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Abstract
Continuous flow of toxic and persistent compounds to the environment is a global health issue. However, assessing the 
toxic effects of compounds is a difficult task, because some compounds may possess a combined effect during exposure. 
Moreover, toxicity evaluation by animal testing is long and costly. Alternatively, modeling of quantitative structure–activity 
relationships (QSAR) can be used to predict the acute toxicity of molecules. Properties of toxic compounds are computed 
and correlated using softwares and databases. Recently, this method has found potential applications for the risk assessment 
of several untested, toxic chemicals. This review focuses on quantitative structure–activity relationship modeling methods 
for the analysis of toxic compounds. Computational tool and databases are presented.
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Introduction

The diversity in the chemistry of the several environmental 
toxic compounds is one of the important considerations to 
study their toxicity (Raies et al. 2016; Chen et al. 2013; Bas-
ant et al. 2016). Some of these toxic substances are exten-
sively used in day-to-day life as well as many industrial 
processes as solvents, as precursors for another compound 
such as dyes, plasticizers, pharmaceuticals, pesticides. Every 
year, millions of tons of chemicals are released into the envi-
ronment (Settivari et al. 2015; Awaleh and Soubaneh 2014; 
Perocco et al. 1983). In order to protect human health and 
the environment, risk assessments should be conducted for 
all toxic chemicals, especially for those already found in the 
environment. Several tons of these toxic compounds pro-
duced from industry and their accumulation in the environ-
mental habitats represent a global ecological danger. Also, 
many of these substances have also been reported to be 
persistent in nature (Halling-Sørensen et al. 1998; Battaglin 
and Kolpin 2009; Li et al. 2011; Luo et al. 2015; Satpathy 
et al. 2015a, b). Toxicity tests are usually used to predict 

the harmful effect of these compounds by considering the 
animal models (Raies et al. 2016). However, this is a time-
consuming process; also it is not economically feasible to 
conduct toxicity tests on each chemical individually and 
also difficult to study the combinatorial effects of the toxic 
substances on organisms. Therefore, in the field of environ-
mental toxicology and environmental chemistry, quantitative 
structure–activity relationships (QSARs) are currently used 
to predict toxicity for a number of toxic chemicals (Doke and 
Dhawale 2015; Raunio 2011; Boobis et al. 2002).

In the QSAR analysis, the relationship between physico-
chemical properties and toxicological effects can be repre-
sented as mathematical models, termed quantitative struc-
ture–activity relationships models (Fig. 1).

Furthermore, by a proper selection of the training com-
pounds, QSARs can cover large series of similar compounds 
and thus provide the basis for an efficient and comparative 
screening assessment of toxic substances (Tunkel et al. 
2005; Hulzebos et al. 2005; Satpathy et al. 2015a, b). This 
article is an abridged version of the chapter published by 
Satpathy (2018), chapter 10 in the series Environmental 
Chemistry for a Sustainable World (http://www.sprin​ger.
com/serie​s/11480​). *	 Raghunath Satpathy 
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Quantitative structure–activity relationship 
analytical methods

The QSAR method begins by taking a suitable group of 
compounds known as training dataset. The required molec-
ular features of a suitable training set are data maybe taken 
from the literature, various databases and sometimes com-
puted by the software tools. The parameter to be studied 
and correlated with the molecular features may be either 
a physicochemical property. After the proper selection of 
training set, the actual QSAR modeling starts. The mod-
eling procedure is to statistically correlate the molecular 
feature along with the biological/environmental properties 
of consideration (Fig. 2). Finally, the measure of good-
ness-of-fit of the QSAR models (validation) is performed 
by determination coefficient (R2) or adjusted determination 
coefficient (Radj2), summary square error (SSE) (reflects 
the deviation of predicted values from observed values), 
root mean square error (RMSE), used to indicate the preci-
sion of prediction and F-test (a variance test method of the 
overall significance level).

Computational tools

QSAR-based toxicology research utilizes a wide variety 
of computational tools (Pirhadi et al. 2016; Liao et al. 
2011), such as databases for storing data about chemi-
cals, their toxicity and chemical properties, software for 
generating molecular descriptors and simulation tools 
to generate the QSAR equation and validation (Tables 1 

and 2). However, the good predictive models for toxicity 
parameters depend crucially on selecting the right math-
ematical approach and the right molecular descriptors for 
the particular toxicity endpoint.

