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a b s t r a c t

Human adenosine A3 receptor (A3 AR) binding affinity of pyrazolotriazolopyrimidine derivatives (n = 116)
has been subjected to QSAR analyses using three-dimensional (shape, spatial, electronic, and molecular
field) along with thermodynamic descriptors to explore the physicochemical requirements for the bind-
ing. QSAR models have been validated internally [using leave-one-out cross-validation method] and
externally [using test set molecules] to ensure the predictive capacity of the models. The models suggest
that shape of the substituent at N8 position of the pyrazole ring should be optimum. Furthermore, lipo-
philic substituents having electronegative atoms at NH2 group of C5 position of the pyrimidine ring with
distributed negative charge over the surface may enhance the binding affinity. Again, the carbamoylation
of the NH2 group at C5 position of pyrimidine ring is an essential factor for binding with A3 receptor. The
QSAR models were used for the design and development of some novel thienopyrimidines which were
predicted to have good affinity towards A3 AR.

� 2010 Elsevier Ltd. All rights reserved.
Adenosine receptors (ARs), classified as A1, A2A, A2B, and A3 sub-
types1 and belonging to the super family of G-protein coupled
receptors (GPCRs) have emerged as potential drug targets. They
play a significant role in a number of varied biological functions.2

The discovery of selective ligands (agonists3 and antagonists4)
has facilitated understanding of the tissue distribution and the role
of each receptor subtype. In particular, the A3 AR has been recently
cloned from different species such as rat, human, sheep, mouse,
dog, and rabbit.5–10 Significant differences in sequence homology
(72%) for A3 receptors have been observed between species.8 The
amino acid sequence of the human A3 AR is 49.5%, 43.2%, and
39.9% identical in sequence to human A1, A2A, and A2B AR, respec-
tively. Among the various species, rat A3 AR is significantly differ-
ent from human (73.8% of identical sequence), whereas sheep A3

AR is closely related to the human receptor (85.2% of identical se-
quence).11 The rat A3 AR in particular behaves anomalously in li-
gand binding assays with different affinities for same ligands
(antagonists) versus human A3 AR.12 Furthermore, tissue distribu-
tion of A3 AR is very different in rat as compared to man. In rat, A3

AR is expressed in high density in testis and mast cells and lower
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density in most other tissues. In human, highest A3 receptor densi-
ties are found in lungs, liver, and cells of the immune system
(neutrophils, eosinophils, T-lymphocytes), but not on mast cells.
Lower levels have been detected in many other human tissues,
including brain, heart, and testis.13

A3 AR activation has been shown to positively modulate phos-
pholipases C14,15 and D,15,16 KATP channel,16 inositol triphosphate
(IP3),17 and intracellular calcium17,18, and inhibit adenylate cyclase.1

Activation of this receptor subtype also leads to modulation of mito-
gen-activated protein kinases (MAPK), such as the extracellular sig-
nal-regulated kinase (ERK) 1/2 and the stress-activated protein
kinase p38.19 The A3 regulation of the cell cycle may induce cell pro-
tection or cell death, depending on the degree of receptor activation
and/or the cell type or the toxic insult.19–21 As a consequence of this
dual effect, both A3 receptor agonists and antagonists might be effec-
tive therapeutics in cancer.22–24

The growing understanding of the physiological effects mediated
by the A3 subtype, such as modulation of cerebral and cardiac ische-
mia,11,25 inflammation,26 or normal and tumor cell regulation,22–24

makes this receptor subtype an interesting target for various
therapeutic interventions.2,13 In particular, highly selective A3 AR
antagonists are being investigated as potential antiasthmatic,26

anti-inflammatory,26 antiglaucoma,27 and cerebroprotective
agents,28,29 and recently, they have been described as potential
therapeutics in the treatment of glioblastoma multiforme,24 colon
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cancer,30 and renal injury.31 However, concerning specifically the
potential treatment of inflammation and asthma, the role of both
A3 agonists and antagonists is still ambiguous.21,32

