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1. Introduction

Drug desigrn1] is an iterative and sometimes very expensive procegd-and-
error testing of chemical substances on animals, anthing the apparent effects to
treatment becomes even more complicated when thame detailed understanding of the
biochemical processes responsible for the activityioRak drug design begins with the
knowledge of specific chemical responses in the body orttangmnism, and tailoring
combinations of these to fit a treatment profile. Exang structural similarities and
differences for active and inactive molecules helpscteate a correct hypothesis. For
selecting working hypotheses from those not workingQuantitative Structure Activity
Relationshipg QSAR approach?2] could be used.

In order to obtain goo@SAR models one should have reliable data objects:
molecular descriptors and experimental properties. Iptésent Thesis, we wish to examine
the applicability of molecular orbital related descrigtéor the prediction of the toxicity of
chemical compounds. In a series of casesQi@BARmModeled toxicity has been related to the
electrophilicity of compounds, and accordingly quantumubelly calculated
.electrophilic* descriptors. In most cases, those &ee dnergies of the lowest unoccupied
molecular orbital, oLUMO. However, the unfavorable delocalization of tHéMO, steric
hindrance etc. may forbid its participation in the givexid@action (chemical reaction). In
such cases, it should be concretized, which unoccupiecaiar orbital, otJMO, should be
used for the calculation of related molecular descriptor

In this Thesis, we will study the applicability of loular orbital descriptors for
the prediction of the toxicity of aromatic compoundse Thain goal was to investigate, if an

appropriate orbital selection can ma@&ARpredictions more exact and robust.



2. Literature overview

2.1. QSAR and drug design

QSARdates back to the 19th century. It has been establisaedltbady in 1863,
A.F.A. Cros at the University of Strasbourg observed ttatoxicity of alcohols to mammals
increased as the water solubility of the alcohols etesad3]. Little additional development
of QSAR occurred until the work of Louis Hammett (1894-1984), who correlated
electronic properties of organic acids and bases withr tbguilibrium constants and
reactivity. As an example, Hammett showed that suiestis have an ordered and quantitative
effect on the dissociation of other organic acids arskdaElectron-withdrawal by the nitro
group increases dissociation, with the effect being fessthe meta than for the para
substituent.

Models based on the simplest relationships that utilidg electronic properties
as the descriptors of structures has difficultiepgleed to biological systems: other structural
descriptors are also needed. Researchers have attemptedrfgryears to develop drugs
based onQSAR As access to high-speed computers and graphics workstigmasne
commonplace, this field has evolved into what is roftermed rational drug design or
computer-assisted drug desié.

Most generally the mathematical expressionQ@ARmModels has the following
form:

Property of a compound = function(physico-chemical propertiesnd/or molecular
structural properties)

But it is not always true that all similar moleculsBould behave similarly.
Therefore, the main problem is how to resolve a sdiifrence on the molecular level for
getting a better predicted parameter on the macromotelaval. QSARattempts to create
consistent relationships between molecular differenaed compound property value

variations.



2.2. QSAR approaches

Multilinear regression

The multilinear regressioMLR) approach is historically the oldest that has been
used in th&QSARarea MLR results are easy to interpret but not always handgeo because
most of the biological activities and physico-chemiqabperties possess nonlinear
relationships between them by their nature. In order tongee complex dependencies, more
complex descriptors or derivative descriptors could be used.

The multilinear regressiorMLR) method is the simplest one used in @BAR
analysis. It asumes that given a dataset in the fegny) for i = 1, ...N, a straight line is
desired to be fit with this dataset. Therefore, thd ggoto find the slope and y-intercept that
makes a line fit the given data “best”. The common ampraged for linear regression is to
minimize the sum of the squares of the differencé&dsen the data and a line; that is, to find
the values of a and b that minimize the sum:

R* =i(a>§ +b-y)*
i=1
Minimizing this sum is calleteast squares minimization

Several statistical characteristics provide infation about the quality of the
model: R* - squared correlation coefficienf¥,, - squared cross-validated correlation
coefficient,F — Fisher criterion values® - squared standard error.

Usually a large pool of molecular descriptors sed for QSAR modelling.
Selecting the best model among lots of others igiwi@al task. Various approaches have been
suggested for this purpo§@. In the current work, th&est Multilinear Regressio(BMLR)
algorithm was used7], which combinesMLR and the following descriptor selection
procedure:

1. search and select all orthogonal (to a giveestiwld) descriptor pairs in a

given descriptor space.
2. build two-parameter regression equations usesgtiptor subspace created in
step 1.

3. create three-parameter regressions by addingjcadd noncollinear descriptor
using the best two-parameter equations from step 2.

4. create higher rank regression equations realyslhike in step 3.



Firstly, the number of descriptors in final eqoatshould not exceed certain limits
because it could lead to a overfitted model. Selgpmie initial descriptor space should be
constructed using chemical intuition. As an exangpteendedBMLR approach could be used
for fixing descriptors that a researcher wantsew® i final models, if he wants to investigate
concrete parameter dependence.

Artificial neural networks

Artificial neural networks ANN) [8] wereoriginally designed as a model for the
activity of the human brain. Recently, computatiameural networks have been employed as
nonlinear models foQSAR9,10].

The word network in the term A&rtificial neural network arises because the
functionf(x) is defined as a composition of other functig{) ,which can further be defined
as a composition of other functions. This can baveaiently represented as a network
structure, with arrows depicting the dependenceta/éen variables.

