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Abstract

The structure—activity models of the myorelaxant activity of the cromakalim analogues have been investigated with nearly 470 topological
descriptors from DRAGON software using Combinatorial Protocol in Multiple Linear Regression (CP-MLR). Among the descriptor classes
considered in the study, the binding affinity is correlated with simple functional (FUN), topological (TOPO), atom centered fragments
(ACF), empirical (EMP), modified Burden eigenvalues (BCUT), Galvez topological charge indices (GVZ), 2D-autocorrelation (2D-AUTO)
and constitutional (CONS) descriptors. The models developed, and the participating descriptors suggest that the substituent groups of 4,6-
disubstituted-2,2-dimethylchromans hold scope for further modification in the optimization of activity. The higher path lengths rich in polariz-
ability and lower path length rich in atomic mass in addition to the lower charge indices of the molecule are beneficiary to the activity. The
participating descriptors also suggested that certain structural features such as carbon atoms attached to the heteroatom by single or multiple

bonding, and lesser or ‘no’ branching in a molecule are helpful to augment the activity.
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1. Introduction

ATP-sensitive potassium channels (K,tp channels) regulate
the flow of potassium ions through the cell membrane. These
were identified in a wide range of cell types and are found to
link the metabolic state to the electric state of the cell [1—8].
Karp channels are composed of two different protein subunits
in a 4 + 4 stoichiometry [9]. The Ksrp channel pore belongs
to the inwardly rectifying potassium channel family, which is
known as Kir6.x [10]. The second subunit, the sulfonylurea re-
ceptor (SUR) subunit, contains the regulatory sites for most
drugs [10]. Four variants of SUR, namely SURI1, SUR2A,
SUR2B and SUR2C, have been reported [11]. Karp channels
are composed of different subunits according to their tissue
localization. For example, SUR1 combined with Kir6.2 forms
the pancreatic Karp channels [12]. The combination of
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SUR2A and Kir6.2 subunits is found in cardiac and skeletal
muscle whereas the smooth muscle Kp channel is composed
of SUR2B and Kir6.1 or Kir6.2 subunits [13]. Such a feature is
a key element for the design of new Krp channel modulators.
The main challenge in the development of K rp modulators as
therapeutic agents is to search out compounds with the best
selectivity for a single Karp channel subtype. The pancreatic
Karp channels are well-known to be involved in the insulin-
releasing process [14,15] and smooth muscle Karp channels
in the control of muscle tone [16,17], the physiological roles
of the different channel subtypes have not yet been thoroughly
assessed [8,18].

Several drugs, named as potassium channel openers (PCOs),
have been found to activate Karp channels [19,20], leading to
plasma membrane hyperpolarization and reduction in cell ex-
citability. This, in turn, may provoke the relaxation of smooth
muscles and/or the inhibition of endocrine releases [21,22].
One such compound cromakalim (Fig. 1) exhibits a marked
myorelaxant activity resulting from the smooth muscle Karp
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Fig. 1. Structure of cromakalim (A) and its derivatives (B).

channels [23]. However, it is poorly active as an inhibitor of in-
sulin secretion [24,25]. Recently, in an attempt to discover
potent and pancreatic B-cell selective PCOs, a series of 4,6-
disubstituted-2,2-dimethylchromans, structurally related to
cromakalim, were evaluated [26] on insulin secretion from
rat pancreatic islets and on the contractile activity of rat aorta
rings. This structure—activity relationship (SAR) study was
mainly aimed at the incorporation of different substituents at
the said moiety (urea, thiourea, carbamate, sulfonylurea and
amide). In the present communication, a quantitative SAR
(QSAR) study on these analogues (Fig. 1, Table 1) has been

Table 1
Observed and modeled binding affinities of cromakalim and its analogues at
the rat aorta rings (Fig. 1 for structures)

Compound R; R, pEDso
number Obsd* Caled. Caled. Caled.
Eq. (1) Eq. () Eq. (3)

