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Abstract—Binding affinity data of thiazole and thiadiazole derivatives (z = 30) for human adenosine A3 receptor subtype have been
subjected to Quantitative Structure—Activity Relationship (QSAR) analysis using quantum chemical and hydrophobicity parame-
ters. Wang-Ford charges of the common atoms of the compounds [calculated from molecular electrostatic potential surface of
energy minimized geometry using Austin Model 1 (AM1) technique] were used as independent variables apart from partition coef-
ficient (log P) and suitable dummy parameters. The variables for the multiple regression analyses were selected based on principal
component factor analysis (FA), and generated equations were statistically validated using leave-one-out technique. The best equa-
tion thus obtained explained and predicted 74.4% and 68.9% respectively of the variance of the binding affinity. The results sug-
gested importance of Wang-Ford charges of atoms C,, Cs and C;. Furthermore, the A3 binding affinity increases with decrease
of lipophilicity of the compounds and in the presence of methyl or ethyl substituent at R position. Again, the binding affinity
decreases in the presence of tert-butyloxy group at R position. When factor scores were used as predictor variables in principal com-
ponent regression analysis, the resulted model showed 87.0% predicted variance and 89.5% explained variance. The data set was also
modeled using genetic function approximation (GFA) technique. The best two equations derived from GFA show better predicted
variance values (0.753 and 0.739) than that found in case of the best equation derived from FA. However, considerable intercorrel-
ation was found between two predictor variables in case of GFA derived equations. GFA derived equations show importance of
Wang-Ford charges of different atoms of the thiazole/thiadiazole nucleus and phenyl ring (So, Xg and C,, the effects of the first
two being predominant) along with similar impact of lipophilicity and R group on the binding affinity as found in case of the
FA derived relation.

© 2004 Elsevier Ltd. All rights reserved.

1. Introduction

Adenosine is probably the most important neuromodu-
lator in the central and peripheral nervous systems.
The purine nucleoside adenosine modulates diverse phy-
siological functions including induction of sedation,
vasodilatation, suppression of cardiac rate and
contractility, neurotransmitter release, inhibition of
platelet aggregation and lipolysis.! Adenosine released
from cells interacts with membrane receptors (adenosine
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receptors, ARs). At least four subtypes of adenosine
receptor exist (Aj, Asa, Aop and Ajz) which have been
cloned from animal or human sources.>

The human adenosine A; receptor is chiefly linked to
inhibition of adenylyl cyclase activity.®> However, there
is also good evidence for coupling (via G-proteins) to
ion channels, and phospholipase C.# In the nervous sys-
tem, the A adenosine receptor is thought to mediate the
inhibition of transmitter release and the reduction in
neuronal activity. Blockade of this receptor in the heart
leads to the accelerated, pronounced ‘pounding’
observed after drinking large amounts of strong coffee
(due to the caffeine and theophylline).”> A; AR protein
is highly expressed in brain (especially cerebellum, hip-
pocampus, thalamus, and cortex) and spinal cord and
in part, modulates neurotransmitter release.® Other
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tissues including kidney and testis also express A; AR.
In white adipocytes A; AR inhibits lipolysis and stimu-
lates glucose uptake.

A, A subtype appears to be almost exclusively coupled to
stimulation of adenylyl cyclase activity.” Its distribution
in the central nervous system (CNS) is very discrete,
being heavily localised in the caudate and putamen
bodies, and the nucleus accumbens and olfactory tuber-
cle.® There is growing interest in this receptor as a means
of influencing dopamine-mediated responses in these
brain regions. A,5 has emerged as attractive target as
novel therapeutic agents for Parkinson disease.” In the
periphery, the A5 receptor is present on platelets and
is anti-aggregatory. Low affinity receptor A, stimulates
the cyclase via G proteins. A, receptor is believed to
cause vasorelaxation.

