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ABSTRACT

A quantitative structure-activity/property relationship (QSAR/QSPR) has become
an important branch of modern chemistry in past decades. A fundamental goal of
QSAR/QSPR studies is to predict complex physical, chemical, biological, and
technological properties of chemicals from simpler descriptors, preferably those calculated
solely from molecular structure. This thesis focuses upon the methodology of QSPR, and
the results of seven studies that implement that methodology. The goal of these works is to
create predictive models that will link the molecular structures of sets of organic
compounds to their physicochemical properties and/or biological activities.

The first study (chapter2) involves a very simple, strong, descriptive and
interpretable model, based on the quantitative structure—property relationship (QSPR), is
developed using multiple linear regression approach and quantum chemical descriptors
derived from AM]1-based calculations (MOPAC7.0) for determination of the acidity
constants of some aromatic acids derivatives. A multiple linear regression (MLR) model
with 74 molecules as training set has been developed for the prediction of the acidity
constants of some aromatic acids using quantum chemical descriptors. The pK, values of
aromatic acids generally decreased with increasing positive partially charges of acidic
hydrogen atom. This model was applied for the prediction of the pK, of some aromatic

acids (33 test acids), which were not used in the modeling procedure. The average relative

error (_R_E-%) of prediction is lower than 1% and square correlation coefficient (R? of
0.9882 is obtained.

In the second study (chapter3) of QSPR model for the estimation of boiling points
of organic compounds containing halogens, oxygen, or sulfur without hydrogen bonding
were established with the Molecular Modeling Pro Plus (MMPP) software. A QSPR study
was performed to develop models that relate the structures of 90 refrigerants compounds to
their boiling point temperatures. The optimal QSPR model was developed based on a 4-4—
1 artificial neural network (ANN) architecture using molecular descriptors calculated from
molecular structure alone. The root mean square errors (RMSE) in normal boiling points
predictions were 4.46°C for the training set, 3.86°C for the validation set and 4.99 °C for
the prediction set.

In the third study (chapter 4) relationships between the molecular structure and the
critical micelle concentration (CMC) of cationic surfactants were investigated using a

quantitative structure-micellization relationship (QSMR) approach. The CMC of a set of




29 tetra-alkyl ammonium and 15 alkylpyridinium salts was related to molecular structure
descriptors using an ordinary least squares regression (OLS) method. Among different
models obtained, three equations were selected as the best and their specifications are
given. The results obtained for the simultaneous modeling of tetra-alkyl ammonium and
alkylpyridinium salts indicate that geometric characteristics such as the hydrophobic chain
length (Lc), hydrophobic volume (V), area of hydrophilic portion (44p) and radius of the

hydrated counter ions (Rycy) play a major role in micelle formation. Root mean square

error of prediction (RMSEP) and average relative error (RE%) of prediction set for
simultaneous model were about 0.0938 and 2.1124%, respectively.

The fourth study (chapter 5) involves a QSPR study was performed to develop
models those relate the structures of 150 drug organic compounds to their n-octanol-water
partition coefficients (logPow). A genetic algorithm was also applied as a variable selection
tools in QSPR analysis. The models were constructed based on 110 training compounds,
and predictive ability was tested on 40 compounds reserved for that purpose. Modeling of
logarithm of logPyyw of these compounds as a function of the theoretically derived
descriptors was established MLR and ANN. The neural network employed here is a
connected back-propagation model with a 4-4-1 architecture. Four descriptors for these
compounds molecular volume (MV) (Geometrical), hydrophilic-lipophilic balance (HLB)
(Constitutional), hydrogen bond forming ability (HB) (Electronic) and polar surface area
(PSA) (Electrostatic) are taken as inputs for the models. The root mean square error of
prediction (RMSEP) and square correlation coefficient (R for MLR and ANN models
were 0.2158, 0.9864 and 0.1838, 0.9876 for the prediction set logPow, respectively.

The fifth study (chapter 6) involves quantitative structure-retention relationship
(QSRR) analysis is a useful technique capable of relating chromatographic retention time
to the chemical structure of a solute. A QSRR study has been carried out on the reversed-
phase high-performance liquid chromatography (RP-HPLC) retention times (logtr’s) of 62
diverse drugs (painkillers) by using molecular descriptors. MLR is utilized to construct the
linear QSRR model. The applied MLR is based on a variety of theoretical molecular
descriptors selected by the stepwise variable subset selection procedure. Stepwise
regression was employed to develop a regression equation based on 50 training
compounds, and predictive ability was tested on 12 compounds reserved for that purpose.
The geometry of all drugs were optimized by the semi-empirical method AM1 and used to
calculate different molecular descriptors. The regression equation included three

parameters that consisted of #-octanol-water partition coefficient (JogP), molecular surface




area (SM) and hydrophilic-lipophilic balance (HLB) of the drug molecules, all of which
could be related to retention time property. The results indicate that a strong correlation
exists between the Jogtz and mentioned descriptors for drug compounds.