1 F  CONHCH,CH, 437 472 449 468
2 Cl CONHCH,CH, 517 472 449 468
3 Br CONHCH,CH, 512 496 494 487
4 F  CONHCH(CH), 396 425 401 405
5 Cl CONHCH(CHs), 384 428 439 416
6 Cl CONHCH,CgHs 482 482 490 493
7 F  CSNHCH,CH, 475 514 471 511
8 Cl CSNHCH,CH, 509 509 493 520
9 Br CSNHCH,CH, 543 517 496 520
10 F  CSNHCH(CH,), 473 459 469 475
11 Cl CSNHCH(CHs), 496 458 491 482
12 Br CSNHCH(CHs), 506 471 485 480
13 F  CSNHCH,CH; 537 510 475 488
14 Cl CSNHCH,CgHs 470 497 498 494
15 Br CSNHCH,CgHs 461 504 504 494
16 F  COOCH,CH, 414 423 428 418
17 Cl COOCH,CH, 442 425 466 433
18 Br COOCH,CH, 459 455 476 449
19 Cl CONHSO,C¢Hs 368 410 425 414
20 Cl CONHSO,C¢H, 4-CH;) 420 416 396 405
21 Cl CONHSO,C¢H, (4-Cl) 429 379 405 395
2 F COCH, 433 493 471 489
23 Cl COCH, 518 485 509 495
24 Br COCH, 519 507 514 497
25 (4)-Cromakalim 689 681 696 691
26° Br CONHCH(CHs), <352 446 443 424
27 Br CONHCH,CgHs <352 494 501 49
28 F  CONHCH,CHs ND¢ 489 457 489

* pEDs, expressed as negative logarithm on molar basis, represents the my-
orelaxant activity of KCl-depolarized rat aorta rings; taken from Ref. [26].

® Reference compound; cromakalim.

¢ Uncertain activity.

4 Not determined.

conducted to provide the rationale for drug-design and to ex-
plore the possible mechanism of their action at molecular level.

In QSAR studies, the transformation of a chemical structure
into numerical descriptors (variables) plays a pivotal role and
the meaningful dependent—independent variables’ communi-
cation results in the evolution of a variety of models with differ-
ent predictive and diagnostic values. In this way, each model
may address different substructural regions and attributes in ex-
plaining the chosen phenomenon. This provides scope to under-
stand the predictive and diagnostic aspects of different
substructural regions and in averaging them beyond the individ-
ual models. For this, it is necessary to characterize the molecules
and their structural fragments from different perspectives for the
generation of a large number of diverse descriptors. Several
computer programs based on graph theory are available to com-
pute characteristic descriptors of the molecules and their struc-
tural fragments [27—31]. Moreover, when dealing with a large
number of descriptors, for the optimum utilization of informa-
tion content of the generated datasets, it is necessary to adopt
typical protocol(s) to identify the best models as well as infor-
mation rich descriptors corresponding to the phenomenon under
investigation. The Combinatorial Protocol in Multiple Linear
Regression (CP-MLR) is an approach, amongst many others,
to address the model evolution in high-dimensional QSAR stud-
ies. In this milieu, the myorelaxant activity of cromakalim ana-
logues has been analyzed with the molecular descriptors from
DRAGON software [30] using a typical descriptor search proto-
col involving the CP-MLR approach [32—37].

2. Materials and methods
2.1. Dataset

In this study, 4,6-disubstituted-2,2-dimethylchromans or
cromakalim analogues (Table 1) have been considered from
the literature report [26] along with their myorelaxant effects,
reported in terms of the contractile activity of KCl-depolarized
rat aorta rings in the form of logarithm of the inverse of inhib-
itory concentration (pEDs, where EDs is the concentration in
moles per liter for 50% inhibition against the Karp channel).
The structures of the title compounds have been drawn in
ChemDraw [38] using the standard procedure. These struc-
tures were ported to DRAGON software [30] for the computa-
tion of parameters related to OD-, 1D-, and 2D-descriptor
classes. A total number of 472 descriptors have been obtained
corresponding to all the descriptor classes. These descriptor
classes along with their definitions and scope in addressing
the structural features are given in Table 2. As the total number
of descriptors involved in this study is very large, only the
names of descriptor classes and the actual descriptor involved
in the models have been addressed in the discussion.

