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Abstract—Design of aldose reductase (ALR?2) inhibitors has received considerable attention. Aldose reductase inhibitors, when
administered from the onset of hyperglycemia, prevent the progression of polyol accumulation-linked complications. The feasibility
that inhibition of aldose reductase provides a pharmacologically direct treatment for diabetic complications that is independent of
the control of blood sugar levels has spurred the development of structurally diverse aldose reductase inhibitors. In this work, we
report quantitative structure—activity relationship (QSAR) analysis performed by 3D-QSAR analysis, Hansch analysis, and Fujita-
Ban analysis on a series of 5-arylidene-2,4-thiazolidinediones as aldose reductase inhibitors. The 2D & 3D-QSAR models were
generated using 18 compounds and Fujita-Ban analysis models were obtained using 23 compounds. The predictive ability of the
resulting 2D and 3D models was evaluated against a test set of 5 compounds. Analyses of results from the present QSAR study
inferred that 3rd position of the phenyl ring and acetic acid substitution at N-position of thiazolidinediones play a key role in

the aldose reductase inhibitory activity.
© 2005 Elsevier Ltd. All rights reserved.

Diabetes mellitus is a chronic disease characterized by
hyperglycemia. Diabetic patients are at risk for develop-
ing long-term complications including neuropathy,
nephropathy, retinopathy, and cardiovascular diseases.!
The clinical consequences of these complications include
lower limb amputation, end-stage renal failure, and loss
of vision. The Diabetic Complications and Control
Study? and the United Kingdom Prospective Diabetes
Study® demonstrated that strict and sustained control
of glucose excursions through interventions including
intensive insulin therapy reduces risk of developing these
complications in type 1 and type 2 diabetes. However,
relatively few diabetics have adopted this strict, physi-
cian-monitored regimen, and this type of round-the-
clock control is not practical for patients at large. At
present, there is no specific therapy available for diabetic
complications. A metabolic approach is to control ex-
cess glucose flux in diabetic tissue through the first step
of polyol pathway (Fig. 1) by aldose reductase inhibi-
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tors.*> Aldose reductase (ALR2), the first enzyme of
the polyol pathway, catalyzes the reduction of glucose
to sorbitol using nicotinamide adenine dinucleotide
phosphate as an essential cofactor, which is further pro-
cessed by sorbitol dehydrogenase to fructose. Aldose
reductase has been localized at the sites of tissue dam-
age, and inhibitors of this enzyme prevent the develop-
ment of neuropathy, nephropathy, retinopathy, and
cataract formation in animal models of diabetes.*
Aldose reductase inhibitors have shown promising re-
sults in both preclinical models and early clinical trials.®
In search for potent inhibitors, many compounds of di-
verse structures have been identified. Kinetic studies
suggest that these compounds appear to interact with
the enzyme at a site independent of either substrate or
nucleotide cofactor fold. Moreover, from the pioneering
studies on sorbinil and alrestatin to recent investigation
on zopolrestat and zenarestat, several compounds in
clinical trials or in market for the treatment of the dia-
betic complications have been developed but they were
withdrawn, suggesting that currently no ‘universally po-
tent’ inhibitor exists. This demands the development of
potent inhibitors.”® To gain insight into the structural
and molecular requirements influencing the aldose
reductase inhibitor activity, we herein describe the quan-
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Figure 1. Polyol pathway.

titative structure—activity relationship (QSAR) analysis
of 5-arylidene-2,4-thiazolidinediones.® The relevance of
the best QSAR model obtained for the design of novel
derivatives should be assessed not only in terms of pre-
dictivity, either internal or external, but also in terms of
their ability to provide a chemical and structural expla-
nation of their binding interaction. Here, we propose a
model for the aldose reductase inhibitors and present
minimal structural requirements for an aldose reductase
inhibitor. These results could serve as a guideline in the
design of more potent and selective aldose reductase
inhibitors.