In recent years, much effort has been directed toward searching
for potent and selective human A3 adenosine antagonists.2–4,2b Some
recent developments in this field comprise the identification of
1,2,4-triazolo[1,5-i]purines,33 1,2,4-triazolo[4,3-a]quinoxalin-1-
ones,34,35 thiazoles and thiadiazoles,36,37 imidazo[2,1-i]purin-
5-ones,4b pyrido[2,1-f]purine-2,4-dione,38 pyrazolo[3,4-c]/[4,3-c]
quin olin-4-ones,39,40 triazolothienopyrimidines,41 pyrazolo-triaz-
olo-pyrimidines,42 adenosine derivatives,43–45, and xanthine deriva-
tives.46 But only a few such compounds are currently undergoing
clinical trials for the treatment of several diseases because of unde-
sirable side effects of other compounds due to the wide distribution
of ARs, low water solubility of the compounds, or lack of effects in
some cases perhaps due to low receptor density in the targeted
tissue.47

In addition, the design, development, and commercialization of
a drug is a tedious, time consuming and cost-intensive process. For
these reasons, any tool or technique that increases the efficiency of
any stage of the drug discovery process is highly desirable. As the
main paradigm of medicinal chemistry is that the biological activ-
ity, as well as physical, physicochemical, and chemical properties,
of organic compounds depends on their molecular structure, com-
puter-aided drug design based on Quantitative Structure Activity
Relationship (QSAR) methods is one such tool that can be used to
increase the efficiency of the drug discovery process.48,49

In the past decades, QSAR studies have been done on various
derivatives such as flavoniods,50 pyrazolotriazolopyrimidines,42

quinoxalines,51,52 quinolines,53 1,2,4-triazolo[5,1-i]-purine deriva-
tives,54 pyridine derivatives,55 thiazole and thiadiazole ana-
logues,56,57 to study their affinity for A3 AR.

Recently, Moro et al.42 published an interesting prediction strat-
egy for the design of new antagonists by combining target-based
and ligand-based drug design approaches to define a novel phar-
macophore model for the human A3 receptor. High throughput
molecular docking and Comparative Molecular Field Analysis
(CoMFA) were used in tandem to assemble a new target-based
pharmacophore model. A total of 106 pyrazolotriazolopyrimidine
derivatives were included in the training set to generate the QSAR
model for human A3 receptors. On the basis of this strategy, they
have designed, synthesized, and tested 17 new derivatives and
subsequently used them as the test set to evaluate the predictive
power of the CoMFA model.

In the present communication, further QSAR studies have
been performed using the binding affinities (inhibitory activities)
of 116 pyrazolo[4,3-e]-1,2,4-triazolo[1,5-c]pyrimidine derivatives42

(Fig. 1) as a model data set (eliminating seven compounds
38–40, 101, 103, 105, and 106 as outliers based on preliminary
QSAR model development and residual analyses) with 3D (shape,
spatial, electronic, and molecular field) along with thermodynamic
descriptors to get a deep insight into the SARs required for selec-
tive binding towards A3 AR. The biological activity data of these
N N

N

N

NH
R1

O

Cl

N N

N

N

N

N

R

NH
R1

O

38-401-37, 41-123

Figure 1. General structures of the pyrazolotriazolopyrimidines.
116 compounds [Ki(nM)] were converted to logarithmic scale
[pKi(mM)] and then used for subsequent QSAR analyses as the re-
sponse variable. There are only two regions of structural variations
in the compounds, which are R1 at C5 position of pyrimidine moi-
ety and R at N8 position of pyrazole moiety. The structural features
and biological activity values of the compounds are presented in
Table S1 in Supplementary Materials section.

The categorical list of descriptors used in the development of
QSAR models is reported in Table S2 in Supplementary Materials
section. For the calculation of 3D descriptors, multiple conforma-
tions of each molecule were generated using the optimal search
as a conformational search method. Each conformer was subjected
to an energy minimization procedure using smart minimizer under
open force field (OFF) to generate the lowest energy conformation
for each structure. The charges were calculated according to the
Gasteiger method. All the descriptors were calculated using
Descriptor+ module of the Cerius2 version 4.10 software running
on a Silicon Graphics workstation.58

The robustness of the QSAR models are generally verified by
using different types of validation criteria such as (i) internal vali-
dation or cross-validation, (ii) validation by dividing the dataset
into training and test compounds, (iii) data randomization or
Y-scrambling, and (iv) true external validation by application of
model on new external data.59 In the present work, due to the lack
of true external evaluation set, the total dataset (n = 116) has been
divided into training (n = 86) and test (external evaluation) (n = 30)
(75% and 25%, respectively, of the total number of compounds) sets
based on clusters obtained from k-means clustering60,61 applied on
standardized physicochemical, structural, and spatial descriptor
matrix. All the parameters (physicochemical and spatial descrip-
tors) were standardized and the whole dataset was clustered into
four subgroups from each of which 25% of compounds were
selected as members of the test set. Serial numbers of compounds
under different clusters are presented in Table S3 in Supplementary
Materials section.