2.2. CP-MLR

This method involves a ‘filter’-based variable selection pro-
cedure for the model identification and development in QSAR
studies [32—37]. It involves a combinatorial strategy with
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Table 2
Descriptor classes used for the analysis of myorelaxant activity of cromakalim analogues and identified categories in modeling the activity
Descriptor class (acronyms)® Definition and scope Descriptors’
category”
Constitutional (CONST) Dimensionless or OD descriptors; independent from molecular connectivity and conformations I
Topological (TOPO) 2D-descriptor from molecular graphs and independent of conformations I
Molecular walk counts (MWC) 2D-descriptors representing self-returning walks counts of different lengths v
Modified Burden eigenvalues (BCUT) 2D-descriptors representing positive and negative eigenvalues of the adjacency matrix, I
weights the diagonal elements and atoms
Galvez topological charge indices (GVZ) 2D-descriptors representing the first 10 eigenvalues of corrected adjacency matrix I
2D-autocorrelations (2DAUTO) Molecular descriptors calculated from the molecular graphs by summing the products of I
atom weights of the terminal atoms of all the paths of the considered path length (the lag)
Functional groups (FUN) Molecular descriptors based on counting of the chemical functional groups I
Atom centered fragments (ACF) Molecular descriptors based on counting of 120 atom centered fragments, 1
as defined by Ghose—Crippen
Empirical (EMP) 1D-descriptors represent the counts of nonsingle bonds, hydrophilic groups and ratio of 1I
the number of aromatic bonds and total bonds in an H-depleted molecule
Properties (PROP) 1D-descriptors representing molecular properties of a molecule v

# Ref. [30].

® Descriptor categories identified at the end of second stage; in this the filter values are as follows: filter-1 as 0.3, filter-2 as 2.0, filter-3 as 0.71, and filter-4 as

03< Q2 < 1.0, the number of compounds in each dataset was 25.

appropriately placed ‘filters’ interfaced with MLR and extracts
diverse models having unique combination of descriptors from
the dataset. The filters set the thresholds for the descriptors in
terms of inter-parameter correlation cutoff limits in subset re-
gressions (filter-1), #-values of the regression coefficients (fil-
ter-2), internal explanatory power (filter-3; square root of
adjusted multiple correlation coefficient of regression equa-
tion, r-bar), and the external consistency (filter-4; QZ, i.e.
cross-validated R”> from the leave-one-out procedure).
Throughout this study, for the filters-1, 2 and 4 the thresholds
were assigned as 0.3, 2.0, and 0.3 < Q2 < 1.0, respectively.
The filter-3 was assigned an initial value of 0.71. In order to
collect the descriptors with higher information content, the
threshold of filter-3 was successively incremented with in-
creasing number of descriptors (per equation) by considering
the r-bar value of the preceding optimum model as the new
threshold for the next generation.

2.3. Descriptor classification protocol

The three-stage descriptor classification protocol [33] is im-
plemented with the two descriptor combinations (baseline
models), as they are the simplest to understand and explain
the activity. In the first stage of the classification protocol,
the correlations of the activity with two descriptor combina-
tions from the individual descriptor classes (DCs) of the data-
set were used to sort the DCs into four categories. They are
primary contributors (category I: a DC forms a model with
its constituent descriptors), collective contributors (category
II: a DC unable to form a model with its constituent descrip-
tors, but forms model(s) in combination with a descriptor from
another such DC), secondary contributors (category III: a DC
forms a model(s) only in combination with category I) and
noncontributors (category IV: a DC unable to form a model(s)
in any manner like that of categories I—III). The sorted DCs
were collated in the second stage to identify all the 3-

descriptor models across the categories. In the last stage, the
individual descriptors of all three-descriptor models were
pooled to discover the higher models for the activity.

All the models identified in the last stage have further been
put to a randomization test [34,39] by repeated randomization
of the activity, without altering the original descriptors’ ma-
trix, to discover the chance correlations, if any, associated
with them. For this every model has been subjected to 100
simulation runs with scrambled activity. The scrambled activ-
ity models with regression statistics better than or equal to that
of the original activity model have been counted to express the
percent chance correlation of the model under scrutiny. The
model development procedure has been further verified by cre-
ating divergent training and test sets from the compounds of
the study.

3. Results and discussion

For 4,6-disubstituted-2,2-dimethylchromans (Table 1), sev-
eral of their descriptors from the OD- to 2D-descriptor classes
have shown significant correlation with their myorelaxant ac-
tivity. The derived models involving two descriptors from
2DAUTO, TOPO and ACF descriptor classes have been given
in Table 3.