There are many different kinds of neural networks:
e single- and multilayer perceptron networks

e Kohonen self-organizing networks

e Recurrent networks

e Stochastic neural networks

e Modular neural networks



2.3. Molecular descriptors

Molecular descriptor§6] are mathematical values that describe the structure
shape of molecules. These can be calculated usingrad availableQSAR programs
(CODESSA PRQ11], ADRIANA.Codg 2], DRAGON13] , etg and then used for creating

structure-activity or structure-property relatioipsh
All molecular descriptors can be organized to ngaeeral groups:

e Constitutional descriptors - depend on types ofmst@and bonds forming
the molecule

e Topological descriptors — depend on the graph sgmtation of the

molecule
e Geometrical descriptors — depend on molecular stra@nd conformation

e Electrostatic descriptors — depend on the moleallarge distribution and

charge density

e Quantum chemical descriptors — depend on the gomanthemical
representation of the molecule (electronic and earcinteractions, orbital

energies, location, etc).

The latter includes molecular orbital related dgsors — LUMO/HOMO

energiesFukui indiceg14], which in turn is represented by 3 main typesesadiptors:

Fukui atomic nucleophilic reactivity index:

NA = chlz-iOMO Ia- EHOMO)

ieA
Fukui atomic electrophilic reactivity index:

EA = ZCjZLUMO /(ELUMO +10)

jeA
Fukui atomic one-electron reactivity index:

RA = Z ZCiHOMO * CiLumo /(ELUMO - EHOMO)

ieA jeA

Erowmo — highest occupied molecular orbital energy



ELumo— lowest unoccupied molecular orbital energy
CiHomo — highest occupied molecular orbital MO coefficgen

CiLumo — lowest unoccupied molecular orbital MO coeffite

The difference oEnomo andE umo, termed thdand gapcan sometimes serve as
a measure of the excitability of the molecule: shwller the energy, the more easily it will be
excited. Such properties like compound electrophuli nucleophilic capability can be easily
described with molecular Fukui indices.



2.4. Frontier orbital theory

The frontier orbital theory15] developed by K. Fukui and others postulates that
only two molecular orbitals are essential for daiaing a wide range of chemical reactions.
These twofrontier orbitals are frequently abbreviated tdOMO, the highest occupied
molecular orbita] andLUMO, the lowest unoccupied molecular orbital

The chemical concepts such as acid and base,tmxidend reduction appeared a
long time ago and are connected to molecular nagcti Their analogs such as
electrophilicity, nucleophilicity, and electron dos and acceptors are directly connected to
molecular orbital structure and electron density.

Electron density theory explains electrophile wsicleophile behavior in the
simplest manner: that an electrophilic reagent aitfhck locations of large electron density in
a molecule while a nucleophilic reaction will occat the site of small electron density.
Apparently this does not work in all cases. Thentier orbital theory developed by K. Fukui
[16] is based on moleacular orbitals stating that bmty of them are essential in a wide range
of chemical reactions.

Apart from electrostatic interactions, the overtaiween orbitals may favor the
reaction between an electron donor and an elecucmeptor. A high (in energy) lying
occupied orbital in the donor may overlap with @ lging empty one in the acceptor, leading
to a net stabilization. The strength of the intgoacis determined by:

e the energy difference between the two orbitals Ive@ (the smaller the
better)
e the amount of overlap between the orbitals (thgelathe better)
These effects can be, however, diminished by:
e steric effects which hinder overlap of frontier italks
e unfavorable symmetry of participating frontier delis
e inaccessible orbital localization centers by chenstibstitution

The HOMO vs. LUMOinteraction has proven useful for the interpretanf the
sign of reaction constants and the scale of a sudast constant in Hammett-type equations.
The relative easiness of occurrence of cyclic @mditeactions and interesting phenomena
like regioselection and periselection have alsonbie¢erpreted with considerable success

simply by the knowledge of thelOMO and LUMO energies, their localization and nodal



structure.

According to the molecular orbital thedty7] there is a set of molecular orbitals
of discrete energies for every molecule. In contraghe orbitals described by valence bond
theory, which are usually localized between twacHmeatoms, molecular orbitals can extend
over the entire molecule. Extensions to frontidsitats theory may sound like: essential are
those close to the frontier orbitals that have blest localization on the hypothetic active
centers of the molecule. It means that if some bieoule reacts specifically with only a
specific molecular fragment, the orbital participgtin this process should have maximum
and specific localization in the respective molac@ipace.

10



3. QSAR modeling of the toxic action of phenols

Chemical compounds may exhibit toxicity via vasauechanisms of toxic action
[18]. The mechanisms frequently involved in aquatiddibxinclude (but are not limited to)
narcosis, respiratory uncoupling, electrophiliccteaty, and central nervous system seizure.
Compounds with the narcosis mechanism exhibit beesébxicity or toxicity associated with
hydrophobicity, and compounds with other mechaniseng toxicity higher than the baseline
toxicity. A correct identification of toxicity meemism helps the understanding of the toxic

effects of a xenobiotic compound of a living orgami

Phenols are widely used both in industry and aswmer products. Widely used
derivatives include 2,4-dichlorophenol and 2,4i8klorophenol, which are precursors for the
herbicides 2,4-dichlorophenoxy acetic acid and S2tdchlorophenoxy acetic acid,
respectively, and chlorophenols, which are theneselysed as bactericides, fungicides and
herbicides[19]. Cresols form an important group of disinfectaraed some naturally
occuring phenols such as thymol (2-isopropyl-5-migtienol) and carvacrol (5-isopropyl-2-
methylphenol) are also known for their antiseptictiam. Environmentally important
nitrophenols include 3-trifluoromethyl-4-nitrophdn@FM), which has been used as larval
lampricide to control the sea lamprey (Petromyzaminus) in the Great Lakes for more than
30 years.