Fig. 1   Overview of quantitative structure–activity relationships (QSAR)-based analysis on toxic compounds

Fig. 2   Steps of quantitative structure–activity relationship modeling 
methods for prediction of toxic compounds
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Applications for the prediction of toxic 
compounds

In the field of environmental toxicology, quantitative struc-
ture–activity relationships (QSARs) methods have been used 
as robust tools for predicting the toxicity of chemicals when-
ever no or little amount of data are available. The QSAR 
analysis has been used to predict a specific chemical class 
that behaves in a toxicologically similar manner (Pavan et al. 
2008; Chen et al. 2004; Li et al. 2006). In the case of human 
being, the prediction of the acute toxicity of a compound 
is an important task in order to justify the in the regula-
tory assessment of particular compounds. However, mostly 
this information is obtained from the animal studies that is 

related to animal ethics and cost considerations. Therefore, 
the method alternative to animal experiments is preferable 
(Lapenna et al. 2010; Raies and Vladimir 2016). As a power-
ful technique, the QSAR methods have been widely applied 
in toxicology by many researchers. Cronin et al. (2003) 
emphasized that the application of QSAR techniques to pre-
dict ecologic effects and environmental fate of chemicals for 
facilitating the regulatory agencies and authorities will find 
them to be acceptable alternatives to chemical testing. Rob-
erts (1991) studied the acute lethal toxicity data for a range 
of anionic and nonionic surfactants by QSAR modeling to 
predict by calculated log P (octanol/water) values. The tox-
icity prediction about active ingredients in pharmaceutical 
products and their importance and mechanism have been 

Table 1   Software tools and servers details for calculating variables in toxicity prediction in case of compounds

Sl. no. Software Availability Application

1 ADMET Predictor http://www.simul​ation​s-plus.com/ Quantitative prediction of estrogen receptor toxicity 
in rats

2 ACD ToxSuite (ToxBoxes) http://www.acdla​bs.com/produ​cts/admet​/tox/ Prediction of endoplasmic reticulum (ER) binding 
affinity prediction

3 CAESAR http://www.lhasa​limit​ed.org/ Two classification models for developmental toxicity
4 Derek https​://www.lhasa​limit​ed.org/ Different levels of classification models (based on 

developmental toxicity)
5 Leadscope http://www.leads​cope.com/ Classification models for developmental toxicity in 

the rodent fetus
6 MolCode toolbox http://molco​de.com/ Quantitative prediction of rat ER binding affinity 

and AhR binding affinity
7 MultiCASE http://www.multi​case.com/ Classification models for developmental toxicity 

associated with drugs
8 OSIRIS property explorer http://www.organ​ic-chemi​stry.org/prog/peo/ Predicts mutagenicity, tumorigenicity, irritating 

effects and reproductive effects
9 PASS http://ibmc.p450.ru/PASS// Classification models giving the probability of 

reproductive toxic effects.
10 T.E.S.T.: the toxicity estima-

tion software tool
http://oasis​-lmc.org/ Developmental toxicity estimation

11 TOPKAT http://www.accel​rys.com Classification model for developmental toxicity of 
pesticides, industrial chemical

12 Toxboxespharma algorithms http://pharm​a-algor​ithms​.com/tox_boxes​.htm A classification model for the prediction of ER 
binding

13 VirtualToxLa http://www.biogr​af.ch Classification model for endocrine disrupting 
potential

14 HAZARD EXPERT http://www.compu​drug.com/hazar​dexpe​rtpro​ Human carcinogenicity and genotoxicity prediction
15 Toxline https​://toxne​t.nlm.nih.gov/cgi-bin/sis/htmlg​

en?TOXLI​NE
Human neurotoxicity prediction

16 BCABAF https​://www.epa.gov/tsca-scree​ning-tools​/epi-suite​
tm-estim​ation​-progr​am-inter​face

Prediction of bio-concentration of toxic substances

17 PCKOCWIN cpas.mtu.edu/cenci​tt/oppt/tsld0​19.htm Prediction of soil sorption with the toxic chemicals
18 BIOWIN envir​osim.com/produ​cts/biowi​n Prediction of biodegradability of toxic substances
19 KOWWIN https​://www.epa.gov/tsca-scree​ning-tools​/epi-suite​

