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CHAPTER 2
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Abstract: Recently, many new methods have been used in the research and
development of a new drug. In this article, QSAR, which is one of the usable areas of
artificial intelligence during molecule research, and the analysis and formulation
studies related to the suitability of this area are discussed. It is explained how a model
to be created is prepared and calculation formulas for how to verify this model are
shown. Examples of the most recent 4D-QSAR calculations are given.
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INTRODUCTION

Quantitative structure-activity relationship (QSAR) analysis uses the molecular
structure of a compound or ligand to predict its biological activity. It presupposes
that similar biological activities are retained in similar molecular structures [1]. It
also uses known biological activity data to predict unknown activities. This
approach has been adapted to diverse but related scientific disciplines [2-5],
including the design of new chemical entities (NCEs) [5, 6] with high biological
potentials.
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QSAR is a systematic multi-step process (Fig. 1), made up of dataset preparation,
selection, and generation of molecular descriptors; derivation of mathematical or
statistical models; model training and validation using a training dataset; and
model testing on a test dataset [7 - 10].
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In order to create a consistent QSAR model, it is central to utilize high-quality
data that have been derived from bioassays, and to use an adequate number of
compounds. Biological data are preferred to have been produced in a single
laboratory [5, 11].

Selection and generation of molecular identifiers form the second step. Here the
selection of appropriate descriptors, describing structural variations, is important.
Various methods, such as machine learning techniques (e.g., forward selection)
and evolutionary algorithms (e.g., genetic algorithm [11]), are utilized for
descriptor/variable/feature selection.

A suitable mathematical or statistical model must be chosen to define the
correlation between relevant descriptors and biological activities. The model can
be linear partial least squares (PLS) [12], multiple linear regression (MLR) [13] or
nonlinear. The selected model is then trained on a randomly chosen dataset, and
the rest is used as test compounds. Model training often involves validation
procedures, for example, exclusion cross validation (LOOCV) [14]. The training
process is reiterated in order to reach an acceptable performance. The final step
involves the testing process [11].

The concept of QSAR was first envisioned by Free, Wilson, Hansch and Fujita in
1964 [15, 16]. Subsequently, a new 3D-QSAR method, named comparative
molecular field analysis (CoMFA) [17], has been worked out to overwhelm
general 3D-QSAR problems. It has provided the basis for the development of
multidimensional (nD) QSARs.

QSAR's Use

QSAR should not be seen as an academic tool that allows for the subsequent
rationalization of data. It aims to derive molecular structure relationships between
biology and chemistry for a valid reason. Models can be developed from these
relationships and are thought to be predictive with common sense, luck, and
expertise. A QSAR model can have many practical commitments [18, 19]:

- Rational estimation of biological activity and physicochemical properties.

- Understand and rationalize the action mechanisms of a wide variety of
chemicals.

- Cost-effective product development.

- Minimization of the production time.

- Elimination of the ethical concerns.

« Spurring of “green” chemistry.
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The ability to predict biological activity is of great importance in industry. Some
QSARs have many applications in industry, academia and government (regulatory
bodies). Some potential application areas can be seen below [18]:

- Rational compound identification with significant pharmacological, bactericidal
or insecticidal activity.

- Optimization of the available biological activities.

- Design of versatile products to be used in diverse fields.

- Determination of toxicity in general and side effects in pharmaceuticals.

- Determination of compound stability.

- Rationalization and estimation of the combinatorial effects.

QSAR Model Development

A prerequisite in the creation of a QSAR model is the accuracy and reliability of
the experimental data. If the experimental data are not accurate and precise, it
would not be possible to obtain and develop a meaningful model. To develop an
appropriate QSAR model, these data must include a wide range of chemically
similar compounds [20]. Various biologically active compounds should be
determined experimentally, and predetermined chemical structures should be
selected [21].