The toxicity of phenols involves a number of diéfiet mechanisms and modes of
action MOA) [20]. The ability to act as oxidative uncouplers isoagsted topK, values
(negative logarithms of ionization constant) in thege 3.8 to 8.5. The energy of the lowest
unoccupied molecular orbitak umo, has been demonstrated to discriminate variM@As
[21]. This parameter may reflect both the tendency ohplseto attack electron-rich sites of
endogenous macromolecules directly, and their tgbtlb undergo metabolic activation
following 1-electron reduction. Nitrobenzene detivas often show acute toxicities above the
baseline toxicity toward aquatic organisms, whids hypically been explained by the
electrophilic nature of these chemicals.

Existing methods for classifying phenols accordim@ylOAscan be grouped into
two types of approaches — a qualitative approaabed on simple structural characteristics
(such as the presence of a certain substitueng,quantitative approach based on statistical
analyses of physico-chemical propert[@2]. The first approach is simple and relatively

11



successful for phenols with only few substituemiswever, it becomes inefficient in case
substituents associated with differéh®Asare present in a molecule. Classification based on
physico-chemical properties also has some disadgast These include the availability and
use of the descriptors, the difficulty of mechanisinterpretation with some types of
descriptors, and the fact that the property protlethe initial compound may differ
significantly from the metabolically activated toant.

12



4. Molecular orbital selection approach in toxicitymodeling

4.1. Molecular orbital selection

In order to facilitate orbital specific descriptalculations the respective interface
of the QSARprogram was developed. The in-ho@®ARModeprogram enables the user to
select the atoms and orbitals of interest and taleudescriptors specifically for those.
Examples oMopaccalculated frontier molecular visualization fonprophenol are given on
Figures land2:

%

Figure 1: p-nitrophenol HOMO 3D isosurfaceF_igure 2: f-nitrophenol LUMO 3D isosurface
view from QSARModel view from QSARModel

The graphical user interface also supports coatbtetdata analysis with the help
of data tables, data charts, multilinear regressamalyzers, etc. Data manipulation is
maximally dynamicFigure 3 (see in the supplementary data) shows one of dksilglities
what can be done with data: chosen calculation rnf@mnolecule in,New Table* table.

This program was used in current work for unocedpimolecular orbital
selection. Suitable semi-empiricAM1 [23] unoccupied molecular orbitals were selected by
visual criteria. The main selection rule for thi@gess was theMO’s preferable localization
on the most electrophilic carbon atoms that visuafid the most intensive positive charge
coloring (sedrigures 4,5,6n the supplementary data ). In most cdddMO,, was preferred,
but some molecules (especially alkoxyphenols) shioaeeeptable localization of the default
LUMO.

13



4.2. Initial datasets and their pre-analysis

The toxicity of phenols has been widely studieddifferent methods. IIQSAR
modeling, the toxicity has been frequently coredawith LUMO energy, especially for
electrophilic phenol derivativd®1,24,25,26] In this work, we have examined a possibility
to use a wider selection of orbitals. First, a datiaon the toxicities of phenol derivatives was
prepared and correlations made with default frontibital L UMO) dependent descriptor
values. However, specific unoccupied moleculartatfi orUMOSs were selected thereafter
by using exact rules, and new correlations werddbup using the new descriptor values
corresponding to these orbitals.

Mopac 6.0 and force-field AM1 [23] were used for all quantum-chemical
calculations . Molecular orbitals were visualizew alescriptors were calculated usilyll
output files.

Pre-analysis of molecular structure vs. molecwldbital showed that benzenes
and their derivatives generally have two lowestetegate and complementary unoccupied
molecular orbitals. In case of non-substituted bees these two orbitals are highly
symmetric with close energy values. Substituenengk the picture making one of them
more localized on aromatic ring atoms, and the rothere localized on bonds. Strong
electron withdrawal groups in most cases changeptbture very significantly. For example a
nitro group makes theUMO to spread over the entire molecule with prefetoedlization on
N-C bond and oxygen atoms. The more substituenigelme has the more brindled picture
would be observed.

For testing our approach three different datasets different sources were used.

Dataset 1
Based on 40 substituted benzef#s: nitrobenzenes, nitroanilines, halogenated
benzenes. Article authors used Mopac 6.0 - AM1eioergy-minimization and the LUMO
energy calculation. The final model obtained €R.793, SE = 0.316, F = 71.07, n = 40):
log 1/EGsp = 0.272 * logKow— 0.659 *E ymo + 2.54
We used the same dataset but with the followinggarés:
e 4-aminoethylphenolate was not taken into accownéyricle does not contain
precise description of its structure (if authorsduthe deprotonated form of
this compound or not)

14



e different values for the LUMO energies were obtdine
36 compounds from the 39 were used as the tragehd3 were left for the testing set (picked
randomly):

e 2.4 —dichlorophenol (nr. 5)

e 3-bromoaniline (nr. 18)

e m-dinitrobenzene (nr. 32)

Table 1. The AM1 calculated o, Eumo and Eumo, 109 Kow 10g 1/EGovalues fron25] for dataset nr. 1