The aldose reductase inhibitory activity data of 5-ary-
lidene-2,4-thiazolidinediones were taken from the
reported work of Bruno et al.” (Table 1). The biolog-
ical activity data (ICsy in um) were converted to a

negative logarithmic mole dose (pICsg) for quantita-
tive structure activity relationship analysis. Initially
the series was subjected to Fujita-Ban analysis using
regression technique in order to estimate the de novo
contribution of substituents to the activity of the mol-
ecules. Further, Hansch approach was carried out to
establish correlations between ALR2 inhibitory activity
and various substituent constants at position R and X
of the molecule (Fig. 2). Values of substituent constants
like hydrophobic (x), steric (Molar refractivity or MR),
hydrogen acceptor (HA), hydrogen donor (HD), and
electronic descriptor (field effect or &, resonance effect
or #, and Hammett’s constant or ¢) were taken from
the reported work of Hansch et al.'®

The molecular modeling study was performed on a
P-III processor using MOE!! and the regression

Table 1. Structure and activities of 5-arylidene-2,4-thiazolidinediones® used in training and test sets

Q
AN
X—N ¢ | R
S F
o)

S. No. Compound R X ICso? pICsy°
1 T-1 3-F H 9.10 5.04
2 T-2 3-CH; H 9.23 5.03
3 T-3 3-OCH; H 13.28 4.88
4 T-4 3-CF; H 12.81 4.89
5 T-5 3—HC=N—OOH H 1.86 5.73
6 T-6 4-F H 8.21 5.09
7 T-7 4-CF5 H 31.49 4.50
8 T-8 4_HC=NO H 22.93 4.64
9 T-9 3-CH; CH,COOCH; 10.10 5.00

10 T-10 3-OCH; CH,COOCH; 8.87 5.05

11 T-11 3-CF; CH,COOCH; 28.67 4.54

12 T-12 4-CF; CH,COOCH; 3.44 5.46

13 T-13 3-F CH,COOH 0.74 6.13

14 T-14 3-CH; CH,COOH 0.65 6.19

15 T-15 3-OC¢H5 CH,COOH 0.13 6.89

16 T-16 3-OCH; CH,COOH 0.48 6.32

17 T-17 4-F CH,COOH 1.14 5.94

18 T-18 4-CF; CH,COOH 0.46 6.34

19 Test-1 3-OC¢H5 H 6.14 521

20 Test-2 4-OCHj; H 40.83 4.39

21 Test-3 3-OC¢Hs CH,COOCH; 1.32 5.88

22 Test-4 4-F CH,COOCH; 12.90 4.89

23 Test-5 3-CF; CH,COOH 0.47 6.33

#In vitro ICsg (50% inhibitory concentration in M) against bovine lenses aldose reductase.

® Negative logarithmic of ICs, value in mole.
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Figure 2. General structure for the present study.

analysis program VALSTAT.!? The molecular struc-
tures of all 23 compounds (except for compounds with
% inhibitory activity) were sketched using the builder
module software and energy minimized via steepest
descent, conjugate gradient, and truncated Newton
method in sequence using MMFF94 as force field with
an energy tolerance value of root mean square gradi-
ent 0.001 kcal/mol and the maximum number of itera-
tions set to 1000. Conformational search of each
energy-minimized structure was performed using a sto-
chastic approach. Stochastic conformational search
method is similar to the RIPS method,!* which gener-
ates new molecular conformation by randomly per-
turbing the position of each coordinate of each atom
in the molecule followed by energy minimization. All
conformers generated for each structure were analyzed
in conformational geometry panel with great care and
the lowest energy conformation of each structure was
selected and added to a molecular database to com-
pute various physicochemical properties from three
classes: 2D-descriptors based on atoms and connection
information of the molecules, i3D-descriptors used
three-dimensional coordinate information about each
molecule, which are invariant to rotations and transla-
tions of the conformation, and x3D descriptors, which
supported by three-dimensional coordinate informa-
tion, require an absolute frame of reference using a
QuaSAR module. !4+