In the sixth study (chapter 7) a QSPR study was performed to develop a model that
relates the structures of 150 drug organic compoimds to their aqueous solubility (logSy).
Molecular descriptors derived solely from 3D structure were used to represent molecular
structures. A subset of the calculated descriptors selected using stepwise regression that
used in the QSPR model development. Stepwise regression was employed to develop a
regression equation based on 110 training compounds, and predictive ability was tested on
40 compounds reserved for that purpose. The final regression equation included three
parameters that consisted of octanol/water partition coefficient (logP), molecular volume
(MV) and hydrogen bond forming ability (HB), of the drug molecules, all of which could
be related to solubility property. The prediction results are in good agreement with the
experimental values. The root mean square error of prediction (RMSEP) and square
correlation coefficient (R?) of prediction of log Sy, were 0.0959 and 0.9954, respectively.

The seventh study (chapter 8) involves QSPR models for the stability constants of 58
complexes of 1,4,7,10,13-pentaoxacyclopentadecane ethers (15C5) were established with
the CODESSA program. Experimental stability constants (logK) for a diverse set of 58
complexes of 15C5 structures are correlated with computed structural descriptors using
CODESSA. Stability constants for complexes of 15C5 ethers with potassium cation (K")
have been determined at 25 °C in methanol solution. The best multilinear regression
method (BMLR) encoded in CODESSA software was used to select significant descriptors
for building multilinear QSPR model and the predictive power of model is estimated with
the leave-one-out (LOO) cross-validation method. The proposed model can be used for the
prediction of the stability constants of 15C5 complexes. The best QSPR model with five
descriptors has R%=0.9452, s*=0.0110, and F = 67.0312.




TABLE OF CONTENTS

Content Page
TABLE OF CONTENTS A
LIST OF TABLES G
LIST OF FIGURES I
LIST OF ABBREVIATIONS L
PREFACE O
CRAPLEE L.ttt s s s 1
TEETOAUOHION ..oeooeeeeeeiiicreeeeeecneeeeesreesesesaseesareessrntesnstesrasasssarasasttasassnnesssartnsssasstesssnnssessnees 1
1.1. Introduction to QSAR and chemOMELIICS ...cveeriveecrenseesniressissriniinininniiirssesneesseesencesisnns 2
1.2. QSPR/QSAR methodOIOZY .....c.cvrevermrreeremerrseriensnstraniseresnstrannsssnsisssss e ssnssnsasassass 4
1.3. Statistical and QSAR/QSPR SOfIWAIE'S .....cecvererrnsirrisissmneressessesiesessessessessmsssssnssnassanans 6
1.4, Data SEt SCIECHION ..evevvireeerrrrerersrenrerassteesesssssssssissssssssaressssnssesssssssssssessssssssssssassiassssssssas 8
FRRT D 721 7Y 111 OO PR PIIIOPPRRST SRS SR 9
1.6. Molecular MOAEIINE ..ccueeueemeermrreiniirieieiete et stastes st sts st s as e s e et a e ss s s 10
1.7. Molecular descriptors caloulation.......uueieeie e cercncniiin st 11
1.7.1. Constitutional deSCIIPLOTS ...coeruierrerreeerentesiiresteseestessseatiassans s s a s e 11
1.7.2. Topological AESCTIPLOTS «....ccvvrrrrerirmrieenernernronesassssssteerenmsnrasssraronnssssanssenses 12
1.7.3. Geometrical AESCIIPLOTS ..c..eerueeirierirrirnitirterrerasesesesssesaeeaesacsesessessnssasesseaenses 13
1.7.4. Electrostatic deSCIiPIOrS....ocveiiruiriiresennsisnstssssinssssesstsssssssassssssasssnsssasseneaseas 14
1.7.5. Quantum chemical deSCTIPLOTS.....cevvurreerereiesticnstsressssissenctsnin e 15
1.7.6. Thermodynamic deSCTIPLOTS .....ccirueriermrninninsesteseesssssstesensinstessssnssnssssassnssses 15
1.7.7. SOIVAtiON AESCIIPLOTS ...vverveervrrreesreeseersnisrensuasessanasnsessessssessesussasansnesssnassassnsss 16
1.7.8. Constructed deSCIIPLOTS ...cceverrieriririeserreerrieinesaessestes e ts st ssnsnn e sae s ana s 16