While classical Hansch-like applications predominantly use the properties of
substituents, atomic properties can also be taken into consideration, including
charge, logP, orbital energy, and molar refractivity. The diversity of
experimentally viable molecular variables contributes most to the strength of a
given model. Software for any chemical structure determination variables are
commercially available [22, 23], and these consider geometric, structural,
topological, electrostatic, thermodynamic, and quantum mechanical properties of
the products. In CODESSA, generally GAUSSIAN [24] and AMPAC [25] output
files are used for the production of variables. DRAGON program on the other
hand utilizes Molfiles, Multiple SD, Sybyl, SMILES, HyperChem, and
MacroModel output files [26]. These programs compute compound parameters at
the lowest energy fitness and exclude complex components. Therefore, the
programs CODESSA and DRAGON only formulate those parameters related to
one conformer of a compound. Spartan software [27] can calculate the Monte
Carlo structure of compounds and calculate their relative energies, providing an
overwhelming solution for the study of complex compounds. Another program,
EMRE, uses the output files of SPARTAN 02, SPARTAN 04, SPARTAN 06,
SPARTAN 08, SPARTAN 10, SPARTAN 14. An advantage of EMRE is that
after determining both the matrix and the pharmacophore group, it also provides
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information on the perpendicular distance of the farthest atom in the molecule to
the pharmacophore plane, the angle between the pharmacophore plane and the
two atoms, the angle between atoms, the torsion angle, and the van der Waals
radius [28 - 30].

As mentioned above, a statistically robust model relies on the quality of the
selection of variables that can help explain the evolution of the structure-activity
relationship. The QSAR choice, on the other hand, is crucial to develop an
appropriate structure-activity correlation. Today, least squares (PLS) and multiple
linear regression (MLR) are used in QSAR modelling. The commonest problem is
chanced upon in the biological activity calculations if the number of variables is
larger than that of the compounds. It is important in statistical calculations that the
number of parameters produced at the end of the calculation should not exceed the
number of compounds (Table 1) [21].

Table 1. QSAR techniques and used parameters.

QSAR techniques Used Parameters
1D-QSAR Physicochemical parameters such as pKa, logP
2D-QSAR 1D-QSAR + Structural, geometric, electrostatic, thermodynamic parameters
3D-QSAR 2D-QSAR + Electrostatic, steric, hydrophobic parameters
4D-QSAR 3D-QSAR + Parameters related to conformations, protonation and stereoisomers
5D-QSAR 4D-QSAR + Parameters related to conformational changes in ligand-protein binding
6D-QSAR 5D-QSAR + Parameters related to dissolution

2D-QSAR Analysis

The 2D-QSAR analysis uses linear regression to attain quantitative relationships.
Statistical data for most 2D-QSAR techniques are questionable [31]. It focuses on
the initial interaction between ligand and receptor. Thus, 2D QSAR analysis is not
as precise as 3D-QSAR. It typically performs structure-based drug identification
and focuses on reaction information, structural characterization predictions, and
chemical information [32].

There are generally three types of molecular parameters in 2D-QSAR:
- Two-dimensional molecular coupling parameters

- Three-dimensional molecular surface area parameters
- LogP

2D-QSAR involves structural-, geometric-, topological-, quantum-, electrostatic-,
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and thermodynamic parameters. In its simplest definition, a structure parameter
reflects a molecular structure, excluding its geometric or electronic structure.
Topology parameters contain the bonding information between two pairs of atoms
in a molecule. Geometric parameters consider molecular space, density, and
volume. Quantum chemical parameters are descriptive symbols such as HOMO
and LUMO that provide information about the electronic properties of a molecule.
Thermodynamic parameters cover heat formation, hydrophobicity, and molar
refractivity [33, 34].

Fragment-Based 2D-QSAR Methods

As time and technology progressed, modelling calculations of many ligands or
compounds can be performed, including 2D methods, 3D crystal receptors or
where target structures are not available [35, 36].

Hologram-OSAR (HOSAR)

The hologram-QSAR method is fragment-based HQSAR (Hologram QSAR),
originally developed by Tripos [37, 38]. The first step in the HQSAR method is to
create molecular holograms that contain structural, geometric, electrostatic, and
thermodynamic parameters of a large number of molecules and can be correlated
with 2D molecular structures. Calculations are continued by deriving a
mathematical regression equation to correlate these prepared hologram box values
or components with the corresponding biological activities.