Series was divided into a training set of 18 compounds
and a test set of 5 compounds on the basis of struc-
tural diversity and cover the complete range of varia-
tions in inhibitory activity. The data were transferred
to the statistical program in order to establish a cor-
relation between physicochemical parameters as inde-
pendent variables and aldose reductase inhibitory
activity as a dependent variable. The sequential multi-
ple linear regression analysis method was employed.
In sequential multiple regression, the program searches
for all permutations and combinations sequentially for
the data set. The * data within parentheses are the
standard deviation, associated with the coefficient of
descriptors in regression equations. The best model
is selected from the various statistically significant
equations on the basis of the observed squared corre-
lation coefficient (%), the standard error of the esti-
mate (SE), sequential Fischer test (F), the
bootstrapping squared correlation coefficient (rf,s),
the bootstrapping standard deviation (Sys), the
cross-validated squared correlation coefficient using
leave-one-out (LOO) procedure (¢°), chance statistics

(evaluated as the ratio of the equivalent regression
equations to the total number of randomized sets; a
chance value of 0.001 corresponds to 0.1% chance of
fortuitous correlation), outliers (on the basis of Z-
score value), and the predictive squared correlation
coefficient of test set (r7,.4)-

Fujita-Ban analysis was carried out in order to find
out the de novo contribution of the substituents to
the activity of the molecules. The multivariant
regression expression Eq. 1 indicated that few sub-
stituents have poor contribution to the ALR2 inhib-
itory activity, which is further supported by a high
standard error of the substituent coefficient. Values
of the Fujita-Ban matrix and calculated activities
of 5-arylidene-2,4-thiazolidinediones are given in
Table 2.

pICso = 0.056(=0.198)[3CH;] + 0.642(+0.198)
x [30C¢Hs] + 0.066(+0.198)[30CH;)
— 0.096(=£0.198)[3CF5] + 0.889(-0.305)
x [3 — CH=N-C4H,OH]|
— 0.453(+0.305)[4OCH;]
+0.084(=0.198)[4CF3] — 0.202(=0.305)
x [4 — CH=N-C¢H,~OH]|
+0.170(=£0.151)[CH,COOCH;]
+ 1.355(£0.144) [CH,COOH] + 4.842
n=23, r=0960, r,=0922,

SE = 0.270, F = 14.1838 (1)

Contributions of substituents to the model are:

[3CH;]:[30C¢Hs]:[30CH;]:[3CF;]:[3-CH=N-C6H4—
OH]:[40CH;]:[4CF5]:[4-CH=N-C¢H,~OH]:[CH,-
COOCH;]:[CH,COOH]
[1]:[11.5586]:[1.18044]:[1.72786]:[5.3317]:[2.7172]:
[1.50969]:[1.21373]:[6.12105]:[56.9202]

On refinement of the de novo contribution using
stepwise multiple linear regression, significant tri-var-
iant regression expression Eq. 2 was obtained.
Tri-variant expression accounts for more than 87%
variance in activity with an internal statistical
significance level better than 99.9% as it exceeded
the tabulated F3 1940.001) = 9.42 against calculated
F(3’19) =45.271.

pICsy = 0.672(£0.167)[3 — OC¢Hs]
+ 0.854(£0.279)[3 — CH=N-C¢H,~OH]
+ 1.332(£0.123)[CH,COOH] + 4.877
n=23 r=0.937, »=0.877,
SE =0.269, F =45.271 (2)
Fujita-Ban analysis of the ALR2 inhibitory data of

S-arylidene-2,4-thiazolidinediones inferred that 3rd
position of phenyl ring is more susceptible as com-
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pared to 4th position of the ring for change in the
activity. It is also suggested that substitution at the
N-atom of thiazolidinedione with an acetic acid
group is favorable to activity as compare to unsubsti-
tuted or methyl acetate substituted N-atom of thiazo-
lidinedione. De novo contribution of groups also
helped us to understand the binding of ALR2 inhib-
itors with aldose reductase by means of a possible
hydrogen bond interaction between the acetic acid
moiety of the side chain of thiazolidinediones and
the polar region of the ALR2 active site. The 3rd
position of phenyl ring depicted the hydrophobic
interaction of the substituted moiety and the lipophil-
ic pocket of ALR2.