tm-estim​ation​-progr​am-inter​face
Estimates octanol–water partition coefficient of toxic 

chemicals
20 AMBIT http://ambit​.sourc​eforg​e.net/intro​.html Chemical structure search, and predictive model can 

be obtained
21 PreADMET https​://pread​met.bmdrc​.kr/ Prediction of ADME data and toxicity prediction

http://www.simulations-plus.com/
http://www.acdlabs.com/products/admet/tox/
http://www.lhasalimited.org/
https://www.lhasalimited.org/
http://www.leadscope.com/
http://molcode.com/
http://www.multicase.com/
http://www.organic-chemistry.org/prog/peo/
http://ibmc.p450.ru/PASS/
http://oasis-lmc.org/
http://www.accelrys.com
http://pharma-algorithms.com/tox_boxes.htm
http://www.biograf.ch
http://www.compudrug.com/hazardexpertpro
https://toxnet.nlm.nih.gov/cgi-bin/sis/htmlgen%3fTOXLINE
https://toxnet.nlm.nih.gov/cgi-bin/sis/htmlgen%3fTOXLINE
https://www.epa.gov/tsca-screening-tools/epi-suitetm-estimation-program-interface
https://www.epa.gov/tsca-screening-tools/epi-suitetm-estimation-program-interface
http://cpas.mtu.edu/cencitt/oppt/tsld019.htm
http://envirosim.com/products/biowin
https://www.epa.gov/tsca-screening-tools/epi-suitetm-estimation-program-interface
https://www.epa.gov/tsca-screening-tools/epi-suitetm-estimation-program-interface
http://ambit.sourceforge.net/intro.html
https://preadmet.bmdrc.kr/


126	 Environmental Chemistry Letters (2019) 17:123–128

1 3

reviewed by Kruhlak et al. (2007). The successful prediction 
of genotoxicity of the compounds like 2-amino-9H-pyrido 
[2, 3-b] indole (AαC) and 2-aminoacetophenone (2-AAP) by 
QSAR has been studied by Worth et al. (2013). Compara-
tive evaluation and prediction of mammalian acute toxicity, 
by considering lethal dose (LD50) as a dependent variable, 
have been studied by Gonella Diaza et al. (2015) in a data-
set of 7417 toxic chemical compounds. Also, to predict no 
observed effect level (NOEL), developmental and reproduc-
tive toxicities have been successfully predicted by Hisaki 
et al. (2015) from a total of 892 toxic chemicals.

Advantages of quantitative structure–
activity relationship‑based studies

The QSAR-based study of toxic compounds having advan-
tages summarized below:

•	 Prediction of the environmental fate of the toxic com-
pounds such as bio-concentration, soil sorption, biodeg-
radation and so on.

•	 Since the prediction methods are computer based, they 
provide a rapid assessment of toxicity of these com-
pounds.

•	 Further, they have the capability of reducing, and even 
replacing, animal tests for toxicological assessment of 
the pollutant compounds.

•	 Industrial users can apply these models to screen new 
compounds and to assist in the process of designing out 
toxic features of new chemical entities. Ultimately, this 
information can be used by the regulatory agencies to 
impose the regulation of new and existing chemical com-
pounds.

•	 Prediction of toxicity can be applied to environmental 
risk assessments for common pollutants.

Challenges

Although QSAR-based methods have enormous potential for 
analyzing the toxic profile of compounds, certain challenges 
should be overcome.

•	 Problems in Biological dataset

The foremost important thing in QSAR analysis is the 
data. One of the limitations is that very little amount of bio-
chemical data are available in terms of mechanism of toxic 
action. Therefore, for validation purpose, it faces a problem, 
thereby causing inconsistency in prediction.

•	 Better selection of dependent and independent variables 
and domain applicability

Predictions of toxicity should be made within the domain 
of applicability of an appropriately validated QSAR. 

