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Introduction

Benzimidazole is a combination of benzene and imidazole 
ring containing nitrogen, oxygen sulphur and its derivatives. 
Benzimidazole regarded as one of the promising class of bioactive 
heterocyclic compounds. It exhibits wide range of biological 
activities such as anti-microbial, anti-viral, anti-diabetic, anti-
cancerous activity, numerous anti-oxidants, anti-parasitic, anti-
helminthic, anti-proliferative, anti-HIV, anti-inflammatory, anti-
hypertensive, anti-neoplastic, proton pump inhibitor etc [1-4]. 
Benzimidazole is having electron richer properties as compare to 
imidazole or triazole due to its larger conjugated structure having 
fused ring of imidazole with benzene. Fluconazole is a triazole 
antifungal drug used for treating superficial and systematic fungal 
infections against Candida albican sand Cryptococcus neoformans. 
It is considered that Fluconazole restrain the biosynthesis of 
ergosterol and thus inhibiting the growth of fungi due to the 
triazole ring which efficiently coordinate with iron(II) ion of 
heme. In spite of this action generally it leads to severe toxicity and 
precludes its application in the treatment of deep-seated mycoses 
and life threatening systemic infections [5]. Due to its increasing 
resistance, narrow antifungal spectrum and even low activity 
against non-Candida fungi more efforts are needed towards 
further researchers of Fluconazole for developing more effective  

 
antifungal agents with broader antimicrobial spectrum and better 
therapeutic indexes.

With the increased knowledge of science, new field is 
introduced named as computational chemistry which is useful for 
changing or modifying the structures of drugs or chemicals to make 
new and effective drugs to overcome such a big issue. According 
to central idea of chemistry any physical, chemical or biological 
activity of a molecule is depend on its geometrical and topological 
structure because all the information is coded in its structure only 
[6,7]. All the chemical interaction and reactions between any two 
molecule is specific because all the sites of a molecule are not 
active i.e. the reactions takes place at specific site not globally. The 
challenging task of chemist is to correlate/evaluate the structure 
with its property/activity of selected molecule. Quantitative 
Structure- Activity Relationship (QSAR) and Quantitative 
structure- Property Relationship (QSPR) is the field of science 
which is engaged in correlating and evaluating the property/
activity of any selected compound depending on its structure. 
This scientific approach helps in conserving the resources and 
also accelerates the process of new molecules development 
for use as drugs, materials, additives, or for any other purpose. 
According to laws of quantum mechanics molecules are objects. 
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Generally theoretical descriptors and experimental descriptors 
were used and theoretical are defined and derived on the basis of 
quantum mechanics and, at the same time, there are experimental 
descriptors too [8,9]. But according to research findings it was 
proven that quantum mechanical descriptors are much superior 
to the experimental descriptors because in quantum mechanical 
descriptors there is no statistical dispersion. The site selectivity of 
selected molecule can only be defined by various DFT descriptors 
like local softness, local hardness and fukui functions [8].

Initially QSAR methods were developed by Hansch and 
Fujita [10]. The QSAR paradigm has been successfully applied 
in vast number of areas like in designing many drugs as well as 
agrochemical compounds. Besides its simplicity and speed, QSAR 
has advantages to predict some transport and metabolic processes 
which occur once the compound is administered [11]. In present 
research work, we have tried to explore a correlation between 
the known antifungal activities of benzimidazole derivatives in in 
vitro conditions with their global as well as with the local quantum 
mechanical descriptors. Further using local density descriptors 
we try to locate the most reactive site in the drug molecules. 

Finally, k Nearest Neighbors and Genetic Programming was used 
for QSAR modeling.

