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Abstract—Quantitative structure–activity relationship (QSAR) studies for 2,6-substituted 2,4-diaminopyrido[3,2-d] pyrimidine
analogues of piritrexim (PTX) as inhibitors of dihydrofolate reductase (DHFR) are now made using topological indices. The results
have shown that best models are obtained by multiparametric analysis. The predictive potential of the model is discussed on the
basis of a cross-validation method. # 2002 Elsevier Science Ltd. All rights reserved.

Introduction

Recently, Gangjee et al.1 have reported that piritrexim
(PTX) (Fig. 1) is a lipophilic, new classical antifolate
and is a potential inhibitor of dihydrofolate reductase
(DHFR). It is currently in phase II clinical trials as an
anticancer agent against a variety of tumors.2�5 They
have compared the structure of PTX with both, metho-
trexate (MTX) and trimetrexate (TMQ) and indicated
that PTX differs from both these antitumor dihy-
drofolate reductase inhibitors, namely MTX and TMQ
in that it contains a single side chain bridge rather than
the usual two-atom bridge.

Consequent to this, Gangjee et al.1 explored PTX ana-
logues as potential inhibitors of dihydrofolate reductase
(DHFR) and presented synthesis and biological activity
of 21 6-substituted 2,4-diamino-pyridol [3,2-d] pyr-
imidine analogues of PTX (Fig. 2, Table 1) for this
purpose. The potency of these PTX analogues as pre-
sented in Table 1 helped Gangjee et al.1 to infer that the
position of substitution influences inhibitory activity
(IC50) against pcDHFR. It is interesting to record that
DHFR from Pneumocytis carinii (pc) is the target
enzyme and is responsible for fatal opportunistic infec-
tions in AIDS patients.

The aforementioned substitution effect, however, failed
to establish any quantitative structure–activity relation-

ship (QSAR) in modelling inhibitory activity of referred
PTX analogues. Consequent to this and as an extension
of our earlier studies in attempting the role of the use of
topological indices (TIs) for QSAR studies, we have
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Figure 1. Structures of TMP, TMQ and PTX.

Figure 2. PTX analogues used in the present study.
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undertaken the present investigation in that we have
used Wiener (W),6 Szeged (Sz),7,8 and molecular con-
nectivity (0�V, 1�V)9,10 indices for this purpose. The
results as discussed below show that these topological
indices can be successfully used for modelling inhibitory
activity of PTX analogues against pc DHFR. We have
used simple as well as multilinear regressions for
obtaining statistically significant models.11,12 The pre-
dictive potential of the proposed models is finally
investigated using a cross-validation method.11,12

The progress in chemical graph theory and topology has
revealed their applicability to practically all areas of
chemistry, particularly medicinal chemistry and phar-
maceutical chemistry, mainly by successful predictions of
physico-chemical properties and biological activities of
organic molecules proceeding from their structure.13�15

This indicated a possibility to explain why topological

indices work so well. Such an attempt has been
reported16 for one of the most successful topological
indices, the Wiener index.6 Other widely used topologi-
cal indices for this purpose are the valence connectivity
indices (0�V, 1�V).9,10 Since the Wiener index is not
applicable to a cycle containing compounds, Gutman
has introduced the Szeged index7,8 (Sz), which is con-
sidered as the modification of the Wiener index to cyclic
compounds. The use of the Szeged index (Sz) in QSPR/
QSAR is now well established.17�20

Randic21 has shown that combinations of two or more
topological indices result in more successful and statis-
tically more significant models. Hence, another objec-
tive of the present study is to obtain such models and is
an extension of our earlier work.22�25 The results are
presented and discussed in the following section.

Results and Discussion

One-variable correlations

All the parameters described in the Experimental and
presented in Tables 1 and 2 have been examined using a
standard program for simple and multiple linear regres-
sion analyses with one, two, and three parameters (look-
ing to size of the compounds used). The correlation
matrix (Table 3) shows that none of the topological indices
used results in any statistically significant one-variable
model. However, Table 3 does show that the inhibitory
activity (pIC50) is significantly correlated with IP1.

The correlation matrix (Table 3) further shows that high
collinearity exists between: (i) W and Sz; (ii) W and 0�V;
and (iii) Sz and 0�V. Comparatively less collinearity
exists between: (i) W and 1�V; (ii) Sz and 1�V; and (iii)
0�V and 1�V; and that both IP1 and IP2 do not correlate
with any of the topological index used. However, com-
pared to IP1, the collinearity of IP2 with topological
indices, used is more pronounced.