The training set of 18 compounds was subjected to a
stepwise multiple linear regression analysis, in order to
develop a 2D-QSAR model between the inhibitory
activity of aldose reductase inhibitors as dependent vari-
ables and substituent constants as independent vari-
ables, the several statistically significant equations were
obtained Egs. 3 and 4.

pICsy = 1.300(£0.168)HD; + 0.015(£0.007)MR,
+0.110(£0.120)7 + 4.815
n=18, r=0913, 1> =0.833,
SE = 0.323, F = 23.303 (3)

pICsy = 1.338(£0.161)HD, + 0.012(£0.007)MR,

+4.862
n=18, r=0.907, r*=0.823,
SE = 0.322, F =34.905 (4)

Egs. 3 and 4 account for more than 82% of the variance in
activity. The fitness of Eq. 4 is more as compared to the
Eq. 3 as shown by the value of the Fischer sequential test.
The Eq. 4 was considered as the best 2D-model for the
data set. The model is used for the internal and external
predictivity of the training and the test sets (Figs. 3, 4
and Tables 3, 4). The value of the LOO cross-validation
squared correlation coefficient (¢* = 0.659) and the pre-
dictive squared correlation coefficient (17, = 0.673) sug-
gested good predictability. Equation reveals that the
hydrogen donor groups at the nitrogen atom of thiazolid-
inediones contributed positively and linearly to the activ-
ity, while molar refractivity at the phenyl ring of the
nucleus plays a significant role in the hydrophobic interac-
tion with the enzyme.

To explore the physicochemical requirements for aldose
reductase inhibition in terms of three-dimensional (3D)
characteristics, the series was subjected to QSAR analy-
sis. Training set was used to explore the conformation
and geometry related physicochemical properties that
could be helpful in understanding the probable binding
site of the drug with the enzyme. A correlation was
established between physicochemical parameters and
ALR?2 inhibitory activity using the sequential multiple
linear regression technique. Several statistically signifi-
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Figure 3. Plot between observed pICsy and predicted (LOO) pICsg
with residual presentation for training set of 2D-QSAR analysis.
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Figure 4. Plot between observed pICs, and predicted pICs, with
residual presentation for test set of 2D-QSAR analysis.

cant equations with a coefficient of correlation
(r) = 0.925 were obtained, which accounts for more
than 85% of the variance in activity.

pICsy = 0.029(£0.006)PEOE_VSA — 0
+0.454(40.083)a_don
— 0.412(+0.047)E_ang + 14.511
n=18, r=0955 r*=00912,
SE = 0.234, F = 48.639 (5)

pICsy = 0.048(+0.006)PEOE_VSA — 0
—0.502(+0.050)E — ang
— 0.044(=£0.009)vsa_acc + 17.827
n=18, r—0948, /> —0.898,
SE = 0.253, F = 41.179 (6)

pICsy = 0.086(£0.008)vsa_other
— 0.146(£0.034)E_tor
—0.070(£0.010)vsa_acc + 5.003
n=18, r=0946, r* =0.895,
SE = 0.256, F = 39.809 (7
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Table 3. Calculated and predicted pICsq (by the LOO method) of training set, predicted value of the test set, and value of the substituent constant

used in the 2D-QSAR model

Compound MR, HD, Calculated pICs Residual Z value Predicted pICsy (LOO) Residual (LOO)