Computational Methods
In this venture, we have studied twenty seven derivatives of 

novel benzimidazole type of Fluconazole analogues which are used 
in the treatment of fungal infections caused by Candida albicans, 
Saccharomyces cerevisiae, and A. flavus [12]. The parent structure 
of novel benzimidazole and its derivatives which have been used 
in this study has been presented in the Figure 1. The structures 
of all novel benzimidazole derivatives have been created by ISIS 
Draw 2.2 software and 3D modeling of the instant compounds 
has been performed with the help of Gaussian 09 software. We 
have evaluated global descriptors using semi empirical using PM3 
method. Gaussian 09 software have been used to calculate the 
global descriptors by using the DFT based descriptors. It may be 
pointed out that the semi empirical methods are more reliable than 
ab-initio methods [13] in QSAR/QSPR study. Invoking Koopmans’ 
theorem [7,14] ionization energy (I) and electron affinity (A) have 
been calculated using formulae

Figure 1: Structure of various selected benzimidazole compounds.
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I = – εHOMO [7]

A = – εLUMO [14]

Thereafter, using I and A, the electronegativity (χ), global 
hardness (η), molecular softness (S) and electrophilicity index 
(ω) have been computed. For the computation of global reactivity 
descriptors, we have used the following equations-

( )I+A÷ =- ì = 2
 [15]

 Where, μ represents the chemical potential of the system. 

( )ç= ½ I- A [16]

( )S = 1/ç  [17]

( ) ( )2ù = ì / 2ç  [14]

For the computation of local descriptors, we have used the 
PM3 method [7,18-20]. The HOMO and LUMO eigen functions 
obtained from PM3 calculation have been used for computing 
fukui function (f- , f+,f0) with the help of following formulae [3,6]:

For governing electrophilic attack,

 [21]

For governing nucleophilic attack,

 [22]

For governing radical attack,

 [23]

The local softness values have been evaluated using the 

following equations: [16,24-27]

For governing electrophilic attack,

( ) ( )- -s r  = S f r  [28]

For governing nucleophilic attack

( ) ( )+ +s r  = Sf r  [16]

For governing radical attack 

( ) ( )0 0s r  = Sf r  [27]

The local philicity indices have been evaluated through the 
equations as follows: [6]

The ω- is for governing electrophilic attack,

( )- -ù =ù f r  [27]

The ω+ is for governing nucleophilic attack

( )+ +ù =ù f r [23]

The ω0 is for governing radical attack 

( )0 0ù =ù f r  [15]

The observed activity and as well as reactivity parameters, 
calculated in terms of semi empirical method, such as global 
hardness (η), molecular softness (S), electro philicity index (ω) 
and electro negativity (χ) are presented in (Table 1). Finally for 
QSAR/QSPR model building the calculated descriptors set was 
subjected to two machine learning techniques for the derivation 
of QSAR models, k Nearest Neighbours (kNN) and symbolic 
regression by genetic programming (GP). 

Table 1: Calculated local reactivity parameters; fukui functions (f-, f+, f0 ) , local softness(s-, s+, s0) and local philicity indexes (ω-, ω+, ω0) of all the 
selected derivatives.

S No Position F- F+ S- S+ ω- ω+

3a N3 0.117 1.641 0.748 10.443 0.00026 0.00370

3b N3 0.121 1.091 0.765 6.907 0.00029 0.00270

3c N3 0.133 1.020 0.859 6.574 0.00029 0.00222

3d N3 0.130 1.139 0.850 7.428 0.00027 0.00238

3e N3 0.129 1.944 0.860 12.899 0.00027 0.00406

3f N3 0.128 1.001 0.827 6.490 0.00026 0.00207

3g N3 0.130 1.734 0.833 11.083 0.00030 0.003952

3h N3 0.121 1.901 0.790 12.400 0.00026 0.004122

3i N3 0.004 0.586 0.030 3.879 1.21966 0.001550

4a N3 0.082 1.805 0.534 11.726 0.00016 0.003561

4b N3 0.085 1.750 0.553 11.370 0.00017 0.003447

4c N3 0.085 1.760 0.552 11.438 0.00017 0.003469

4d N3 0.113 1.967 0.714 12.460 0.00023 0.003981

4e N3 0.113 1.961 0.714 12.421 0.00023 0.003966

5a N3 0.057 0.792 0.370 5.165 0.00012 0.001753

5b N3 0.041 0.458 0.272 3.0317 9.39272 0.001047

5d N3 0.096 1.514 0.624 9.858 0.000200 0.003162

5e N3 0.069 5.969 0.446 38.622 0.000138 0.011928
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5f N3 0.133 1.742 0.860 11.230 0.00028 0.00368

