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Abstract

Quantitative structure activity relationships (QSAR) studies, as one of the most important areas
in chemometrics, play a fundamental role in predicting the biological activity of new compounds and
identifying ligand-receptor interactions. Quantitative relationships between molecular structure and me-
thionine aminopeptidase-2 inhibitory activity of a series of anthranilic acid sulfonamides derivatives were
discovered by different chemometrics tools including factor analysis based multiple linear regressions
(FA-MLR), principale component regression analysis (PCRA) and genetic algorithm-partial least squares
GA-PLS. The FA-MLR describes the effect of geometrical and quantum indices on enzyme inhibition ac-
tivity of the studied molecules. The quality of PCRA equation is better than those derived from FA-MLR.
GA-PLS analysis indicated that the topological (IC4 and MPC06), constitutional (nf) and geometrical (G
(N..S)) parameters were the most significant parameters on methionine aminopeptidase-2 inhibitory activ-
ity. A comparison between the different statistical methods employed revealed that GA-PLS represented
superior results and it could explain and predict 85% and 77% of variances in the pIC50 data, respectively.
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1. Introduction metrics, play a fundamental role in predicting the

Synthesis and evaluation of biological biological activity of new compounds and iden-
effects of new compounds, usually takes large tifying ligand-receptor interactions (1-5). QSAR
amounts of time and money. Today the application models are mathematical equations that provide
of computational methods for designing biologi- us a deeper knowledge about the mechanism of
cally active compounds has opened a new window biological activity of compounds by constructing
to modern drug discovery research. Computational a relationship between chemical structures and
methods can accelerate the procedure of discover- biological activities. The most important step in
ing new drugs by designing new compounds and building QSAR models is the appropriate repre-
predicting potency or activity of them. Quantita- sentation of the structural and physicochemical
tive structure activity relationships (QSAR) stud- features of chemical entities (6-9). These features
ies, as one of the most important areas in chemo- called molecular descriptors are the ones with
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ent approaches including physiochemical, consti-
tutional, geometrical, topological, and quantum
chemical descriptors. Dragon and Gaussian are
two well-known computational softwares provide
us more than 1000 of these descriptors (14,15). At
least one of the several variable selection methods
including multiple linear regression (MLR), ge-
netic algorithm (GA), partial least squares (PLS),
principale component or factor analysis (PCA/FA)
might be used in model building step (11-13).

Post-translational modification step is a
required step for proper localization and stability
of the protein when the polypeptide chain is syn-
thesized in eukaryotic or prokaryotic cells (16).
This kind of modifications in eukaryotes begins
with the hydrolytic removal of the N-terminal
initiator methionines by two major isoforms of a
family of metalloprotease enzymes known as me-
thionine aminopeptidases, MetAP-1 and MetAP-2
(17-21). In prokaryotic cells only one of the two
isoforms of MetAP removes the formylmethio-
nine N-terminal (22). In eubacteria, for example,
Escherichia coli, Bacillus subtilis, and Salmonella
typhimurium MetAP-1 isozyme, while in archaea,
for example, Methanobacterium thermoautotro-
phicum, Sulfolobus solfataricus, and Pyrococcus
furiosis, MetAP-2 isozyme catalyze this hydro-
lytic reaction (23).

Angiogenesis is an essential step in the
growth and proliferation of cancer cells. Fumagil-
lin, a fungal metabolite, and its derivatives have
been reported to be anti-angiogenic agents. They
exert these effects through irreversible inhibition
of human MetAP-2 enzyme (24-26). It seems that
MetAP-2 inhibition could be an approach to the
treatment of cancer (27,28). Reversible and ir-
reversible selective inhibitions of MetAP-2 have
been reported. A-357300 has demonstrated selec-
tive reversible inhibition of MetAP-2 (29). PPI-
2458 and CKD-732 are semisynthetic analogues
of fumagillin with inhibitory activity in animal
models of angiogenesis and tumor growth by irre-
versible inhibition of MetAP-2 (30,31). Reversible
nonselective inhibition of MetAP-1 and MetAP-2
by LAF-389 has been reported (32). Anthranilic
acid sulfonamides belong to another class of re-
versible selective MetAP-2 inhibitors with charac-
teristics suitable for oral administration in human