Table 1. 6-Substituted 2,4-diaminopyrido[3.2.1] pyrimidine analo-

gues of piritrexim used in the present study their pIC50 values against

PcDHFR

Compd Z R0 pIC50

1 S 20-OMe 0.3424
2 S 40-OMe �0.1549
3 S 3040-diOMe �1.0655
4 SO2 20-OMe 0.5051
5 SO2 40-OMe 1.02118
6 SO2 3040-diOMe 0.4313
7 NH 20-OMe 0.9395
8 NH 40-OMe 1.9561
9 NH 3040-diOMe 1.6063
10 NCH3 40-Ome �0.6575
11 NH 2050-diOMe 1.2068
12 NCH3 2050-diOMe �1.4685
13 NH 304050-triOMe 1.4132
14 NCH3 304050-triOMe �1.6777
15 NH 3040-C4H4 1.1760
16 NCH3 3040-C4H4 �1.4989
17 NH H 0.9190
18 NCH3 H �1.0021
19 NH 40-Cl 1.1643

Table 2. Calculated molecular descriptor and indicator parameters for 6-substituted, 24-diaminopyrido[3,2-d] pyrimidine analogous of piritrexim

Compd W Sz 0�V 1�V IP1 IP2

1 1516 2454 11.2768 6.1774 0 1
2 1584 2590 11.2768 6.1715 0 1
3 1940 3134 12.6077 6.7004 0 0
4 1762 2820 12.0933 6.5107 0 1
5 1838 2972 12.0933 6.5048 0 1
6 2216 3546 13.4242 5.8839 0 0
7 1674 2708 11.3686 6.2692 1 1
8 1710 2780 11.3686 6.2633 1 1
9 2077 3339 12.6994 6.7918 1 0
10 1710 2780 12.3158 6.6576 0 1
11 2013 3211 12.6994 6.7922 1 0
12 2013 3211 13.6466 7.1866 0 0
13 2464 3926 14.0304 7.3213 1 0
14 2464 3926 14.9776 7.3824 0 0
15 1703 3197 12.1924 7.1449 1 0
16 1703 3197 13.1396 7.5393 0 0
17 1323 2169 10.0377 5.7402 1 0
18 1323 2169 10.9849 6.1346 0 0
19 1504 2462 10.3383 5.8399 1 0
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The aforementioned results show that any two or more
variable correlations involving any combination of W,
Sz and 0�V will suffer from the defect of collinearity.
Such a situation is discussed critically in the subsequent
section in that it is shown that in spite of collinearity
defect the proposed models are statistically significant.

Two-variable correlations

Because of the failure of obtaining statistically sig-
nificant one-variable correlations, we attempted several
two-variable correlations. All pairs of variables have
been examined and only five such pairs were found to be
statistically significant (Table 4). Among these five two-
variable correlations; the correlation involving 1�V and
IP1 is found to be the best. This correlation is found as
under:

p IC50 mMð Þ ¼ �0:6165 �0:3015ð Þ 1�V þ 1:7096

� �0:3251ð ÞIP1 þ 3:6080 ð1Þ

This means that degree of unsaturation, the presence of
hetero-atoms, contained in 1�V and presence of NH at Z
position play dominant role in the exhibition of inhibi-
tory activity of PTX analogues.

It is worth recording that only a pair of topological
indices (W and 0�V) gave a statistically significant
model. However, its quality (Table 4) shows that it is
less important than the two-variable model proposed
above. However, statistics of the model [eq (1), Table 4]
made it necessary for us to search for a better three-
variable correlation.

Three-variable correlations

Out of the several three-variable correlations attempted
only five were found to be statistically significant (Table
4). All these three-variable correlations were found to be
statistically more significant than the best two-variable
correlation discussed above [eq (1)]. However, among
the five three-variable correlations, the correlation
involving Sz, 0�V, and IP2 was found to be the best. This
correlation is found as below:

pIC50 mMð Þ ¼ 0:0053 � 8:1955� 10�4
� �

Sz

� 2:2762 �0:3233ð Þ 0�V

þ 0:5618 �0:3105ð ÞIP2 þ 12:0758

ð2Þ

Corresponding expressions contains 1�V and IP1 in
place of 0�V and IP2, respectively were found statisti-
cally less significant. In this model [eq (2)] both Sz and
IP2play positive role. Record that IP2 is used for the
presence of OCH3 at R0. Hence, the molecular shape,
size and presence of –OCH3 favors the activity.