The function of the A, adenosine receptor is obscure,
although it mediates the largest observed stimulation
of cyclic AMP levels in human brain slices. A,p receptor
has been found to mediate vasodilatation in some vascu-
lar beds,'® inhibit vascular smooth muscle growth and
collagenase expression, stimulate cytokine synthesis,
modulate intestinal functions and neurosecretions.!!:!2
This receptor subtype also controls hepatic glucose bal-
ance, cell growth, gene expression,' mast cell degranul-
ation.!* Recently a growing interest for the discovery of
selective A,p receptor antagonist stemmed from their
potential use as antidiabetic'® and as anti asthmatic
agent.'®17

The Ajz adenosine receptor is the most recently cloned
of the adenosine receptors, and still awaits conclusive
proof of its involvement in physiological processes,
although a potential role in mast cells has been pro-
posed. Activation of Aj receptors has been shown to
stimulate phospholipase C and to inhibit adenylate
cyclase. A; agonist also stimulate phospholipase D,
and release of inflammatory mediators, such as hista-
mine from mast cells, which are responsible for inflam-
mation and hypotension. For these reasons clinical use
of A3 adenosine receptor antagonists for the treatment
of asthma and inflammatory disorders has been
suggested. Recent studies also indicated a possible
use of these derivatives as antitumor agent and
hypoxia.'®!° This subtype is the smallest receptor yet
cloned (316 aa) and couples to inhibition of adenylyl
cyclase activity.

In continuation of our recent effort to model adenosine
receptor ligands,?°2? the present paper attempts Quanti-
tative Structure—Activity Relationship (QSAR) model-
ing of Az subtype receptor binding data®? of thiazole
and thiadiazole derivatives using lipophilicity, quantum
chemical and suitable indicator parameters.

2. Materials and methods
Adenosine Aj; receptor binding affinity data?? of thiazole

and thiadiazole derivatives (Table 1) have been used for
the present QSAR study. The binding affinity data [K;

(nM)] were converted to logarithmic scale [pK; (LM)]
and then used for subsequent QSAR analyses as the
response variable. For the present QSAR study, lipophili-
city, quantum chemical and appropriate indicator
parameters (listed in Table 2) were used as the predictor
variables as these were found appropriate for the devel-
opment of models. Semi-empirical quantum chemical
calculations were done according to AMI (Austin
Model 1)*42% method using Chem 3D Pro?’ package.
The general structure of the compounds (Fig. 1) was
drawn in Chem Draw Ultra ver 5.0%7 and it was saved
as the template structure. For every compound, the tem-
plate structure was suitably changed considering its
structural features, copied to Chem 3D ver 5.0%7 to create
the 3-D model and finally the model was ‘cleaned up’.
The non-hydrogen common atoms of the compounds
were given a serial number so that these maintain same
serials in all the models (Fig. 1). Energy minimization
was done under Molecular Orbital Package (MOPAC)
module [CS MOPAC Pro] of Chem 3D Pro?’ using
restricted closed shell wave function®'->? and setting min-
imum root mean square (RMS) gradient at 0.100. The
selected properties were heat of formation, gradient
norm and charges. The energy minimized geometry
was used for calculation of Wang-Ford charges ¢,
(obtained from molecular electrostatic potential surface)
of different atoms (x). Lipophilicity (log P) values of the
compounds (Table 1) were calculated according to
Ghose and Crippen’s fragmentation method?® using
Chem Draw Ultra ver 5.02 Henceforth, reference to a
particular atom will be made using the numbering system
appearing in Fig. 1, for example, sulphur in the thiazole/
thiadiazole nucleus will be indicated as So.

Though classical approach of multiple regression tech-
nique was used as the final statistical tool for developing
QSAR relations, factor analysis®*** was used as the
data-preprocessing step to identify the important predic-
tor variables contributing to the response variable and
to avoid collinearities among them. The principal objec-
tives of factor analysis are to display multidimensional
data in a space of lower dimensionality with minimum
loss of information (explaining >95% of the variance
of the data matrix) and to extract the basic features be-
hind the data with ultimate goal of interpretation and/or
prediction. Factor analysis was performed on the data
set(s) containing biological activity and all descriptor
variables, which were to be considered. The factors were
extracted by principal component method and then ro-
tated by VARIMAX rotation (a kind of rotation which
is used in principal component analysis so that the axes
are rotated to a position in which the sum of the vari-
ances of the loadings is the maximum possible) to obtain
Thurston’s simple structure. The simple structure is
characterized by the property that as many variables
as possible fall on the coordinate axes when presented
in common factor space, so that largest possible number
of factor loadings becomes zero. This is done to obtain a
numerically comprehensive picture of the relatedness of
the variables. Only variables with non-zero loadings in
such factors where biological activity also has non-zero
loading were considered important in explaining vari-
ance of the activity. Further, variables with non-zero
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Table 1. Structural features, lipophilicity (logP), observed, calculated and LOO predicted adenosine Aj binding affinity data of thiazole and

thiadiazole derivatives

[0}

e

/

ATy
/
Sl. No. Structural features log P Adenosine Aj receptor binding affinity [pK; (WM)]
R X Y Obs.* Calc.® Pred.® Calc.¢ Pred.c Calc. Pred.¢