N Name Eumo Eumo ELumo log Kow log 1/EGo
(eV, calc.) (eV, calc.) (eV,[25]) [25] (mol/l,[25])

1 2,3-dichloroaniline -0.0100  -0.0100 -0.198 2.86 983

2  2,4,6-tribromoaniline -0.300 -0.300 -0.342 4.03 374

3  2,4,6-trichlorophenol -0.502 -0.502 -0.821 3.69 .813

4  2,4-dichloroaniline 0.0158 0.0917 -0.179 2.91 43.7
5 2,4-dichlorophenol -0.245 -0.105 -0.427 2.92 3.62
6 2,4-dinitroaniline -1.474 -1.474 -1.662 1.84 4.68
7  2,4-dinitrophenol -1.887 -1.561 -1.808 1.54 4.16
8 2,4-dinitrotoluene -1.841 -1.450 -2.096 2.04 4.52
9 2,5-dichloroaniline -0.0665 0.172 -0.263 2.92 23.8

10 2,5-dichloronitrobenzene -1.284 -0.886 -1.343 9 2. 4.31

11 2,6-dinitrotoluene -1.749 -1.452 -2.000 2.02 64.0
12 2-chloroaniline 0.285 0.414 0.192 1.76 2.89
13 2-methylaniline 0.601 0.691 0.594 1.4 2.34
14 2-nitroaniline -0.795 0.0647 -0.942 1.85 3.33
15 2-nitroanisole -0.931 -0.220 -1.077 1.8 3.44
16 2-nitrophenol -1.184 -0.274 -1.153 1.89 3.51
17 3,4-dichloronitrobenzene  -1.524 -0.824 -1.518 293. 4.52

15



18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

3-bromoaniline
3-bromonitrobenzene
3-chloroaniline
3-nitroaniline
3-nitroanisole
3-nitrophenol
4-bromonitrobenzene
4-methylaniline
4-nitroaniline
4-nitroanisole
4-nitrophenol
4-nitrotoluene
aniline
m-chloronitrobenzene
m-dinitrobenzene
nitrobenzene
o-chloronitrobenzene
o-dinitrobenzene
p-chlornitrobenzene
p-dinitrobenzene
pentachlorophenol

phenol

0.165

-1.306

0.263

-0.950

-1.072

-1.160

-1.413

0.615

-0.785

-0.983

-1.065

-1.045

0.639

-1.285

-1.911

-1.068

-1.070

-1.841

-1.344

-2.208

-0.977

0.398

0.367 0.190
-0.703 -1.352
0.391 0.160
-0.153 -1.031
-0.258 -1.216
-0.340 -1.281
-0.562 -1.461
0.675 0.173
-0.0908 -0.875
-0.316 -1.146
-0.416 -1.205
-0.235 -1.263
0.639 0.755
-0.637 -1.359
-1.911 -2.087
-0.312 -1.218
-0.596 -1.226
-1.841 -2.157
-0.547 -1.420
-2.208 -2.365
-0.977 -1.431
0.398 0.395

2.1

2.64

1.88

1.37

2.16

2.0

2.55

1.39

1.39

2.03

2.04

2.34

1.03

2.49

1.52

1.89

2.26

1.69

2.35

1.46

5.12

1.46

953

.94 3

2.8

32 4.

2.79

3.48

3.71

3.75

88 3.

3.19

3.4

3.65

3.57

3.74

2.56

4.85

3.26

5.04

014.

4.96

4.63

2.46

16



Dataset 2

Based on 19 nitrobenzenes and their derivativep [this article contains a brief
analysis of the dataset. Authors used the samer&cf@ quantum-chemical calculations in
good agreement (with 1/1000 precision) with ouraoted values for descriptors. Their model
including the LUMO energy was based on 18 nitrobees (picric acid was excluded, the
only compound from the dataset that is deprotonadeshore than 99.9% at the pH of the
biotest medium) abd has the following propertie$ ¥®.89, K., = 0.88, SE = 0.42,
Fo15= 61, n = 18):

logEC,, = -061(+011) * logK,,, + 1.595+0.299 * E, ,,c — 119+ 036)

Table 2. The AM1 calculated fo0, Eumo and log kwlog EG values fronj26] for the dataset nr. 2

N Name ELumo Eumo log Kow log EGso
(eV, calc.) (eV, calc.) [26] (mol/1,[26])

2,3-diaminonitrobenzene -0.842 -0.0546 1.27 -3.62
2,4,5-trichloronitrobenzene -1.692 -1.049 3.48 715
2,4,6-trinitrophenol (picric -2.534 -1.259 0.89 -2.96
acid)

