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AćĘęėĆĈę

Graph theory hadwide applications in developing in silico tools and it iswidely
used to calculate topological indices to establish structural activity relations
of chemicals or compounds. However, usage of Zagreb indices with respect to
natural compounds activity or toxicity prediction needsmore attention. Many
available online tools are using atom bond connectivity index (ABC Index),
ϐirst and second Zagreb indices. The usage of the Hyper Zagreb index is very
rare and using natural compounds is neglected. In this context, three types
of Zagreb indices (ϐirst Zagreb index, second Zagreb index and hyper Zagreb
index) were calculated to the selected chemical compounds of natural prod-
ucts and the relation between these indices and cytotoxicity of natural com-
pounds were established. We have selected IC50 Values of the selected nat-
ural compounds in Hela cell lines as an index for cytotoxicity from the litera-
ture. The correlation of Zagreb indices and activity was performed using the
R program, and we reached the conclusion that all indices correlate with the
cytotoxicity of the studied compounds. This study acts as evidence to prove
that, hyper Zagreb index correlates more with the cytotoxicity or activity of
the studied natural compounds. Further studies using other Machine Learn-
ing tools to verify these ϐindings will establish the importance of the hyper
Zagreb index as one method to predict the toxicity of natural compounds.
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INTRODUCTION

Toxicity predictions is one among the many vari-
ables impacting the success of drug discovery. To
reduce the expenses and uncertainties of in vitro/in
vivo experiments, it is crucial to perform high-
throughput computer toxicity predictions. One
dominant and most developed toxicity prediction
method is Quantitative Structure-Activity Relation-
ships (QSAR) based on chemical structural param-
eters [1]. In the era of Big Data and artiϐicial
intelligence, toxicity prediction can also be bene-
ϐited frommachine learning, which has been widely
used in many ϐields. Characterization of chem-
ical molecule descriptors and developing a suit-
able machine learning algorithm make it feasible to

© International Journal of Research in Pharmaceutical Sciences 121

www.ijrps.com
https://doi.org/10.26452/ijrps.v13i1.32
www.ijrps.com


Siva Parvathi M. et al., Int. J. Res. Pharm. Sci., 2022, 13(1), 121-125

develop computer-based toxicity, prediction mod-
els. Literature suggests a correlation of topologi-
cal indices and toxicities using aryl hydrocarbons,
organophosphorus compounds, small molecules
etc.

In ADMET predictionmodels, molecular descriptors
are utilized to correlate the structure-property rela-
tionship in order to predict theADMETproperties of
molecules based on their descriptor values [2]. The
molecular descriptors can be classiϐied into three
types, one dimensional, two dimensional and three-
dimensional descriptors in ADMETmodels depend-
ing on the chemical representation level required for
descriptor calculation. The simplest sort of molec-
ular descriptor is one dimensional, which repre-
sents the information calculated from themolecule’s
molecular formula, such as the type and number
of atoms in the molecule, as well as the molecu-
lar weight. The two-dimensional descriptors are
much complicated than the one dimensional, and
they usually represent the information about the
molecule’s size, structure, and electronic dispersion.

Numerous investigations have found a strong
intrinsic association between chemical compounds,
chemical properties (such as boiling and melting
points) and their molecular structures. Researchers
can use well-deϐined topological indices on these
chemical molecular structures to better understand
their physical properties, chemical reactivity and
biological activity. Thus, the study of topological
indices on the chemical structure of chemical
materials and pharmaceuticals can compensate for
the lack of chemical experiments and give a theo-
retical foundation for drug and chemical material
synthesis. In 1972, Zagreb indices are developed
and established as one of the graph-theoretical
topological indices, which plays a crucial role to
explain the structural properties of the chemical
compounds in the study of QSPR and QSAR [3]. Das
and Gutman [4, 5] introduced the Zagreb indices
and some properties of chemical compounds at
the molecular level were mathematically explained
through them. Since then, the Zagreb indices have
been extensively explored and concentrated due
to their wide range of applications instead of the
existing chemical methods, which required addi-
tional time and expanded expenses. For a variety
of causes, many novel types of Zagreb indices [4–6]
are provided. The ϐirst and second Zagreb indices
are associated with different programs used for
the typical count of topological indices Viz., POLLY,
DRAGON, CERIUS, TAM and DISSIM [7].

With this, the researchers try to ϐind out the rela-
tionship between graph theory-based topological

indices and the toxicity of the chemical compounds
andexplain internal code andmathematics. Wehave
a notion that natural compounds are overall safe
when compared to synthetic compounds. Studies
using natural compounds to understand the asso-
ciation of different topological indices and activ-
ity or toxicity are sparse. Hence, this study was
planned to calculate Zagreb indices to a set of nat-
ural molecules and understand the correlation of
those indices with the reported biological activity
or toxicity. We have also tried to compare different
types of Zagreb indices for better correlation with
biological activity or toxicity.

