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Artificial Intelligence in Pharmaceutical Research: Theory and Applications
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Artificial intelligence includes methods, tools and systems devoted to simulate human brain. The
brain activity comprises of logical-cum-inductive knowledge acquisition and reasoning for solv-
ing problems. The future seems to be closely tied to research programs in artificial intelligence.
The theory of neural network operation and potential applications of neural network based artifi-
cial intelligence in pharmaceutical sciences are reviewed In the present article.

Artificial intelligence is the study of behavior and imple-
mentation of a program that exhibits intelligent behavior.
There are two main categories of artificial intelligence de-
velopments. The first includes methods and systems that
simulate human experience and draw conclusions from a
set of rules, like expert systems. The second includes sys-
tems that model the way the brain works, like artificial neu-
ral networks'. Expert systems consist of rules constructed
by human experts that have been translated into a computer
program. The advantage of an expert system is that rea-
sons for a given interpretation are known. The expert sys-
tems are, however, not good at pattern recognition?. Neural
networks are learning machines that analyze systems and
seek to establish mathematical relationships between seem-
ingly unrelated variables. The diverse applications of neural
networks can be summarized into pattern recognition, pre-
dictive purposes and modeling in a variety oi disciplines like
biological science, engineering and business®+,

ARTIFICIAL INTELLIGENCE

In 1970's, it began to be realized that a computer pro-
gram could display intelligent behavior if the domain it deals
with is sufficiently narrowed. The transformation from logic-
oriented to knowledge-based approach is a new transfor-
mation in the field of artificial intelligence. The emergence
of intelligence is based on two computational points of views,

*For correspondence
E-mail: gsunil70@rediffmail.com

November - December 2002

one based on symbolism and the other based on
connectionism. The former approach models intelligence us-
ing symbols while the latter approach model intelligence
using connections and associated weights. However, most
of the knowledge can only be represented symbolicallys. In
contrast to symbolic approach, the neural network approach
adopts brain metaphor suggesting that intelligence emerges
through a large number of neurons connected together, each
performing simple computation. The long-term knowledge
of a neural network is encoded as a set of weights on con-
nections between units. The neural network architecture has
therefore been dubbed as ‘the connectionist’.

The Japanese, in 1981, were first to demonstrate their
commitment to artificial intelligence. They faunched a re-
search and development program in artificial intelligence
called Fifth Generation. In 1983, to develop advanced tech-
nologies that apply artificial intelligence technique, a con-
sortium of private companies was formed in U.S.A. Subse-
quently other countries slowly and gradually initiated plans
in the field of artificial intelligence.

Artificial Neural Networks (ANNs) versus human brain:

The ANN is a biologically inspired system designed to
simulate neurological processing ability of human brain. The
human brain is most highly organized matter in universe.
Human brain consists of about 100 billion neurons and about
100,000 times that many neuron connections. Neuron con-
sists of a cell body, hub of which is the soma, inputs are the
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dendrites and output is the axon. When an axon connects to
a dendrite of another neuron, the connection is called a syn-
apse. Neurons are organized in a fully connected network
and act like a messengerin recéiving and sending impulses.
The result is an intelligent brain capable of learning, predic-
tion and recognition. It can recognize a face in few millisec-
onds and adjust eyesight several orders of magnitude. it can
take note of many things happening at the same time (par-
allel processing). The brain is an excellent pattern recogni-
tion tool. The ANNs mimic working of human brain. The ANN
system consists of simple neurons that operate in parallel.
The function of neurons is determined by network structure,
connection strength and processing carried out by neurons.
The ANNSs learn {or are trained) through experience and not
by programming. They gather know-how by detecting pat-
terns and relationships in the data. The ANNs seem to fulfill
cherished dream of scientists to develop machines that can
‘think like human beings. ' '