Four-variable correlations

Looking to the size of the sample and the quality of the
aforementioned three-variable correlation [eq (2)] makes
the search of four-variable correlations necessary. In
fact, seven such four-variable correlations were found
statistically significant (Table 4). All these seven corre-
lations were observed to be of better quality than the
best three-variable correlation discussed above [eq (2)].
However, the correlation involving Sz, 0�V, IP1 and IP2

gave best statistics. This correlation is found as under:

p IC50 mMð Þ ¼ 0:0034 �0:0011ð ÞSz

� 1:4013 �0:4499ð Þ 0�V

þ 0:9912 �0:3998ð ÞIP1

þ 0:7708 �0:2809ð ÞIP2 þ 6:7073

ð3Þ

The excellent statistics of eq (3) and looking again to
sample size makes the search of five-variable corre-
lations unnecessary. In fact, a five-variable correlation
involving W, Sz, 0�V, IP1 and IP2 and having better
statistics has been obtained (Table 4). This correlation is
found as under:

pIC50 mMð Þ ¼ 0:0018 �0:0014ð ÞW

þ 0:0024 �0:0013ð ÞSz

� 1:4787 �0:4440ð Þ 0�V

þ 0:9416 �0:3928ð ÞIP1

þ 0:6873 �0:2822ð ÞIP2 þ 7:3351

ð4Þ

Remark about collinearity defect

The three-, four-, and five-variable models [eqs (2), (3)
and (4), respectively] suffer from the collinearity defect
due to the involvement of topological indices having
high collinearity (Table 3) and that such a defect is most
pronounced in the five-variable model [eq (4)]. In spite
of this collinearity defect, all the proposed correlations
were found statistically significant. Such a situation was

Table 3. Correlation matrix for the inter-correlation of activity and molecular descriptors used in the present study

pIC50 W Sz 0�V 1�V IP1 IP2

pIC50 1.00000
W �0.0582 1.00000
Sz �0.09167 0.96215 1.00000
0�V �0.38004 0.91234 0.93801 1.00000
1�V �0.36070 0.59507 0.72340 0.78541 1.00000
IP1 0.77325 �0.02453 �0.00771 �0.27566 �0.09489 1.00000
IP2 0.19783 �0.31601 �0.38469 �0.39414 �0.30799 �0.209361 1.00000
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critically discussed by Randic26 in that he proposed that
selection of descriptors to be used in QSPR/QSAR
studies should not be delegated solely to the computers
although the statistical criteria will continue to be useful
for preliminary screening of descriptors from a larger
pool. Often in an automated selection of descriptors, a
descriptor will be discarded because it is highly corre-
lated with another descriptor already selected. What is
important is not whether two descriptors parallel to one
another, that is duplicate much of the same structural

information but whether they in those parts that are
important for QSPR/QSAR correlations. If they differ
in the domain which is important for the property/
activity considered both descriptors should be retained.
If they differ in parts that are not relevant for the
correlation of considered property/activity then one of
them can be discarded.

Considering the aforementioned recommendations of
Randic26 all the three correlations [eqs (2), (3) and (4)]

Table 4. Regression parameters and quality correlation of the significant regression equations

Compd Parameter used Ai I=1,2,3,4,5 Standard deviation Intercept B Se F R2
A R P Q=R/Se