4  2-amine-5-chloronitrobenzene -1.003 -0.252 2.72 4.26

5  3,4-dichloronitrobenzene -1.524 -0.824 3.12 -5.78

6  3-nitroaniline -0.950 -0.153 1.37 -3.56

7  4-amine-3-methylnitrobenzene -0.757 -0.103 1.83 4.04

8  4-chloro-1,3-dinitrobenzene -2.061 -1.565 2.17 .535

9  4-chloro-3-methylnitrobenzene  -1.283 -0.517 2.9 4.89

10 4-nitroaniline -0.785 -0.0908 1.39 -3.48

11 4-nitrotoluene -1.045 -0.235 2.37 -3.9

12 TFM -1.586 -1.036 2.77 -4.78

13 dintiramine -1.805 -1.805 4.3 -7.34

14 m-chloronitrobenzene -1.285 -0.637 2.46 -5.11

15 m-dinitrobenzene -1.911 -1.911 1.49 -5.6

16 nitrobenzene -1.068 -0.312 1.85 -3.58

17 o-chloronitrobenzene -1.070 -0.596 2.24 -3.82

18 p-chloronitrobenzene -1.344 -0.547 2.39 -4.66

19 trifluralin -1.994 -1.994 5.34 -7.14

17



Dataset 3

Based on 221 phenols and their derivatives [2hg @uthors used o mostly for
the classification of compounds into different cmtges. According to this article only 23
molecules from the whole dataset show strong @pbilic capability (all have one nitro- or
nitroso- group as substitient). We prepeared alairset of 229 phenols and used it for the
QSAR model building. The picture in Graph 1 showw poor is the correlation between the
toxicity data and the AM1 lowest unoccupied molacwrbital energies for the whole dataset.
It means that a single mechanism of toxic actionneated to compound electrophilicity is
not applicable for the whole dataset. The chargéribdution and orbital locations of all of
these compounds was visually examined for the enast of electrophilic behavior, resulting
in the selection of more or less suitable compoudadshe training set. Overall, 60 molecules
with high positive charge density on aromatic casband adjacent hydrogens were selected.
Some demonstrative examples for the selection arengon Figures 45 and 6 (see in
supplementary data). Figure 4 3,5-dimethyl phenol has no electrophilic aromaacbons
(no “positive” blue coloring on aromatic carbona3, shown in the colored charge map of this
molecule. 4-methylphenoF{gure 5 to some extent electrophilic aromatic carbonat thas
acceptable for curref@SARmModeling. Finally, 2-chlorophenoFigure 6 has good visible
“positive” regions, especially at the meta-positiorthe hydroxyl group.

Similarly, 10 molecules having appropriate visappearance for electrophilic
aromatic carbons were selected for the test set.€ldctrophilic phenols having 3 or more
additional substituents were also excluded from thdculations (for example 2,3,4,6-
tetrachlorophenol), due to the absence of accesaioimatic carbon for direct reaction on it.
However, compound 60, pentafluorophenol, was iredubdecause of the much smahen
der Waals’'radius of fluorine as compared to the chloro othylegroups. Phenols having
more than one| substituent (for example 2-chloro-4,5-dimethylpdknshow much smaller
positive charge density on aromatic carbons and thay were also excluded. Preliminary
calculations also showed that phenols containinghn@argroups significantly mixed up the
final picture. These aminophenols are classifiegrasursors of soft electrophiles because of

their ability to undergo oxidation to nitrophenols.

18
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Graph 1: Toxicity vs. LUMO energy values map for initial datao$@29 phenol derivatives

Table 3. The AM1 calculated o0, Eumo and log 1/EG valuesfor dataset nr. 3

N Name ELumo Eumo log 1/EGo
(eV, calc.) (eV, calc.) (mmol/l,[27,28,29,30)

1 2,3-dichlorophenol -0.262 -0.262 1.276
2 2,4-dibromophenol -0.348 -0.167 1.4

3 2,4-dichloro-6-nitrophenol -1.431 -0.921 1.75
4 2,4-dichlorophenol -0.245 -0.105 1.04
5 2,4-difluorophenol -0.318 -0.318 0.604
6 2,5-dichlorophenol -0.325  -0.0121 1.125
7 2,6-dichloro-4-fluorophenol -0.568 -0.392 0.804
8 2,6-dichlorophenol -0.258 -0.258 0.73
9 2,6-difluorophenol -0.321 -0.159 0.471
10 2,6-dimethoxyphenol 0.396 0.396 -0.598
11 2-(chloromethyl)-4-nitrophenol -1.186 -0.704 0.75
12 2-bromo-4-methylphenol -0.0132 0.226 0.6

13 2-bromophenol (test set) -0.0494 0.235 0.33
14 2-chloro-4-hydroxybenzaldehyde(test set)0.696 -0.193 0.89

15 2-chloro-5-methylphenol 0.0205 0.0205 0.54
16 2-chlorophenol 0.0295 0.0295 0.183
17 2-ethoxyphenol 0.398 0.398 -0.358
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18 2-fluoro-4-nitrophenol (test set)
19 2-fluorophenol

20 2-hydroxybenzaldehyde

21 2-hydroxybenzamide

22 2-hydroxybenzonitrile

23 2-hydroxybenzyl alcohol

24 2-methoxyphenol

25 2-methyl-3-nitrophenol

26 2-methylphenol

27 2-nitrophenol

28 2-nitroresorcinol (test set)
29 3,4-dichlorophenol

30 3,5-dimethoxyphenol

31 3-acetamidophenol

32 3-bromophenol (test set)

33 3-chloro-4-fluorophenol

34 3-chlorophenol

35 3-ethoxy-4-methoxyphenol
36 3-ethylphenol

37 3-fluoro-4-nitrophenol

38 3-fluorophenol

39 3-hydroxybenzaldehyde

40 3-hydroxybenzonitrile

41 3-methoxyphenol (test set)
42 3-methyl-2-nitrophenol (test set)
43 3-methyl-4-nitrophenol

44 3-nitrophenol

45 4-acetamidophenol

46 4-bromo-2,6-dichlorophenol
47 4-bromo-6-chloro-2-methylphenol
48 4-bromophenol

