
http://www.e-journals.in                                         Chemical Science Transactions 
DOI:10.7598/cst2014.719                                                                          2014, 3(2), 676-688 

Computer Aided Pesticide Design:  
A Rational Tool for Supplementing DDT Lacunae 

VANDANA SAINI and AJIT KUMAR* 

Toxicology & Computational Biology Group,  
Centre for Bioinformatics, M.D. University, Rohtak, India 
akumar.cbt.mdu@gmail.com 

Received 7 September 2013 /Accepted 6 October 2013 

Abstract: The reliance of mankind on synthetic pesticide, particularly dichloro diphenyl-trichloro 
ethane (DDT) reached its zenith during 1950s-60s, since the first application during second world 
War. But very soon it faced a serious scientific opposition due to its bio-magnifying nature and was 
banned in 1970s in most part of world with certain exceptional usage in health control programmes. 
Although, the pesticidal activity range and economic viability of DDT has never been questioned 
and still there are several voices to bring back DDT. To answer this controversy is the search for 
new DDT like pesticide with similar pesticidal efficacy and lower ecological accumulative effects. 
Recent advances in computer aided molecular design has provided us very robust, economic and 
time and labour saving tool to design and develop new chemical entities with pesticidal activity 
similar to DDT and has good commercial prospects as well. The present paper reviews the brief 
history of DDT and the developments in computational and molecular design methods to rejuvenate 
the era of new pesticide research. 
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Introduction 

Pesticides are economic, labour-saving, and efficient tool of pest management with great 
popularity in most sectors of the agricultural production and health control programmes. In 
spite of their popularity and extensive use, health risks arising from the exposure of farmers 
when mixing and applying pesticides or working in treated fields and from residues in food 
and in drinking water for the general population have been raised, making it a necessary evil 
in modern agricultural and pest management practices. 

 Pesticides are chemically classified into four categories namely, organochlorine (OC), 
organophosphate, carbamate and pyrethroid pesticides. OC pesticides are the oldest 
developed pesticides which mainly affect sodium channels by preventing the deactivation or 
closing of channels after activation and membrane depolarisation. The hyper excitability 
results in repetitive discharges in neuron after a single stimulus1. Many of OC pesticides 
(DDT, BHC etc.) were commonly used in the past, but have been removed from the market 
because of  environmental and  health risks2. As  far as their  biological activity is concerned  
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against target organisms, OCs showed very good results but were banned worldwide 
because of their toxic effects due to biomagnification in food chain and their persistence in 
environment. 

DDT: A wonder pesticide 

DDT, an OC pesticide, was first synthesized by Zeidler in 1874 but it was used as an 
insecticide in the year 19393. DDT is 1,1,1-trichloro-2,2-bis-(p-chlorophenyl) ethane with 
chemical formula C14H9Cl5. So, for every molecule of DDT, there are 14 carbon atoms, 9 
hydrogen atoms and 5 chlorine atoms (Figure 1). In its pure form, DDT is a white, 
crystalline powder with little odour. DDT's long life is due to its low solubility in water and 
it's relatively high solubility in fats. 

 
[a] 

 
[b] 

Figure 1. Space fill model [a] and Ball & Stick model [b] of DDT 

 After the discovery that DDT can be used against insects, it was extensively used by 
almost all the countries around the world for agriculture and health programs. DDT played 
heroic role not only during green revolution in India but also in other countries in increasing 
the agricultural productivity and in controlling vector borne epidemics. DDT is the most 
recognized insecticides all over the world due to the fact that its use has helped reveal the 
numerous hazards coupled with the use of synthetic pesticides. DDT is a colorless, odorless, 
and insoluble toxic pesticide which contains about fourteen chemical substances in it. This 
chemical is known for eradicating and destroying harmful insects like flies, mosquitoes, and 
lice. It is also widely used to kill agricultural pests. The many benefits of DDT include: 

Disease control 
DDT has been used to kill organisms that are responsible for causing malaria, filariasis and 
dengue fever. The use of this disinfectant has probably saved the lives of about 50 million 
people from these diseases4. 

Effective for long periods 
DDT is highly persistent and continues to be effective in killing disease causing mosquitoes 
for months after being applied5. 