Among these the 2DAUTO class descriptors MATS2e
(Moran autocorrelation — lag 2/weighted by atomic Sanderson
electronegativities) and MATS4m (Moran autocorrelation —
lag 4/weighted by atomic masses) correlate negatively to the
activity, whereas MATS1p (Moran autocorrelation — lag 1/
weighted by atomic polarizabilities) and GATS4e (Geary auto-
correlation — lag 4/weighted by atomic Sandersons electro-
negativities) correlate positively to the activity. Thus
suggesting the unfavorable conditions associated with lag 2
and lag 4 weighted by atomic Sandersons electronegativities
and atomic masses, respectively. On the other hand, autocorre-
lation of lag 1 weighted by atomic polarizabilities and lag 4
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Table 3

Derived models in two descriptors from category I and the statistical parameters®

Des. class Constant Variable-1 Variable-2 r 0? K F

2DAUTO 3.592 —6.107TMATS2e 2.436GATS4e 0.770 0.419 0.436 16.12

69.174 —63.677TMATS4m 14.771IMATS1p 0.754 0.354 0.449 14.53

TOPO 25.807 —63.868X2A —1.642SEige 0.825 0.448 0.387 23.46
—74.622 —0.041DELS 32.609LP1 0.822 0.604 0.390 22.94

ACF 4.257 0.581C-006 0.861C-040 0.744 0.368 0.457 13.67

# In all cases, the models were derived for n = 25; the statistical parameters r, QZ, s and F are discussed in the text.

weighted by atomic Sandersons electronegativities suggests
favorable conditions. The TOPO class descriptor LP1 {Lov-
asz—Pelikan index (leading eigenvalue)} is in favor of activity,
whereas, the contribution of X2A (average connectivity index
chi-2), SEigv (eigenvalue sum from van der Waals volume
weighted distance matrix), and DELS (molecular electrotopo-
logical variation) toward activity is negative. The ACF class
descriptor, C-006 (CH2RX), is the number of CH, whose re-
maining valences are satisfied by alkyl group and heteroatom.
C-040 (R—C(=X)—X/R—C#X/X—=C=X) is the number of
carbon atoms which are attached to heteroatoms by single/
double or triple bonds. These descriptors recommend the cer-
tain structural features for better activity.

Table 4

Even though each individual descriptor class is enriched in
information to explain the activity, but their collective influ-
ence may lead to the models of highest explained variance.
Such models, with increased number of descriptors, were iden-
tified by the CP-MLR analysis on successive increment of fil-
ter-3. For this, the optimum r-bar value of the preceding model
has been used as the new threshold of filter-3 for the next gen-
eration. At the end of a search, 52 three-parameter models
sharing 35 descriptors among themselves were identified. All
these 35 descriptors are listed in Table 4 along with their brief
meaning, and total incidence which will serve as a measure of
their estimate across these models. The identified descriptors
may further have scope in evolving the higher models. The

Descriptors identified for modeling the myorelaxant activity of cromakalim analogues along with their average regression coefficients and the total incidence

Descriptor” Avg. reg. coeff. Descriptor” Avg. reg. coeff. Descriptor” Avg. reg. coeff.
(total incidence)® (total incidence)® (total incidence)®
CONS Me —38.226(1) Ms —1.904(2)
RBN —0.246(1)1 RBF —16.731(1)
TOPO Rww —0.099(6) X2A —57.842(15)
S3K —0.520(1) PW3 30.321(7) PW4 93.001(3)
LP1 25.616(3) SEigv 0.233(1) SEige —1.480(1)
BCUT BELel 98.722(14)
GALV GGI1 —0.327(8) GGI3 —0.912(1)
GGI7 —2.661(5) GGI8 —3.556(12) JGI4 42.439(7)
2D-AUTO MATS4m —54.388(6) MATSle —6.266(1)
MATS2e —3.384(3) MATS1p 11.289(10) MATS4p 7.621(9)
GATS7v 1.387(1) GATS3e 1.235(1) GATS4e 2.661(3)
GATS7e —0.823(1) GATSI1p —1.765(9) GATS5p 1.277(1)
FUN nHDon 0.346(5)
ACF C-006 0.497(1) C-040 0.801(4)
0-058 —0.402(1) S-108 0.510(4)
EMP Hy 0.524(7)