Fragment-Based QSAR (FB-OSAR)

In 2009, Du et al. [39] showed that a 2D-QSAR method based on molecular
fragments uses two equations, the first being the Hansch-Fujita [40] linear free
energy equation and the second the Free-Wilson [41] equation.

Fragment-Similarity Based OSAR (FS-OSAR

A fragment similarity based QSAR (FS-QSAR) method [42] was developed using
the original Free-Wilson method by introducing the concept of fragment
similarity in the linear regression equation in 2010. It was applied for the first
time to develop the traditional Free-Wilson equation instead of using
physicochemical properties that often produce non-unique solutions. In this
approach, part similarity calculations are made on the basis of similarity, using the
lowest or highest eigenvalues calculated from the BCUT matrices [43, 44]. The
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matrices contain the partial charges of the individual atoms as well as the atomic
connectivity information contained in each individual part.

3D-QSAR

Even when computational studies did not exist, chemists were able to predict
structure-activity relationships in a wide variety of molecules, and earlier QSAR
approaches have often been effectively used to elucidate drug-receptor
interactions. The most important limitation in their use is the total absence of
numerical parameters which are essential in the production of substituents.

The main 3D-QSAR approaches, emerged in the 1980s, are the Active Analog
Approach [35], Comparative Molecular Field Analysis [45, 46], and Molecular
Shape Analysis [38]. Many others were developed in the 1990s, and have evolved
considerably over the past decade [47]. Because the three-dimensional structure
determines the biological activity of a compound, 3D-QSAR helps understand
how structural modifications change biological properties. The 3D-QSAR uses
informatics to reveal structure-activity relationships [33].

The general rules in the 3D-QSAR modelling are as follows [48]:

1. Conformational data are to be used in the selection of minimum energy
conformers.

2. Distance between two atoms, optimization of the ring system, donor-acceptor
hydrogen bond or charged functional groups should be determined.

3. Active Cluster Analysis is to be used in the selection of the linker.

4. Atomic properties such as dipole moment, polarity, point charges, molecular
electrostatic potential, HOMO and LUMO orbitals, shape and volume that affect
biological activity are to be determined.

5. Pharmacophore properties are to be selected [49].

Thanks to the use of the correlation between biological activity and the compound
structure, 3D-QSAR has become the most popular approach in recent years.
Parameters describing the chemical structure are used for the activity calculation.
The 3D-QSAR method is divided into two basic classes according to the
parameter type. One involves volume-based parameters while the other employs
surface-based parameters. As a volume-based method, CoMFA is the most
preferred 3D-QSAR method [34].
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4D-QSAR

Hopfinger added another dimension to 3D-QSAR, in 1997, which is the mean of
the matching conformers, and invented the term 4D-QSAR. Later on, Vedani has
developed the 4D-QSAR approach. The latter used the concepts of 4D-QSAR by
combining the effects of multidirectional conformations. This method is
particularly useful in estimating the ligand's free binding energy to its receptor
when the receptor structure is unknown [50]. The most active conformer of a
given compound is defined at the minimum energy state (2 Kcal/mol). In this
method, the active conformation is not a minimum energy conformer and instead
it uses multi-temperature molecular dynamics (MDS). Hence, it is useful to
estimate the potential energy of all low-energy conformers on a 3-D surface. Best
results are produced when low energy conformers are calculated individually. The
molecular coincidence problem is overwhelmed by similar sampling and
computation. The conformers of each compound are placed on a predetermined
rectangular surface to find the best agreement [51, 52]. The main difference of
this method from CoMFA is that it combines both molecular conformers and
overlapping molecules within a set of known molecular structures [33].

5D- and 6D-QSARs

Vedani [53] has added another dimension to 4D-QSAR, giving rise to SD-QSAR.
The latter examines the conformational changes inflicted on a protein by the
binding of its ligand. The 6D-QSAR, also developed by Vedani, is able to map
various dissolution patterns formed between solvent and solute molecules [54,
55].

