, where Molconn-Z descriptors were used as molecular descriptors,
was able to predict the human skin permeability of unknown compounds with a reasonable

degree of accuracy.
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ABSTRACT SUMMARY

Human skin permeability (log P) data on 14 structurally diverse compounds were
analyzed from their two-dimensional molecular structure using a combination of genetic
algorithm (GA) and artificial neural network (ANN). The neural network model with a
configuration of 9-5-1 for input, hidden, and output layers gave the root mean square
(RMS) errors of 0.453. A “leave-one-out” cross-validation revealed that the neural network
model could predict skin permeability with a reasonable accuracy (predictive RMS error of

0.624).

Keywords: artificial neural network, permeation, human skin

INTRODUCTION

In the pharmaceutical, cosmetic and agrochemical fields, it is important to predict the
rate at which drug molecules penetrate the skin. To analyze the relationship between
molecular properties and biological effects including skin permeability, linear equations have
been used conventionally because of the simplicity of this approach. However, it is not
absolutely certain that biological phenomena can be described by such linear equations.
Recently, ANN has been proven to be suitable for processing data on the complicated
relationship between causal factors and their results.1 To date, in the pharmaceutical field, a

neural network approach has successfully predicted the octanol/water partition coefﬁcient2
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and oral bioavailability3 of drugs, and it has been used for the analysis of clinical
pharmacokinetic data,4 and the design of pharmaceutical formulations.5

Three dimensional molecular descriptors such as the descriptors obtained from
molecular orbital calculations were sophisticated toole, but they required heavy
computations. It may not necessarily be practical to use for the screening of a large size of
virtual combinatorial libraries. Topological indices7 would be attractive descriptors since they
could be calculated easily and rapidly from 2D-molecular structure. However, it is difficult to
find the optimal subset of computed molecular structural descriptors that can effectively
predict a targeted property from a large number of the descriptors. In this study GA method
was used for selection of significant descriptors and the correlation between the molecular
descriptors and human skin permeation was examined using feed-forward back-propagation

neural networks.

EXPERIMENTAL METHODS

Dataset

Human skin permeation of 14 structurally diverse drugs was collected from Iiterature.8

Data analysis
Calculated molecular descriptors
The topological descriptors were automatically calculated by Molconn-Z software for
each compound on the basis of their structures. A total of 220 connectivity, shape and
atom-type E-state indices were calculated from the 2D-geometry. Prior to application of
GA, the descriptors exhibiting their highly skewed distribution were removed from the

pool. This method reduced the entire descriptor pools to 75 members.

Quantitative structure property relationship (QSPR) modeling

GA were used for selection of significant descriptors to predict human skin permeation.
In genetic algorithm, two strings were selected randomly by a roulette wheel selection
method according to fitness values. Two-point crossover of the “parent” strings was
performed at a predefined probability (P) of 0.8. One of the new strings was taken,
subjected to random mutation (P=0.01), and stored in the next generation. Top 5 strings
with high fitness values were kept for the next generation (Elite=5). In each generation, a
series of these steps were repeated until the predefined number (100) of population was

obtained.  After 500 generations, the best string that was generated by GA-driven
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optimization was taken. The QSPR model was optimized by considering goodness-of-fit and
cross-validated predictability. The correlation between the molecular descriptors and

inhibitory activity was examined using feed-forward back-propagation neural networks.

RESULTS AND DISCUSSION

For GA-driven optimization for QSPR modeling of human skin permeability based on
Molconn-Z descriptors, the average of the fitness appeared to increase with increasing
generation number and reach a plateau at approximately 150 generations. The best
solution at the 500th generation was taken for modeling of the human skin permeability.
Nine Molconn-Z descriptors were selected by GA and used for QSPR modeling by ANN.
Fig. 1 shows the relationship between observed and calculated log P. When Leave-one-out
prediction was conducted, the results revealed that the neural network model could predict
skin permeability with a reasonable accuracy (predictive RMS error of 0.624) as seen in

Fig.2.