49 4-chloro-2-methylphenol
50 4-chloro-2-nitrophenol

51 4-chloro-3-methylphenol

-1.333
0.0133
-0.591
-0.264
-0.509
0.329
0.391
-1.100
0.409
-1.184
-1.320
-0.236
0.453
0.244
-0.0742
-0.292
0.0187
0.337
0.400
-1.285
0.0417
-0.547
-0.514
0.413
-1.121
-1.007
-1.160
0.253
-0.514
-0.225
0.0201
0.135
-1.388
0.0930

20

-0.770
0.180
0.217
0.259
0.0435
0.583
0.391
-0.293
0.531
-0.274
-0.241
-0.236
0.453
0.489
-0.0742
-0.112
0.232
0.337
0.400
-0.721
0.171
0.188
0.0253
0.413
-0.238
-0.367
-0.340
0.431
-0.453
-0.151
0.121
0.135
-0.594
0.0930

780
0.19
0.42
-0.242
0.034
-0.954
-0.51
0.779
-0.29
0.67
0.66
1.745
-0.09
-0.16
1.145
1.131
0.87
-0.299
0.29
0.935
0.381
0.08
-0.064
-0.33
10.6
1.729
0.51
-0.82
1.78
1.28
0.68
0.7
2.06
0.8




52 4-chloro-3-nitrophenol (test set)
53 4-chlorophenol

54 4-ethoxyphenol

55 4-fluoro-2-nitrophenol (test set)
56 4-fluorophenol

57 4-hydroxybenzaldehyde

58 4-hydroxybenzonitrile

59 4-hydroxybenzotrifluoride

60 4-hydroxybenzyl cyanide

61 4-methoxyphenol

62 4-methyl-3-nitrophenol

63 4-methylphenol (test set)

64 4-nitro-3-(trifluoromethyl)phenol
65 4-nitrophenol

66 4-nitrosophenol

67 5-fluoro-2-nitrophenol

68 5-methyl-2-nitrophenol

69 N,2-dihydroxybenzamide

70 Pentafluorophenol

-1.104
0.0946
0.328
-1.447
0.0592
-0.450
-0.413
-0.348
0.0631
0.304
-1.107
0.429
-1.588
-1.065
-0.799
-1.448
-1.152
-0.556
-1.296

-0.630
0.143
0.328

-0.625

0.0592

0.101

-0.0676
-0.141

0.153
0.304
-0.305

0.487
-1.015

-0.416

0.0301
-0.556
-0.192

0.123
-1.133

71.2
0.54
0.01
843
0.02

0.266
0.516
0.62

-0.38
-0.14
0.74

-0.16

5.6
1.43
0.654
1.125

0.59
0.379

1.63
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4.3. Results and discussion
Dataset 1

Two 2-parameter models (s€raph 2 vs. Graph 3 were constructed with 36
molecules using values fromable 1 Like the model from the original pap@5] it uses the
lowest molecular orbitéLumo energy andog Kow values R = 0.760,R%, = 0.709,F = 52.2,
& = 0.111):

Model 1: |Ogl/E050 =0.324 * |OgKow— 0.630 *E ymo + 2.52

5,00 A
475 1
4,50
4,25
4,00 A
3,75 1
3,50 1

3,25 1

Predicted log 1/ECE0

3,00 4
2,75 1

2,50 1

2,25
2,25 2,50 275 3,00 325 350 ars 4,00 4,25 4,50 475 5,00

Observed log 1/ECED

Graph 2: The plotting of predicted vs. experimental toxicity adngrtb Model 1

Using selected UMO energies instead of LUMOs $iggmt improvement is
observed R = 0.869,R%, = 0.832,F = 109.7,5° = 0.061):

Model 2:  10g1/EGso = 0.270 * logKow— 0.764 *Euno + 2.84

The coefficients ofE.umo Or Eumo iIn Model 1 and Model 2 equations,
respectively, are more than 2 times larger tharctiedficient oflog Kow although their values
have similar magnitude. Therefore, it may be caetlthat the electrophilic factor is the
main controlling influence of the toxicity of nitbenzenes, especially for compounds with

low log Kow value.
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5,00 1

4,75 1

450 1

425 1

4,00 4

3,75

3,50 4

Fredicted log 1/ECA0

3.25 1

3,00 4

2,75 4

2,50 4

250 275 300 325 350 ATF5 400 425 450 0 475 500
Ohserved log 1/ECE0

Graph 3: The plotting of predicted vs. experimental toxicity adngrtb Model 2

Table 4. The deviations of the toxicity values predicted by Modetl Model 2

Name log 1/EGo fitted with  residuals fitted with residuals
(mol/1,[25]) Model 1 Model 2
2,4-dichlorophenol 3.62 3.62 0.0 3.71 0.09
3-bromoaniline 2.80 3.10 0.30 3.12 0.32
m-dinitrobenzene 4.85 4.22 -0.63 4.71 -0.14
standard deviatiors’ 0.15 0.04

Table 4 shows that in overaodel 2is more precise for predicting the toxicity
values for the test set compounds, althobdbdel 1 was more exact in case of 2,4-

dichlorophenol.
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Dataset 2

The 2-parameter model (see aSmph 4 that uses the lowest molecular orbital
ELumo energy andog Kow values was create@®{= 0.894 R, = 0.836,F = 63.4,5 = 0.168):
Model 3:  logEGsp = 1.61 *E ymo -0.530 * logKow— 1.34

