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ABSTRACT: Multiple linear regression (MLR) as modeling tools and Imperialist Competitive Algorithm
(ICA) as optimization techniques were employed to choose the best set of descriptors for linear -log(IC,,)
(the empirical negative logarithm half maximal inhibitory concentration) prediction of the Sulfonamide
derivatives. A high predictive ability was observed for the MLR-ICA model with the best number of
empires/ imperialists (nEmp=20) and (hEmp=60) with root mean sum square errors (RMSE) of 0.03375
and 0.036665 in gas phase and in solvent, respectively. The results obtained using the MLR-ICA
method indicated that the activity of the derivatives of Sulfonamide depends on different parameters
such as HVcpx, RDF090u, E1v, Wap, R5e, Mor15v, MPC08, RDF115p descriptors in the gas phase
and including RDCHI,MATS1v, RDF115v, RDF080v, D/Dr06, piPC05,BEHp6 and G3m descriptors in
the solvent phase. It was concluded that simultaneous utilization of MLR-ICA method can lead to a
more comprehensive understanding of the relation between physico-chemical, structural or theoretical

molecular descriptors of drugs to their biological activities and facilitate designing of new drugs.
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INTRODUCTION

Sulfonamide drugs were the first antibiotics to be used
systemically, and paved the way for the antibiotic revo-
lution in medicine and Sulfonamides of derivatives
present in inhibitors of carbonic anhydrase [1-5], an-
ticancer [6] and anti-inflammatory agents [7]. Quanti-
tative structure activity relationship (QSAR) [8-11] is
one of the most efficacious approaches for designing
new chemical identities and understanding the action
mechanisms of drugs. QSAR have several variable
selection models including multiple linear regression
(MLR), genetic algorithm (GA), simulated annealing
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algorithm (SA) etc. [12]. Imperialist Competitive Al-
gorithm (ICA) is a new population-based optimization
algorithm that has recently been introduced for dealing
with different kinds of optimization problem [11-14].
The total power of an empire depends on both the pow-
er of its colonies and power of the imperialist country
because the ICA starts with an initial population called
countries and most powerful countries are selected as
imperialists and the rest form the colonies of these im-
perialists and most powerful empires tend to increase
their power while weak empires collapse. All empires
try to take possession of colonies of other empires and



control them [13, 15 and 16]. Imperialist competitive
algorithm (ICA) is a new population based optimiza-
tion algorithm [13-19] that starts with an initial popu-
lation called countries that they are divided into two
types: colonies and imperialists that all together form
some empires. The total power of an empire depends
on both the power of its colonies and power of the
imperialist country because the ICA starts with an
initial population called countries and most powerful
countries are selected as imperialists and the rest form
the colonies of these imperialists and most powerful
empires tend to increase their power while weak em-
pires collapse. All empires try to take possession of
colonies of other empires and control them [15]. In
the present study, multiple linear regressions as linear
modeling tool and Imperialist Competitive Algorithm
as optimization method was applied to investigate the
QSAR in some Sulfonamide anticancer drugs.

COMPUTAIONAL METHODS

Details of geometry optimizations of compounds
were given in our previous work. As it was described,
B3lyp/6-31g by Gaussian 09W [20] was utilized to
optimize the geometries of 34 Sulfonamide anti-
cancer drugs and Dragon program [21] was used for
calculation of 3226 molecular descriptors for each of
the 34 compounds [21]. Modeling and optimizing cal-
culations were carried out using Matlab. 2014a [14].
SPSS [17] program was used to reduce the number
of descriptors to 1047 and 1110 descriptors in the gas
and solvent phases, respectively [18]. A stepwise mul-
tiple linear regression procedure based on the step-
wise method was used for the inclusion or rejection
of descriptors in the screened models and the final se-
lected 8 descriptors in the gas and solvent phase. The
numbers of the most effective descriptors (8 descrip-
tors) chosen by a stepwise multiple linear regression
procedure in our previous work was used as a basis
for the number of descriptors in this work. The em-
ployed ICA algorithm generated random points (ma-
trix indices of descriptors) called the initial Countries
that are the counterpart of Chromosomes in GA and
it is an array of values of a candidate solution of op-
timization problem. Empires are sub-populations of
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Fig. 1. Flowchart of the Imperialist Competitive Algorithm.

countries. Assimilation, which can be regarded as a
primitive form of Particle Swarm Optimization [19]
moves all non-best countries (called colonies) in an
empire toward the best country (called imperialist) in
the same empire to find the colonies with lowest error
(RMSE of predicted —log(IC, ) using MLR versus em-
pirical values). Fig. 1 shows the imperialist competi-
tive algorithm.