5g N3 0.202 0.935 1.456 6.731 0.00049 0.00227

5h N3 0.112 1.243 0.749 8.276 0.00024 0.00275

5i N3 0.154 1.366 1.018 9.040 0.00033 0.00293

5j N3 0.144 1.429 0.943 9.378 0.00031 0.00309

5k N3 0.231 0.014 1.556 0.0968 0.00053 3.30325

5l N3 0.082 0.175 0.540 1.1617 0.00018 0.00041

5m N3 0.081 1.213 0.560 8.4097 0.00020 0.00306

5n N3 0.085 0.780 0.590 5.4135 0.00021 0.00193

k-Nearest Neighbors (kNN)
Thek-Nearest Neighbours (kNN) algorithm is based on the 

idea that the activity of a given compound can be predicted by 
averaging the activities of its k nearest neighbours, namely, the 
k compounds most similar to it. This idea follows directly from 
the similar property principle [29] which states that similar 
compounds have similar properties. Since chemical similarity 
between two objects critically depends on molecular descriptors 
used to characterize them, inherent to kNN is a variable selection 
procedure which identifies a set of descriptor in terms of which 
the similar properties principle is satisfied. Furthermore, due 
to the large number of descriptors subsets, this variable section 
procedure could be treated as an optimization problem. We have 
previously implemented the kNN algorithm using Monte Carlo 
(MC)/Simulated Annealing (SA) as the optimization engine [30] 
In this work we use our standard set of parameters with 105 
steps while replacing a single descriptor and randomly choosing 
k at each step. The effective temperature was set to produce an 
initial acceptance rate of ~10% and an average acceptance rate 
of ~0.5%.

kNN Optimization Based Outlier Removal
Prior to model generation, outliers were removed using a 

kNN-based outlier removal procedure [30]. Briefly, using kNN, 
predictions based on short object-neighbours distances are 
likely to be more accurate than predictions based on long object-
neighbours distances. It therefore follows that the activity of an 
outlier (which is remote from its close neighbours) is likely to 
be poorly predicted and its removal is likely to improve model 
performances. Thus, we have devised an algorithm which 
builds iterative kNN models and removes, at each iteration, that 
compound whose removal results in the largest improvement 
in model performances. For outlier removal, we ran the kNN 
algorithm using the Monte Carlo (MC) optimizer without simulated 
annealing. The procedure was run for 104 steps per iteration 
replacing a single descriptor and randomly choosing k at each 
step. The effective temperature was set to produce an acceptance 
rate of ~0.5%. The stopping criterion for outlier removal was set 
to Q2

LOO ≥ 0.85.

Library Partitioning
Following outlier removal, the remaining compounds were 

divided into modelling (75%) and validation (25%) sets. Division 

was performed with a newly developed method that uses a MC 
procedure to optimize a representativeness function for the 
selection of a subset of objects (e.g., compounds) which best 
represents the parent data set [31]. The unselected and selected 
subsets constitute the modelling (i.e., training) and validation 
(i.e., test) sets, respectively. Subsets selected by this method were 
previously shown to be useful for the evaluation of QSAR models 
in terms of their ability to predict the activities of compounds 
residing within their applicability domain [31].

Genetic Programming Based Symbolic Regression for 
Model Generation

Genetic programming [32] iteratively produce a population of 
models so that each population contains models that are better 
than those found in the previous population. This is done by 
producing an initial set of randomly generated models, ranking 
them according to their performances and applying a set of 
operators taken from evolution to the highest ranking ones. 
Repeating this process for many generations produces a “genetic 
pressure” which results in the derivation of successively better 
models until the best model is obtained. Symbolic regression [33] 
searches the space of mathematical expressions to find the model 
that best fits a given data set. In this work we used the genetic 
programming based symbolic regression tool of the Eureqa 
software [34].