1 W �1.3772�10�4 5.5780�10�4 �0.2237 0.7806 11.972 0.5494 0.7742 6.617�10�4 0.9918
IP1 1.7705 0.3628

2 Sz �1.9598�10�4 3.59155�10�4 0.1093 0.7749 12.267 0.5559 0.7780 5.895�10�4 1.0040
IP1 1.7712 0.3601

3 0�V �0.1657 0.1455 1.6015 0.7522 13.509 0.5816 0.7925 3.663�10�4 1.0535
IP1 1.6585 0.3636

4 1�V �0.6165 0.3015 3.6080 0.6964 17.096 0.6414 0.8254 1.066�10�4 1.1852
IP1 1.7096 0.3251

5 W 0.0061 0.0013 11.1528 0.7384 14.323 0.5968 0.8010 2.72�10�4 1.0840
0�V �1.7903 0.3354

6 W 0.0039 0.0013 6.9843 0.6154 16.422 0.7199 0.8756 5.266�10�5 1.4220
0�V �1.1663 0.3558
IP1 1.0320 0.3641

7 Sz 0.0037 0.0013 9.3312 0.6221 15.964 0.7138 0.8726 6.175�10�5 1.4026
0�V �1.6539 0.5276
IP1 0.6619 0.4569

8 Sz 0.0053 8.1955�10�4 12.0758 0.6018 17.406 0.7322 0.8814 3.782�10�5 1.4646
0�V �2.2762 0.3233
IP2 0.5618 0.3105

9 W 7.2578�10�4 6.1173�10�4 4.0184 0.6877 12.157 0.6503 0.8418 2.693�10�4 1.2240
1�V �0.8784 0.3707
IP1 1.6944 0.3212

10 W 0.0026 0.0016 13.1496 0.6133 16.570 0.7218 0.8765 5.006�10�5 1.4291
Sz 0.0035 0.0012
0�V �2.3012 0.3309

11 W 0.0038 0.0022 12.2771 0.6201 12.326 0.7157 0.8825 1.670�10�4 1.4231
Sz 0.0029 0.0015
0�V �2.5064 0.4176
1�V 0.4701 0.3726

12 W 0.0033 0.0012 4.3972 0.5523 16.447 0.7744 0.9080 3.468�10�5 1.6440
0�V �0.8901 0.3442
IP1 1.3468 0.3581
IP2 0.6592 0.3066

13 W 9.6679�10�4 5.1739�10�4 2.1355 0.5733 15.017 0.7570 0.9005 5.754�10�5 1.5707
1�V �0.7173 0.3145
IP1 1.8840 0.2765
IP2 0.8275 0.3004

14 Sz 0.0034 0.0011 6.7073 0.5193 19.069 0.8006 0.9192 1.492�10�5 1.7700
0�V �1.4013 0.4499
IP1 0.9912 0.3998
IP2 0.7708 0.2809

15 Sz 8.6773�10�4 3.7859�10�4 2.7529 8.5464 0.9101 16.882 0.7792 2.993�10�5 1.6637
1�V �0.9390 0.3451
IP1 1.8648 0.2636
IP2 0.8872 0.2902

16 W 0.0025 0.0016 9.8254 0.5904 0.8942 13.959 0.7423 8.582�10�5 1.5145
Sz 0.0022 0.0015
0�V �1.7259 0.5026
IP1 0.6418 0.4338

17 W 0.0021 0.0016 12.5010 0.5874 0.8953 14.134 0.7448 8.022�10�5 1.5241
Sz 0.0041 0.0012
0�V �2.3161 0.3171
IP2 0.4754 0.3101

18 W 0.0018 0.0014 7.3351 0.5077 0.9286 16.290 0.8094 3.380�10�5 1.8290
Sz 0.0024 0.0013
0�V �1.4787 0.4440
IP1 0.9416 0.3928
IP2 0.6873 0.2822

2922 V. K. Agrawal et al. / Bioorg. Med. Chem. 10 (2002) 2919–2926



in spite of the correlation defect be considered statisti-
cally significant as each of the parameters involved, in
spite of their collinearity, have different information
content. In our earlier communications24,25 we have
stated that though very high collinearity exists between
W and Sz, Sz has some hither to unknown information
content not present in W. Hence, we can have a statis-
tically significant model, such as the model expressed by
eq (4), in that both W and Sz are present simultaneously
in the proposed model. Furthermore, IP1 and IP2 are
used as dummy parameters to account for the structural
feature not contained in the topological indices used.

Remark on the number of parameters

At this stage it is worth making remarks on the number
of parameters involved in the proposed models, parti-
cularly on the parameters involved in the model expres-
sed by eq (4). Fortunately a thumbs rule is available in
the literature25 with regards to maximum number of
variables (molecular descriptors) to be used compared
to the size of the sample (number of compounds used).
This useful rule of thumb is that the number of com-
pounds should be 3–6 times the number of parameters
(molecular descriptors) used in the proposed model.