Beneficial for plants 
As water spray or crop dust DDT has been routinely used on orchards, fields, gardens, and 
forests. There was time when the use of this chemical had increased so much that it was 
registered to be used on more than 300 agricultural crops all over the world6. 

Durable in nature 
DDT is highly durable in nature and in some of its applications it is effectual for more than 
12 years. This chemical cannot be easily washed by water and it also resists breakdown by 
air and light7. 

Low price 
This chemical is quite cheap and can be afforded by all to kill any kind of insects and pests8. 
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Low toxicity to humans 
The chemical is highly toxic to bugs and insects, but has very low toxicity to all mammals 
including humans. Thus, this chemical can be directly applied to the human skin for killing 
parasites without causing harm to the person using it7,8. 

DDT-A tonic...or toxin? 
Since Rachel Carson's Silent Spring, conservationists in rich, developed countries have 
waged a decades-long campaign, no less persistent than DDT itself, to convince 
governments and citizens that DDT is an irredeemable pollutant. They have been very 
successful: Every industrial country, without exception, has ceased using DDT9. 

 In this kind of 'balance of risks' paradigm, the evidence must be scrupulously weighed. 
Although the International Agency for Research on Cancer rates DDT as a possible human 
carcinogen (along with, notably, several pharmaceutical drugs), not one case-control study of 
DDT's human carcinogenicity has been affirmatively replicated. Breast cancer furnishes the 
clearest example: the first study to correlate DDT exposure with statistically elevated risk10 has 
now failed to be replicated at least 8 times11-18 and of these later studies, some found exposure 
to significantly reduce risk17,18. Much the same can be said of studies indicating involvement of 
DDT in multiple myeloma, hepatic cancer and non-Hodgkin lymphoma19-20. 

 Indeed, if precaution is relevant, it favours spraying houses with DDT, because it is 
affordable or effective where other interventions may not be. Cost data from India show that, 
even using DDT alone, the entire national malaria-control budget is sufficient to protect only 
65% of high-risk persons. Switching to malathion, the next-cheapest alternative, reduces that 
coverage to 21%, which leaves 71 million more persons unprotected21. House spraying also 
has the advantage that it protects whole families, which is sometimes overlooked in 
comparing it with insecticide-treated bed-nets, which protect only one or two people at a 
time22. Simply put, there are too few economic studies to determine with certainty whether 
bed-nets are more or less cost-effective than DDT house spraying23.  

 The debate about the rationality of DDT usage may continue further, but a fact remains 
unquestioned at its place that it is the most economic synthetic pesticide which has changed the 
perception of uncontrollable vector borne diseases and agricultural yield increase, because of 
its mode of action. Also, the fact remains true that everything can wait but hunger cannot. 

Mode of action of DDT 
The voltage-gated sodium channel (VGSC) is the target site for insecticides such as DDT 
and synthetic pyrethroids24. The mode of action of DDT was investigated in the homology 
model of VGCS generated for house fly, Musca domestica L. using docking simulation 
studies. Binding studies demonstrated the existence of membrane receptors which bind 
specifically to DDT. The receptors show properties to be expected of a critical target site of 
these insecticides25. DDT affects mainly the peripheral nervous system, initial contact with 
the insecticide causing neurons to fire spontaneously causing muscles to twitch, with 
resulting tremors throughout the body and appendages, the so-called ‘DDT jitters’. 
Eventually, over the course of a few hours or days, DDT exposure leads to excitatory 
paralysis and consequent death of the insect. Compared with some insecticides DDT is 
rather slow acting. Its effects at a neuromuscular junction are brought about by 
depolarization due to an increased frequency of miniature post-synaptic potentials due to an 
accelerated spontaneous release of neurotransmitter. If depolarization continues the 
neuromuscular junction becomes blocked due to depletion of neurotransmitter25. The 
resistance of DDT in target pests has also been attributed to the VGSCs24,26. 
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Voltage gated sodium channel 
Voltage gated sodium channels are integral membrane proteins that form ion channels, 
conducting sodium ions (Na+) through a cell's plasma membrane27,28. They are classified 
according to the trigger that opens the channel for such ions, i.e. either a voltage-change 
("Voltage gated", "voltage sensitive" or "voltage dependant" sodium channel also called 
"VGSCs" or "Nav channel") or binding of a substance (a ligand) to the channel (ligand-
gated sodium channels).In excitable cells such as neurons, myocytes and certain types 
of glia, sodium channels are responsible for the rising phase of action potentials. 