CONCLUSIONS

The proposed model, where Molconn-Z descriptors were used as molecular
descriptors, was able to predict the human skin permeability of unknown compounds with a
reasonable degree of accuracy. The descriptors were derived from 2-D molecular structure
without the need for complicated 3-D conformational analysis. Since the calculation of
Molconn-Z descriptors is easy and fast, our prediction approach would be useful for the
screening of a large size of virtual combinatorial libraries. The present study revealed that
GA-ANN analysis was widely applicable to QSPR modeling of various physicochemical and

biological activities.
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Fig. 1: Goodness-of-fit
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Fig. 2: Leave-one-out cross-validated predictability of the QSPR model for human skin
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Abstract: It is important to develop methimazole, antithyroid agent, for transdermal drug
delivery system which is much convenient for patient compliance. Since methimazole is

available only in an oral dosage form, the use in patients is limited, espectially those who could
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not take the drug by oral route. To investigate in vitro drug release and skin permeation which
are important properties for development of transdermal delivery, methimazole was loaded into
the films prepared from chitosan, a natural biopolymer, varying in molecular weight (MW). The
drug was found existed in films as an amorphous state by using Differential Scanning
Calorimetry (DSC). No drug-polymer interaction was found by using Fourier Transform
Infrared (FTIR) spectroscopy. In vitro drug release study revealed that methimazole was
released rapidly from low MW chitosan film. The increase in MW of chitosan resulted in slow
release of drug; however, there was not significant different in permeation across new born

pig skin.

Keyword: chitosan, methimazole, transdermal, in vitro release, permeation

Methodology: Chitosan films and drug-loaded chitosan films were prepared by solvent casting
evaporation method varying in molecular weight of chitosan. The prepared films were
characterized by DSC and FTIR spectroscopy. The release of methimazole from chitosan films
was evaluated by using the USP dissolution apparatus V (paddle over disk) for transdermal
drug delivery in phosphate buffer pH 7.4. The paddles were rotated at 50 rpm at 32 £0.5 °C.
The drug was analyzed by using UV spectrophotometer. The analytical wavelength of
methimazole was 250 nm in phosphate buffer pH 7.4. The permeation of drug through new
born pig skin was performed by using franz diffusion cell. Temperature was set at 37 0.5 ‘c

and the drug was analzed by the same method as mentioned previous.

Results, Discussion and Conclusion: Methimazole matrix films were developed for
transdermal delivery. The drug was loaded into the films prepared from chitosan, a natural
biopolymer with MW 100000 and 800000. The drug was found existed in films as an
amorphous state by using DSC. No drug-polymer interaction was found by using FTIR
spectroscopy. In vitro drug release study revealed that methimazole was released rapidly in
1 hours following with slow release from low MW chitosan film. The drug was released
more than 60% within 4 h. (Figure 1). It might be attributed to the swelling property of
chitosan film following with cross-linking between chitosan and phosphate anions in the
medium as well as the water-soluble property of the film. The drug permeation from the
films across new born pig skin was about 0.17%/area within 24 hr. as shown in Figure 1.

The increase in MW of chitosan resulted in slow release of drug; however drug permeation
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across new born pig skin was not different between two types of chitosan film. This could be
explained that membrane transfer would be rate limiting step for drug skin permeation since
methimazole is hydrophilic drug. These results were useful for development of methimazole
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Figure 1. Drug release profile (left) and % drug permeation across new born pig skin (right)

using chitosan varying in molecular weight.
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Introduction: In the pharmaceutical, cosmetic and agrochemical fields, it has been of
importance to predict the rate at which drug molecules penetrate the skin. Stratum
corneum most frequently controls percutaneous absorption. Therefore, lipophilic
membranes may provide useful in vitro model for permeation studies. Shed snake skin is
of interest in this context. The objective of this study was to construct a quantitative
structure/property relationship (QSPR) model for permeation across shed-snake skin, using
genetic algorithm combined partial least squares (GA-PLS) and feed-forward back-
propagation neural networks method.

Methods: Permeation across shed-snake skin of 14 drugs was taken from literature.
The topological descriptors were automatically calculated by Molconn-Z software for each
compound on the basis of their structures. A total of 220 connectivity, shape and atom-type
E-state indices were calculated from the 2D-geometry. Using GA-PLS method, the desired
descriptors were automatically selected to maximize the predictability and the correlation
between the molecular descriptors and human skin permeation was examined using feed-
forward back-propagation neural networks.

Results: Nine Molconn-Z descriptors were selected by GA-PLS and used for QSPR
modeling by ANN. Interestingly, these descriptors reflected H-bonding, polarity, or
molecular size of the compounds, which have been considered to be important factors in
determining skin permeation. The neural network model with a configuration of 9-6—1 for
input, hidden, and output layers gave the root mean square (RMS) errors of 0.234. A
“leave-one-out” cross-validation revealed that the neural network model could predict skin

permeability with a reasonable accuracy (predictive RMS error of 0.597).
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Conclusion: The proposed model was able to predict the permeation across shed-snake

skin of unknown compounds with a reasonable degree of accuracy.
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