METHODS

Data Collection and preparation
As in vivo and in vitro data for cytotoxicity in a
single cell line and animal model is required for
development and ϐinding an association of the cal-
culated Zagreb indices using the R program, we
have selected natural compounds available from the
NPASS database {http://bidd.group/NPASS/} [8].
In the NPASS database, a search was carried using a
target of Hela cell lines (Target ID – NPT165) which
revealed data points for 1856 natural compounds.

In the next step, the data was cured by eliminating
the compounds without a name, available as fatty
acids, esters, salts, isomers etc. The 2D structures
of the compounds were collected from PubChem. At
this stage, compounds having a molecular weight
above 1000 daltons were eliminated as plotting a
molecular graph for largeweight compoundswill be
more complex.

The cytotoxicity of ϐinalized 800 compounds onHela
cell lines with Target ID- NPT165 were uniformly
converted into nM data and then into their negative
logarithmic values and designated as pIC50. All the
cured data was prepared in CSV format.

Data Description
To predict in silico toxicology of compounds, many
molecular descriptorswithin the scopeof structure–
toxicity interactions have been proposed. Topologi-
cal descriptors are one among them and depend on
graph theory concepts like connectivity, degree of
a node and adjacency between nodes; refer to the
overall topology of the compound and is determined
by how atoms are related to one another. Topolog-
ical characteristics of drug molecules are calculated
usingmanymathematical indices. As Zagreb indices
are based on vertices and their degrees, they are
considered a method for estimating the topological
characters of a chemical. Hence, we have calculated
three types of Zagreb Indices for the above-prepared
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dataset in CSV format.

Deϐinition
LetG be a graph and di, dj be the degrees of the ver-
tices vi, vj respectively. Then the First Zagreb index
of a graphG is Characterized as,

M1(G) =
∑

vivj∈E(G)(di + dj)

and the Second Zagreb index of a graphG is,

M2(G) =
∑

vivj∈E(G)

(di × dj)

In the year 2013, [6] presented another distance-
based Zagreb index of a graph G named as Hyper-
Zagreb Index.

Deϐinition
Let G be a graph and di, dj be the degrees of the
vertices vi, vj respectively. Then the hyper Zagreb
index of a graphG is Characterized as,

MH(G) =
∑

vivj∈E(G)(di + dj)
2

R program
R is open-source programming and software for sta-
tistical computing. It can be available through the
internet under the general public license (GPL). R
can deal with a huge variate of mathematical and
statistical tasks, and it can handle complex statisti-
cal approaches as easily as more simple ones. R lan-
guage is widely used among statisticians and data
minors for developing statistical software, data ana-
lytics, calculation and graphic tools [9–11]. It is
an implementation of programming language com-
bined with lexical, scoping, semantics, R and its
library implements awide variety of linear and non-
linear regression models, time series, parametric
andnon-parametric tests, clustering and smoothing.
R will give minimal output and store the result in an
object.

Statistical Tool
The strength of the relationship between any two
variables is measured in terms of an index is called
the correlation coefϐicient. The study of these coef-
ϐicients shows the variables which are closely asso-
ciated with each other. There are different meth-
ods to perform correlation coefϐicients. i.e., Pear-
son correlation, Spearman correlation and Kendall.
Here we perform the pearson correlation coefϐi-
cient test. Pearson correlation(r) measures a lin-
ear dependence between two variables, and it is also
known as parametric correlation.

r =
Σ(x−mx)(y −my)√
Σ(x−mx)2Σ(y −my)2

Where x and y are two vectors of length, mx andmy

corresponds to the means of x and y, respectively.
The following were the steps to calculate the Corre-
lation coefϐicient using R programming:

1. Enter the data in a Microsoft Excel sheet and save
it as data in CSV (comma delimited) format.

2. To import data from Excel into the R console.

Syntax:

> > CuredNP<-read.csv(ϐile.choose ( ), header=T)

> CuredNP

3. To calculate correlation test between each vari-
able in the given data.

Syntax:

>cor.test(CuredNP$FZI,CuredNP$pIC50,method=”pearson”)

>cor.test(CuredNP$SZI,CuredNP$pIC50,method=”pearson”)

>cor.test(CuredNP$HZI,CuredNP$pIC50,method=”pearson”)

4. By plotting the correlation test, we display the
plot between the variables.

> plot (FZI, pIC50)

Similarly,

> plot (SZI, pIC50)

> plot (HZI, pIC50)

RESULTS

In this section, the relations between the First
Zagreb Index (FZI), Second Zagreb Index (SZI),
Hyper Zagreb Index (HZI) and cytotoxicity values of
natural compounds were established.