1.8. FEature SEIECHION ....evvvrrreeereereeeeieretererseeesesnenessssessssnesssssnsssnasssssseesassssessssssnnsssrasassasasess 16
1.8.1. Objective feature SElECtiON. .......coveeirrmrrermreinentiee sttt 17
1.8.2. Subjective feature SElECtiON ......cvivueirrerrrreenterentreeet ettt 18
1.8.2.1. Stepwise regression mMethod ..c..cocaieincciiiiiniiiiiinenenes 19

A




1.9. MOdE] CONSITUGLION vovrverneerrrrimeeeeccsseresssssssssessesssasnnssssssrerassasensssassssssesssonsrososssssssasssas 23
1.9.1. Data Pretreatiment «......cocvuereevinseruenisrssnnasiessessnssnatessensesestesesasessossassassnsasssavans 23
1.9.2. Ordinary least squares (OLS) 1€gression......cuuurirmirinneniesnsnsseceeenneetsncnes 24
1.9.3. Multiple linear regressions (MLR)......cvoiiiiimnecntnnae 25

1.9.3.1. MultiCOMINEATILY ....eeeeeeeeeeeceeeecrneerceeeneentesiancssersvrasssesssesssnessnsasanes 26
1.9.4. Principal component regression (PCR) ....cveveeeeimicininiiiniinceinincniiinicns 27
1.9.5. Partial least squares regression (PLS) ...coveeieeiimeinennnnencecnc et 29
1.9.6. NEUIal NETWOTKS ...ocoeveerirercneenreneiessciserreessnesssnesssssessneronsessanscsesssssssassscssssssns 31
1.9.6.1. INIrOAUCHION ...eeevereeeeeeecerriereeininiienesenesesntns s ssae st e e st esseronssenes 31
1.9.6.2. Neural network CONSIIUCHON .....coiveiriiiirnrinsriinnanitnesrsessstenssssenesnnss 32
1.9.6.3. Artificial neural networks in QSPR modeling........cccoeeereeiiniinnieannae 36

1.10. Model Validation .....eeecveereeeerreeererereresuereseesrinresnsessssssssnsssssssssenesesesassestosssssssassannons 39

1.11. Applications of QSPR analysis.........cceeeervrmriesieninnrenescncicctcncneernis e 40

L. RETETEIICES «eeeenerereeiecrereeereeeerneeecneesestestsstesssssaesessssnaaessssssasssresasasensassetessntasssssssasananes 42

CRAPLEE 2.t s s s s st bbb R s 50

QSPR Study for Estimation of Acidity Constants of Some Aromatic Acids Derivatives

Using Multiple Linear Regression (MLR) ARalysis ........ccccvniniiinnninnnininns 50
2.1. Introduction to prediction of acidity CONStANIS .....eierreeuvereeeeserneieincenieinictncieieaaie 51
2.2. Materials and mMethods ....c.cveceieciesenncancesternnenrisnicrereernsr e st s aasas 52
2.2.1. Computer hardware and SOIWATE .....ccceeveeeiinieerimncsinniiinnnnesnesssesaeaenens 52
2.2.2. DAL SEL uveirieecereeieriereaseaeessereesteeessseeesessssssesssstasssssraassssanaasensessstneiasstissssenasens 52
2.2.3. Molecular modeling and structural descriptors......cocevvvermereniersccsississcssiisensseens 56
2.2.4. MLR MOAEHNE .....corvruerrreriiirsuirnaniirrersrreesssersssnerssessssmesasesssessssisssnisasssssnsassns 56
2.3. Results and dISCUSSION 1eveeeceirieereeecrerereceaceeeresssssaserresssssssnssanassassassessassessessssssseassssases 57
2.3.1. MLR @NalySiS .cecueererruinrmnsensiinsesssnssssnrseasensiissnessessssismiisisinssssssssssnssssssssssasss 58
2.3.2. Statistical PAramMELErS....c.ccomrvuererirrieierttrteeiesressssst et s ns e e nsa 63
2.4, CONCIUSIONS .uvvevreerernnrieaireerarsraseersaseseeresssnesssssusesssssansessssnesssssssssssasasesssssssasossssessasans 64
2. RETEIENCES ...oeeevrneerreeerieeeiesreeecsenasssssesssserssssntssssssnansssssnasassssesssssssasessesessannsssasssssnsissanss 66
CRAPLEE Bttt st sa e e e s e et st s 68