1 CH; CH H 2.76 4.738 5.003 5.063 5.015 5.045 5.029 5.079
2 (CH3);CO CH H 4.22 2.292 2.166 2.020 2.243 2.199 2.219 2.143
3 NCCH, CH H 2.96 3.690 4.009 4.127 3.859 4.007 4.126 4.221
4 CH; CH 4-Cl 3.32 4.293 4.805 4.974 4.632 4.884 4.038 3.991
5 C¢HsCH, CH 4-Cl 5.16 4.000 3.372 2.940 3.951 3.944 3.743 3.696
6 CH; CH 4-CH;0 2.63 5.523 5.571 5.583 5.566 5.576 5.417 5.403
7 CH; CH 3-CH;0 2.63 5.387 5.421 5.436 5.726 5.868 5.418 5.426
8 CH; CH 2-CH;0 2.63 4.086 4.044 3.927 4.111 4.156 4.001 3.816
9 CF; CH 4-CH;0 3.78 3.276 3.984 4.090 3.282 3.286 3.731 3.874
10 CH;CH, CH 4-CH;0 3.29 5.620 5.166 5.019 5.278 5.194 4.885 4.768
11 CH;CH,CH, CH 4-CH;0 3.70 5.108 4.487 4411 4.689 4.651 5.042 5.030
12 (CH3),CH CH 4-CH;0 3.85 4.788 4.106 4.020 4.088 3.998 4.390 4.318
13 NCCH, CH 4-CH;0 2.83 4.614 4.639 4.647 4.526 4.509 5.179 5.238
14 (CH3);C CH 4-CH;0 4.56 4.496 4.206 4.188 4.339 4.332 4.196 4.174
15 (CH;);CO CH 4-CH;0 4.09 2.487 2.613 2.759 2.324 2.152 2.560 2.636
16 CeHss CH 4-CH;0 4.53 4.542 4.484 4.479 4.578 4.582 4.294 4.266
17 C¢HsCH, CH 4-CH;0 4.48 4.848 4.501 4.470 4.690 4.677 4.428 4.394
18 C¢HsCH,CH, CH 4-CH;0 4.89 4.536 4.128 4.096 4.291 4.275 4.080 4.049
19 p-CH;0C¢H,CH, CH 4-CH;0 4.35 2.936 3.857 3.959 3.497 3.579 4.165 4.259
20 p-CH;0C¢H4CH,CH, CH 4-CH;0 4.77 4.544 3.749 3.652 4.092 4.049 3.933 3.876
21 (C¢Hs),CH CH 4-CH;0 5.88 3.279 4.078 4.307 3.706 3.822 3.969 4.157
22 (C¢Hs),CHCH, CH 4-CH;0 6.41 3.398 3.646 3.768 3.540 3.638 3.414 3.424
23 2-Furan CH 4-CH;0 3.15 4.502 4.868 4.962 4.803 4916 4.629 4.679
24 Thiophene-2-CH, CH 4-CH;0 4.46 4.491 4.289 4.276 4.376 4.370 4.242 4.224
25 2-Thiophene CH 4-CH;0 4.51 4.159 4.483 4.514 4.392 4.409 4.284 4.298
26 CH; N H 3.58 5.638 5.533 5.491 5.711 5.731 5.919 5.993
27 C¢HsCH, N H 5.42 4.102 4.309 4.399 4.275 4.344 4.445 4.512
28 CH; N 4-CH;0 3.45 6.102 5.986 5.941 6.025 5.998 5.936 5.882
29 C¢HsCH, N 4-CH;0 5.30 4.623 4.737 4.770 4.613 4.610 4.515 4.496
30 CH;CH, N 4-CH;0 4.11 5.945 5.803 5.753 5.821 5.774 5.817 5.775

2 Ref. 23; Obs. = Observed; Calc. = Calculated; Pred. = Predicted (LOO).

®From Eq. L.