In ICA-MLR method, respectively 1047 and 1110 de-
scriptors in the gas and solvent phases were consid-
ered as the population matrix. In ICA-MLR method
the number of decision variables (nVar) and number
of empires/ imperialists (nEmp) were considered 1 to
8 in the gas and solvent phase and 10, 20, 30 respec-
tively. The maximum numbers of iterations were con-
sidered 500 and Population Size and Upper Bound of
Variables were considered 1047 in gas phase and 1110
in solvent phase
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Fig. 2. Optimized structure of the compounds used to build QSAR models with B3lyp/6-31g in gas phase [18].

RESULTS AND DISCUSSION

All studied Sulfonamide derivatives [18] are present-
ed in Fig. 2.

As a first trial, 1000 number of iterations were done
to find the most powerful empires and, subsequently,
the best descriptors. A plot of the best cost values ver-
sus the number of iterations is represented in Fig. 3. It
implies that there is no variation in the best cost (MSE)
after about 300 iterations. However, in order to ensure
that the best descriptors are captured, the number of
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iterations for the rest of computations was set to 500.
In order to check the robustness of the selected de-
scriptors by varying the model parameters, the effects
of number of empires on them were studied by chang-
ing the number of empires from 10 to 20 and 30. For
choosing the most suitable number of empires, the
model was run using different number of empires and
1 to 8 number of descriptors (according to our pre-
vious work [18]). The effects of number of selected
descriptors on the chosen descriptors and the predic-
tion quality (according to R2 and RMSE) were inves-
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Fig. 3. Plot between Best Cost values compared to the vari-

ation of iteration.

tigated for each of the gas and solution phases. The
obtained results for the gas phase are given en Table 1.
In the ICA-MLR model with Max.[t=500, nEmp=20,
nVar=8 in gas phase and Max.[t=500, nEmp=30,
nVar=8 in solvent phase the RMSE and R-square were

calculated as 0.0337 and 0.9618 in the gas phase and
0.0454 and 0.9486 in the solvent phase for the pre-
dicted activity, respectively (Table 1). The statistical
parameters of ICA-MLR approaches with increasing
the nEmp 40 to 100 in gas phase and solvent phase
with MaxIt=500 are shown in Tables 2,3.

Tables 2, 3 show that in the MLR-ICA model with
Max.It=1000, nEmp=60, nVar=8, the RMSE and R-
square were calculated as 0.0366 and 0.9585 in the
solvent phase for the predicted activity, respectively,
therefore, MLR-ICA model with nEmp=20 in gas
phase and nEmp=60 in solvent phase were better than
the other models and as such, the descriptors used
in this model were important (Tables 2, 3). The plot
showing the variation of observed versus predicted —
logIC, values are shown in Figs. 4 and 5 in gas and
solvent phase, respectively.

Table 1. Statistical parameters of ICA-MLR models in gas and solvent phase

(Max.1t=500)
Predicted (Gas phase) Predicted (Solvent phase)
nVar- nEmp
R? RMSE R? RSME
1-10 0.4582 0.478379 0.4582 0.478379
2-10 0.5894 0.362595 0.5999 0.353327
3-10 0.6722 0.289485 0.7184 0.248667
4-10 0.72732 0.213919 0.8103 0.167473
5-10 0.842 0.139493 0.859 0.124484
6-10 0.8694 0.11535 0.9011 0.087334
7-10 0.8928 0.094652 0.9168 0.073453
8-10 0.9221 0.068807 0.9521 0.042252
1-20 0.4582 0.478379 0.4582 0.478379
2-20 0.5894 0.362595 0.5999 0.353327
3-20 0.6667 0.29432 0.7184 0.248667
4-20 0.7509 0.219933 0.8103 0.167473
5-20 0.8087 0.168963 0.859 0.124484
6-20 0.8996 0.088661 0.9011 0.087334
7-20 09114 0.078228 0.9243 0.066832
8-20 0.9618 0.03375 0.9578 0.037251
1-30 0.4582 0.478379 0.4582 0.478379
2-30 0.5894 0.362595 0.5999 0.353327
3-30 0.7116 0.254672 0.7184 0.248667
4-30 0.7629 0.209349 0.8103 0.167473
5-30 0.8335 0.147023 0.8476 0.134598
6-30 0.8471 0.135002 0.8888 0.098205
7-30 0.907 0.082093 0.9359 0.056634
8-30 0.9315 0.060523 0.9486 0.045403
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Table 2. Statistical parameters of ICA-MLR models in gas
phase with different nEmp (Max.1t=500)

Predicted (Gas phase)
nVar- nEmp
R? RMSE
8-40 0.9367 0.055914
8-50 0.9271 0.064397
8-60 0.9157 0.074458
8-70 0.9123 0.077426
8-80 0.9417 0.051521
8-90 0.9397 0.053252
8-100 0.9397 0.053252

Table 3. Statistical parameters of ICA-MLR models in sol-
vent phase with different nEmp (Max.It=500).