Molecular Modelling and QSAR

In simple terms, molecular modelling can be thought of as a computer technique
that can either predict molecular and biological properties or analyze molecules
and molecular systems, based on experimental knowledge and theoretical
chemical methods. Available techniques help describe properties that are
responsible for biological activity, such as hydrophobicity, electronic properties of
atoms and molecules, and geometry of the molecule. All these features are
important in understanding the structure-activity relationship in drug design.
SYBYL, AMBER, DOCK, MODELER and RasMol are the most used programs
in molecular modelling [56].

Molecular modelling employs computer chemistry and graphical design
techniques to explore structural properties of a molecule [57, 58]. Here three of
the outstanding approaches are molecular dynamics, molecular mechanics, and
quantum mechanics [59]. Models are generated by QM and MM calculations. The
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models first allow the energy regulation of molecules and atoms in a calculated
system, and they help understand how alterations in the position of atoms and
molecules change the energy of a system. Three main steps in a molecular
modelling can be stated as follows [60]:

1. Geometric work involves the construction of bond angle and bond lengths.
2. Fragments with appropriate geometry are demonstrated.

3. Structure is constructed using the experimental information, produced by X-ray
crystallography, neutron diffraction or NMR.

A fourth step involves Monte Carlo Simulation or molecular dynamics. Finally,
the calculations are analyzed.

Importance of the Validation of QSAR Models

QSAR has largely been matured, but it needs further improvement. Estimating the
precision of calculations is for instance a serious problem [61]. Thus, the need for
the proof of QSAR models has been brought into consideration [62]. Four
common tools have so far been set for the assessment of the proof of QSAR
models [63]: (i) cross validation, (ii) bootstrapping, (iii) randomization of
response data, and (iv) external validation.

Some proposals have also been made for evaluating the rationality of QSAR
models at an International workshop held in Setubal (Portugal) that have been
revised later on at the OECD QSAR Work Program in 2004 [64, 65].

Means of Proof for OSAR Models

The proof is needed both to confirm the prediction strength of a model and to
conclude the intricacy of an equation (Fig. 2).

Least squares fit (R?), cross-validation (Q?) [66, 67], adjusted R* (R*adj), chi-
square test (x*) [68], root mean square error (RMSE) [69], bootstrapping, and
shuffling (Y-Randomization) [70, 71] are internal methods for validating a model.
However, external statistical methods serve best to make sure that the models
created are robust and impartial [64].
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VALIDATION OF QSAR
MODELS (MLR & PLS)
Internal Validation External Validation
(Training set) (Test set)
1. Least squares fit (R2) 1. R2 pred
2. LOO-CV (Q?for LOO) 2. 12-12/r2
3. LMO-CV (Q?for LOO) 3. r2-rp?/r?
4. Y-Randomization 4, 12
5. Bootstrapping 5.R?%,
Applicability domain

1. Leverage approach
2. Training set interpolation
3. Cluster-based approach

Fig. (2). A diagram of QSAR model validation.

Internal Validation

Least Squares Fit

It is an internal validation method, similar to linear regression. A solid straight
line fit is produced to compute R?. A substitute of this method excludes
compounds in the training set (outliers) to validate the QSAR model. A difference
between R* and R*adj value of less than 0.3 shows that the number of descriptors
included in the QSAR model is satisfactory [64].
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Fit of the Model

The prediction power of a QSAR model, reflected in R?, can also be validated by
chi-square (’) and mean square error (RMSE) tests. The chi-square value is the
difference between experimental and theoretical bioactivity scores. RMSE on the
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other hand finds the error between the mean of the experimental- and the
predicted figures [64].

i ((yl ) ()

RMSE = S t<z(yl ym)> .

v and p, the experimental and predicted bioactivity for a single compound in the
training set; ym, the mean of the experimental bioactivities; and #, the number of
molecules in the studied data set.

High chi-square or RMSE scores (>0.5 and 1.0, respectively) imply that the model
built is of poor quality despite its high R* scores (>0.7). An appropriate model
should have chi- and RMSE values of 0.5 and <0.3, respectively [72] but they are
insufficient for the complete validity test [21].