 The α-subunit has four repeat domains, labelled I through IV, each containing six 
membrane-spanning segments, labelled S1 through S6 (Figure 2). The highly conserved S4 
segment acts as the channel's voltage sensor. The voltage sensitivity of this channel is due to 
positive amino acids located at every fourth position. When stimulated by a change 
in transmembrane voltage, this segment moves toward the extracellular side of the cell 
membrane, allowing the channel to become permeable to ions. The ions are conducted through 
a pore, which can be broken into two regions. The more external (i.e., more extracellular) 
portion of the pore is formed by the "P-loops" (the region between S5 and S6) of the four 
domains29. This region is the narrowest part of the pore and is responsible for its ion selectivity. 
The inner portion (i.e., more cytoplasmic) of the pore is formed by the combined S5 and S6 
segments of the four domains. The region linking domains III and IV is also important for 
channel function. This region plugs the channel after prolonged activation, inactivating it30. 
DDT has been investigated to bind on the upper half of the cavity region between S4-S5 linker, 
S5 helix and S6 helix24,31. All these studies were based on the homology model insect VGSC 
constructed using the crystal structure of voltage gated potassium channel of insects and the 
studies were limited in themselves. But the x-ray crystallography solved crystal structure of 
closed bacterial VGSC was reported for the first time32 in 2011 and was followed by the report 
of open bacterial VGSC33. These latest reports of crystal structure solutions of VGSC have 
opened a gateway to several in-silico studies involving VGSCs including DDT action. Thus a 
new era of computer aided pesticide design beckons the pesticide chemists.  

 
Figure 2. Trans-membrane topology of voltage gated sodium channel showing predicted 
binding sites of DDT (Adopted from Davies et al.31) 

In-silico tools in pesticide design & development 
Today throughout the world the principles of the 3R’s are embedded in legislation which 
governs the ethical use of animals in science. 3R’s represent - Replacement, Reduction and 
Refinement. In-silico tools have always been a very good alternative to replace animal 
experimentations. Also, the in-silico tools have always been at the central stage of drug and 
pesticide design and discovery. It is estimated that the Protein Data Bank (PDB) contains 
over 92,505 three-dimensional structures34.  Advances in genomics and bioinformatics have 
allowed the identification of genes that code the  primary  sequences of hundreds of thousands 



Chem Sci Trans., 2014, 3(2), 676-688                  680            

of proteins, many of them being potential pharmacological targets. Several advances have 
been made in the field of proteomics (homology modeling, modeling protein folding, etc) to 
convert primary sequence information of biopolymers into 3D structural information. When 
advances in genomics, proteomics and molecular modeling are integrated, we obtain the 
‘from genome to drug’ drug design protocols35,36.  

 The pharmacodynamic aspects, as well as the hardware and software tools employed in 
computer aided pesticide design are practically identical with those used in drug design, except 
for the pharmacokinetic considerations in the later37. The number of known experimental 
structures of pharmacological targets in the field of pesticide chemistry is significantly smaller 
than in medicinal chemistry38. Hence, pesticide chemists have to rely more upon indirect ligand 
based pesticide design methodologies. The major in-silico tools employed in pesticide design are 
– Virtual Screening, Molecular modelling, QSAR, Phylo-genomics and –proteomics, etc. 

Virtual screening 
Virtual screening (VS) has always been on the central stage of computational chemists and 
biologists. It is defined as automatically evaluating very large libraries of compounds using 
computer programs39. More practical vs. scenarios focus on designing and optimizing 
targeted combinatorial libraries and enriching libraries of available compounds from in-
house compound repositories or vendor offerings. The aim of virtual screening is to identify 
molecules of novel chemical structure that bind to the macromolecular target of interest. 
Thus, success of vs. is defined in terms of finding interesting new scaffolds rather than many 
of hits vs. has already a good success story in the field of medicinal chemistry40,41 and its 
usage in pesticide design and development is still in infancy. 