Artificial Neural Network Based Quantitative Structural Property Relationship for

Predicting Boiling Points of Refrigerants........ccvvvvenieiiinimniininnieccinininicicnenes 68
3.1. Introduction to predicting of boiling POINLS ......cveeevvrverrrenrsienesrce st 69
3.2. MethOAOLOZY ..ceeeveerceeeceerrneriettesesesesi sttt st s s see s s e s srarasbnaassa s s sassssantessssansanasases 71
TN T D : 1 7: 1 S OISO ST TN 72
3.2.2 Structure entry and OptimiZation .........ccovurcivnvnennniieneneneeeassnessssecssnsnnesnes 75
3.2.3. DeSCIPLOr ZENETAtION ...eeeeeerurervereiriisiiainsinssiesessesre s sanesnasssnesssesssnssnsssnsssennens 75
3.2.4. Genetic algorithm for descriptor Selection ........oeeeeeerrecinccininniinninnne 75
3.2.5. Artificial neural network modeling .......cevveeereveecneeeiiiinricrensrreecnneeneaee 77

3.3. Results and diSCUSSION ...cveereereeereenrererensesrsesseessessssssisseesssirssssassssnsssessssssssssssessssssnssns 79
3.3.1. ANN QNALYSIS .ceeeerirerreenirenssisinsiisiesusimninssnsstssstsssssessessessessentisssssssassssassassssass 80
3.3.2. Interpretation of the selected desCriptors......ouueeeeiiiniineeiecninniiiniiieen 84
3.3.2.1. Vapor pressure (InPyap) at 25°C c.eniviiininincnniiinniinnenennnniiine. 84

3.3.2.2. First order valence COMMECHVILY (1)y). e wreererrrsersssresresrsecereesesssessesens 85

3.3.2.3. Second order kier Shape Ndex (P1)...reeerrerurerrrreerseceecmecssmssassssssens 86

3.3.2.4. Enthalpy of vaporization at boiling point (AHyap) «.eeerriessecsneciannnne 87

3.4, CONCIUSIONS ...vveeeerirreerereeerieerrtesseesessessssssesssssrasssssissssssssnesssessssesssanassassosssessnssssssnsons 87
3. RELETEICES «.vveevvrerrreereeretresitesesntescssaesntesssresssesssssssassssasssessssasssssesnrasansssotesssnsesaranessses 89
CRAPLET F......cooeee ettt bbb 91

Quantitative Structure - Micellization Relationship Study of Cationic Surfactants

Using Ordinary Least Squares Regression ..........coceieiiiniiiiiininieinenneestecsene 91
4.1. Introduction to critical micelle concentration of Surfactants.........eeceeeversenceiscninncs 92
4.2. Materials and experimental methods ..o 94
B.2.1. DALA SEL..cuereereeeererreererrerersesssrsessstscstesssesssstssssesssssessesasesasssasssstsssssassssosssnsans 94
4.2.2. Computer hardware and SOfEWArE .......ccceereerenirienrisreieceesenceeteineneniesiinnesanee 95
4.2.3. Molecular modeling and calculation of deSCIIPLOrS ....cveeveeienieeccerinseeisissinnnens 95
4.2.4. Selection Of deSCIIPLOLS ....cccvvriiiiirinrtininisrisrertasenssesseestisssesseessanisssensnnassnasses 95
4.2.5. Ordinary least squares regression MOdElng .....coeevvereveriereriecenrisinieinnnienns 96
4.3. Results and diSCUSSION ....ceccveeeerreerrvererericserecissiinseissesesesrsarassnsssssssasssessssssssssessnsans 97
4.3.1. OLS QNALYSIS .eeureeeeeeeeeeeeencereesseecsessinsesssisseessssesssssessessssssesassnastesnessasssasasanasss 97
4.3.2. Interpretation Of deSCIIPLOIS ....coverreeriieriieetaiisiesteeesiestsnese et ss e raesaes 103




G, RO OTOIICES veuveeeenereeeeeceeeeneeeecnaeesoneeeessusesassnsnrasnnnerssssssssanrassssansssnsnsansssassssssrasrrostasnosns 107

CRAPDLEE 5.ttt st s s s R e 110

Quantitative Structure-Property Relationship Study of N-Octanol-Water Partition
Coefficients of Some of Diverse Drugs Using Artificial Neural Networks (ANN) And