Cross-validation

Cross-validation is another internal validating test (CV, Q?, q* or jack-knifing).
The CV process reiterates the regression on the data subsets. It is often used to
determine the suitability of a model to a given data set. In the test, the molecules
are sequentially scrutinized and the missing molecule is used in the computation
of R.

Cross-validation is exploited to understand the predictive capability of a model
and to find out whether the model overfits, that is, a predictive model can only
define the relationship between predictors and response in the existing
compounds. This phenomenon comes to the fore when the difference between R?
and Q? is higher than 0.3) [21, 66, 67].

Cross-validation test can be cross-checked using majority-out (LMO). This
method is mostly handy when the training set is small (<20 composites) or does
not exist.

Equation for CV:
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PRESS
Q*=1- N 2 @
Yi=1 (Vi = ¥m)
N
PRESS = Z(ypred,i - yi)z )]

=1

v,, the data values not used to build the CV model; PRESS [65], the estimated
remaining sum of squares.

Bootstrapping

Bootstrapping [73, 74] is another internal validation test which analyzes
randomized subsamples rather than analyzing subsets. Here groups are indicated
with K and object numbers with n. The test performed with randomly selected n
objects is employed to assess target features for excepted samples. A high average
Q? indicates the robustness of a models.

Randomization Test (Scrambling Model)

In this test, activity values are casually reallocated and the whole procedure is
reiterated. Scrambled Model controls the identifiers to warrant that the chosen
descriptors are proper. It is created using the original identifiers. For this test R?
and Q* values are also computed. Lower scores established by repetitive testing
indicate the robustness of the model built and there should not be a strong
correlation between R* (R*>0.50) [58] and Q* [75, 76].

External Validation

It has sometimes been argued that the best way to test the prediction capacity of a
QSAR model is to compare the predicted and observed activities of compounds
which are not included in the model creation process [77, 78]. The steps of the test
have been featured as follows: computing the correlation coefficient, R and R*
[79]; and defining the k and k' regression slopes passing through the origin.

R?,req > 0.6 (6)

r2—r¢/r* <01, r?-r¢/r’<0.1 (7
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0.85<k<1150r0.85<k’'<1.15 3

The prediction power of the selected model should also be verified by the external
R? predicted R* values. R2 >0.6 is a sufficient indicator of proper external
predictability.

fislt (yexp - Ypred)z

Rprea =1— -
Rred Zfisf(Yexp - Ytr)z

®

v,, the mean value of the dependent variable for the training set.

The final tool available to check the external predictability of the selected model
is r*_, which has been put forward by Roy and Paul [80]:

2 =r?(1- /rz — 1 (10)

1%, the square of the correlation coefficient between the experimental and predicted
values; and r’,, the square of the correlation coefficient between the experimental
and predicted values with the intercept set to zero. An r’, value greater than 0.5
can be taken as an indicator of good external predictability [81].

The 1?,, (overall) statistic can be beneficial when the test set size is quite small and
the regression-based external validation [82, 83] parameter is less dependent and
highly reliant on test set observations. The r?,, (overall) statistic can be utilized to
choose the best analytical models among comparable models, because some
models produce better internal validation parameters while others are good at
generating external validation parameters.

Another proof parameter, R’ , checks the fitness of the selected model [82]. It
penalizes the R*> model (Eq. 11).

R2 = R? (1 ~JIR? = R$|) 1)

The r?,, (overall) value defines whether the range of activity values predicted for
the entire dataset is actually close to the experimental results. Therefore, a QSAR
model can be satisfactory if the r* (total) and R®, values are equal to or greater
than 0.5 [52].



46 Applied Computer-Aided Drug Design: Models and Methods CETINKAYA et al.

QSAR calculations are an effective theoretical method used to design more
efficient and more active molecules (Fig. 3). These calculations can be used to
design new high activity molecules [84, 85].