Considering the aforementioned thumb rule we
observed that the model proposed by eqs (1)–(3) are
much above the maximum range, while the model pro-
posed by eq (4) is just nearer to the maximum range
(five-molecular descriptor for the set of 20 compounds
used) of the applicability of thumb rule.

The usefulness of eq (4) compared to eq (3) can be
judged by estimating pIC50 values using each of these
correlations and comparing these estimated pIC50

values with the corresponding observed values of pIC50.
Such a comparison is made in Table 5 and demon-
strated in Figure 3. The predictive correlation potential
(r=0.9285 for model 4) indicate that model 4
(r2=0.862) is a better model than model 3 (r2=0.845).

More about the parameters involved

We now throw more light on the best two-, three-, four-
and five-variable correlations proposed through eqs (2)–
(4), respectively.

The first-order valence connectivity index, 1�V, distin-
guish the degree of unsaturation and the presence of
hetero-atoms; while the indicator parameter IP1 is used
for substitution at Z.

Hence, the model proposed by eq (1) is governed by the
degree of unsaturation, presence of hetero-atoms and
presence of NH substituent at Z and that it (IP1) has a
positive role in modelling inhibitory activity through the
model proposed by eq (1).

As stated earlier, Sz accounts for the cyclicity of the
compounds used. In addition to the number of cycles
present in the molecule we have shown that tree-like
(acyclic) side chain can also be accounted for the cycle
containing compounds. In the set of PTX-analogues
used the number of cycles involved in them is the same
(i.e., three cycles). Hence, the variation in Sz will
account for the combined effect due to variations caused
by Z and R0 (Fig. 2). Also, 0�V accounts for zero-order
connectivity and presence of hetero-atoms and that we
have used IP2 for the substitution of OCH3 at R0.
Hence, the number cycles, combined substitution pat-
tern at Z, and R0; for zero-order connectivity, presence

Figure 3. Correlation of observed versus estimated pIC50 using models 3 and 4, respectively.
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of hetero-atoms and IP2 is responsible for modelling
inhibitory activity through model proposed by eq (2).

Inhibitory potential of PTX analogues through the
model proposed vide eq (3) is governed by each of the
characteristics of Sz, 0�V, IP1 and IP2 mentioned above.
In this model, the characteristics (mentioned above)
associated with Sz, IP1 and IP2 play a positive role in
the exhibition of inhibitory potential, while character-
istics associated with 0�V play a negative role in the
exhibition of log IC50.

Finally, the model proposed through eq (4) accounts for
the characteristics associated with W, Sz, 0�V, IP1 and
IP2. Here, the characteristics associated with Sz, 0�V,
IP1 and IP2 are already mentioned above. Here, W is
also present in the model. The Wiener index (W)
accounts for the size, shape and branching present in
the molecules. Hence, the presence of W accounts for
the effect of size, shape and branching on the inhibitory
activity of PTX analogues used.

It is interesting to record that except the two-variable
model [eq (1)] all other proposed models contain
invariably 0�V as one of the correlating parameters. It
means that compared to 1�V, 0�V is more important in
the exhibition of inhibitory potential of PTX analogues.
This is also supported by the correlation matrix (Table
3) in that correlation between pIC50 and 0�V (�0.3800)
is comparatively more than the correlation between
pIC50 and 1�V (�0.3607).

It is worth mentioning that the correlation potential of
the proposed model should be confirmed on the basis of
combined effects of correlation coefficient (R) and stan-
dard error of estimation (Se). This combined effect can
be discussed on the basis of quality factor Q,27,28 which
is defined as the ratio of correlation coefficient (R) to the
standard error of estimation (Se), namely Q=R/Se.
That is, the higher the magnitude of R, the lower the
Se, the bigger will be Q, and the best will be the quality
of proposed model. These Q values for the different
correlations attempted are presented in Table 4 showing
that the model proposed vide eq (4) has the best corre-
lation potential.

Remark on predicting potential

It is worth mentioning that the models having the best
correlation potential need not have the best predictive
value too. As opposed to traditional regression meth-
ods, the cross-validation evaluates the validity of a
model by how well it predicts data rather than how well
it fits data. The analysis uses a ‘leave-one-out’ scheme, a
model is built with N�1 compounds and the Nth com-
pound is predicted. Each compound is left out of the
model derivation and predicted in turn. As indication of
the performance of the model is obtained from the
cross-validated (or predictive) r2CV which is defined as:

r2CV ¼
SD� PRESS

SD

Table 5. Comparison of experimental and calculated inhibition pIC50 (�M) using models 3 and 4

Compd Obs. Estimated pIC50 using

pIC50 Model-3 Res. Model-4 Res.

