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Artificial Neural Networks (ANNs) modeling is a group of computer
algorithms for modeling and pattern recognition, functioning similarly
to the neurons of the brain. The brain learns from its experience. In
the brain, a biological neuron receives inputs from many external
resources, combines them, performs a non-linear operation, and then
makes a decision based on the final results. The ANNSs are a type of
mathematical model that simulates the biological nervous system and
draws on analogues of adaptive biological neurons. A major advantage
of ANNs compared to statistical modeling is that they do not require
rigidly structured experimental designs and can map functions using
historical or incomplete data. ANNs are good recognizers of patterns
and robust classifiers, with the ability to generate when making
decisions based on imprecise input data.

ANN s are known to be a powerful tool to simulate various non-
linear systems and have been applied to numerous problems of
considerable complexity in many field including pharmaceutical
research, engineering, psychology and medicinal chemistry.

The potential applications of ANN methodology in the
pharmaceutical sciences are broad. In this paper, we will review some
applications of ANNSs in drug discovery.

Quantitative Structure-Activity Relationship (QSAR)

QSAR correlates physicochemical parameters of compounds with
chemical or biological activities. These parameters include topological
parameters, molecular weight, molar volume, electronegativity, logP,
hydrogen acceptor, hydrogen donor and molar refractivity. ANNs
have been shown to be an effective tool to establish this type of
relationship and predict the activities of new compounds. Jaen-Oltra
et al. [1] developed a new topological method to predict antimicrobial
properties of quinolones derivatives on the basis of their chemical
structures. An ANN with suitable set of topological descriptors and
training algorithms was used to determine the minimum inhibitory
concentration of quinolones. In another example, Hu et al. [2]
combined ANNS, quantum chemistry and molecular docking methods
to design novel Aldose Reductase Inhibitors (ARIs). Physicochemical
parameters including electronegativity and molar volume of known
inhibitors were calculated using quantum chemistry methods. Using
these parameters as input nodes, an ANN based QSAR model was
constructed and the biological activities of new compounds were
predicted. The further molecular docking analysis showed all the
predicted potent compounds by ANNs binded well to the active site of
the aldose reductase.

Virtual Screening (VS)

Virtual screening is a novel approach to speed the drug discovery
process. It applies computational methods to quickly search (or
“screen”) compounds with known chemical structures to identify the
compounds with high biological activities in a compound database.
ANNs-based QSAR models are widely chosen as the prediction
methods in the virtual screening. Recently, Myint et al. [3] have
developed a 2D fingerprint-based artificial neural network QSAR
(FANN-QSAR) method for a large scale drug virtual screening. A set
of 1699 cannabinoid receptor subtype 2 (CB2) ligands with reported
activities was used for the model training and a five-fold cross-
validation. A 2D circular topological fingerprint, ECFP6, was chosen as

the neural network input. Using this ECFP6-ANN-QSAR model, they
predicted GPCR cannabinoid ligand binding affinities of a large NCI
compound database with over 200,000 structurally diverse compounds.
Two compounds with nanomolar activities were discovered.

Quantitative Structure Toxicity Relationship (QSTR)

ANNSs were also widely used in pharmacotoxicology, especially
in QSTR studies. QSTR is a mathematical relationship between the
chemical’s quantitative molecular descriptors and its toxicological
activities. QSTR models can be applied to predict the toxicity of
compounds. Similar to QSAR, the molecular descriptors of QSTR are
derived from physicochemical properties of the compounds. These
descriptors are then correlated with a toxicological response of interest
through ANNs modeling. For example, Gao et al. [4] developed
an ANN-based prediction model of the bio-toxicity of substituted
benzene. In this study, 78 substituted benzene compounds were chosen
to establish and validate ANN-QSTR models. Five topological indexes
were chosen as input nodes of network and the optimum network was
5-17-1. The ANN-QSTR model was validated by 23 substituted benzene
compounds. The correlation coefficient between predicted and actual
toxicological activities of these compounds was found to be 0.9088.

Pharmacokinetic and Pharmacodynamics

The ANN technology offers an exciting alternative to monitor
complex interactions between drug substance and physiological
system that are usually monitored by pharmacodynamics. Haider et
al. [5] reported on a predictive PK/PD model for an oral hypoglycemic
agent (repaglinide) using ANNs. They concluded that ANNs were a
quick and simple method for predicting and identifying significant
covariates.

Gobburu et al. [6] also applied an ANN to PK/PD analysis and
concluded that it is a versatile computational tool and exhibits clear
advantage over conventional model-independent PK/PD analysis.
Chow et al. [7] compared the predictive ability of ANNs with that
of NNMEM for tobramycin plasma levels in pediatric patients and
conclude that ANNs have the potential to become a useful analytical tool
for population pharmacokinetic data analysis. Ritschel et al. [8] used
ANN s to predict human pharmacokinetics parameters (total clearance
and distribution volume) from a combined data set of physicochemical
properties of drugs (protein binding, partition coefficient, dissolution
constant) and animal pharmacokinetic parameters (total clearance and
distribution volume).
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Conclusion and Perspective

ANNGs are powerful tools for drug discovery. The utility of ANNs in

the pharmaceutical field has recently gained enormous attention due to
their ability to solve problems involving complex pattern recognition.
We believe the application of ANNs in drug discovery will have the
potential for further development.
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