QSAR methodologies 
QSAR model are regarded as a scientifically efficient tool for predicting and classifying the 
biological activities of untested chemicals in both drug discovery and environmental 
toxicology42. QSAR decreases the number of compounds to be synthesized by facilitating the 
selection of most promising candidates. Developing scenario foretell the spread of QSAR 
beyond the pharmaceutical industry to human and environmental regulatory authorities for use 
in toxicology43. QSAR models are useful in research for purposes beyond prediction44. 
Existing structure–activity data provides insights into mechanism or identifying an alternative 
mechanism of action, identifying important structural characteristics, suggesting new design 
strategies and synthetic targets, narrowing the dose range for a planned assay, assisting in 
generation of new hypotheses to guide further research, and revealing chemicals that deviate 
from the QSAR model. Several successful QSARs have attracted the medicinal chemists to 
investigate the relationship of structural properties with biological activity45-47. 

 QSAR (Quantitative Structure Activity Relationship) relates the biological activity of 
molecule to some selected features of their physicochemical structure by means of a statistical 
tool. QSAR are based on the assumption that biological activity of a compound is related to its 
molecular properties. QSAR came into existence with works of Hansch et al. and Free et al48,49. 
Biological activity of congeneric molecular structures is related to specific molecular features 
(descriptors) by using regression techniques to estimate the relative importance of descriptors 
and their contribution to the biological activity. These physicochemical descriptors, which 
include parameters to account for hydrophobicity, topology, electronic properties, and steric 
effects, are determined empirically or, more recently, by computational methods. Various 
packages (e.g. CODESSA50, DRAGON51, ALMOND52) are available now a days for the 
calculation of large number of such descriptors. 
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 For the calculation of molecular descriptors used in QSAR, it is usually sufficient to 
generate the necessary structural information either from experimental methods (e.g., x-ray 
crystallography or nuclear magnetic resonance spectroscopy) or from calculations using 
molecular mechanics (MM). However, some descriptors (e.g., highest-occupied molecular 
orbital and the lowest-unoccupied molecular orbital energies) require calculations by 
quantum mechanics (QM). To the best of our knowledge, few studies have attempted to 
compare the information content of the MM-based descriptors with that of the QM-based 
descriptors. Recently, Shi et al53., compared two structure–activity relationship models that 
employed different geometries (one MM calculated and another QM calculated) to calculate 
values for the same set of molecular descriptors. Variable selection in both cases was 
achieved using the Genetic Function Approximation54. A slightly better QSAR model was 
obtained for the QM-based descriptors than for the MM-based descriptors. The derived 
model is then used to analyze the results and to predict the activity of untested compounds. 
Effective descriptor selection, also known as variable selection, is an integral and 
inseparable part of the QSAR modeling process. In fact, most improvements in QSAR have 
been in the development and use of statistical approaches to make the selection of 
descriptors more effective. 

 Among various descriptor selection methods, GA approach has been particularly 
effective and efficient55. Genetic algorithm, as the name implies, is based on the principle of 
Darwinian evolution. A GFA approach developed by Rogers et al.56., is a popular GA-based 
statistical approach that is now widely used in QSAR model development. The overall process 
is repeated a lot of times until good combinations of descriptors are discovered and are 
dispersed throughout the population of QSAR models. An automated variable selection QSAR 
method based on the k-Nearest Neighbor (kNN) principle was reported by Zheng and 
Tropsha57. The method was tested on a number of data sets demonstrating its effectiveness 
and generality. In this so-called kNN-QSAR method, a chemical’s activity is estimated as 
the mean activity value of its k nearest neighbor based on Euclidean distance in a 
multidimensional descriptor coordinate system. A QSAR generally takes the form of a linear 
equation: 

Biological Activity = Const + (C1×P1) + (C2×P2) + (C3×P3) +.....+ (Cn×Pn) 

 Where the parameters P1 through Pn are computed for each molecule in the series and 
the coefficients C1 through Cn are calculated by fitting variations in the parameters and the 
biological activity58. 