Multiple Linear Regressions (MLR) ..ot 110
5.1. Introduction to n-octanol/water partition COEffiCIENt......cooeeirierriniiiiiieiiiiinens 111
5.2. Data and Methods......ueieiereeieneieisnieeseninneete e iessessteessatessaesesnasssessssessnesonesss 112
5.2.1. DALA SBL ceeveerereeerreeiresiseseneresnssncssnesseesceeeessasseesstessessrnsessossasastesssssnsssnesscess 112
5.2.2. Computer hardware and SOTWAre .......ccceveuievirrmenneneiriennneneree e 114
5.2.3. Molecular modeling and theoretical molecular descriptors........cceeeevceccrneene. 114
5.2.4. Genetic algorithm for descriptor Selection ........occcveeviieiinnenniiecnencecinae 114
5.2.5. Multiple linear regression MOdeling.........cocvvmreevecvenrierersvnsnsesscnsssusssesenne 116
5.2.6. Artificial neural NEtWOTK......coveerveervrncerimieresiiimniiensiesnsensnnnsnnnsessssessssne e cens 117

5.3. Results and dISCUSSION ....ueeiiiieeerreceeererccteeacereenessessssertsessssssassrnearessssasasssossssasssssanes 118
5.3.1. MLR and ANN AnNalYSIS ...cceereereerersesseeseeencrssessecsessisssessosssesssssassteasessssssssssses 118
5.3.2. Interpretation Of dESCIIPIOTS.....occvvviinririeriinirtierreereenriereercseesnessssstcssessaesnnens 123
5.3.2.1. Molecular vOIUME teIM.....ccccerrererrireiineisnenesnenrienssnneeecesassssesssnees 123

5.3.2.2. Hydrophilic-lipophilic balance term ........ccoeeeremeiciniiniiiiicniiinnens 123

5.3.2.3. Hydrogen-bonding term ........ccoverviirriesemssneisnnnrnesnssassssecssesnissines 124

5.3.2.4. Polar Surface area term......cccoccerervurcrriirirsuneeirrernsenesaesessnnssessscssnnes 125

5.3.3. StatistiCal PArAMELETS ...c.cevroeererrrerriirirrisristrirrtesaieserresacssassnnsnesasesessstssnnssesansas 125
5.4, CONCIUSIONS «1veiiiireiciteeeereeeeerseeesaseessasseseasteesacesessscssassstsasssssesasessssessansassassssessseess 127
5 RETETEIICES veeevrreeeeenrieeecerreaesrentaeacneeesstetessseessstessssenessssnssssssanesasssanasssanasesssesssastssssnns 128
CRAPLET Ottt ettt s st s st s 130

QSRR Prediction of the Chromatographic Retention Behavior of Painkiller Drugs130

6.1. Introduction to retention time in chromatography .....c..oceevecireiisienincnsccssniininnnnnen 131
6.2. Materials and MEthOAS ....c.ueeeieeviierecereiteninrcteseresneenissre e s rrseessevasasssssssssassssnnanes 134
6.2.1. DALA SEL ..ceeeeeeeecrceererreeeeecraersennnsssssssseessmesisioriiieie st ans e s s nbasaannssrasssssssssenasiniaans 134
6.2.2. Computer hardware and SOftWare ..........ccccoiiniiniiiiieniineseneeccectinsnnne 136




6.2.3. Molecular modeling and theoretical molecular descriptors........uveveeeevernnencns 136

6.2.4. Stepwise regression for descriptor SEleCtion.......ouveeeevierenesesscenesureecrennienanes 136
6.2.5. Multiple linear regressions (MLR)....cccuvrruininnenennininnnesieitiieieia 137

6.3. Results and diSCUSSION......c.ccveeertiiererisrtresstniisreesienessnsesierssnsssstasssssssessassessnsessns 138
6.3.1. MLR QNALYSIS c.euveverenrrrrnrenresserernruissesnnsessessissssnssnsnsssssnsssessse st sesssssestosssanans 138
6.3.2. The effect of the selected descriptors on the retention time ..........cecveeeeeeenen. 142
6.3.2.1. N-octanol- water partition coefficient (10g8P) .......ccoceevvevirinecenennne 142