Out of numerous neural network architectures?’ devel-
oped so far, error back-propagation network developed by
Rumelhart et al.® is most widely and successfully applied
architecture. The error back-propagation network consists
of input layer, output layer and one or more hidden layers.
The input layer provides data from the external world. The
mapping of input data by neural network into interpretable
results is done by a representative signal generated by out-
put layer. The activation of hidden layers represents an in-
ternal encoding by neural network for solution of the given
problem using an intermediate level of abstraction. The hid-
den layers are called so because these layers are not di-
rectly accessible; they are concealed behind another layer
in each direction. The ability of neural networks to classify
information separated by non-linear boundaries depends on
hidden layers. :

The building component of ANN, called neuron, receives
many signals as weighted process variables from the re-
sponse of other units. The signals are multiplied by connec-
tion weights and then combined to produce a composite sig-
nal. The mapping of composite input via some activation
function then determines activation-state of the receiving
neuron. The activation function is weighted sum of neuron
inputs. The signal is then passed through a transfer function
to produce response for that neuron. The most commonly
used transfer function is sigmoid function shown in fig. 1.
The advantage of sigmoid function is that it can accommo-
date large signals without saturation while allowing small
signals to pass without excessive attenuation.
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Fig. 1: Operation of a transfer function. ’

1, 1, I, = process variables, W, W,, W, = associated

weights and O = response.

The application of back-propagation technique to a
problem requires three simple steps-network design, learn-
ing or training and usage?. In the first step, network design
consists of finalizing the number of layers and neurons in
each layer. The number of process variables and response
units are determined by the data of problem. The network is
made to learn or is trained in second step. The knowledge
possessed by network is represented through number of
interconnections and their weights that neural network uses
for learning or training. The learning through weight adjust-
ment can be supervised or unsupervised. On the other hand
training consists of feed forward step and feed back step.
Supervised learning results when a network is repeatedly
presented with an input pattern and a desired output re-
sponse. if ‘I' is input pattern and ‘R’ is desired response
pattern, weights are adjusted to achieve output response
‘R, within the user-defined limit of desired response ‘R_’,
that is until ‘R -R,’ achieves error goal. When error goal is

near zero, training process terminates at a point where neu-

ral network produces correct response for given input pat-
terns. In unsupervised learning, no desired response ‘R’ is
available to guide the system. The learning is through input
pattern ‘I’ alone. The neural network system itself then de-
cides features to be used for grouping input data. This pro-
cess is also referred to as self-organization or adaptation'.
The feed forward step begins with presentation of process
variable pattern and continues through activation levels to
propagate through hidden layers. In each hidden layer, pro-
cessing unit sums the input and applies sigmoid function to
compute its response as shown in fig. 2. In feed back step,
error values are calculated for all processing units and weight
changes are calculated for all interconnections. The calcu-
lations start at output layer and progress backward through
the network to input layer. Thus, each neuron has one addi-
tional weight as an input that allows an additional degree of
freedom when trying to minimize training error. After net-
work design is completed and system is trained, the net-
work is at third step-ready for use on new patterns.
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Fig. 2: A three layered artificial neural network.

1, 1,, ), = process variables and O = response.

APPLICATIONS IN PHARMACEUTICAL SCIENCES

ANNs are machine based computational techniques
that attempt to model neurological processing ability of the
human brain. The computations based on neural network
are different from standard statistical method of analysis.
Any problem that requires control and sensor processing is
suited for application of ANN technology. The ANNSs require
less formal statistical training. The neural networks can de-
tect complex non-linear refationships by using muftipfe train-
ing algorithms. To solve problems the ANNs can combine
literature based and experimentally generated data. The
neural networks can function as autoassociation model,
heteroassociation model, classification model, optimization
model and self-organization model depending on the na-
ture of applications. The Hopfield type neural networks are
autoassociation models that retrieve memory based on part
of memory itself. The heteroassociation models retrieve
memory in one set using another memory in a different set.
Classification models, according to the response activation,
group a given object presented to neural networks. For bi-
nary outputs 0 corresponds to one class and 1 corresponds
to another class while for continuous output between 0 and
1 the decision is made using a threshold value of 0.5. The
Boltzman machines and Hopfield type nets are optimization
models that solve combinatorial problems. The combinato-
rial optimization problems often lack efficient solutions on a
digital computer. The Kohanen type networks are self-orga-
nization models that learn and organize information without
being given correct answers for process variable patterns.