16

(33, 34). Since MetAP-2 is a novel target for can-
cer therapy, it was of our interest to study the quan-
titative structure-activity relationships of a series
of 46 anthranilic acid sulfonamide derivatives re-
ported in literature as inhibitors of MetAP-2 (34).
The structural invariants obtained from whole mo-
lecular structures and three different chemometrics
methods were used to make connections between
structural parameters and MetAp-2 inhibitory ac-
tivity. These methods included factor analysis—
MLR (FA-MLR), principal component regression
analysis (PCRA) and partial least squares com-
bined with genetic algorithm for variable selection
(GA-PLS).

2. Materials and methods
2.1. Activity data and descriptor generation

The biological data used in this study were
methionine aminopeptidase-2 inhibitory activity,
(in terms of -log 1Cs), of a set of forty six an-
thranilic acid sulfonamides derivatives (34). The
structural features and biological activity of these
compounds are listed in Table 1. and then used for
subsequent QSAR analysis as dependent variable.
The two-dimensional structures of molecules were
drawn using Hyperchem 7.0 software. The final
geometries were obtained with the semi-empirical
AMI1 method in Hyperchem program. The mo-
lecular structures were optimized using Polak-Ri-
biere algorithm until the root mean square gradient
was 0.01 kcal mol-l. Some chemical parameters
including molecular volume (V), molecular sur-
face area (SA), hydrophobicity (Log P), hydration
energy (HE) and molecular polarizability (MP)
were calculated using the Hyperchem Software.
The resulted geometry by the Hyperchem software
was transferred into Dragon program, which was
developed by Milano Chemometrics and QSAR
Group (14). The Dragon software calculated dif-
ferent functional groups, topological, geometrical
and constitutional descriptors for each molecule.
Z-matrices of the structures were provided by the
Hyperchem software and transferred to Gaussian
98 program. Complete geometry optimization was
performed taking the most extended conformation
as starting geometries. Semi-empirical molecular
orbital calculation (AMI1) of the structures was
preformed using the Gaussian 98 program (15).
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Table 1. Chemical structures of anthranilic acid sulfonamide analogues used in this study and their ex-
perimental and predicted activity for MetAP-2 inhibition.
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7.44 7.48
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Table 1. Continued.
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7.36 7.21 7.14 7.29
7.17 7.19 7.16 7.23
7.96 7.81 7.81 7.78
7.80 7.86 7.79 7.81
7.55 7.51 7.59 7.63
7.72 7.80 7.78 7.69
7.80 7.84 7.72 7.86
7.82 7.83 7.70 7.88
7.74 7.66 7.89 7.70
7.77 7.76 7.88 7.81
7.72 7.76 7.77 7.93
8.05 7.79 7.85 7.95
7.82 7.82 7.75 8.00
7.92 7.80 7.85 7.94
7.57 7.80 7.76 7.75
7.60 7.72 7.74 7.67
7.70 7.51 7.64 7.63
8.05 7.99 7.97 7.92
7.77 7.81 7.72 7.87
7.72 7.79 7.76 7.83
7.35 7.46 7.60 7.51
8.00 7.77 7.93 7.90
7.26 7.50 7.31 7.27
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The Gaussian program calculated different quan-
tum chemical descriptors including, dipole mo-
ment (DM), local charges, and HOMO and LOMO
energies. Hardness (11), softness (S), electronega-
tivity (y) and electrophilicity (o) were calculated
according to the method proposed by Thani-
kaivelan et al (35). The calculated descriptors from
whole molecular structures are briefly described in
Table 2.

2.2. Data Pretreatment and model building
Methionine aminopeptidase-2 inhibitory
activity was used as dependent variable. The cal-
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culated descriptors (independent variables) were
collected in a data matrix whose number of rows
and columns were the number of molecules and
descriptors, respectively. MLR with factor analy-
sis as the data pre-processing step for variable
selection (FA-MLR), principal component regres-
sion analysis (PCRA) and Genetic algorithm-par-
tial least squares (GA-PLS) methods were used to
derive the QSAR equations.