-3,5 1

40 -

-45 -

-5,0

-5.5

Predicted log ECS0

-6.,0

-B.5

=70

-Ta

7.0 85 6.0 55 50 45 40 as
Chserved log ECS0

Graph 4: The plotting of predicted vs. experimental toxicity adngrtb Model 3

Model 3 has very little differencies with the angl one[26]. The model (see
Graph5) using selected orbital§l 10 analog) R = 0.912,R%,, =0.873,F = 77.8,5 = 0.140)
showes slightly bettd® value, but not as significant as in the first case
Model 4:  logEGso = 1.10 *Eywmo -0.501 * logKow — 2.72
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-3.5

-4.0 -

45 -

5.0

5.5 1

-5,0 1

Predicted log ECS0

6.5

7.0 A

7.5

7.0 8.5 6.0 55 50 45 40 a8
Ohserved log ECA0

Graph 5: The plotting of predicted vs. experimental toxicity adngrtb Model 4

All created modelsModel 1, Model 2, Model 3, Mode) dre in accordance with
the explanation. The signs of coefficients show tbaicity increases with the decrease of
EGso, which in turn (according to equations) decreassdth increasinglog Kow and
descreasing (more negati&)ymo (Eumo)
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Dataset 3

With given 60 molecules 1-parameter and 2-paranmatalels were constructed.
It is obvious that the orbital selection procedwignificantly improves the correlation
between the toxicity values and the unoccupied cudde orbital energies (s&eraph 6vs
Graph :

2,00 -
1,75 | ] m u ]
1,50 -
1,25 |
1,00 -
0,75 l u n
_ . l:
0,50 A | u

1 ]
0,25 |

toxicity

|
] | |
0,00 =
-Dl25 1 " u '

-0,50 4 '

-0,75 1 [ |

-1,00

150 1325 -1,00 075 0,50 025 0,00 0.25 0,50
LUMO energy (AM1)

Graph 7: Toxicity vs. LUMO energy values map for training dataset 3

2,00 - —

175 [ L | |
1,50 -
1,25 | E =

1,00 A u
0.75 - ]

0,50 ]

toxicity
[ ]
]
Ny

0,25 A a ="
0.00 - .- n
-0.25 1 oy . -
-0,50 - %

-0,75 |

-1,00 4

-1,00 075 0,50 035 0,00 025 050
Lnoccupied orhital energy (AM1) (usen

Graph 6: Toxicity vs. UMO energy values map for training dataset
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The respective 1-paramet@SARmModels (see alsGraph 8 vs. Graph Qare as
follows. Model 5 R = 0.435,R%, =0.401,F = 44.6,5° = 0.278) formula (training data is
shown onGraph 8:

|Og 1/EGso =-0.787 *ELumo + 0.278

2,00 1
1,75 1
1,50 4
1,25 7
1,00 1
075 1
0,50 -

0.25 1

Predicted toxicity

0,00 -
-0.25 1
-0.50 1

0,75 1

-1,00 4

100 075 050 025 0O0 025 OS50 0OF5 100 125 150 175 2,00
Ohserved toxicity

Graph 8: The plotting of predicted vs. experimental toxicity adngrtb Model 5

Model 6 (R?= 0.640,R%,, =0.612,F = 103.1," = 0.177) formula (training data is
shown onGraph 9:
log 1/EGso = -1.44 *Eymo + 0.486

2,25 1
2,00 1
1,75 4
1,50 4
1,25 1
1,00 4
075 1

0,50 -

Predicted toxicity

0.25 1
0,00 -
-0.25 4
-0.50 1

-0,75 1

-1,00 4

100 075 050 -025 000 025 050 075 100 125 150 175 2,00
Experimental toxicity

Graph 9: The plotting of predicted vs. experimental toxicity adngrtb Model 6
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The prediction of toxicities for the test set of t®mpounds also improves

significantly when user selectddMO energies were used instead LaJMO energies (cf.
Table 5.

Table 5. The deviations of the toxicity values predicted by Modetl Model 6

Name logl/EGs, fitted with residuals fitted with residuals
(mmol/l)  Model 5 Model 6

2-bromophenol 0.33 0.32 -0.01 0.15 -0.18
2-chloro-4-hydroxybenzaldehyde 0.89 0.83 -0.06 0.76 -0.13
2-fluoro-4-nitrophenol 1.07 1.33 0.26 1.59 0.52
2-nitroresorcinol 0.66 1.32 0.66 0.83 0.17
3-bromophenol 1.15 0.34 -0.81 0.59 -0.56
3-methoxyphenol -0.33 -0.05 0.28 -0.11 0.22
3-methyl-2-nitrophenol 0.61 1.16 0.55 0.83 0.22
4-chloro-3-nitrophenol 1.27 1.15 -0.12 1.39 0.12
4-fluoro-2-nitrophenol 1.38 1.42 0.03 1.39 0.01
4-methylphenol -0.16 -0.06 0.10 -0.21 -0.05
standard deviatiors® 0.15 0.08

One of the best 2-parameter models dependin@, 0o containsMax atomic
orbital electronic populatiofAM1) [6] descriptor as a second predictor.
Model 7(R?= 0.757,R%,= 0.732,F = 89.0,5°= 0.121) has the following general