The 3D-QSAR models developed from the training set were
internally cross-validated using leave-one-out (LOO) method with
LOO-Q2 metric.62 However, internal validation does not ascertain
that the model will perform well on a new set of data. Thus, the
whole data set was divided into training and test sets and the mod-
els developed from the training set were externally validated based
on external predictions for the test set molecules using the predic-
tive R2 (R2

pred) metric.63 The models were also validated using data
randomization or Y-scrambling technique.59 An additional param-

eter r2
m (defined as r2 � ð1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2 � r2

0

q
Þ, r2 and r2

0 being squared cor-

relation coefficients between observed and predicted values of the
compounds), which penalizes a model for large differences be-
tween observed and predicted values, was also calculated.64 Two
variants of r2

m parameter, r2
mðLOOÞ and r2

mðtestÞ, which penalize a model

more strictly than Q2 and R2
pred, respectively, were calculated.65 In

case of good prediction, where the predicted activity values lie in
close proximity to the observed data, the r2 value will be very near
to the r2

0 value. Consequently, an ideal prediction of activity is char-
acterized by a value of r2

m equal to that of r2. The r2
mðLOOÞ and r2

mðtestÞ

metrics are used for detecting proximity of the predicted activity
data to that of the observed ones for the training and test sets,
respectively. Besides these, the r2

mðoverallÞ metric65 was also calcu-
lated which ascertains the overall model predictivity based on
the predicted property values of the whole dataset (both training
and test sets). The r2

mðoverallÞ metric helps to identify the best model
from among comparable models, especially when different models
show different patterns in internal and external predictivity.

Another metric cR2
p (cR2

p ¼ R �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R2 � R2

r

q
) (R2

r being squared mean
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correlation coefficient of random models) was also calculated66 to
check whether the models thus developed are not obtained by chance.

3D-QSAR studies have been performed to obtain information
about the effect of shape, spatial arrangement of atoms in three-
dimensional space and charge distribution of the substituents on
the A3 binding affinity. This study was conducted using molecular
shape analysis (MSA) descriptors along with additional descriptors
like physicochemical, spatial, and electronic parameters. Figure 2
shows the aligned geometry of the training set compounds used
in MSA. Initially MSA has been performed2b,65,67 by generating
the conformers using the ‘optimal search’ method available in Ceri-
us2 version 4.10 software.58 Models have been generated with
shape, spatial, and electronic descriptors using GFA with linear op-
tion as the statistical tool.68 The mutation probability was kept at
5000 iterations. Smoothness (d) was kept at 1.00. Initial equation
length value was selected as 4 and the length of the final equation
was not fixed. In case of GFA linear technique the following equa-
tion was obtained with acceptable LOO internal variance (Q2) and
external predicted variance (R2

pred).
pK i ¼ 28:530ð�2:583Þ þ 1:230ð�0:161ÞshapeRMS� 0:004ð�0:001Þjurs-DPSA� 2
� 0:016ð�0:002ÞNCOSV� 104:459ð�10:97Þjurs-RNCGþ 0:005ð�0:002Þjurs-TASAþ 0:264ð�0:116ÞA logP

ntraining ¼ 86; LOF ¼ 0:377;R2 ¼ 0:779;R2
a ¼ 0:762; F ¼ 43:25ðdf 6;79Þ; s ¼ 0:551;

PRESS ¼ 29:468;Q2 ¼ 0:728; r2
mðLOOÞ ¼ 0:546; nTest ¼ 30;R2

pred ¼ 0:760;

r2
mðtestÞ ¼ 0:747r2

mðoverallÞ ¼ 0:589 ðM1Þ
The standard errors (SE) of the regression coefficients are shown
within parentheses. The above model could explain 76.2% of the
variance (adjusted coefficient of variation-R2

a). The leave-one-out
predicted variance (Q2) was found to be 72.84%. The predictive po-
tential of this model was determined by predicted R2 of the test set
compounds and it was found to be 76% (Fig. S1 in Supplementary
Materials section). The r2

m values for the test, training and overall
sets were found to be 0.747, 0.546, and 0.589, respectively, as listed
in Table 1.