1 0.342 �0.072 0.414 �0.062 0.404
2 �0.155 0.385 �0.540 0.385 �0.540
3 �1.066 �0.421 �0.645 �0.331 �0.735
4 0.505 0.014 0.491 0.047 0.458
5 1.021 0.525 0.496 0.547 0.474
6 0.431 �0.180 0.611 �0.058 0.489
7 0.940 1.644 �0.704 1.634 �0.694
8 1.956 1.887 0.069 1.872 0.084
9 1.606 1.131 0.475 1.211 0.395
10 �0.658 �0.432 �0.226 �0.471 �0.187
11 1.207 0.700 0.507 0.790 0.417
12 �1.469 �1.618 0.149 �1.552 0.083
13 1.413 1.239 0.174 1.341 0.072
14 �1.678 �1.079 �0.599 �1.001 �0.677
15 1.176 1.364 �0.188 0.959 0.217
16 �1.499 �0.955 �0.544 �1.384 �0.115
17 0.919 0.926 �0.007 0.997 �0.078
18 �1.002 �1.392 0.390 �1.346 0.0344
19 1.164 1.490 �0.326 1.578 �0.414

Table 6. Cross-validation parameters for the proposed model

Model no. Parameter involved PRESS SD PRESS/SD r2cv SPRESS PSE R2
A

1 1�V, IP1 7.7595 16.5818 0.4579 0.5320 0.6364 0.6390 0.6414
2 Sz,0�V, IP2 5.4319 18.9094 0.2373 0.7127 0.6018 0.5347 0.7322
3 Sz,0�V,IP1, IP2 3.7749 20.5605 0.1836 0.8164 0.5193 0.4457 0.8006
4 W, Sz,0�V, IP1, IP2 3.3504 20.9909 0.1596 0.8404 0.5077 0.4199 0.8094
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where SD is the sum-of-squares deviation for each
activity from the mean. The predictive sum-of-squares
(PRESS) is the sum of the squared difference between
the actual and that predicted when the compound is
omitted from the fitting process. Once a model is devel-
oped which has highest cross-validated r2, this method
is used to derive the conventional QSAR equation
and conventional r2 and s values. The results of the
final model are often visualized as contour maps of the
coefficient.

In addition to PRESS, SD, r2cv, SPRESS, one also needs to
evaluate predictive-square-error (PSE) in an attempt to
decide the predictive potential of the proposed models.

These cross-validated parameters, namely PRESS, SD,
r2cv, SPRESS and PSE were calculated for each of the
proposed models mentioned above and are presented in
Table 6. In addition, Table 6 also records adjustable R2

values (R2
A) for the referred model.

A perusal of Table 6 shows that PRESS <SD for all the
proposed model and that PRESS/SD ranges between
0.4579 and 0.1596. Hence, all the proposed models pre-
dict better than chance and can be considered ‘statisti-
cally significant’. Except for the model proposed by eq
(1), all other models are statistically significant and the
model expressed by eq (4) is an excellent model. r2cv
Values also support this finding. The order of r2cv values
indicates overall predictive ability of the models: the
smaller the r2cv, the better is the predictive ability.

Table 6 shows that uncertainty of prediction (SPRESS) is
the same as standard error of estimation (Se). There-
fore, SPRESS is not a better parameter for estimating
uncertainty of prediction.

In view of the above, we have used PSE for accounting
uncertainty of prediction. It seems that, compared to
SPRESS, PSE is more directly related to the uncertainty
of predictions. The smaller the PSE value the better will
be the prediction potential of the model. Hence, based
on PSE value, we again observed that the model
expressed by eq (4) has the best predictive ability.

Finally, a perusal of Table 6 shows that R2
A value goes

on increasing as we shift from bi- to penta-parametric
models. It is particularly important when the number of
independent variables is large relative to the sample size.
In our case it is important for the model proposed by eq
(4). R2

A will decrease if the added variable does not have
a significant contribution. In our case, as we see, that
R2

A goes on increasing as we pass from bi- to penta-
parametric model indicating that all these models are
statistically significant.