Easily Reproducible QSAR Protocol

Spartan 10's software [23] is typically used for optimizations, conformational
analysis of related molecules, and the creation of molecular structures at the
chosen basis set level. Water was deemed to be the best solvent for cancer in
general. When extremely sophisticated approaches like DFT (Density Functional
Theory) are combined with enormous basis sets, it's a crucial technique for getting
more precise findings. However, creating high basis sets usually takes long time,
since molecular conformers are also taken into account. A relatively simple
method and a larger basis set should be used to produce trustworthy results within
acceptable time schedules.
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Fig. (3). Molecule design.
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Low-energy conformers are known to be densely positioned at room temperature
because conformers are ordered according to Boltzmann weights, which rely on
the energies of the conformers relative to the energy of the conformer. Then,
using the Monte Carlo random search approach, conformational analysis is carried
out to look for these conformers. When the conformational search is complete,
conformers with lower energies are retained and those with a Boltzmann
distribution of less than 1/10000 are removed. Mulliken charges in diagonal
elements, and bond configurations/atomic distances in non-diagonal elements
were then carried out using EMRE software, and computations of electron
conformational conformity matrices (ECMC) with residual conformers [2, 22,
24]. The conformers of each molecule were used to generate the ECMC based on
the findings of the quantum chemical calculations. We defined a template
compound that generates a predictive model for use in the comparison process of
ECMCs [86]. Typically, the template was chosen from the atoms in the backbone
of the lowest energy molecule. The molecules in the examined series were ranked
according to their activities in order to distinguish between active and inactive
compounds. The molecules were split into two after this sorting, by taking into
account the order of the activities. The row's top individuals were labeled as
active molecules. The lowest group was labeled as having inactive molecules. The
pharmacophore, also known as the electron conformational activity sub-matrix
(ECSA), was then defined by comparing the model compound's ECMC with all
other ECMCs that fell within the specified tolerance range. Then, using the
MATLAB application and a variety of produced quantum chemical parameters,
QSAR calculations were performed. These computations were used to build a
model.

QSAR studies are important in the designing of new and more effective
molecules, based on the existing group of molecules. Activity estimations are
made using many different programs. These programs are made by some
researchers using programs developed by them and paid advanced programs.
There are many studies conducted in the light of this information. Some of them
are as follows:

In a study by Sahin and co-workers [87], a theoretical comparison of the activities
of isatin derivatives was made against the BCL-2 inhibitor with the EMRE
program using the Electron-Conformational Genetic Algorithm (EC-GA) hybrid
method. In their calculations, it is seen that the molecules are prepared in a total of
801 parameters under four different categories ((i) electronic (i1) quantum-
chemical (ii1) geometrical and (iv) thermodynamic). It is seen that a good model is
obtained by using the best seven parameters among these 801 parameters (Table
2).
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Table 2. kj values and description of the optimum parameters.

a;fi) Molecular Descriptors Kj values
1 C2 Nucleophilic Atom Boundary Electron Density (eV) —15.43
2 HS5 Electrophilic Atom Boundary Electron Density(eV) —22.80
3 C7 Nucleophilic Atom Boundary Electron Density (eV) —4.11
4 C4 Fukui Atomic Electrophilic Reactivity Index (eV) 152.31
5 log P —-0.03
6 PSA (u) 0.00
7 max.el. pot.(u) 0.00

In the model, it was seen that activity calculations were made for 27 molecules
whose activity was unknown. It can be seen that very high results are obtained for
the model when more than one internal and external validation is made. If these
are the results of the validation; ¢°,,,=0.79, ¢*,,,=0.79, ¢*.,,=0.83, CCC,=0.97,
CCC,=0.90 (Table 2).

Another study has identified 80 methanone derivatives and biological comparison
of molecules [52]. Electron Conformational Compatibility Matrices were obtained
with EMRE software by using the geometric, thermodynamic and topological
properties of 80 molecules studied. A model was created using 804 parameters.
(Table 3).