Table 2   Description of nine major types of databases to compute the descriptor calculation in case of toxic compounds

Sl. no. Databases Availability Application

1 Toxicology Data Network (Toxnet) Devel-
opmental and Reproductive Toxicology 
Database (DART)

http://toxne​t.nlm.nih.gov/cgibi​n/sis/htmlg​
en?DARTE​TIC

References to the developmental and repro-
ductive toxicology

2 Endocrine Disruptor Knowledge Base 
(EDKB)

http://www.fda.gov/Scien​ceRes​earch​/Bioin​
forma​ticsT​ools/Endoc​rineD​isrup​torKn​
owled​gebas​e

Contains in vitro and in vivo experimental 
data for toxic chemicals

3 Endocrine Active Substances information 
system (EASIC)

https​://eurl-ecvam​.jrc.ec.europ​a.eu/datab​
ases/eas_datab​ase

Provides information for chemical structure, 
toxicity

4 NureXbase http://www.nursa​.org Information on chemical structure, proper-
ties and mechanism of endocrine action

5 OECD (Q)SAR Toolbox http://www.oecd.org/env/ehs/riska​ssess​
ment/theoe​cdqsa​rtool​box.htm

Contains reproductive toxicity data

6 Acute Toxicity Database https​://www.cerc.usgs.gov/data/acute​/acute​
.html

Database of aquatic acute toxicity test results 
for chemicals

7 Distributed Structure-Searchable Toxicity 
(DSSTox) Database

https​://www.epa.gov/chemi​cal-resea​rch/
distr​ibute​d-struc​ture-searc​hable​-toxic​ity-
dssto​x-datab​ase

Resources for supporting improved predic-
tive toxicology

8 TerraBase http://www.terra​base-inc.com/ Quick search of compounds with specific 
biological effects

9 EXTOXNET http://extox​net.orst.edu/pips/ghind​ex.html Pesticide information including experimental 
toxicity value

http://toxnet.nlm.nih.gov/cgibin/sis/htmlgen?DARTETIC
http://toxnet.nlm.nih.gov/cgibin/sis/htmlgen?DARTETIC
http://www.fda.gov/ScienceResearch/BioinformaticsTools/EndocrineDisruptorKnowledgebase
http://www.fda.gov/ScienceResearch/BioinformaticsTools/EndocrineDisruptorKnowledgebase
http://www.fda.gov/ScienceResearch/BioinformaticsTools/EndocrineDisruptorKnowledgebase
https://eurl-ecvam.jrc.ec.europa.eu/databases/eas_database
https://eurl-ecvam.jrc.ec.europa.eu/databases/eas_database
http://www.nursa.org
http://www.oecd.org/env/ehs/riskassessment/theoecdqsartoolbox.htm
http://www.oecd.org/env/ehs/riskassessment/theoecdqsartoolbox.htm
https://www.cerc.usgs.gov/data/acute/acute.html
https://www.cerc.usgs.gov/data/acute/acute.html
https://www.epa.gov/chemical-research/distributed-structure-searchable-toxicity-dsstox-database
https://www.epa.gov/chemical-research/distributed-structure-searchable-toxicity-dsstox-database
https://www.epa.gov/chemical-research/distributed-structure-searchable-toxicity-dsstox-database
http://www.terrabase-inc.com/
http://extoxnet.orst.edu/pips/ghindex.html


127Environmental Chemistry Letters (2019) 17:123–128	

1 3

Appropriately choosing descriptor variables and depend-
ent variable leads to a good prediction of the model. Also, 
the number of independent variables in the case of specific 
chemicals is important for model generation and prediction.

•	 Variability in toxicity action of compounds

Usually, it is expected that similar toxic chemicals pos-
sess similar mechanism of action in toxicity, but any of the 
compounds that do not possess the same mechanism of 
action will show up as outliers; that is, they will not be well 
modeled by the QSAR.

Conclusion

The development of models for quantitative structure–activ-
ity relationships (QSARs) and its application for toxicologi-
cal effects are of great importance. A million number of 
chemicals from industry and other sources are released and 
exposed to the environment, but little is known about the 
toxicity of them. It would be difficult, expensive and time-
consuming to test all such chemicals for toxicity. Due to 
this, QSAR methods have been used to interpret the toxicity 
and also many regulatory agencies are beginning to accept 
toxicities predicted by QSAR. The basic principles behind 
QSAR analysis are a prediction of biological activities from 
chemical structures that are closely related. However, while 
performing the analysis many of the aspects are to be con-
sidered such as avoiding the false correlation of the data and 
perfect experimental design. Therefore, validation process 
for the experiment must be observed carefully.
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