T-1 0.92 0 4.874 0.167 0.553 4.851 0.190

T-2 5.65 0 4.933 0.102 0.337 4.923 0.112

T-3 7.87 0 4.961 —0.084 —0.278 4.969 —0.092

T-4 5.02 0 4.925 —0.033 —0.108 4.929 —0.036

T-5 35.86 0 5.310 0.420 1.391 5.038 0.692

T-6 0.92 0 4.874 0.212 0.700 4.845 0.241

T-7 5.02 0 4.925 -0.423 —1.401 4.970 —0.468

T-8 35.86 0 5.310 —0.671 -2.219 5.744 —1.105

T-9 5.65 0 4.933 0.063 0.207 4.927 0.069

T-10 7.87 0 4.961 0.091 0.302 4.952 0.100

T-11 5.02 0 4.925 —0.383 —1.266 4.965 -0.423

T-12 5.02 0 4.925 0.538 1.781 4.869 0.595

T-13 0.92 1 6.212 —0.081 —0.269 6.231 —0.100

T-14 5.65 1 6.271 —0.084 —0.278 6.288 —0.101

T-15 27.68 1 6.546 0.340 1.125 6.366 0.520

T-16 7.87 1 6.299 0.020 0.066 6.295 0.024

T-17 0.92 1 6.212 —0.269 —0.890 6.275 —0.332

T-18 5.02 1 6.263 0.074 0.245 6.248 0.089

Test-1 27.68 0 — — — 5.208 0.004

Test-2 7.87 0 — — — 4.961 —0.572

Test-3 27.68 0 — — — 5.208 0.671

Test-4 0.92 0 — — — 4.874 0.015

Test-5 5.02 1 — — — 6.263 0.065
Table 4. QSAR statistics of significant equations

Equation No. 77 SE F ICAP* (Up to) 7%, Sbs Chance  ¢* Spress  SpEp  Fheq  Outlier

3 0913  0.323 23303 0.315 FPE® FPE®  0.001 0.572  0.517 0.457  0.776  Nil

4 0.823  0.322 34905 0.090 0.831 0.103  0.001 0.659  0.447 0.408  0.673  Nil

5 0912  0.234  48.639  0.590 0917  0.055  0.001 0.843  0.314 0.277  0.728  Nil

6 0.898  0.253  41.179  0.590 0.902  0.070  0.001 0.839  0.317 0.280  0.243  Nil

7 0.895  0.256  39.809  0.501 0912 0.068  0.001 0.818  0.338 0.298  0.709 1

8 0.860  0.296  28.731  0.433 0.869  0.091 0.001 0.710  0.426 0.376  0.870  Nil

9 0.857  0.300 27.899  0.221 0.877  0.064  0.001 0.688  0.442 0.390  0.659  Nil

#The maximum limit of inter-correlation among the parameters used in the generation of equations.

® FPE, floating point error.

pICso = 0.243(40.082)chil .C
— 0.343(+0.052)E_ang
+0.544(£0.097)a_don + 13.138
n=18, r=0928, *=0.860,

SE = 0.296, F =28.731 (8)
pICsy = 0.546(+0.094)a_don
+ 0.045(40.008)vsa_other
—0.064(£0.015)E + 5.613
n=18, r=0926, r*=0.857,
SE = 0.300, F =27.899 9)

A high correlation coefficient alone is not enough to se-
lect the equation as a model and hence various statistical
approaches were employed to confirm the robustness
and the practical applicability of the equations. The
Eqgs. 5-9 were tested for the presence of outliers. In case
of Eq. 7, one outlier was present which suggested that
although the equation has a good correlation coefficient

it is unable to explain the deviation of the prediction of
activity of a compound which was involved in the gener-
ation of expression. Egs. 5, 6, 8, and 9 on randomized
biological activity test show that the probability of
chance correlation was less than 0.1%. Bootstrapping
technique was employed to confirm the contribution of
physicochemical properties of the molecules to the activ-
ity whether equi-intense or of different rank. The value
of the bootstrapping squared correlation coefficient
and the bootstrapping standard deviation implies that
the equations were proper representative of the group
of analogs.

The internal consistency of the training set was con-
firmed by using LOO cross-validation method to ensure
the robustness of the equations. Equations showed good
internal consistency (¢> = 0.688-0.843), which reduces
the probability of coincidental correlation of the expres-
sion. Expressions that have significant internal consis-
tency may not be applicable for the analogs, which
were never used in the generation of correlation. There-
fore, the predictive power of Eqs. 5-9 was further con-
firmed by a test set of five compounds. Eq. 6 shows
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poor predictivity of the test set with a low rp ., value
(0.243). Egs. 5, 8, and 9 fulfill all the statistical criteria
(Table 4) to consider these equations as a QSAR model.
Eq. 5 has inter-correlation among the parameters used
in the generation of Equations (ICAP) up to 0.590 sug-
gesting an interdependency of the contributed physico-
chemical properties. Therefore, Eqs. 8 and 9 were
considered as models 1 and 2, respectively.