? The descriptors are identified from the three- and four-parameter models emerged from CP-MLR protocol with filter-1 as 0.3; filter-2 as 2.0; filter-3 as 0.82;
filter-4 as 0.3 < Q2 < 1.0; a number of compounds in the study are 25; CONST: Me, mean atomic Sanderson electronegativity (scaled on carbon atom); Ms, mean
electrotopological state; RBN, number of rotatable bonds; RBF, rotatable bond fraction. TOPO: Rww, reciprocal hyper-detour index; X2A, average connectivity
index chi-2; S3K, 3-path Kier alpha-modified shape index; PW3 and PW4, path/walk Randic shape index of order 3 and 4, respectively; LP1, Lovasz—Pelikan
index (leading eigenvalue); SEigv and SElge, eigenvalue sum from van der Waals volume and electronegativity weighted distance matrix, respectively. BCUT:
BELel, the lowest eigenvalue no.1 of Burden matrix/weighted by atomic Sanderson electronegativities. GALV: GGI1, GGI3, GGI7 and GGIS, topological charge
indices of order 1, 3, 7 and 8, respectively; JGI4, mean topological charge index of order 4. 2DAUTO: MATS4m, Moran autocorrelation — lag 4/weighted by
atomic masses; MATS1le and MATS2e, Moran autocorrelation — lag 1 and 2, respectively/weighted by atomic Sanderson electronegativities; MATS1p and
MATS4p, Moran autocorrelation — lag 1 and 4, respectively/weighted by atomic polarizabilities; GATS7v, Geary autocorrelation — lag 7/weighted by atomic
van der Waals volumes; GATS3e, GATS4e and GATS7e, Geary autocorrelation — lag 3, 4 and 7, respectively/weighted by atomic Sandersons electronegativities;
GATS1p and GATSS5p, Geary autocorrelation — lag 1 and 7, respectively/weighted by atomic polarizabilities. FUN: nHDon, number of donor atoms for H-bonds
(with N and O). ACF: C-006, CH2RX; C-040, R—C(=X)—X/R—C#X/X—=C=X; 0-058, O=; S-108, R=S. EMP: Hy, hydrophilic factor; also see Ref. [30].

® The average regression coefficient of the descriptor corresponding to all models and the total number of its incidences; the arithmetic sign of the coefficient
represents the actual sign of the regression coefficient in the models.
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highest significant models, in three and four descriptors, se-
lected from the study are shown through Egs. (1)—(3)

pEDs, = 60.747 — 55.466(12.333)MATS4m
+ 12.837(2.649)MATS1p + 0.598(0.141)C-040
n=25 r=0.876, s=0.338, 0°=0.672, F=23.072 (1)

PED,, =24.913 — 65.976(10.109)X2A — 2.207(0.499)GGI7
+7.881(1.724)MATS4p
n=25 r=0872, s=0343, 0> =0.672, F=22287 (2)

PED;, = —5.694 +31.396(5.011)PW3 — 3.111(0.678)GGIS8
+10.219(2.501)MATS Ip + 1.330(0.585)GATS5p
n=25 r=0899, s=0314, 0>*=0.722, F=21.076 (3)

In all above regression equations, n is the number of com-
pounds, r is the correlation coefficient, Q2 is cross-validated
index from leave-one-out (LOO) procedure, s is the standard
error of the estimate and F is the F-ratio between the variances
of calculated and observed activities. The values given in the
parentheses are the standard errors of the regression coeffi-
cients. Above model equations were further subjected to ran-
domization process, where 100 simulations per model were
carried out but none of the identified models has shown any
chance correlation. These models were then used to calculate

the pEDsgs for all the compounds. The same were found in
parity with the observed ones (Table 1). Also, these equations
were used to predict the activities of three compounds whose
activities were either uncertain (26, 27) or unreported (28).
Additionally, the above model equations were subjected to ex-
ternal validation. For this, three test sets, each consisting of
nearly 25% of the total compounds, have been considered
and remaining compounds were included in the corresponding
three training sets. Of the three test sets, two were generated in
the SYSTAT [40] using the single linkage hierarchical cluster
procedure involving the Euclidean distances of the respective
descriptors or the activity as the case may be. The selection of
the test set from the cluster tree was done in such a way to
keep the test compounds at a maximum possible distance
from each other. The third test of the compounds corresponds
to the random selection procedure. Thus these test sets, each
having six compounds, represent different cross-sections of
compounds. The predictions of the test sets have been done
with the models developed using remaining 19 compounds
of the training sets. The residuals of the predictions of three
test sets and the corresponding predictive -, s-, Q> and F-
values of the study have been given in Table 5. In order to
identify the systematic variation and the type of behavior
shown by the congeners, the residuals obtained for the training
and test sets derived from the highest significant equation (3)
are only given here. The plots given in Fig. 2 show that the

Table 5
Predicted residual activity of different test sets (six compounds each) of the compounds of Table 1 and the statistics of test and training sets
Compd. no. Residual®

Des. clus.” Act. clus.® Random?