°From Eq. 2.

9From Eq. 3.

Table 2. Definitions of variables

Variables Definition
qx Wang-Ford charge of atom x
(x may take values 1 to 14).
Iopy + Indicator variable having value 1 if

tert-butyloxy group is present at R position,
value 0 otherwise.

Iy Indicator variable having value 1 if X =N,
value 0 otherwise.
Inve Et Indicator variable having value 1 if R = methyl

or ethyl, value 0 otherwise.

loadings in different factors were combined in a multi-
variate equation. Attempt was also made to perform
principal component regression analysis (PCRA)?® tak-

(5]

Figure 1. General structure of thiazole (X=CH) and thiadiazole
(X=N) derivatives: the common atoms have been numbered 1 through
14.

ing factor scores as the predictor variables and adopting
backward stepwise regression method. In this case, the
principal components serve as latent variables. PCRA
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has an advantage that collinearities among X variables
are not a disturbing factor and that the number of vari-
ables included in the analysis may exceed the number of
observations.?’ In PCRA, all descriptors are assumed to
be important while the aim of factor analysis is to iden-
tify relevant descriptors. The factor analysis and multi-
ple regression were performed using the statistical
software SPSS.3!

The data set was also modeled using genetic function
approximation (GFA) technique’>?® to generate a
population of equations rather than one single equation
for correlation between the binding affinity and descrip-
tors. GFA involves the combination of multivariate
adaptive regression splines (MARS) algorithm with
genetic algorithm to evolve population of equations that
best fit the training set data. It provides an error mea-
sure, called the lack of fit (LOF) score that automati-
cally penalizes models with too many features. It also
inspires the use of splines as a powerful tool for non-lin-
ear modeling. This is done as follows: (i) an initial pop-
ulation of equations is generated by random choice of
descriptors; (ii) pairs from the population of equations
is chosen at random and ‘crossovers’ are performed
and progeny equations are generated; (iii) it is better
at discovering combinations of features that take advan-
tage of correlations between multiple features; (iv) the
fitness of each progeny equation is assessed by lack-
of-fit (LOF) measure; (v) it can use a larger variety of
equation term types in construction of its models; (vi)
if the fitness of new progeny equation is better, then it
is preserved. The models with proper balance of all sta-
tistical terms are used to explain variance in the biolog-
ical activity. A distinctive feature of GFA is that it
produces a population of models (e.g., 100), instead of
generating a single model, as do most other statistical
methods. The range of variations in this population
gives added information on the quality fit and impor-
tance of the descriptors. The GFA study was done using
the GFA module under QSAR + environment of Cer-
ius2 software.* All default settings were used for the
analysis (number of crossovers = 5000, linear terms,
smoothness factor = 1, mutation probability for adding
new term = 50%).

The statistical qualities of the equations® were judged
by the parameters like explained variance (R?), correla-
tion coefficient (R), standard error of estimate (s), and
variance ratio (F) at specified degrees of freedom (df).
All accepted equations have regression coefficients
and F ratios significant at 95% and 99% levels, respec-
tively, if not stated otherwise. PRESS (leave-one-
out)*®37 and bootstrap statistics were calculated and
the reported parameters are cross-validation R (Q?),
predicted residual sum of squares (PRESS), standard
deviation based on PRESS (Sprgss), standard devia-
tion of error of prediction (SDEP) and bootstrap i
(bsr?). Finally, ‘leave-many-out’ cross-validation was
applied on the final equations by deleting 20% of the
compounds in 5 cycles and predicting the binding affin-
ities of the deleted compounds in each cycle from the
corresponding equation derived from the reduced data
set.