Shape RMS is the root mean square deviation between the indi-
vidual molecule and the shape reference compound. It has a posi-
tive contribution toward the binding affinity and increase in the
value of Shape RMS may increase the affinity as is the case for
compounds 5, 8, 11, 15 etc.
Figure 2. Aligned geometry of the training set compounds used in MSA.
Jurs_RNCG is the partial charge of the most negative atom
divided by the total negative charge.

RNCG ¼ Q�max

Q�

Q�max =charge of the most negative atom, Q� =total negative charge.
Jurs_RNCG has unfavorable contribution towards the affinity as

evidenced by the negative regression coefficient. This indicates
that if the negative charge concentrates at a particular atom then
the activity may be diminished. This can be evident from certain
derivatives of the dataset such as compound number 3, 6, 9, 12,
16, 19, 22, 25, 28, 31, 34, 37, 42 etc. where their binding affinities
were smaller compared to the other derivatives of the series due to
the presence of highly electronegative chlorine atom at R1 position.
So, for better activity, negative charge should be optimum and dis-
tributed over the surface as observed from the compounds such as
2, 5, 8, 11, 15, 18 etc.

Jurs-DPSA-2 is the total charge weighted positive solvent-
accessible surface area minus the total charge weighted negative
solvent-accessible surface area, that is,
DPSA2 ¼ PPSA2 � PNSA2

Jurs-DPSA-2 has unfavorable contribution to the binding affinity
as evidenced by the negative regression coefficient. This has been al-
ready supported by the descriptor Jurs_RNCG as described above.

NCOSV is the volume of the individual molecule and the com-
mon overlap steric volume. It has a detrimental contribution
towards the activity as evidenced by the negative regression
coefficient. If the non-common volume of any molecule differs
from the shape reference compound to a large extent, the binding
affinity may reduce.

Jurs-TASA is the sum of solvent-accessible surface areas of
atoms with absolute value of partial charges less than 0.2, that is,

TASA ¼
X

a
SAa

8a : jqaj < 0:2

Jurs-TASA has a favorable contribution toward the affinity as
evidenced by the positive regression coefficient.

A log P is calculated using the method described by Ghose and
Crippen.69 It has a positive contribution towards A3 ARs binding
affinity. This reveals that increase in the lipophilicity of ligands
may enhance the binding affinity. This has been already supported
by the previous descriptor, that is, Jurs-TASA.

Molecular field analysis (MFA) is a method for quantifying the
interaction energy between a probe molecule and a set of aligned
target molecules in QSAR.70 Figure 3 shows the aligned geometry
of the most active compound (compound 2) within the MFA grid
showing the important interaction points. MINITAB73 was used
for linear regression and PLS techniques. In case of G/PLS spline
technique58,71,72 the following equation was obtained with satis-
factory LOO internal variance (Q2) and predicted variance (R2

pred)
values (Fig. S2 in Supplementary materials section). Statistical
quality of the M2 along with other models listed in Table 1.

The parameter CH3/677 indicates the interaction of the steric
probe CH3 at grid point number 677 with the molecules. It has a



Table 1
Comparative table of statistical qualities of different models.

Statistical technique Model R2 Q2
R2

pred r2
mðtestÞ r2

mðLOOÞ r2
mðoverallÞ

GFA M1 0.779 0.728 0.760 0.747 0.546 0.589
G/PLS M2 0.797 0.762 0.662 0.630 0.583 0.593

Figure 3. Aligned geometry of the most active compound 2 within the MFA grid
showing the important interaction points.

pKi ¼ 3:914� 0:045CH3=677� 0:025CH3=1221� 0:020CH3=906þ 1:872 < 0:323� CH3=1060 > þ0:006 < Hþ=818þ 1:884 >

ntraining ¼ 86; LSE ¼ 0:197;R2 ¼ 0:797;R2
a ¼ 0:789; F ¼ 107:42ðdf 3;82Þ; s ¼ 0:518;

PRESS ¼ 25:866;Q2 ¼ 0:726; r2
mðLOOÞ ¼ 0:583;nTest ¼ 30;R2

pred ¼ 0:662; r2
mðtestÞ ¼ 0:630; r2

mðoverallÞ ¼ 0:583 ðM2Þ
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positive effect on the binding affinity. Significant interaction at this
grid point occurs only in case of high steric volume of substituents
at the R1 substitution position. This implies that unsubstituted
amino group at C5 of the pyrimidine ring may reduce the binding
affinity as evident from compounds such as 1, 4, 7, 10, 14, 17, 20,
23, 26, 29, 32, 35 etc. On the other hand, the carbamoylation of
5-amino group (R1) to yield urea derivatives (e.g. 2, 3, 5, 6, 8, 9,
11, 12, 13 etc.), may increase the affinity and selectivity towards
A3 AR at subnanomolar range.