2.3. Software
A Pentium IV personal computer (CPU
at 3.06 GHz) with windows XP operating sys-

Trends in Pharmaceutical Sciences 2023: 9(1): 15-26.
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Table 2. Brief description of some descriptors used in this study.
Descriptor Molecular Description
type

Constitutional Molecular weight, no. of atoms, no. of non-H atoms, no. of bonds, no. of heteroatoms, no. of multiple bonds (nBM), no.
of aromatic bonds, no. of functional groups (hydroxyl, amine, aldehyde, carbonyl, nitro, nitroso, etc.), no. of rings, no. of
circuits, no of H-bond donors, no of H-bond acceptors, no. of Nitrogen atoms (nN), chemical composition, sum of Kier-Hall
electrotopological states (Ss), mean atomic polarizability (Mp), number of rotable bonds (RBN), mean atomic Sanderson
electronegativity (Me), etc.

Topological Molecular size index, molecular connectivity indices (X1A, X4A, X2v, X1Av, X2Av, X3Av, X4Av), information content
index (IC), Kier Shape indices, total walk count, path/walk-Randic shape indices (PW3, PW4, Zagreb indices, Schultz indi-
ces, Balaban J index (such as MSD) Wiener indices, topological charge indices, Sum of topological distances between F..F
(T(F..F)), Ratio of multiple path count to path counts (PCR), Mean information content vertex degree magnitude (IVDM),
Eigenvalue sum of Z weighted distance matrix (SEigZ), reciprocal hyper-detour index (Rww), Eigenvalue coefficient sum
from adjacency matrix (VEA1), radial centric information index, 2D petijean shape index (PJI2), etc.

Geometrical 3D petijean shape index (PJI3), Gravitational index, Balaban index, Wiener index, etc.

Quantum Highest occupied Molecular Orbital Energy (HOMO) , Lowest Unoccupied Molecular Orbital Energy (LUMO), Most

Functional group

Chemical

positive charge (MPC), Least negative charge (LNC), Sum of squares of charges (SSC), Sum of square of positive charges
(SSPC), Sum of square of negative charges (SSNC), Sum of positive charges (SUMPC), Sum of negative charges (SUMNC),
Sum of absolute of charges (SAC), Total dipole moment (DMt), Molecular dipole moment at X-direction (DMX), Molecu-
lar dipole moment at Y-direction (DMY), Molecular dipole moment at Z-direction (DMZ).

Number of total tertiary carbons (nCt), Number of H-bond acceptor atoms (nHAcc), number of total hydroxyl groups
(nOH), number of unsubstituted aromatic C(nCaH), number of ethers (aromatic) (nRORPh), etc.

LogP (Octanol-water partition coefficient), Hydration Energy (HE), Polarizability (Pol), Molar refractivity (MR), Molecular

volume (V), Molecular surface area (SA).

tem was used. Geometry optimization was per-
formed by Hyperchem (version 7.0 Hypercube,
Inc.) Dragon software was used for calculation of
constitutional, topological, geometrical, functional
group descriptors. Gaussian software was used for
calculation of quantum descriptors. SPSS software
(version 11.50, SPSS, Inc.) was used for PCR and
FA-MLR analysis. GA-PLS regression and other
calculation were performed in the MATLAB (ver-

sion 7.1, mathworks, Inc.) environment.

3. Result and discussion
3.1. FA-MLR and PCRA

FA-MLR was performed on the dataset.
Factor analysis (FA) was used to reduce the num-
ber of variables and to detect structure in the rela-
tionships between them. This data-processing step
is applied to identify the important predictor vari-

Table 3. Numerical values of factor loading numbers 1-4 for descriptors after VARIMAX rotation.