6.3.2.2. Molecular surface area (SM) ....cccceervvmminiiiiiimevsinennennnesnnscssaeenens 144

6.3.2.3. Hydrophilic-lipophilic balance (HLB).....co.ccveccoveeivnrericcsncsvrnnne. 144

6.3.3. Statistical Parameters........ccoerueerimrimirnrrreinenarssnertse oottt n e e s e enan 145

6.4. CONCIUSIONS «evveeenerreeerrarersesisnessreesasssesassesssessssnesssasessersssaasassassassssssastassssssseessanssannes 146
6. RETETEICES ..coeeuveenreeiaeecreseesastrssaacsseaeseessentsesssesssstessassssssesnsessstsasssssstisssstessarennsssssnass 148
CRAPLEE 7 ..ottt sttt et s e s 151
QSPR Prediction of Aqueous Solubility of Drug-Like Organic Compounds............ 151
7.1. Introduction to aqUeous SOIDIIILY «.cvvivvvivivreennriiiniceese ettt 152
7.2. Data and MEthOAS. .......eereerrcrereerciereeiriiereerrerree s e sssssasssenassonessssnessssis e asesnnene 153
7.2.1. DA SEL c.evveeerreeeeerreerresaeecsesennsrssseessssesssssessnassrssmsseessssssssssncsssssssstssssassasnes 153
7.2.2. Computer hardware and SOftTWAre .......coceeveeerreeseineiceiinnnnn st 153
7.2.3. Molecular modeling and theoretical molecular desCriptors.......co.covvevvieniacanne 154
7.2.4. Stepwise regression for descriptor SE1ECtion. ..o viiueuniriseivnenisieieisctse e, 154
7.2.5. Multiple linear regression modeling......oeeevveiviemerironiiimmeniiiieseceiaene 155

7.3. ReSults and diSCUSSION cc.veeeveerenererirsesssresseisssnissessssrasssssassessstrsessssssnissessnssssssssaassess 159
7.3.1. MLR @NALYSIS 1eeveererreeeeneesrreiniiisuisseesessassuesanesnssssssessssssascssnisasaneassssnssassssanses 159
7.3.2. Interpretation Of deSCIIPLOTS. .....ccrvreuereermrmirieisiresestenese st sessesessecassssensnsanas 163
7.3.2.1. n-Octanol-water partition coefficient.......cceeeveeenreescnsininciiennnnnnne 163

7.3.2.2. Molecular VOIUME ...cccveereeruessreeresconiessesnsssessnnsnasssessnssasssessssasssasssns 164

7.3.2.3. Hydrogen bond forming ability .........ccceoeemeieninininininniiiinininne 164

7.3.3. StatistiCal PAFAMEIETS......ccvvurururenisarrnasnressneseseeceseststsesstssnsnsnssreanessasseasens 165

7.4, CONCIUSIONS ..veveerrirreeverrersrannrsessasssssesmsssssserssnsssarsessessassssassssasensssstsstsssisarsssansensanaes 166
7. REFETENCES .o.eeeeeeeereeerenecrresseeesnsesssessssissssstsssssesssnsssstenassasssesossessatsosssssnsessnrasanasssassasanas 168




CRAPLEY 8.ttt s 170
QSPR Modeling of Stability Constants of Diverse 15-Crown-5 Ethers Complexes

Using Best Multiple Linear Regressions ... 170
8.1. Introduction to properties of Crown €thers .....eoererriemniniieienscencereii e 171
8.2. Materials and MEthOdS .....cvveerrueernirnirsennitiirneinennerre e neseseenesessenressssassnsananeas 173
8.2.1. DDAtA S eeerereererereeearereeereeeceeesremceressessrreisrrrraes s bsareasassasrensesaesassassatanssies s anes 173
8.2.2. Molecular modeling and descriptor calculation...... e 176
8.2.3. Multilinear regression MOAEIING «.......veeveemerreerienrinrrerinseesnerctienissessi e 177
8.3. Results and diSCUSSIONS ....evcveereeeereieereriierstecirereisriestesssssssteassansasaseaasassssassssansonesn 179
8.3.1. BMLR AnALYSIS ueecvereeeesassissesiassssiaserasesssasassstnsssstsssesessessesssssesamssssssssnsseanes 181
8.3.2. Interpretation of the selected deSCIIPLOTS....cuereuererteiiiesienincisisneneteninens 186
8.4, CONCIUSIONS ..euvveerveerrrrrreesseesaaessesscssssseesssssssesssessesssossmmsntosassssrssstssnsossssssiesssnesssesans 188
8. RETETEIICES cuvevvenrrerireererneesrraesseesse e seeesbesasstessseaseesa s sseaansbesrasastsesssessassnsssssssnesansssnes 190