The term CH3/1221 represents the interaction of the steric
probe at grid point number 1221 with the molecules. It has a unfa-
vorable contribution to the binding affinity. Interaction with CH3 at
the grid point 1221 is possible when a long chain substituent is
present at the R position of N8. This can be encountered in case
of compounds 20 to 37. These compounds have long chain substi-
tuent at the R position, so their activity is less. It has been observed
that increase in carbon chain length beyond C4 at substitution
position R reduces the binding affinity.

The term CH3/906 indicates the interaction of the steric probe at
grid point number 906 with the molecules. It has a negative effect
on the binding affinity. Interaction with CH3 at the grid point 906 is
possible when a long chain substituent is present at the N8 or C9

position of pyrazole ring. It indicates that the presence of either
small substituent or absence of any substitution at N8 and C9

may be favorable for retaining the binding affinity as already sup-
ported by the earlier descriptor CH3/1221.

The term CH3/1060 indicates the interaction of the steric probe
at grid point number 1060 with the molecules. It is present as a
spline term and has a positive effect to the binding affinity. The va-
lue of CH3/1060 should be less than 0.323 to nullify this effect.
Interaction with CH3 at the grid point 1060 is possible only with
the furan ring attached at C2 position of the triazole ring. This indi-
cates that the presence of furan ring may be an essential factor in
retaining the binding affinity.

The term H+/818 indicates the interaction of the electropositive
probe at grid point number 1060 with the molecules. It is present
as a spline variable and has a positive effect to the binding affinity.
The value of H+/818 should be greater than 1.884 to increase the
binding affinity. It indicates that the presence of electronegative
substituents at positions 3 and 4 of the phenyl ring of aromatic car-
bamoyl group attached to C5 of the pyrimidine ring, may increase
the binding affinity as observed from the compounds 3, 5, 6, 44, 48
etc. Again, absence of electronegative substitution at the above
mentioned positions may reduce the binding affinity as indicated
from the compounds 107 and 108.

Alkyl substitution with carbon chain length up to C4 at N8 posi-
tion of pyrazole ring and carbamoylation of amino group (at C5 po-
sition of pyrimidine ring) with aromatic amide having substituents
with electronegative atoms at 3rd and 4th position of the phenyl
ring may increase the binding affinity towards A3 ARs.

The results of the randomization tests for the process of model
development and models are listed in Table S4 in Supplementary
Materials section. Based on model randomization, the cR2

p values
for the process and developed models are well above the cut off va-
lue (>0.5) indicating the models are not obtaining by chance.

From the dataset (Table S1 in Supplementary Materials section),
it is evident that the most active compounds 2 and 39 with same
activity (hA3Ki: 0.14 nM) have the same scaffold except the former
contains a pyrazole moiety and the later contains a p-chloro-
benzene moiety. So, the role of pyrazole and benzene moieties in
inducing the binding affinity towards A3 AR is not clear. Further,
the literature shows that antagonists of A1 AR possess quite good
affinities for the A3 AR and scarce A1 versus A3 selectivity.74 The
benzene ring of a biologically active compound may often be
replaced by a thiophene without loss of activity.75 Thus, to develop
a new class of compounds targeting the A3 AR, but with a better
affinity and selectivity profile, it is thought of interest to go for
bioisosteric replacement of pyrazole moiety of compound 2 and
benzene ring of compound 39 with thiophene moiety. Recently, a
series of triazolothienopyrimidines has been reported41 from our



Table 2
Probable A3 ARs binding affinities of designed hetero-fused thienopyrimidines based on MSA (M1) and MFA (M2) models
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Compd No. R1 R2 R3 R4 n Predicted activity (pKi = nM)