1 2 3 4 Commonality
"""""""""" nF 0133 082 0133 004 0800
PW2 0.026 0.800 0.234 0.070 0.700
SIC2 0.596 0.341 -0.365 0.184 0.639
IC4 0.074 -0.479 0.605 0.284 0.681
MPCO06 0.298 0.477 0.727 0.136 0.864
PJI3 -0.032 -0.179 -0.758 0.371 0.745
G(N..S) 0.882 -0.076 0.129 -0.232 0.853
DMx -0.055 -0.298 0.040 -0.678 0.553
DMz -0.031 -0.133 -0.025 0.850 0.741
LUMO -0.671 -0.270 -0.016 -0.323 0.628
PIC50 -0.790 0.055 -0.470 0.056 0.850
o evariance 2113920097 1249 4742 36
Trends in Pharmaceutical Sciences 2023: 9(1): 15-26. 19
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Table 4. Statistical parameters for testing prediction ability of the FA-MLR, PCR and GA-PLS models

@ q2= Cross validation correlation coefficient;

¢ r2p= Regression coefficient for prediction set;

-----------------------------------------------------------

ables and to avoid collinearities among them [36].
Principle component regression analysis, PCRA,
was tried for the dataset along with FA-MLR. With
PCRA collinearities among X variables are not a
disturbing factor and the number of variables in-
cluded in the analysis may exceed the number of
observations (37). In this method, factor scores, as
obtained from FA, are used as the predictor vari-
ables (36). In PCRA, all descriptors are assumed to
be important while the aim of factor analysis is to
identify relevant descriptors. PCRA was used for
dividing the data set into calibration and prediction
set. In this data set there isn’t outlier data.

Table 3 shows the four factor loadings of
the variables (after VARIMAX rotation) for the
compounds tested against Methionine Aminopep-
tidase-2. As it is observed, about 74% of variances
in the original data matrix could be explained by
the selected four factors.

Based on the procedure explained in the
experimental section, the following three-paramet-
ric equation was derived (Equation 1).

pIC5y=6.590 (+0.353)-0.054 (£0.007) G (N..S)
+1.742 (£0.391) PJI3 -0.050 (0.021) DMz

= 078E= 02IF = 2980¢" = 0.64 RMSev= 017N = 38(Eq. 1)

Equation 1 could explain about 72% of the
variance and predict 64% of the variance in pIC50
data. This equation describes the effect of geomet-
rical (G (N..S) and PJI3) and Quantum (DMz) in-
dices on enzyme inhibitory activity of the studied
molecules.

When factor scores were used as the pre-
dictor parameters in a multiple regression equation
using forward selection method (PCRA), the fol-
lowing equation was obtained (Equation 2):

20

b RMSEcy= Root mean square error of cross validation

4 RMSEp= Root mean square error of prediction set

----------------------------------------------------------

PIC5(=7.520(0.018)-0.215(0.018)f1-0.144(:0.019)f3

F=085E=0.13F =978 ¢* =082 RMSer =0.11N =38 (Eq, 2)

Equation 2 could explain and predict 85%
and 82% of the variances in pIC50 data, respec-
tively. Since factor scores are used instead of se-
lected descriptors, and any factor-score contains
information from different descriptors, loss of in-
formation is thus avoided and the quality of PCRA
equation is better than those derived from FA-
MLR.

As it is observed from Table 3, in the case
of each factor, the loading values for some descrip-
tors are much higher than those of the others. These
high values for each factor indicate that this factor
contains higher information about which descrip-
tors. It should be noted that all factors have infor-
mation from all descriptors but the contribution of
descriptor in different factors are not equal. For
example, factors 1 and 2 have higher loadings for
the geometrical, topological and constitutional in-
dices, whereas information about the topological,
geometrical and quantum descriptors are highly
incorporated in factor 3 and 4. Therefore, from the
factor scores used by equation E2, significance of
the original variables for modeling the activity can
be obtained. Factor score 1 indicates importance
of G (N..S) (Geometrical indice). Factor score 2
indicates importance of nf and PW2 (the constitu-
tional and topological descriptors) and factor score
3 and 4 signify the importance of MPCO06, PJI3
and DMz (the topological, geometrical and Quan-
tum descriptors).