DI° D2f D3¢ Al° Vi A3® Ral® Ra2' Ra3®
1 —0.42 —0.17 —0.37
3 0.15 0.21 0.31
5 —0.46 —0.60 —0.37 —0.47 —0.56 —0.39
10 —0.40 0.05 —0.37
11 —0.06 0.12 —0.12 —0.03 0.14 —0.10
12 0.27 0.50 0.25
15 0.34 0.23 0.32
17 —0.33 —0.30 —0.31
19 —0.11 —0.15 0.00 —0.23 —0.20 —0.14
21 —0.01 —0.15 0.11
22 —0.47 —0.68 —0.67
23 0.02 0.27 0.14 —0.01 0.09 —0.05 —0.03 0.28 0.17
26 0.39 0.03 0.20
Test set
s 0.761 0.728 0.848 0.778 0.630 0.644 0.752 0.769 0.803
Training set
” 0.764 0.767 0.796 0.760 0.785 0.828 0.767 0.760 0.803
s 0.363 0.360 0.349 0.361 0.342 0.316 0.357 0.363 0.340
F 16.270 16.554 13.719 15.995 18.390 17.069 16.601 15.899 14.395
0* 0.537 0.645 0.622 0.616 0.700 0.703 0.632 0.636 0.659

a
b
¢ Test set from the cluster analysis of the activity of the compounds.
4 Test set from random selection of the compounds.

The training set equations are formed with the descriptors of Eq. (2).
€ The training set equations are formed with the descriptors of Eq. (3).

The difference of observed pEDs, and calculated pEDsg; the training models have 19 compounds each.
Test set from the cluster analysis of all descriptor dataset of the compounds.

D, A and Ra represent, respectively, descriptor cluster, activity cluster, and random selections; the training set equations are formed with the descriptors of Eq. (1).
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Fig. 2. Plots between observed versus residual pED50’s for the cluster of (A)
descriptor, (B) activity and (C) random selection.

residuals of the compounds considered in these sets are evenly
distributed about the residual axis which, in turn, has validated
the derived equation (3) externally.

In equations mentioned above, the 2DAUTO class descrip-
tors, MATS 1p and MATS4p, are the Moran autocorrelation of
topological structure with path length (lag) 2 and 4, respec-
tively, in the graph weighted by atomic polarizabilities.
GATS5p is the Geary autocorrelation of lag 5 weighted by
atomic polarizabilities. The regression coefficients of these de-
scriptors indicate that the higher path lengths rich in polariz-
ability content would be favorable for the improvement of
activity. The other participating 2DAUTO descriptor is
MATS4m, representing Moran autocorrelation of lag 4 in
the graph weighted by atomic masses. The negative regression
coefficient associated with this descriptor suggests that a lower
path length rich in atomic mass would be beneficial. The Gal-
vez topological charge index of order 7 (GGI7) and 8 (GGIS8)
represents, respectively, the seventh and eighth eigenvalue of
the corrected adjacency matrix of a molecule and the lower
values of these descriptors are required to improve the myor-
elaxant activity. The TOPO class descriptor, X2A, is the aver-
age connectivity index chi-2. It encodes information about
size, branching, cyclization, unsaturation and heteroatom con-
tent in a molecule. The more negative or less positive value of
this descriptor would enhance the activity. The other TOPO
descriptor, PW3 is path/walk Randic shape index of order 3.
A higher value of this index would be beneficiary to the
activity. The fragment, C-040 [R—C(=X)—X/R—C#X/X—
=C==X], a descriptor from ACF class, represents the number

of carbon atoms attached to the heteroatom by single or mul-
tiple bonding and one valence is satisfied by an alkyl group.
This structural feature in molecule would help in augmenting
the activity.

4. Conclusion

The study has provided detailed structure—activity relation-
ship of the myorelaxant activity of cromakalim analogues
(Table 1) in terms of structural requirements. The activity of
the compounds is a cumulative influence of different structural
features which were identified in terms of individual descrip-
tors. The positive regression coefficient of descriptors
MATS1p, MATS4p, GATSS5p and MATS4m recommend that
the higher path lengths rich in polarizability would be favor-
able for the improvement of activity whereas, the higher
path lengths rich in atomic mass would be unfavorable. The
lower charge indices corresponding to the seventh and eighth
eigenvalues (GGI7 and GGIS) of the molecule would augment
the activity. The regression coefficient of the parameter X2A
hints that branching would cause detrimental effect to the ac-
tivity. The positive correlation of the path/walk Randic shape
index of order 3 (PW3) suggests that a higher value of this in-
dex is beneficiary to the activity. Also, C-040 suggested that
certain structural features are helpful to augment the activity.
All the test sets (from the descriptors of the study, the activity,
and the random selection procedures) have been predicted well
by their corresponding training set equations.
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