 QSAR models exist at the intersection of chemistry, statistics and biology. The 
development of a QSAR model requires three components: Dataset that provides experimental 
measures of biological activity for a group of chemicals. 

a) Molecular structure or property data (descriptors, variables or predictors) for this group 
of chemicals. 

b) Statistical methods to find relationship between these two datasets. 

Classification of QSAR Methodologies 
QSAR methods are categorized into following classes, based on the structural representation 
or the way by which the descriptor values are derived: 
 2D QSAR correlates structures to their activity using molecular descriptors and 

ensemble of experimental data59. 
 3D QSAR correlates activity with non-covalent interaction fields. It allows simulation 

of directional forces, H-bonds, metal–ligand contacts60. 
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 4D QSAR allows the multi-conformation orientation & protonation state representation 
of ligand molecules so including ensemble of ligand configurations in 3D QSAR61. 

 5D QSAR includes multiple representations of induced-fit scenarios in 4D QSAR62. 
 6D QSAR incorporates different salvation models in 5D QSAR63. 

QSAR for biological activity prediction 
Knowledge of specific enzymes and reactive group of metabolic pathways may form the basis of 
various hypotheses in pesticide research. Measures of the activity of insecticides and the ability to 
predict their effects for organisms are useful for the development of QSARs. This advances our 
understanding of both the activity response and the factors controlling this response. If an active 
compound is detected by biological tests, then several of its derivatives are prepared. 
Computerized mathematical processing of data can reveal QSARs, on the basis of which the 
efficiency of compounds not yet prepared can be predicted with greater probability. 

 The organochlorine and synthetic pyrethroid insecticides are acute neurotoxic chemicals 
with major uses in public health, agriculture and forestry64. Structure-activity relationships 
were considered for each subclass by coats. Lipophilicity was found to be important for all 
the groups because it facilitates delivery of these neurotoxicants to the site of action in the 
nerve. Steric factors including molecular volume, shape and isomeric configuration greatly 
influence toxicity. Electronic parameters were demonstrated to affect biological activity in 
some of the groups of insecticides, e.g., Hammett's σ and Taft's σ as indicators of 
electronegativity. A possible approach to develop QSARs for reactive chemicals based on 
simple considerations regarding their reactivity was given by Verhaar et al.,65. It was shown 
that quantum chemical calculations on reaction transition states can be used to quantitatively 
predict the reactivity of sets of reactive chemicals. These predictions can then be used to 
develop aquatic toxicity QSARs. 

 QSAR was devised for the neuropathy potency of various organophosphate (OP) 
compounds66. Study describes QSAR for NTE inhibition and ‘aging’ in chick brain 
homogenate and human neuroblastoma cells exposed to the OP compounds. Earlier studies 
have suggested that the neuropathy potential of an OP insecticide is determined by measuring 
NTE inhibition and ‘aging’ in the brain homogenate or neuroblastoma cell cultures exposed to 
the OP insecticides67,68. Since a large number of OP insecticides are currently being used 
worldwide, experimental evaluation of the neuropathic potential of each compound 
individually may be time consuming and expensive. The aim of that study was to develop 
QSAR models that would accurately predict the neuropathy potential of OP compounds. 

 The biological effects of most organophosphate compounds (OP) are due to inhibition of 
the enzyme acetylcholinesterase (AChE). The 3D-quantitative structure- activity relationship 
(3D-QSAR) on the acute toxicity to housefly (Musca nobulo L.) of 35 dialkyl phenyl 
phosphate compounds are studied by using comparative molecular field analysis (CoMFA) 
and comparative molecular similarity index analysis (CoMSIA) methods. Study suggested that 
the combination of both approaches, can give more comprehensive and accurate perspectives 
on the mechanism of the reaction between OP and AChE69. The results showed that the length 
of alkyl and the electronegative of substituent on phenyl of OP have significant effects on the 
AChE activity, whereas, the hydrophobicity of OP has little influence. The steric and 
electronic properties of OP have a dominant influence on the reaction between OP and AChE. 