The predicted values of the activity for
calibration set (by cross-validation) and prediction
set for FA-MLR and PCRA are listed in Table 1
and are plotted against the corresponding experi-
mental values in Figure 1. The statistical param-
eters of prediction set are listed in Table 4. The

Trends in Pharmaceutical Sciences 2023: 9(1): 15-26.
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Figure 1. Plots of the cross-validated predicted activity against the experimental activity for the QSAR
models obtained by FA-MLR, PCR and GA-PLS methods.

correlation coefficient of prediction for FA-MLR
analysis is 0.78, which means that the obtained
QSAR model could predict 78% of variances in
the MetAP-2 inhibitory activity data. It has a root
mean square error of 0.19. The correlation coeffi-
cient of prediction for PCRA analysis is 0.82. This
means that the derived QSAR model could predict
82% of variances in the inhibitory activity data.
The root mean square error of PCRA analysis was
0.12. Whilst the data of this analysis show accept-
able prediction, we see that the predicted values of
some molecules are near to each other.

3.2. GA-PLS model

In this study, to model the structure-
MetAP-2 inhibitory activity relationships better,
genetic algorithm-partial least squares (GA-PLS)
was employed (38, 39). Application of PLS method
thus allows the construction of larger QSAR equa-
tions while still avoiding over-fitting and eliminat-
ing most variables. This method is normally used

Trends in Pharmaceutical Sciences 2023: 9(1): 15-26.

in combination with cross-validation to obtain the
optimum number of components (40, 41). The PLS
regression method used was the NIPALS-based
algorithm existed in the chemometrics toolbox of
MATLAB software (version 7.1 Math Work Inc.).
In order to obtain the optimum number of factors
based on the Haaland and Thomas F-ratio criteri-
on, leave-one-out cross-validation procedure was
used (42).

Genetic algorithm is a novel and simple
optimization method based on the evolution pro-
cess of beings in which simplicity and effective-
ness have been applied to the various types of opti-
mization problems in many scientific fields. It uses
genetic rules such as reproduction, crossover and
mutation to build pseudo organisms that are then
selected, on the basis of a fitness criterion to sur-
vive and pass information on to the next genera-
tion (43, 44, 45). Each individual of the population
was defined by a chromosome of binary values
representing a subset of descriptors. The popula-
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Table 5. Leverage (h) of the external test set molecules for different models.

Molecule .no GA-PLS
""""""""""""""""" 3 o1a
6 0.15
7 0.15
10 0.10
12 0.17
14 0.18
17 0.21
21 0.19
27 0.14
31 0.14
34 0.15
39 0.11
40 0.15
43 0.09
h* 0.93

The last row (h*) is the warning leverage.

--------------------------------- ®cecccccccs0c00c000000000

tion size was varied between 50 and 250 for dif-
ferent GA runs. The population of the first genera-
tion was selected randomly. The number of genes
at each chromosome was equal to the number of
descriptors (46). A gene took a value of 1 if its cor-
responding descriptor was included in the subset;
otherwise, it took a value of zero. The number of
genes with a value of 1 was kept relatively low to
have a small subset of descriptors, that is, the prob-
ability of generating 0 for a gene was set greater (at
least 70%) than the value of 1 (45). The operators
used here were crossover and mutation. The prob-
ability of the application of these operators was
varied linearly with generation renewal (0-10% for
mutation and 60-90% for crossover). For a typical
run, the evolution of the generation was stopped
when 90% of the generation took the same fitness.
A maximum generation number of 500 were used
throughout. The fitness function (predictability
of the model) was computed by cross-validation
procedure based on the sum of squares of errors
(SSECYV) value. The inverse of SSECV was con-
sidered as fitness function (47). The chromosomes
with the least numbers of selected descriptors and
the highest fitness were marked as informative
chromosomes (46).

In PLS analysis, the descriptors data ma-
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trix is decomposed to orthogonal matrices with
an inner relationship between the dependent and
independent variables. The multi-colinearity prob-
lem in the descriptors is omitted by PLS analysis
because a minimal number of latent variables are
used for modeling in PLS (46). Since redundant
variables degrade the performance of PLS analy-
sis, similar to other regression methods, a variable
selection method must be employed to find the
more convenient set of descriptors. Here, GA was
used as variable selection method. The data set
(n=46) was divided into two group: calibration set
(n=38) and prediction set (n=8). Given 38 calibra-
tion samples; cross-validation procedure was used
to find the optimum number of latent variables for
each PLS model. GA produces a population of ac-
ceptable models in each run. In this work, many
different GA-PLS runs were conducted using dif-
ferent initial set of populations (50-250) and there-
fore a large number of acceptable models were
created.