Table 3. kj values and description of the optimum parameters.

a Molecular Descriptors Kj values
1 The distance of O2-F1 0.027
2 Bond degree of C10-N2 (Lowdin) -3.720
3 Lowdin values of the N2 atom (e—) 1.295
4 Orthogonal distance of the C11 atom to the N3 C20 O1 plane -0.129
5 Bond degree of N2-C16 (Lowdin) 1.801
6 Orthogonal distance of the C11 atom to the C12 N1 O1 plane —-0.069
7 Bond degree of C6—C1 (Lowdin) —0.435
8 H6 C6 C1 angle —0.752

The numerical values of the model were were R*
SEtraining :0075’ qz
and ccc,; =0.920.

training 208343 q2 20-768 and
=0.875, ¢*.., =0.839, ¢°.., =0.764, ccc, =0.908, ccc,., =0.929

extl test
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A chemical property-based pharmacophore model was developed for
tetrahydrodibenzazosine derivatives with the EMRE package program [88]. All
QSAR models were built with 40 compounds (training set), and then a test set was
created with an additional nine compounds (test set) to create a consistent model
(Table 4).

Table 4. kj values and description of the optimum parameters.

1% Molecular Descriptors Kj values
1 Orthogonal distance from the C2 atoms to C23—C14—C10 plane —0.202
) Orthogonal distance from the C2 atoms to C23—N1-C10 plane + van der Waals radius of ~0.255

C2 atom
3 Orthogonal distance from the C12 atoms to C14-N1-C10 plane + van der Waals radius of 0.135
C12 atom
4 The angle (degree) between C15-N1-C4atoms —0.130
5 Fukui Lumo of the C5 atom 4.386
6 Fukui Lumo of the C13 atom —5.912
7 Mulliken charge of C9 atom —5.434
8 E (kcal/Mol) 0.002
9 Rel Eaq (kcal/Mol) 0.003
10 PSA (u) 0.008
In the end, a statistically valid 4D-QSAR (R?,,;,, =0:856, R*_, =0:851 and ¢* =

0.650) model was obtained with a good good external set estimation.

The activity comparison of 86 alkynylphenoxyacetic acid derivatives has been
made for the CRTh2 receptor [85]. A model was then created using the genetic
algorithm and nonlinear least squares regression methods (Table 5).

Table 5. kj values and description of the optimum parameters.

al) Molecular Descriptors Kj values
1 C22-C18 distance (A) 0.0216
2 (22-C18 distance (A)+ vdW radius 0.0564
3 Orthogonal distance from the C22 atom to the C1-O1-O3 plane (A) 0.0243
4 Orthogonal distance from the O2 atom to the C1-H6-C12 plane (A) + vdW radius of 02 | —0.0139
atom
5 Orthogonal distance from the C6 atom to the C1-O1-C12 plane (A) + vdW radius of C6 | —0.0713
atom
6 The angle of between C11-O3-C18 atoms 0.0108
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Table 5) cont.....

afl? Molecular Descriptors Kj values
7 The angle between the O3-H6-C12 plane and the 02-O4 lines 0.2155
8 The angle between the C6-O3-H6 plane and the C11-C18 lines 0.1040
9 The dihedral angle between the O2-C5-C22-C18 plane -0.0109

A theoretical comparison of the anti-HIV-1 activity of 52 tetrahy- droimidazo
[4,5,1-jk] 1,4] benzodiazepinone derivatives has been reported (Table 6) [89].

Table 6. kj values and description of the optimum parameters.

al) Molecular Descriptors Kj values
1 Distance between S1- the farthest atom bonded to N3 (C14) 0.127
2 Angle between line of N3-M* atoms and H25-S1-C9 plane —0.003
3 Angle between S1-C1-N1 atoms —0.466
4 Dihedral angle between H25-N1-C12- the farthest atom bonded to C12 —0.024
5 Angle (radian) between S1-C1-C12- the farthest atom bonded to C12 atoms —95.346
6 Distance between N1 and C9+ van der Waals radius of C9 atom 5.124
7 | Distance between N2 and C11+ van der Waals radius of the farthest atom bonded to C11 | —0.118

CONCLUSION

QSAR calculations are an important method used to determine the parameter that
contributes to the activities of molecules by comparing the numerical values of
these properties by examining many properties of the molecules made before the
experimental processes in order to design more effective and more active
molecules.
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