3. Results and discussion

From the factor analysis on the data matrix consisting
of adenosine Aj binding affinity data, quantum chemi-
cal parameters, lipophilicity and indicator variables, it
was observed that 8 factors could explain the data
matrix to the extent of 97.0% (Table 3). The binding
affinity is highly loaded in factor 8 (highly loaded with
Ize_ Ev), factor 7 (highly loaded with Iog, ;) and factor 3
(loaded with ¢ and Iy), moderately in factor 4 (highly
loaded with log P and [log P]?), factor 2 (highly loaded
with ¢15, ¢;3 and ¢14) and factor 6 (highly loaded
with ¢,) and poorly loaded in factor 1 (highly
loaded with ¢3, ¢4, g5 and ¢g) and factor 5 (highly
loaded with gg, g9 and ¢1;). Based on the factor analysis
the following equation was derived with six predictor
variables.

pK; = —3.951(+2.415)g, — 2.623(£2.136)g;
+ 2.441(+£1.489)g, — 0.275(£0.261) log P
— 1.498(+£0.763)I oy
+0.895(%0.614) g + 4.030
n=230, R2=0.744, R* =0.797, R = 0.893,
F = 15.0(df6,23), s = 0.483,
Q% = 0.689, SDEP = 0.523, Sprgss = 0.597,
PRESS = 8.2, bsr?(%sd) = 0.798(+0.007) (1)

The 95% confidence intervals of the regression coeffi-
cients are shown within parentheses. Eq. 1 could pre-
dict 68.9% and explain 74.4% of the variance of A;
binding affinity. The bootstrap r* value of Eq. 1 is
0.798. The negative coefficient of logP in Eq. 1 indi-
cates that hydrophobicity contributes negatively to
the binding affinity. The negative coefficients ¢, and
¢s indicate that negative charges on C, and Cs are
conducive to the binding affinity (Fig. 1). The charges
on C, and Cs largely depend on type of phenyl ring
substituent (Y). Again, the positive coefficient of ¢,
indicates that the binding affinity increases as the po-
sitive charge on C; increases (Fig. 1). The charge on
C; depends on the atom present at X position: nitro-
gen at Xg increases positive charge on C; and thus in-
creases the binding affinity. Hence, thiadiazole nucleus
will be preferable over thiazole nucleus for the Aj
binding affinity. The negative coefficient of Ipp,  indi-
cates that fert-butyloxy group at R position is not
favorable for the binding affinity. Again, the positive
coefficient of Iy g; suggests that methyl or ethyl
group at R position increases the binding affinity. Lar-
ger and more hydrophobic substituents at R position
decrease the binding affinity, as further evidenced from
the negative coefficient of log P. This is further corrob-
orated by the docking study of Jung et al.>> which
shows that there is a serine residue (S170) in close
proximity of R group suggesting preference of a rela-
tively hydrophilic group.

Attempt was also made to use factor scores as the pre-
dictor variables to avoid loss of information on selection
of relevant molecular descriptors from the set of descrip-
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Table 3. Factor loadings of the variables after VARIMAX rotation

1163

Descriptors ~ Factor 1*  Factor 2*  Factor 3*  Factor 4°  Factor 5  Factor 6*°  Factor 7°  Factor 8  Communalities®
pKi —0.113 0.293 0.436 —0.386 0.100 —0.250 —0.444 0.481 0.939
¢ 0.610 —-0.299 —0.657 0.059 —0.023 —0.263 —0.012 —0.116 0.981
g2 —0.297 0.136 0.197 —0.168 —0.069 0.887 0.033 0.091 0.975
q3 0.830 0.021 0.031 —0.106 0.119 —0.407 0.056 0.116 0.898
qa —0.945 0.221 —0.007 0.148 0.014 —0.031 0.007 —0.046 0.967
qs 0.970 —0.184 —0.002 —0.060 —0.008 —0.029 —0.010 0.028 0.981
g —0.845 0.217 0.398 0.009 —0.024 0.066 —0.047 0.001 0.926
q7 —0.171 0.132 0.938 0.047 —0.203 0.097 —0.040 0.115 0.994
gs 0.188 —0.147 —0.592 —0.345 0.673 —0.051 0.077 —0.019 0.989
qo —0.044 0.002 0.012 0.483 —0.798 0.102 —0.012 —0.269 0.955
q10 0.211 —0.750 0.236 0.264 —0.491 —0.067 0.016 —0.082 0.985
qn —0.037 0.074 —0.660 —-0.199 0.683 —-0.017 0.082 —0.083 0.962
q12 —0.160 0.945 0.044 —0.060 —0.124 —0.004 —0.152 0.124 0.977
q13 0.166 —0.921 —-0.010 —0.144 0.231 —0.063 0.179 0.037 0.987
q14 —0.215 0.889 0.235 0.003 0.226 0.085 —0.135 —0.041 0.970
log P —0.129 —0.020 0.104 0.944 —0.223 —0.089 0.026 —0.134 0.995
[log PJ* —0.096 —0.003 0.090 0.959 —0.213 —0.066 0.007 —0.095 0.995
Iopu ¢ 0.015 —0.447 —0.102 0.011 0.082 0.003 0.873 —-0.072 0.986
Iy 0.028 —0.089 0.976 0.050 —0.029 0.045 —0.072 0.048 0.974
Ine Et 0.261 0.042 0.263 —0.449 0.188 0.215 —0.095 0.735 0.971
Variance 0.201 0.184 0.183 0.136 0.106 0.059 0.053 0.048 0.970