Results and Discussion
Recently, Hui Zhen Zhang et al. [12] reported the synthesis 

and antimicrobial evaluation of some novel benzimidazole type 
of Fluconazole analogues with the reference drugs named as 
Chloromycin, Norfloxacin and Fluconazole. In this report we have 
tried to establish the relationship between experimental as well 
as computational theoretical calculated data using DFT based 
descriptors. In drug research it is a very difficult task to correlate 
the theoretical calculated data with the experimental data and 
also to identify the probable site of reaction in any selected bio-
active molecules using local density functional based descriptors. 
Molecular reactivity is expected due to locally but not globally. 
According to the review of earlier research papers based on QSAR 
studies it was proved that theoretical descriptors are effective in 
site selectivity are local softness, fukui functions and local philicity 
index [6]. Here we used global electron seeking parameters using 
electrophilicity index, for all the 27 derivatives of benzimidazole 
type of Fluconazole analogs. Using electrophilicity index descriptor 
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we can easily evaluate the electron donating and electron 
accepting power of the molecules, moreover while comparing 
the global electrophilicity index together with the fukui function, 
local softness and local electrophilicity index we can easily decide 
the mode of reaction as nucleophilic or electrophilic substitution 
reaction at the reactive site of a molecule.

Looking at (Figure 1), we divided all the derivatives of a 
benzimidazole in three groups according to the structure of 
substitution added at different positions. According to the 
research studies of Hui-Zhen Zhang et al., all the twenty seven 
newly synthesized compounds were subjected to in vitro 
antifungal activity against various fungal cells namely Candida 
albicans, Saccharomyces cerevisiae and A. flavususing two fold 
serial dilution technique recommended by National Committee 
for Clinical Laboratory Standards (NCCLS) with a positive control 
of clinically antimicrobial drugs Chloromycin, Norfloxacin and 
Fluconazole [35].

Antifungal Activity 
According to the research findings reported by Hui-Zhen 

Zhang et al., as shown in Table 2 all the newly prepared compounds 

was tested against all the selected fungal strains (C. albicans, 
S. cerevisiae and A.flavus). All the target tertiary amine type of 
benzimidazole derivatives displayed better activities against 
Fluconazole-insensitive A. flavus. Compound number 4c and 5m 
exhibits comparable activity against S. cerevisiae as compare to 
Fluconazole. This showed that newly prepared compounds were 
less sensitive towards other fungi as compare to reference drug. 
Compound number 4c showed better activity in compare to other 
alkyl derivatives having shorter or longer chain length. It was 
assume that the length of aliphatic chain is mainly responsible 
for the best antifungal activity. Hence it was observed that 
(CH2)8 was the most suitable length of alkyl chain for antifungal 
activity. Compound number 5m named as Bis(trifluoromethyl) 
phenyl derivative exhibits the highest antifungal activity (MIC = 
16-32μg/mL) among the other prepared tertiary amine type of 
benzimidazole compounds. Compound number 5m exerted better 
bioactivity (MIC = 16 μg/mL) against C. albicans, S. cerevisiae 
and A. flavus fungi. Another compound named 3i exhibits strong 
bioactivity against S. cerevisiae strains (MIC = 2 μg/mL), which 
is 2- and 8- fold more potent than the Fluconazole which was 
selected as reference drug respectively [12].

Table 2: Global properties using theoretical calculated data using DFT based descriptors.