 Molecular modeling studies were performed on a collection of organophosphorous 
acetylcholinesterase inhibitors by the combined use of conformational analysis and 3D-
QSAR methods to rationalize their inhibitory potencies against the enzyme70. The Catalyst 
program was used to identify the  structural  features  in the group of 8 inhibitors whose IC50  
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values ranged from 0.34 nM to 1.2 mM. The 3-D pharmacophore models are characterized 
by at least one hydrogen bond acceptor site and 2–3 hydrophobic sites and demonstrate very 
good correlation between the predicted and experimental IC50 values. 

 Structure-activity relationships for 120 insecticidal DDT-type molecules including 
diaryl nitropropanes (Prolan analogs), diaryl trichloroethane and other DDT isosters, 
collected from different literature sources, to Musca dornestica, were analysed by 
regression analysis (RA) and a neural network model (NN)71. The steric factors were 
reported extremely important to the activity of all the DDT-type analogs. The lipophilicity 
was also found to be important for the groups, because it facilitates delivery of these 
neurotoxicants to the site of action in the nerve. On the basis of training results, the NNs 
proved to give better results than a regression analysis technique and the most accurate 
predictions. To describe the role of each of the descriptors, a new method based upon the 
estimation of the connection weights, the identification and the rationalisation of the 
residuals was suggested. 

QSAR for toxicity prediction 

In addition to preliminary screening for minimal requirement as pesticides, toxicity of 
compounds is also tested in experiments with animals. As a result of this screening almost 
90% of compounds are rejected due to low efficiency or high toxicity. Toxicological testing 
include uptake by inhalation or through skin. Toxicological tests include investigation of the 
effect of active substance, administered continuously in small doses over a longer period 
(e.g. 2 years) on experimental animals of several species including rats, birds, fishes and 
bees etc. Several successful QSARs for toxicity have attracted the researchers to investigate 
the relationship of structural properties with toxicity. 

 A hierarchical QSAR approach was applied for the prediction of acute aquatic toxicity 
where the chemical structures were encoded into molecular descriptors by an automated, 
seamless procedure available within the OpenMolGRID system72. Various linear and nonlinear 
regression techniques were used to obtain stable and thoroughly validated QSARs for toxicity. 
The final model was developed by a counter propagation neural network coupled with genetic 
algorithms for variable selection. Among the different techniques tested, the GA/CPANN 
combination proved suitable for the development of ecotoxicological QSARs. 

 Toxicities of ten organophosphorus (OP) insecticides were measured against midge 
larvae (Chirononzus viparius) under varying temperature and pH conditions and a series of 
unidimensional parameters and multidimensional models were used to describe the changes 
in toxicity73. LogK, was able to explain about 40-60% of the variability in response data for 
aqueous exposures while molecular volume and aqueous solubility were less predictive. 
Likewise, the linear solvation energy relationship (LSER) model only explained 40-70% of 
the response variability, suggesting that factors other than solubility were most important for 
producing the observed response. Molecular connectivity was the most useful for describing 
the variability in the response. Molecular connectivity was a better tool than LSER or the 
unidimensional variables to explain the steric fitness of OP insecticides which was crucial to 
the toxicity. 

 In another study, topological indices were used in the prediction of the acute toxicity 
(intraperitoneal and oral LD50) of organophosphorus pesticides on rats74. Models with six 
variables for the prediction of LD50-i.p and eight variables for LD50-oral were selected. 
External group and cross-validation by use of leave-n-out tests were also performed in order 
to assess the stability and the prediction performance of the selected topological models. 
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 A QSAR study was performed on a set of organophosphorus compounds to reveal 
structural and quantum-chemical features influencing the toxic effect and the properties 
derived from the topological analysis of the electron density were used to model the toxicity 
data75. A multiple linear regression analysis in conjunction with genetic algorithm was used 
in the study, followed by subsequent validation of the results. Obtained QSAR models were 
found beneficial for virtual screening of toxicity for new compounds of interest. Frequency 
calculations were performed after full geometry optimization. Ab initio wave functions were 
also obtained for further analysis and evaluation of quantum topological properties of target 
molecules. 