2,00 4
1,75 1
1,50 4
1,25 1
1,00 1
0.75 1
0,50 4

0.25 1

Predicted toxicity

0,00 4
-0,25
-0.50

-0.75 1

-1,00

100 075 050 -025 000 025 O50 OF5 100 125 150 175 2,00
Ohserved toxicity

Graph 10: The plotting of predicted vs. experimental toxicitpeting to Model 7
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formula (training data is shown @raph 10:
log 1/EGso = -0.622 *E ymo + 12.5 *Max.AO electr. pop- 23.9
Similar 2-parameter model that usesvwE values has a little better precision.
Model 8 & = 0.764,R?,=0.739,F = 92.0,s° = 0.118) has the following general formula
(training data is shown o@raph 1):
log 1/EGso = -1.07 *Eymo + 8.68 *Max.AO electr. pop- 16.4

2,00 4
1,75 1
1,50 1
1,25 1
1,00 4
0.75 1
0,50 4

0.25 1

Predicted toxicity

0,00 4
-0,25 1
-0.50

-0.75 1

-1,00 4

-100 075 050 025 000 025 050 075 100 125 150 175 2,00
Ohserved toxicity

Graph 11: The plotting of predicted vs. experimental toxicitpeting to Model 8

Even in this “directed” model use of,lm shows better results. This is also seen
from model testing (cfTable §. Graph 9and data infable 6show that unoccupied orbital
energies have a clear correlation with toxicityues, but it is also true that additional
parameters are needed to create reliable modelgifepthe additional interactions related to
the toxicity and possibly reducing tWeM1 calculation errors for this kind of energies. 8- o
more parameter containing models for this dataketvsless improvement i between
ELumo and Euwo using models. Best 4-parameter model R&s= 0.813 for E.ymo and
R*=0.826 forEumo. In these multiparameter models orbital energiesless important, so

they are not shown in current work.
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Table 6. The deviations of the toxicity values predicted by Modetl Model 8

Name log 1/EG, fitted with residuals fitted with residuals
(mmol/) Model 7 Model 8
2-bromophenol 0.33 0.75 0.42 0.52 0.19
2-chloro-4- 0.89 1.19 0.3 1.01 0.12
hydroxybenzaldehyde
2-fluoro-4-nitrophenol 1.07 1.13 0.06 1.31 0.23
2-nitroresorcinol 0.66 1.07 0.41 0.7 0.04
3-bromophenol 1.15 0.68 -0.47 0.79 -0.36
3-methoxyphenol -0.33 -0.4 -0.07 -0.27 0.06
3-methyl-2-nitrophenol 0.61 0.96 0.35 0.71 0.09
4-chloro-3-nitrophenol 1.27 1.44 0.17 1.47 0.2
4-fluoro-2-nitrophenol 1.38 1.37 -0.01 1.26 -0.12
4-methylphenol -0.16 -0.37 -0.21 -0.32 -0.16
standard deviatiors® 0.08 0.03
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5. Conclusions

The goal to improve the accuracy and predictingvgro of QSAR models
involving frontier orbital energies by selectingobals of suitable symmetry and localization
was achieved. Orbital dependent descriptor calomawith human interference and their
subsequent use for model building showed betteiftsetstatistically better models with more
predicting power) than using the same orbital desms with default values for all three

datasets.

However, the semi-empiricAM1 method that was used in current work in order
to have some comparison with originally proposedi@i® is not very precise in describing
molecular electronic structure, including unoccdpierbital energies and compounds
containing nitrogen atoms. Therefore, the next steyd be the use of descriptors obtained
from ab initio Hartree-FockKIF) or post-HF calculations.

Default Fukui indexes, namely the atomic electiipineactivity index, did not
show acceptable correlations with toxicity datausing them iQSARmodel building. Some
specific localized indexes like electrophilic indéxr aromatic centers, or selected atom

electrophilic index could be implemented in futwerk.
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6. Kokkuvote

Eesmark parandada QSAR mudelite tapsust ja ersuistoet, kasutades selleks
orbitaalide valimist simmeetria ja lokalisatsioahisel dnnestus taita. Inimese poolt juhitud
orbitaalsdltuv deskriptoriarvutus ja selle edaskssutamine mudelite ehitamiseks naitab
paremaid tulemusi (statistiliselt paremad mudelidirema ennustusvdoimega) vorreldes
samade orbitaalsete molekulaardeskriptorite vasim@artuste kasutamisega kdigi kolme
andmekomplekti jaoks.

Kéesolevas t60s kasutati sama pool-empiirilist AMheetodit nagu
originaalallikates, et oleks v@imalus tulemusi kditest leitud originaalsete mudelitega
vorrelda. See meetod ei ole vaga tapne molekulade&éroonilise struktuuri kirjeldamiseks,
eriti LUMO energiate ja lammastiku sisaldavad Uhendkorral. Seega voiks jargmiseks
loogiliseks sammuks olla selliste deskriptoriteUtamine, mis on saaduab initio Hartree-

Fock (HF) or post-HF arvutuste pohjal.

Klassikaline Fukui indeks -atomic electrophilic reactivity index®&i naidanud
loodetud statistiliselt olulisi korrelatsioone tdistise andmetega, kasutamaks teda QSAR
mudelite ehitamiseks. Edasise arengu vdimalusendks vaefineerida spetsiaalsed
lokaliseeritud indeksid, nagu aromaatse tsentrktedéiilsuse indeks, voi valitud aatomi
elektrofiilsuse indeks.
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Figure 3: Data manipulation is maximally dynamic
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Figure 4: Color map of 3,5-dimethylphenol

Figure 5: Color map of 4-methylphenol

Figure 6: Color map of 2-chlorophenol
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