LIST OF TABLES

Table Page

Chapterl

Tablel.1. Software's in the QSPR/QSAR area, where MM — Molecular Modeling, DC —
Descriptors Calculator, SA — Statistical Analysis, and MV — Model Validation.......... 8

Chapter2

Table2.1. Experimental values of pKa for various aromatic acids in water at 25 °C for
training (2) and prediction (D) SEIS. ......covvremrrermeieeeneenrrercecci e 54

Table2.2. Molecular structure descriptors employed for the proposed QSPR model. ...... 56

Table2.3. Standardized coefficients and other statistical parameters for MLR model......60

Table2.4. Comparison between experimental and calculated pKa values for external

PIEAICTION SEL....ecveeerrirrirtniirieriete e et be st s sttt 61
Table2.5. Statistical parameters obtained by applying the MLR method to the test set....64

Chapter3

Table3.1. Experimental and calculated boiling points of refrigerants by ANN modeling..73

Table3.2. Correlation matrix of descriptors and boiling POINtS.......cccevereessrerecensnsirusnnanes 79

Table3.3. Statistical parameters for ANN mOdeling.......cecceeeesirvserercnvennnriiisnsnecesenseene 84

Chapter4

Tabled.1. Experimental values of logCMC cationic surfactants for train set (a-1, a-II) and
prediction Set (D=L D-TL). cccouememieeeeeeieee e 94

Tabled.2. Correlation matrix for the dependence of logCMC with the descriptors. .......... 97

Table4.3. Comparison between experimental and calculated logCMC values for external
PTEAICHION SEl.uveureuereecereririeriieisnererere s ser e rsses s s s e s s e 101

Chapter5S

Table5.1. Experimental values of logPow for drug organic componds at 25 °C for training
SEL. 1eveeerreeeressrreresesssaeaasssteesssnetasanteee st rees b et eSS e s R Re e e S AR e e SRS e E e e RSt b et s s et s e a a0 113

Table5.2. Parameters of the genetic algorithm ......ooveevveiineccniiinmnieees 116



Table5.3. Molecular descriptors, experimental logP,., predicted logP,s and residuals

values for external prediction set by MLR and ANN methods. .......cocovvnrneecnencens, 121
Table5.4. Statistical parameters obtained by applying the MLR and ANN models to the
TESE SEL. uurenrerirsensrereresserereersrrerersonaesansttreeesanssarressacsrstesessssastensssastnenassrsnntnnenarsansnsanne 127
Chapter6
Table6.1. Apparatus and analysis conditions for RP-HPLC retention time data. ............ 134

Table6.2. Experimental retention times and molecular descriptors values for 62 drug

COMPOUNAS. 1eveerrreererearenterucsstessesstssstisstersassistesatesstessnssasssssssesssassensnssssssssessssessanone 135
Table6.3. Experimental logtz, predicted Jogtg, residuals and percent relative errors values
for train and external test SELS. .ouueiriiriiiiiiniiiieiireer ettt 141

Table6.4. Statistical parameters obtained by applying the MLR method to the test set... 146

Chapter7
Table7.1. Experimental values of logS,, for drug-like organic componds in water at 25 °C
for training (a) and prediction (b) SEtS........cciiirimreiinnnsenirccr 157
Table7.2. Experimental logSy, molecular descriptors, predicted logSy, residuals and
percent relative errors values for external prediction Set. .....ceeeeeeeeceererececasenenneacs 161

Chapter8
Table8.1. Chemical Structures of fifty-eight 15-crown-5 ethers. ........ccovvevienereenniaennnnne. 174
Table8.2. The multilinear QSPR model obtained for 46 crown ethers for logk............... 179
Table8.3. The descriptors values for 58 compounds. ........oeeeeeveniminincnnnienninieeennee 180
Table8.4. Experimental and predicted stability constants of 15-crown-5 ethers complexes.
183

..............................................................................................................................




LIST OF FIGURES

Figure Page
Chapterl

Figurel.1. QSPR/QSAR model generation fIOWChart. .......ovceevciencnnninnnininininne, 5
Figurel.2. 2-D Representation of 2-pentyl-1,4,7,10,13-pentaoxacyclopentadecane. .......... 9
Figurel.3. 3-D Representation of 2-pentyl-1,4,7,10,13-pentaoxacyclopentadecane. ........ 11
Figurel.4. A flow chart describing the working of a genetic algorithm........coocvcuvivennnnee. 20

Figurel.5. A schematic diagram of the single point crossover operation. The grids on the
left represent the parents and the grids on the right represent the children formed after
crossover. The portion of the chromosomes to the left of the split point are swapped.