The most convenient GA-PLS model that
resulted in the best fitness contained 10 descriptors
including four topological indices (PW2, SIC2,
IC4 and MPCO06), one constitutional (nf), two
geometrical (G (N..S) and PJI3) and three quan-
tum parameters (LUMO, DMz, DMx). The PLS

Trends in Pharmaceutical Sciences 2023: 9(1): 15-26.
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Figure 2. PLS regression coefficients for the variables used in GA-PLS model.

estimate of the regression coefficients are shown
in Figure 2. Since these constants were calculated
based on the normalized descriptor values, they
can be used as a measure of the importance of the
corresponding descriptor. As it is observed, the
topological (IC4 and MPCO06), constitutional (nf)
and geometrical (G (N..S)) parameters represent
the most significant contribution in the obtained
QSAR model followed by the functional geometri-
cal and topological parameters (PJI and SIC2).

The statistical parameters of the resulted
PLS-based QSAR model are given in Table 4. The
resulted GA-PLS model possessed high statistical
quality R2=0.86 and Q2=0.77. It could explain and
predict about 77% of variances in the methionine
aminopeptidase-2 inhibitory activity of the studied
molecules. The predictive ability of the model was
measured by application to 8 external test set mol-
ecules. The correlation coefficient of prediction set
is 0.85, which means that the resulted QSAR mod-
el could predict 85% of variances in the inhibitory
activity data and standard error of prediction was
0.13.

The predicted activities are represented in
Table 1 and are plotted against the corresponding
experimental values in Figure 1. Comparison be-
tween the results obtained by GA-PLS and the oth-
er employed regression methods indicates higher
accuracy of this method in describing inhibitory
activity of the anthranilic acid sulfonamides de-
rivative. Difference in accuracy of the different
regression methods used in this study is visualized
in Figure 1 by plotting the predicted activity (by
cross-validation) against the experimental val-
ues. As it is observed, the plot of data resulted by
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GA-PLS represents the lowest scattering of data
around a straight line and that obtained by PCRA
analysis is in the second order of accuracy.

3.3 Robustness and applicability domain of the
models

Leverage method was used to Robustness
and applicability domain of the models, a leverage
greater than warning leverage h* means that the
predicted response is the result of substantial ex-
trapolation of the model and therefore may not be
reliable. The calculated leverage values of the test
set samples for all models and the warning lever-
age, as the threshold value for accepted prediction,
are showed in table 5. As seen, the leverages of all
test samples are lower than h* for all models. This
means that all predicted values are acceptable (40).

4. Conclusion

Quantitative relationships between mo-
lecular structure and methionine aminopepti-
dase-2 inhibitory activity of a series of anthranilic
acid sulfonamides derivatives were discovered by
different chemometrics tools including FA-MLR,
PCRA and GA-PLS. The FA-MLR describes the
effect of geometrical and quantum indices on en-
zyme inhibitory activity of the studied molecules.
The quality of PCRA equation is better than those
derived from FA-MLR. Factor score 1 indicates
importance of G (N..S) (Geometrical indice). Fac-
tor score 2 indicates importance of nf and PW2
(the constitutional and topological descriptors)
and factor score 3 and 4 signify the importance of
MPCO06, PJI3 and DMz (the topological, geometri-
cal and Quantum descriptors).
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GA-PLS analysis indicated that the to-
pological (IC4 and MPCO06), constitutional (nf)
and geometrical (G (N..S)) parameters were
the most significant parameters on methionine
aminopeptidase-2 inhibitory activity. A compari-
son between the different statistical methods em-
ployed revealed that GA-PLS represented supe-
rior results and it could explain and predict 85%
and 77% of variances in the pIC50 data, respective-
ly. Compounds 10,15,19,27,46 are the best mol-

ecules according to the best QSAR moldels(GA-
PLS).
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