Conclusions

Reviewing the analysis of the best, one-, two-, three-,
four- and five-variable regressions we arrive at the con-
clusion that even a five-variable regression model has
excellent correlation potential. The cross-validation

method further proposes that such models do have the
best predictive ability. The results also show that inclu-
sion of collinearity related parameters results in statisti-
cally significant multiparameteric models. Once again,
here also, we obtained a multiparameteric model in that
W and Sz are involved simultaneously and are still sta-
tistically significant. Such a result again proposes that in
addition to shape, size and branching effect, Szeged
index has some hitherto unknown information content.
Research in this direction is under way and will be
published soon.

Experimental

Inhibition potential

Inhibitory activity as reported by Gangjee et al.1 as IC50

were converted into their log units (log IC50) and used
in the present investigation and finally used as pIC50.

Calculation of topological indices

The calculations of topological indices (W, Sz, 0�V, 1�V)
were made using the program provided by Prof. Istvan
Lukovits, Hungarian Academy of Sciences, Budapest,
Hungry. The following expressions are used in develop-
ing this program.

The molecular connectivity indices

The connectivity index �=�(G) of a graph G is defined
by Randic21 as under

� ¼ � Gð Þ ¼
X
ij

di dj
� ��0:5

ð5Þ

where di is the valence of a vertex i, equal to the number
of bonds connected to the atom i, in G, representing the
graph of a compound. Meaning of dj is analogous.

In the case of hetero-systems, the connectivity is given in
terms of valence delta values �i

v and �j
v of atoms i and j

and is denoted by �v. This version of the connectivity
index is called the valence connectivity index and
defined as9,10 under:

�v ¼ �v Gð Þ ¼
X
ij

�vi �vj

h i�0:5

ð6Þ

where the sum is taken over all bonds i–j of the mole-
cule. Valence delta values are given by

�vi ¼
Zv

i �Hi

Zi � Zj � 1
ð7Þ

where Zi is the atomic number of atom i, Zi
v is the

number of valence electron of the atom i and Hi is the
number of hydrogen atoms attached to atom i. the �i

v -
values are available in the books of Kier and Hall.9,10

Recall that now-a-days the connectivity and the valence
connectivity indices expressed by eqs (5) and (6) are
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termed as first-order connectivity and first-order valence
connectivity index, respectively. Lower or higher order
indices are also possible which are defined analogously.

Wiener index (W)

The Wiener index (W) is the oldest topological index.6 It
is based on the vertex distances of the respective mole-
cular graph and is defined as below.

Let us denote a molecular graph G and v1, v2, v3,...,vn its
vertices. Let d(vl; vj j G) stand for the distance between
the vertices vi and vj. Then the Wiener index is defined as:

W ¼ W Gð Þ ¼ 1=2
Xn
i¼1

Xn
j¼1

d vi; vj j G
� �

ð8Þ

Szeged index (Sz)

Let e be an edge of the molecular graph G. Let n1(e j G)
be the number of vertices of G lying closer to one end of
e; let n2(e j G) be the number of vertices of G lying closer
to the other end of e. Then the Szeged index (Sz) is
defined7,8 as:

Sz Gð Þ ¼ Sz ¼
X
e

n1 eð jG j n2 e j Gð Þ ð9Þ

with the summation giving over all edges of G.

In cyclic graphs, there are edges equidistant from both
the ends of edge e; by definition of Sz, such edges are
not taken into account.

Indicator parameters (Ip1, Ip2)

Indicator variables (parameters), sometimes called
dummy variables or de novo constants,11 are used in
linear multiple regression analysis to account for certain
features which cannot be described by continuous vari-
ables. In QSAR equations, they normally describe a
certain structural element, be it a substituent or another
molecular fragment. Thus, Free Wilson11 analysis may
be interpreted as a regression analysis approach using
only indicator variables.

Regression analysis

QSAR models were proposed using multiple regression
analysis14 and predictive potential of the models was
determined by cross-validation methods.15,16 Multiple
regression analyses were carried out using Regress-1
software as supplied by Professor I. Lukovits, Hungar-
ian Academy of Sciences, Budapest, Hungary. Simi-
larly, W and Sz were calculated employing his Wiener-1
program.

Computation. All the computations were carried out in
Power Macintosh 9600/233.
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