Figure 1: Output in R – Correlation between FZI
and pIC50

The correlation between FZI and pIC50 were
assessed using R program, and the t-test statis-
tic value was found to be t = 1.9293, which checks
whether there is any signiϐicant differences between
the FZI and pIC50 means, df is the degrees of free-
dom (n-2) is the number of data points minus 2 (df
= 413) value. A p-value represents the probability
of the correlation between the FZI and pIC50 in the
sample data.

In our study, p = 0.05438, which means that a sta-
tistically signiϐicance correlation exists between FZI
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Figure 2: Output in R – Correlation between SZI
and pIC50

Figure 3: Output in R– Correlation between HZI
and pIC50

and pIC50 values. The conϐidence interval means
the distance from the lower conϐidence limit to
the upper conϐidence limit of the correlation coef-
ϐicient values at 95% (conf.int = [-0.001768398,
0.189050787]). The sample estimated value was
assumed by the actual calculation between the sam-
ple size and width of the data, and the accuracy
correlation coefϐicient (cor. coeff) value was cor.
coeff=0.0945.

The p-value of the correlation test between these
two variables is 0.05. At the 5% signiϐicance level,
we reject the null hypothesis. There was a reason-
ably strong positive correlation between the two
variables of FZI and pIC50, and an increase in the
FZI values was associated with increases in pIC50
variables. Therefore, we conclude that there was a
linear relationship between the First Zagreb Index
(FZI) and pIC 50 values (Figure 1).

In the correlation studies between SZI and pIC50,
t value was t = 1.9778, which indicates a signiϐi-
cant difference between the SZI and pIC50means, df
was 413 with p-value = 0.04862 and the conϐidence
interval at 95%was conf.int=[-0.000606,0.191339].
The sample estimated value was assumed by the
actual calculation between the sample size and
width of the data, and the accuracy correlation coef-
ϐicient was found to be cor. coeff = 0.094.

The p-value of the correlation test between these
two variables was 0.04. At the 5% signiϐicance level,
we reject the null hypothesis. There was a reason-
ably strong positive correlation between the two
variables of SZI and pIC50, increasing in SZI values
was associated with increasing in pIC50 variables.

Figure 4: First Zagreb Index (FZI), Second
Zagreb Index (SZI), Hyper Zagreb Index (HZI)
correlation with pIC 50

Therefore, we conclude that there is a linear rela-
tionship between the Second Zagreb Index (SZI) and
pIC 50 values (Figure 2).

When HZI and pIC50 were correlated, t value
was t = 1.9815, df = 413 and p-value = 0.0482,
which means that a statistically signiϐicant
correlation existed between the inputs with
conf.int=[0.0007901129,0.1915166598] at 95%.
The sample estimated value was assumed by the
actual calculation between the sample size and
width of the data, which implicated cor. coeff =
0.097 level.

The p-value of the correlation test between these
two variables was 0.04. At the 5% signiϐicance level,
we reject the null hypothesis. There was a reason-
ably strong positive correlation between the two
variables of HZI and pIC50, increasing in HZI values
were associated with increasing in pIC50 variables.
Therefore, we conclude that there was a linear rela-
tionship between the Hyper Zagreb Index (HZI) and
pIC 50 values (Figure 3).

The pictorial representation of correlations
between FZI, SZI and HZI with pIC50 was rep-
resented in Figure 4, and Hyper Zagreb indices were
highly correlated positively to the pIC50 values
of natural compounds. Further, using additional
machine learning technologies to identify the ratio-
nale for correlation will have more uses in the ϐield
of drug discovery.

CONCLUSION

Toxicity studies are a very cumbersome, time-
consuming and costly affair in the process of drug
development. Moreover, the focus on the toxicity
of natural compounds is very sparse. In this con-
text, we attempted to use Zagreb indices to calculate
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the topological characteristics of the collected natu-
ral compounds. These inputs were used to predict
a correlation between the pIC50 values of cytotoxic-
ity and Zagreb indices from the prepared dataset. R
programming was used in the pilot evaluation and
signiϐicant relation between hyper Zagreb indices
and toxicities were found. Further studies to com-
pare between FZI, SZI and HZI to understand the
best indices among the study, for toxicity correlation
will be useful. Moreover, applying other ML tools to
understand the basis for correlation will have more
applications in the ϐield of drug discovery.
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