Predicted (Solvent phase)

nVar- nEmp
R? RMSE
8-40 0.9545 0.040217
8-50 0.9327 0.059386
8-60 0.9585 0.036665
8-70 0.9537 0.040923
8-80 0.957 0.037977
8-90 0.9405 0.052518
8-100 0.9544 0.040242

The plot of the variation of empirical in compari-
son with predicted —logIC, values has been shown in
Figs. 4 and 5 for gas and solvent phase respectively.
As it is understood by these Figs. the developed model
has acceptable accuracy for both phases.
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Fig. 4. Plot between predicted values versus Goal with
nVar=8 and nEmp=20, in gas phase.

The last chosen descriptors with nEmp=20 in gas
phase and with nEmp=60 in solvent phase and 8 de-
scriptors have been presented in Tables 4, 5.

The presented information in these two tables show
that RDF115p (weighted by atomic polarizabilities,
Elv (weighted by atomic van der Waals volumes),
RS5e(weighted by atomic Sanderson electronega-
tivities), Reciprocal distance Randic-type index and
BEHp6(weighted by atomic masses) in gas phase and
RDCHI descriptor (connectivity indices), weighted
by atomic van der Waals volumes, atomic Sanderson
electronegativities [29] in solvent phase are the most

Table 4. The best selected descriptors using ICA-MLR Method in gas phase (Max.[t=500, nEmp=20).

Descriptor Definition Type
HVcpx Graph vertex complexity index Information indices
RDF090u Radial Distribution Function-9.0/ unweighted RDF descriptors
1st component accessibility directional WHIM index /weighted )
Elv . WHIM descriptors
by atomic van der Waals volumes
Wap All-path winer index Topological descriptors
R autocorrelation of lag 5/ weighted by atomic Sanderson i
R5e o GETAWAY descriptors
electronegativities
3D-MoRSE-signal 15.0/weighted by atomic van der Waals )
Morl5v 3D-MoRSE descriptors
volumes
MPCO08 Molecular path count of order 8 Walk and path counts
Radial Distribution Function-11.5/ weighted by atomic )
RDF115p RDF descriptors

polarizabilities
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Table 5. The best selected descriptors using MLR-ICA Method with nVar=8 and nEmp=60 in solvent phase.

Descriptor Definition Type
RDCHI Reciprocal distance Randic-type index Connectivity indices
Morau autocorrelation lag 1/weighted by atomic van der Waals )
MATs1v 2D-autocorrelation
volumes
Radial Distribution Function-11.5/ weighted by atomic van der )
RDF115v RDF descriptors
Waals volumes
Radial Distribution Function-8.0/ weighted by atomic van der Waals )
RDFO080v RDF descriptors
volumes
D/Dr06 Distance/ detour ring index of order Topological descriptors
PiPCO05 Molecular multiple path count of order 5 Walk and path count
Highest eigenvalue n.6 of Burden matrix/weighted by atomic )
BEHp6 Burden eigenvalues
masses
3st component symmetry directional WHIM index/ weighted by )
G3m ) o WHIM descriptors
atomic Sanderson electronegativities
4 tors in the solvent phase were more significant than
pred=goal . . o1 qe
* Predicted vs goal other descriptors in building QSAR model and pre-
31 Best fitted dicting biological activity of Sulfonamide substitution
patterns. These descriptors are shown that for design-
21 . . .
= * ing this class of drugs atomic van der Waals volumes,
g atomic Sanderson electronegativities, and atomic po-
1 -
] y =0.9585x+0.0133 larizabilities i h d atomi der Waal
o R2=0.9585 arizaoiities 1 gas phas€ and atomiC van aer vvaals
0 volumes, atomic Sanderson electronegativities, in the
solvent phase are important. Also the obtained results
-1 _* . . . can be employed for designing new anti-cancer drugs.
-1 0 1 2 3 4

Goal
Fig. 5. Plot between predicted values versus Goal with

nVar=8 and nEmp=60, in solvent phase.

important descriptors for designing this class of drugs.

CONCLUSION

In this study, MLR-ICA approach was employed to
study the structure-activity relationships of 34 Sul-
fonamide Anticancer Drugs. The best descriptors with
nEmp= 20 in gas phase and with nEmp= 60 in solvent
phase were more significant than other descriptors.
These results proved that HVcpx, RDF090u, Elv,
Wap, R5¢, Morl15v, MPCO08 and RDF115p descriptors
in the gas phase and RDCHI, MATS1v, RDF115v,
RDF080v, D/Dr06, piPC05,BEHp6 and G3m descrip-
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