#Factors 1-8 represent factor loadings and have the character of correlation coefficients between the common factors and the variables.
® Representing the proportion of the data variance, which can be assigned to common factor space, the communality of a variable is sum of squares

of its loadings in different factors.

tors and significant increase in statistical qualities was
obtained.

pK; = 0.280(£0.118)f2 + 0.415(+0.118)f3
—0.368(£0.118)/4 — 0.239(+0.118) 16
—0.424(£0.118) 7 4+ 0.459(+0.118) /8 + 4.401

n=30, R>=0.895 R*=0.916, R=0957,

F =42.0(df6,23), s = 0.310,

0% = 0.870, SDEP = 0.338, Spgress = 0.386,

PRESS = 3.4, bsr*(+sd) = 0.917(+0.001) (2)
The descriptors used in Eq. 2 represent factor scores for
the compounds. Eq. 2 could predict and explain 87.0%
and 89.5%, respectively, of the variance of the binding
affinity. The factor scores as mentioned in Eq. 2 signify

the importance of different variables as shown in bold
face in Table 3.

Among the population of models obtained from GFA,
the best two models are the followings:

pKi = —1.940(%2.072)q, — 11.413(+3.878) ¢,
— 13.611(£5.005)g, — 0.038(£0.029)[log P]’
— 1.556(£0.722)Iop, ¢ + 3.083
n=130, R>=0.775, R>=0.814, R = 0.902,
F =21.0(df5,24), s = 0.452,
Q* = 0.753, SDEP = 0.466, Spress = 0.521,
PRESS = 6.5, bs#*(£sd) = 0.814(£0.007) (3)

pK; = —1.932(£2.150)g, — 11.413(44.012)¢,
— 13.741(£5.189)gy — 0.311(£0.260) log P
— 1.518(=£0.747)Iop,_; + 3.686
n=130, R*=0.762, R* = 0.803, R = 0.896,
F =19.6(df5,24), s = 0.465,
0 =0.739, SDEP = 0.479, Spgress = 0.536,
PRESS = 6.9, bs/?(£sd) = 0.804(£0.007) (4)

The coefficients of O, in Eqs. 3 and 4 are significant at
90% level. Eq. 3 could predict and explain 75.3% and
77.5% respectively of the variance while in case of Eq.
4 predicted and explained variance values are 73.9%
and 76.2% respectively. The negative coefficients of
[log P]* and logP in Eqgs. 3 and 4, respectively, indicate
the negative contribution of hydrophobicity to the bind-
ing affinity as was found in case of the factor analysis
derived equation (Eq. 1). The squared term of log P in
Eq. 3 indicates that the binding affinity decreases geo-
metrically (in second order) as the value of logP in-
creases arithmetically. As the statistical quality of Eq.
3 is better than that of Eq. 4 as evident from Q® and
PRESS values, and as both equations contain the same
terms except the hydrophobicity one, the dependence of
the binding affinity on log P is clearly evident. The neg-
ative coeflicients of ¢g and ¢o indicate that negative
charge on Xg and less positive charge on Sy are favor-
able for the binding affinity (Fig. 1). This reconfirms that
nitrogen at Xg increases the binding affinity in compar-
ison to the thiazole congener presumably due to a
hydrogen bonding interaction with any donor site pres-
ent in the receptor (Fig. 1). This is further corroborated
by the docking study of Jung et al.?* which shows that
the thiadiazole nitrogen (N® ; Fig. 1) is involved in
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Table 4. Intercorrelation (r) matrix