S No
Calculated theoretical data Experimental data

χ Μ η S ω C. albicans S. cerevisiae A. flavus

3a 0.169 -0.169 0.157 6.364 0.0022 32 32 32

3b 0.174 -0.174 0.157 6.331 0.0024 32 32 16

3c 0.167 -0.167 0.155 6.445 0.0021 64 64 32

3d 0.165 -0.165 0.153 6.522 0.0020 64 64 64

3e 0.166 -0.166 0.150 6.634 0.0020 64 64 128

3f 0.163 -0.163 0.154 6.481 0.0020 32 64 128

3g 0.170 -0.170 0.156 6.392 0.0022 64 32 64

3h 0.168 -0.168 0.153 6.521 0.0021 32 64 64

3i 0.187 -0.187 0.150 6.623 0.0026 2 2 8

4a 0.160 -0.160 0.153 6.495 0.0019 128 128 128

4b 0.160 -0.160 0.153 6.498 0.0019 64 64 64

4c 0.160 -0.160 0.153 6.497 0.0019 16 16 64

4d 0.160 -0.160 0.157 6.332 0.0020 64 32 64

4e 0.160 -0.160 0.157 6.335 0.0020 64 64 64

5a 0.169 -0.169 0.153 6.517 0.0022 32 64 64

5b 0.173 -0.173 0.151 6.616 0.0022 64 32 64

5d 0.164 -0.164 0.153 6.508 0.0020 32 64 32

5e 0.160 -0.160 0.154 6.470 0.0019 32 64 64

5f 0.164 -0.164 0.155 6.446 0.0021 64 128 128

5g 0.186 -0.186 0.138 7.195 0.0024 128 64 128
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5h 0.171 -0.171 0.150 6.658 0.0022 32 64 32

5i 0.168 -0.168 0.151 6.618 0.0021 64 64 128

5j 0.168 -0.168 0.152 6.561 0.0021 128 128 128

5k 0.175 -0.175 0.148 6.735 0.0022 128 32 64

5l 0.174 -0.174 0.150 6.653 0.0022 32 32 64

5m 0.187 -0.187 0.144 6.931 0.0025 16 16 16

5n 0.185 -0.185 0.144 6.944 0.0024 64 32 64

While evaluating the experimental activity data with the 
calculated theoretical data using DFT based descriptors it shows 
the same results against the selected fungal strains. Looking 
at (Table 1), we see that, all the local reactivity descriptors 
for predicting the probable site of nucleophilic reaction at N3 
position of all the selected compounds. When we compared the 
fukui functions (f+ and f-) values of all the selected compounds 
then f+ values which is representing the LUMO values are higher 
than the f- values. Relying upon the relative magnitudes of fukui 
functions and local softness and local philicity values, we may 
predict that if the selected compounds undergoes the nucleophilic 
reaction, then the preferred attacking site is on the N3 position 
by a molecule. QSAR models were derived using our previously 
reported workflow [31-36]. A dataset of 27 structures with 
known antifungal activities in MIC (μM) was collected from the 
published research paper. The data were manually curated and 
subjected to descriptors calculation as discussed in the method 
section. Global descriptors were calculated and following a pre-
processing stage, the resulting data set were subjected to an 
outlier removal procedure [30a]. This procedure led to the no 
removal of compounds from the data set. The total number of 

compounds was divided into modelling sets (75%) and test sets 
(25%), it results into 20 compounds in training and 7 compounds 
each in test sets for all the three cases (C. albicans, S. cerevisiae 
and A. flavus) (Table 3) provides the results for models derived 
by the GP algorithm. A genetic programming approach provides a 
population of models rather than a single model. Here we present, 
QSAR models produced by using genetic programming method.

Looking at the (Table 3)values for antifungal activities 
against C.albians, S.cerevisiae and A. flavus are 0.63, 0.56 and 0.60, 
respectively. Accordingly, the performances of these models on 
test sets () are 0.56, 0.44 and 0.56, respectively. Overall, QSAR 
models with good prediction statistics were obtained with the 
GP method. The latter method however provides models with 
varying performances. In conclusion, here we present the QSAR 
study for the benzimidazole compounds with known MIC (μM). 
Benzimidazole is an important target for the treatment of various 
antimicrobial activity. We demonstrate that QSAR models with 
good prediction statistics could be developed. These models could 
therefore be used for the design of new benzimidazole compounds 
[37].  

Table 3: QSAR models obtained with the GP method. In each case results (RCV
2and Qext

2) are given for the model with the best performances on 
the test set. The “descriptor” column lists the descriptor with the greatest sensitivity to the model. Sensitivity is defined as the relative impact within 
a model that a variable has on the target variable. Numbers in parenthesis in the RCV

2 and Qext
2 columns, are the number of compounds in the 

training set and test set, respectively.

QSAR models Model RCV
2 Qext

2 Descriptor

QSAR model with C. albicans
Ex=2128775.6*ω+4350.9*χ

+1249.9/η 2975.6 - 1222.4*S
- 535256037.4*ω2

0.63 0.56 η

QSAR model with S. cerevisiae Ex=527.6 + -18278.46* χ/S 0.56 0.44 χ

QSAR model with A. flavus Ex = 113.8*S- 4030.6*χ 0.60 0.56 χ
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