MSA MFA

N1 CH3 CH3 –NHCOC6H5 –OH — 2.87 5.24
N2 –(CH2)3– –NHCOC6H5 –OH — 2.90 4.70
N3 –(CH2)4– –NHCOCH3 –OH — 0.83 6.76
N4 –(CH2)4– –NHCOC6H5 –OH — 3.17 4.03
N5 CH3 CH3 –NHCOC6H5 — 2 5.38 6.33
N6 CH3 CH3 –NHCOC6H5 — 3 5.04 6.34
N7 –(CH2)3– –NHCOC6H5 — 2 5.44 6.33
N8 –(CH2)3– –NHCOC6H5 — 3 5.08 6.35
N9 –(CH2)4– –NHCOC6H5 — 2 5.63 6.35
N10 –(CH2)4– –NHCOC6H5 — 3 5.27 6.37
N11 –(CH2)4– –NHCOCH3 — 2 4.46 6.26
N12 –(CH2)4– –NHCOCH3 — 3 4.22 4.30
N13 CH3 CH3 –NHCOC6H5 — — 7.40 7.13
N14 –(CH2)3– –NHCOC6H5 — — 7.41 3.98
N15 –(CH2)4– –NHCOC6H5 — — 7.45 7.23
N16 –(CH2)4– –NHCOCH3 — — 5.31 4.26
N17 CH3 CH3 –NHCOC6H5 — — 4.08 7.88
N18 –(CH2)3– –NHCOC6H5 — — 4.16 7.88
N19 –(CH2)4– –NHCOC6H5 — — 7.45 7.23
N20 –(CH2)4– –NHCOCH3 — — 5.31 4.26
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laboratories as adenosine A1 receptor antagonists at micromolar
(lM) ranges and none of them showed affinity towards A2A AR.
The encouraging results prompted us to further design a series of
some novel hetero-fused thienopyrimidines (Table 2) as bioisosters
of pyrazolotriazolopyrimidines and triazoloquinazolines as possi-
ble A3 AR antagonists with better affinity and selectivity profile.

Based on the best models developed by MSA [model M1] and
MFA [model M2], probable A3 AR binding affinities of some het-
ero-fused thienopyrimidines (Table 2) such as pyrimidothienopyr-
imidines, imidazothienopyrimidines, triazolothienopyrimidines,
and tetrazolothienopyrimidines have been predicted. Triazolothie-
nopyrimidines with carbamoyl substitution at NH2 group at C5 po-
sition of pyrimidine ring were predicted to have very high affinity
towards A3 ARs compared to other mentioned hetero-fused thieno-
pyrimidines. Synthesis and biological evaluation of these designed
compounds are in progress.

In conclusion, QSAR studies have been carried out for the bind-
ing affinity of pyrazolotriazolopyrimidines towards A3 AR using
both 2D (physicochemical and structural) and 3D (shape, spatial,
electronic, and molecular field) descriptors. The chemometric tools
used for the analyses are Genetic Function Approximation (GFA)
and Genetic Partial Least Squares (G/PLS). The whole dataset
(n = 116) was divided into a training set (75% of the dataset) and
a test set (remaining 25%) on the basis of k-means clustering of
standardized physicochemical, structural and spatial descriptor
matrix. Models developed from the training set were used to pre-
dict the binding affinity of the test set compounds. All the models
have been validated internally and externally. Among the 3D
parameters, spatial (Jurs_RNCG, Jurs_TASA_3, and Jurs_DPSA-2),
and shape (NCOSV, ShapeRMS) descriptors showed importance.
Along with the 3D descriptors, hydrophobicity (A log P) emerged
as an important descriptor. MFA suggests the importance of probes
(H+, CH3) at definite locations. The MSA model [model M1] was
found to be the best model on the basis of highest external
(R2

pred ¼ 0:760) predictive potential and r2
mðoverallÞ criteria. Similarly,

the MFA model [model M2] was found to be the best model among
all the derived models, on the basis of highest internal (Q2 = 0.762)
predictive potential. The developed models suggest that shape of
the substituent should be optimum at N8 position of pyrazole ring
and lipophilic substituents having electronegative atoms at NH2

group of C5 position of pyrimidine ring with distributed negative
charge over the surface may enhance the affinity towards A3 AR.
It has been observed that the carbamoylation of NH2 group at C5

position of pyrimidine ring is an essential factor for higher affinity
with selectivity towards A3 receptor. The best models developed by
MSA [model M1] and MFA [model M2] were used for the design
and development of novel compounds (thienopyrimidines) which
have been predicted to have better affinity towards A3 AR. Efforts
are in progress to synthesise the designed compounds following
appropriate synthetic schemes as well as to evaluate them for their
affinity and selectivity as A3 AR antagonists and the results will be
reported in future.
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