qs q7 qs ) logP [log PI’ Iopu ¢ Ive_ g
q> -0.330 0.351 —0.232 0.059 —0.173 —0.161 —0.065 0.275
qs 1.000 —0.193 0.229 —0.086 —0.172 —0.152 0.096 0.279
q7 1.000 —-0.771 0.182 0.180 0.171 —0.220 0.258
qs 1.000 —0.724 —0.550 —0.540 0.251 0.141
qo 1.000 0.669 0.653 —0.055 —0.540
log P 1.000 0.991 0.027 —0.599
log PP 1.000 ~0.005 ~0.562
Tomu t 1.000 ~0.175

Table 5. Results of leave-20%-out cross-validation Model equation, pK; = > Bx; + o

Key eq. no. Number of cycles Average regression coefficients (standard deviations of mean) Statistics
0? PRESS
(Average Pres) (SDEP)
(1 5t pK; = —4.083 (0.697) ¢,—2.812 (0.852) g5 + 2.493 0.636(0.449) 9.6(0.566)
(0.405) ¢7—0.291 (0.115) log P—1.459
(0.262) Iopy ¢ + 0.879 (0.198) Iyie g, + 4.047 (0.470)
2) 5 pK; = 0.276 (0.030) /2 + 0.411 (0.021) /3-0.371 0.874(0.256) 3.3(0.332)
(0.028) f4—0.242 (0.022) f6—0.429 (0.027) f7 + 0.458
(0.039) /8 + 4.405 (0.030)
3) 5% pK; = —1.969 (0.550) ¢,—11.346 (0.833) g5 —13.537 0.748(0.366) 6.7(0.473)
(1.040) go—0.039 (0.007) [log P*—1.570 (0.109)
1 opu_ + 3.103 (0.279)
4 5% pK; = —1.919 (0.534) ¢,—11.328 (0.822) g3 —13.580 0.730(0.383) 7.1(0.486)

(1.171) go—0.315 (0.079) log P—1.533 (0.115)

Iopu_¢ +3.720 (0.320)

07 denotes cross-validated R*. Average Pres means average of absolute values of predicted residuals PRESS and SDEP denote predicted residual sum

of squares and standard deviation error of predictions respectively.

# Compounds were deleted in 5 cycles in the following manner: (1, 6, 11,..., 26), (2, 7, 12,.. ., 27),..., (5, 10, 15,.. ., 30).

hydrogen bonding with a serine residue (S181) in the
receptor. From the regression coefficients of ¢», gg and
go and their ¢ statistics, it appears that Xg and Sy are
more important for the binding affinity in comparison
to C, suggesting importance of the thiadiazole nucleus.
Egs. 3 and 4 show better predicted variance values
(0.753 and 0.739) than that found in case of the best
equation derived from FA. However, considerable inter-
correlation was found between ¢g and ¢y (Table 4) in
case of the GFA derived equations.

The calculated and leave-one-out predicted Az binding
affinity values according to Eqs. 1-3 are given in
Table 1. Leave-20%-out cross-validation was applied on
Egs. 1-4 and the results are given in Table 5. Table 5
shows that Eq. 3 is statistically better than Eq. 4 as evi-
denced from Q* and PRESS values.

4. Conclusion

The study suggests the importance of Wang-Ford
charges of atoms C,, Cs, C;, Xg and So (Fig. 1), the last
two playing the most important roles. Furthermore, the
Aj binding affinity increases with decrease of lipophilic-
ity of the compounds and in the presence of methyl or
ethyl substituent at R position. Again, the binding affin-
ity decreases in the presence of fert-butyloxy group at R
position. In summary, the phenyl ring substituents
should be such that charges on C, and Cs are more neg-

ative, while R substituent should not be more hydropho-
bic than methyl or ethyl group. Furthermore, thiadiazole
nucleus is more preferred over thiazole nucleus for the
binding. The best two equations derived from GFA show
better predicted variance values than that found in case
of the best equation derived from FA though ¢g and ¢o
are considerably intercorrelated in the former case. The
best equation statistics were obtained with the principal
component regression analysis derived equation.
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