Model-1 has a better correlation coefficient (r = 0.928),
which accounts for more than 86.0% of the variance
in the activity, also the inter-correlation among the
parameters (Table 5) being less (<0.433). The multi-
variant model shows that the dependent variable can
be predicted from a linear combination of the inde-
pendent variables. The P value is less than 0.02 for
each physicochemical parameter involved in model
generation. The data showed an overall internal statis-
tical significance level to be better than 99.9% as it
exceeded the tabulated F(3 1440001 = 11.3. The model
was further tested for outlier by the Z-score method
and no compound was found to be an outliers (Table
6), which suggested that the model is able to explain
the structurally diverse analogs of the series and is
helpful in designing more potent compounds using
physicochemical parameters. The LOO cross-valida-
tion method was employed for the prediction of the
activity (Fig. 5 and Table 6), and a ¢* value (in the
biological activity data of leave one compound) of

Table 5. Correlation matrix of descriptors used in the model

chil_C a_don E_ang E vsa_other
Chil_C 1.000
A_don 0.402 1.000
E_ang 0.433 0.145 1.000
E 0.746 0.202 0.819 1.000

Vsa_other  0.531 0.220 0.371 0.185 1.000

0.3 corresponds to a confidence limit greater than
95%, which minimizes the risk of finding a significant
explanatory equation for the biological activity just by
mere chance. The cross-validated squared correlation
coefficient (¢*>=0.710), predictive residual sum of
square (Sprgss = 0.426), and standard error of predic-
tion (Sprp=0.376) suggested a good internal consisten-
cy as well as predictive ability of the biological
activity with low Spgp. The r{, is at par with the con-
ventional squared correlation coefficient (+*). Random-
ized biological activity test (Chance < 0.001) revealed
that the results were not based on chance correlation.
The robustness and wide applicability of the model
were further explained by a significant rfmd value
(0.870) of the test set data (Fig. 6 and Table 7). In
general, the model fulfills the statistical validation cri-
teria to a significant extent and to be a useful theoret-
ical base for proposing more active compounds. In
model-1, chil_C and a_don contributed positively,
while E_ang contributed negatively, to the observed
variance in activity. a_don is a pharmacophoric
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Figure 5. Plot between observed pICsy and predicted (LOO) pICsg
with residual presentation for training set using model-1.

Table 6. Calculated and predicted pICsy (by the LOO method) of training set with residual and Z-score value using models 1 and 2

Compound Model-1 Model-2

Calculated Residual Z value  Predicted Residual  Calculated Residual Z value Predicted Residual

pICso pICso (LOO) (LOO) pICso pICso(LOO)  (LOO)
T-1 4.861 0.180 0.670  4.831 0.210 4.909 0.132 0.487  4.883 0.158
T-2 4.999 0.036 0.134 4996 0.039 4.896 0.139 0.510  4.870 0.165
T-3 4.777 0.099 0.370  4.758 0.119 5.012 —0.135 —0.498  5.024 —0.148
T-4 4.898 —0.006 —0.021 4.899 —0.006 4.731 0.161 0.593  4.699 0.194
T-5 5.325 0.406 1.510  5.067 0.663 5.410 0.320 1.178  5.296 0.435
T-6 4.861 0.225 0.838  4.823 0.263 4.908 0.177 0.652  4.874 0.212
T-7 4.868 —0.366 —1.363 4918 —0.417 4.730 —0.228 —0.839  4.775 —0.274
T-8 5.071 —0.431 —1.606  5.473 —0.833 5.025 —0.385 —1.416  5.563 —0.924
T-9 5.147 —0.151 —-0.562  5.202 —0.206 5.097 —0.102 -0.374  5.127 —0.132
T-10 4.939 0.113 0422 4910 0.142 5.210 —0.158 —0.581 5.290 —0.238
T-11 5.039 —0.496 —1.847  5.185 —0.642 4.936 —0.394 —1.447  5.043 —0.500
T-12 5.014 0.449 1.672  4.885 0.579 4.933 0.531 1.951 4.790 0.674
T-13 6.207 —0.076 —0.283  6.225 —0.094 6.290 —0.159 —0.584  6.330 —0.199
T-14 6.345 —0.158 —0.587  6.378 —0.191 6.275 —0.088 —-0.324  6.297 —0.110
T-15 6.751 0.135 0.503  6.602 0.284 6.483 0.403 1.481 6.278 0.608
T-16 6.136 0.182 0.679  6.096 0.223 6.399 —0.081 —-0.296  6.418 —0.099
T-17 6.204 —0.261 —0.971 6.266 —0.323 6.292 —0.349 —1.283  6.381 —0.438
T-18 6.219 0.118 0.441 6.195 0.142 6.121 0.216 0.793  6.086 0.251
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Figure 6. Plot between observed pICs, and predicted pICs, with
residual presentation for test set using model-1.