Figurel.6. A schematic diagram of the mutation Operation.......c.eveevevcecinssisnenininnnnnees 22

Figurel.7. Auto-scaling as usually performed prior to QSAR analysis. First column mean-
centering followed by column-wise scaling with the inverse of the corresponding
Standard AEVIALION. ...vveeeerrereecreiesseressetesssessseessessssnesssessssessssessessssasasassessnsssnnessanssnases 24

Figurel.8. A typical QSAR data set: X is of the dimensions %/ where J > I with a single
1esponse Variable ¥ (IX1)...ccvreereeerisstereennrssene st 25

Figurel.9. A graphical representation of the first two Principal Components. In PCR the

component scores T =[t1t2] are the regressors and the following holds true: t't= 0

ANA PITP2 = 0n ettt teses et 28
Figurel.10. A graphical representation of the first two PLS components. In Wolds PLS
algorithm, the following holds true: t it = 0, wlTwz =0 and plszi L1 JR 30
Figurel.11. Schematic of a Neural NetWOrK......ccouvienrincninincinniniiiiissieeneeens 33
Figurel.12. Abbreviated Notation for a Neural Network ..c..cocceiviiviiiiniinnniincnn 33

Figurel.13. Common activation functions. Soft nonlinearity: (a) Sigmoid and (b) tanh;
Hard non-linearity: (c) Signum and (d) Step. ....cccevevrneerrnenniiiiniiiennrncnsecnene 34
Figurel.14. A more detailed view of a single hidden layer neuron. The x;’s represent the
input value of the neurons in the preceding layer and w;’s correspond to the weights

for the connections between this neuron and those in the preceding layer. b represents

the bias term fOr thiS NEUTOM. cerveeeereercicrreesrretesessnrtteersssratsaessassssssteessssssentnvesssns 38
Figurel.15.Typical three-layer, feed-forward, fully-connected artificial neural network
USEd i QSPR......oeicrereeecrre ettt es s s s e s e s et e sa s e e sae s e e st 38




Chapter2

Figure2.1. The experimental pKa values aromatic acids correlate well with the (2) partial
positive charge on the acidic hydrogen and (b) changing of bond length O-H........... 58

Figure2.2. (a) Plots of predicted pKa and residuals pKa estimated by MLR modeling

versus experimental pKa for test molecules in prediction set. (b) Plots of experimental

and predicted pKa values versus sample number of prediction set. .......c.coevceenencncee 62
Chapter3
Figure3.1. The typical architecture of the ANN. ..cciiiiininiiniiriiiiiienenne 79
Figure3.2. Scatter plot of the calculated versus experimental Ty, values for training,
validation and testing sets of 90 refrigerants compounds. .......oeniiccniiciicinnnenns 82
Figure3.3. Scatter plot of the experimental Ty, values versus residuals. .......cooovvvevinnnnne 82
Chapter4

Figured.1. Three-dimensional structure of (a) C14sH2oNT(Et)sBr and (b) C14HooPY 'Br'. ..93
Figured.2. The experimental logCMC values cationic surfactants correlate well with the
(a) hydrophobic chain length [Lc] and (b) hydrophobic volume [Vg]...ccovveuveeninaes 100
Figured.3. Plots of predicted logCMC and residuals logCMC versus experimental logCMC
using model () for tetra-alkyl ammonium surfactants. .........cccoeeeveeeneicresscnsniinnncns 102

Figure4.4. Plots of predicted logCMC and residuals logCMC versus experimental logCMC

using model (IT) for alkylpyridinium surfactants........ceecevcnnvcninniniiinieniniennnns 102
Figured.5. Plots of predicted logCMC and residuals logCMC versus experimental logCMC
using simultaneous model for test set of cationic surfactants. .........cocoevveveuceinnene 103
Chapter5
Figure5.1. Network architecture for studying the 10gPow Of drUg. «.ccovevvueiviiriinininiiinnnns 118
Figure5.2. Plot of standardized coefficients versus descriptors in MLR model. ............. 120

Figure5.3. Predicted logPow and residuals logPow estimated by MLR modeling vs.

EXPEIIMENTAL I0ZP o/ «evveevrererccrermsrisirurrisuesresstesseesansssestestestismestsssissesasassassnsanaass 122
Figure5.4. Predicted logPow and residuals logPo estimated by ANN modeling vs.

EXPETIMENEAL .....veieecereeecreeeccetrete et ete ettt b s s as 122