 Devillers76 derived Quantitative structure–toxicity relationship (QSTR) models for 
estimating the acute oral toxicity of organophosphorus pesticides to male and female rats. 
The 51 chemicals of the training set and the nine compounds of the external testing set were 
described by means of autocorrelation vectors encoding lipophilicity, molar refractivity, H-
bonding acceptor ability (HBA) and H-bonding donor ability (HBD) of the molecules. A 
feature selection was employed for selecting the most relevant autocorrelation descriptors. A 
PLS regression analysis and an artificial neural network (ANN) were used for deriving 
models accounting for the sex of the organisms in the estimation of the toxicity of pesticides. 
The best results were obtained with an ANN model trained with the back-propagation and 
conjugate gradient descent algorithms. The root mean square residual (RMSR) values for the 
training set and the external testing set were 0.29 and 0.26, respectively. 

 A study for the development of quantitative structure–activity relationships (QSARs) of 
75 organophosphorus and carbamate pesticides for the toxicity to rainbow trout Onchorhyncus 
mykiss, was reportedly done77 for which the toxicity data were obtained from an openly 
available toxicological database and were selected to be representative of a single endpoint. 
QSAR models were developed using multiple linear regression and partial least-squares 
analyses after calculation of descriptors. Following the removal of a small number of 
outliers, predictive QSARs were developed on small numbers of mechanistically relevant 
descriptors. Applying mechanistic knowledge to the development of QSAR further 
improved predictivity and the effect of organic phosphorus pesticides on marine micro-alga 
was discussed through the QSAR model which reflected appropriate predicted toxic effects 
of different organic phosphorus pesticides78.  

QSAR for biodegradability prediction 
Quantitative structure-biodegradability relationships (QSBRs) relate the molecular structure 
of compounds to biological degradability and help in prediction of environmental fate. Thus 
it is not surprising that there is an increase in interest in QSBRs. The development of QSBRs 
has been relatively slow compared with proliferation of QSARs because of the nature of the 
biodegradability endpoint. QSBR is very complex because of environmental conditions and 
bioavailability of the chemical. The high complexity of microbial degradation process as 
well as great variety of interactions makes it difficult to interpret the results from 
biodegradability experiments.  

 Mechanistic approaches have been used to derive the QSAR models for microbial 
degradation of organic compounds79 while the biological degradability can be predicted with 
several programs that can learn from examples and can construct decision trees followed by 
construction of equations80. The main emphasis is given on the fact that contrary to the 
statistical methods, machine learning tools present the information in a compact and easily 
understandable manner which can help in the identification of key properties of chemicals 
that are important for assessing biodegradation. 
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 A three-parameter model including molecular average polarizability (α), entropy (Sө), 
and molar heat capacity at constant volume (CVө) were established for Kb prediction. 
Structural and thermodynamic parameters of 16 chloro-phenol compounds in water solution 
were calculated and fully optimized by using Onsager model in self-consistent reaction field 
(SCRF). These quantum chemical parameters were used as theoretical descriptors to 
correlate with the experimental biodegradation rate constant (Kb) of these compounds by 
stepwise multiple linear regression81. 

 Okey and Stensel developed QSBR procedure for aromatic xenobiotic degradation by 
unacclimated bacteria and acclimation was observed to be the function of many uncontrollable 
factors which includes the tendency of a organic to be toxic, its concentration, temperature, 
moisture and presence of other substrates82. 

 The multilayer perceptron (MLP) which is the application of the principal neural 
network architecture, have been developed for obtaining sufficient quantitative structure-
binding relationships for a dataset of 17 barbiturates as guests complexing to α- and                  
β-cyclodextrins83 and the results compared to that of earlier study that investigated the same 
problem using multiple regression analysis84. A series of new and improved algorithms were 
examined for training the MLP networks. The proposed methods led to substantial gain in 
both the prediction ability and the computation speed of the resulting models85.  

Future challenges 
The past and recent developments in understanding molecular action of DDT, computational 
chemistry and proteomics has provided a good platform for accelerating computer aided 
pesticide design, particularly DDT analogues based organochlorine pesticide. The challenge 
remains in integrating the QSAR, QSTR and QSBR models for a common set of molecules.  
Also, the results need to be validated with in vitro and in vivo models. When these 
challenges will be met, it may end up the row over ban and calling back of DDT and will 
provide a good replacement of DDT with economical viability, regarding usage in disease 
control programmes, without posing serious threat to ecosystem.  
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