Table 7. Observed and predicted pICs, of test set with residual using
models 1 and 2

Compound Observed Model-1 Model-2
PICso Predicted Residual Predicted Residual

pIC50 pICSU
Test-1 5.212 5.411 —0.199  5.104 0.108
Test-2 4.389 4.778 —0.389  5.004 —0.615
Test-3 5.879 5.563 0.316  5.305 0.574
Test-4 4.889 5.009 —0.120 5.113 —0.224
Test-5 6.328 6.249 0.079 6.115 0.213

feature descriptor which is representative of a number
of hydrogen bond donor atoms, except for basic
atoms, but including atoms that are both hydrogen
bond donors and acceptors present in the molecules,
which is helpful for rationalizing the interaction be-
tween molecule and enzyme. chil_C is Kier and Hall
connectivity index and related with the geometry of
the molecule suggested that specific arrangement is re-
quired for the molecule-ALR?2 interaction. E_ang, an
energy descriptor and related with the conformation
of the molecule suggested that the conformer, which
deviated from the bend angle, plays a significant role
in interaction. The study revealed that distal end of
hydrogen donor groups at the nitrogen atom of thia-
zolidinediones may interact through hydrogen bond
formation with the enzyme pocket.

Model-2 with correlation coefficient at par with mod-
el-1 (r=0.926), and low inter-correlation among the
parameters (<0.221) revealed that the physicochemical
properties are quite independent as compared to those
of model-1. Model-2 has somewhat lower internal
consistency (Fig. 7 and Table 6) and predictive ability
of test set (rﬁred:0.659) as compared to those of
model-1 (Fig. 8 and Table 7). The linear contribution
of each physicochemical parameter to the model was
significant by more than 99.9% (P <0.001). Model-2
showed that a_don and vsa_other contributed posi-
tively, while E contributed negatively. a_don played
significant role similar to model-1. vsa_other is a phar-
macophoric feature descriptor explained as approxi-
mations to the sum of VDW surface areas of atoms

7.59
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6.5
B

6.0

5.59

5.0

Calculated (LOO) pIC so

4.59

4.0 T T T T T T 1
4 4.5 5 5.5 6 6.5 7 7.5

Observed plCso

Figure 7. Plot between observed pICsy and predicted (LOO) pICsg
with residual presentation for training set using model-2.
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*~—
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5.5
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4.54

4.0 T T T
4.0 45 5.0 55 6.0 6.5
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Figure 8. Plot between observed pICs, and predicted pICs, with
residual presentation for test set using model-2.

typed as ‘others.” E is the potential energy of the 3D
conformal of the molecules dependent upon the inter-
nal coordinates of the molecule and depicted that the
lowest energy conformal play a key role in the inter-
action of drug and enzymes.

Both models gave insight into some common important
structural features. Distal end of hydrogen donor
groups at the nitrogen atom of thiazolidinediones and
the conformers, which deviated from bend angle energy,
is favorable for the ALR?2 inhibitory activity. The results
indicate that the substitution on the nitrogen atom by a
polar group could be able bind to the polar recognition
region of ALR2. The presence of a carboxylic acid
group is essential for the ALR2 inhibitory activity as
well as the 3-position of phenylidene ring may be used
for modifications to improve the lipophilic character
which might result in a more potent ALR2 inhibitory
activity.
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