Pattern recognition and interpretation of analytical data:

The neural networks can recognize patterns from a
complex analytical data. When spectrum of unknown is a
superposition of known spectra the ANNs have been em-
ployed to determine the composition of unknown sample.
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Whole of the spectrum is considered in identification pro-
cess instead of individual peaks. The only concern is involve-
ment of time span for training neural networks. The ranitidine
hydrochloride tablet is a multi-component tablet formutation
in which there is significant overlap of spectral pattern of
ingredients. Agatonovic-Kustrin et al.'' have used solid state
techniques, diffuse reflectance infrared Fourier transform
spectroscopy (DRIFTS) and X-ray powder diffractometry
(XRPD) to analyze polymorphic purity of ranitidine hydro-
chloride. The DRIFT spectra and XRD powder patterns of
different mixtures of Form 1 and Form 2 of ranitidine hydro-
chloride have been analyzed by using ANNs. A neural net-
work consisting of three layers of neurons was tfrained us-
ing a back-propagation learning rule to recognize specific
patterns of individual constituents of formulations from the
overall spectral pattern. The classification network identi-
fied and quantified all components in tablet when exposed
to complex formulation containing only form F1 crystals. A
method has been developed by Sondergaard et al.'? to clas-
sify crossed immunoelectrophoretic patterns using ANNSs. It
has been found that ability.to generalize was increased by
the addition of noise to the input patterns during training.
The trained neural network classified distorted patterns cor-
rectly within an error range of 1%. Madden et al. have used
ANN as the basis of computer-assisted optimization method
for selection of optimal gradient conditions for anion sepa-
rations. The ANNs with 1-10-9 architecture has been found
to be rapid and accurate in predicting retention times for
anions in linear gradient elution ion chromatography with
hydroxide eluents®. Lee and co workers have used ANNs to
analyze in vivo magnetic resonance spectra of breast can-
cer patients'*. RESCUE, an ANN tool has been created for
NMR spectral assignment of proteins. RESCUE determines
the type of amino acid from chemical shift values observed
in 'H spectrum?s, '

Formulation and optimization:

The initial step in development of drug delivery system
is design of pilot plant experiments that involve extensive
experimentation. The simulation by neural networks, using
previously collected data, can be utilized to identify right
formulation and processing parameters. The network is up-
dated as new results keep pouring in and hence its accu-
racy increases. This assures that formulator is always on
the right track. The optimum in vitro drug release profile from
controlled release hydrophilic matrix capsules predicted by
using delta back-propagation neural network and response
surface methodology has been compared by Hussain et al.'®
The predictions using ANNs were more accurate than those
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using response surface methodology. To design pharmaceu-
tical formulations a formulator often comes across situation
when any one property of formulation can be maximized and
remaining desired characteristics has to be compromised.
The ANNs are useful in such multi-objective simultaneous
optimization problems. The reliability of ANNs in optimizing
ketoprofen hydrogel ointment has been demonstrated by
Takayama et al. against classical response surface method-
ology approach'.Wu et al. prepared different osmotic pump
tablets of salbutamol sulfate'®. The average drug release rate
for first 8 h and correlation of cumulative amount of drug
released with time was used to characterize the release of
salbutamol. The release parameters and causal factors such
as amount of hydroxypropyl methylcellulose, polyethylene
glycol 1500 in coating solution and coat weight were used
to train the ANN. Both training and test sets of data were
exposed to ANN. The training process of ANN was termi-
nated when a satisfactory value of error function for test data
was obtained. The release profile of the optimum formula-
tion was in agreement with results predicted by ANN.

Structure prediction and classification of proteins:

Being a computational analysis technique, ANNs are
suitable for recognition of domains, classification of proteins,
prediction of enzyme class, sequence analysis of DNA/RNA
and proteins. A feed forward ANN consisting of six input and
six hidden units with sigmoid transfer function has been used
for recognition of domains in protein sequence by Murval et
al.® A preliminary step in protein fold recognition and ab
initio structure prediction is the classification of proteins.
Pasquier et al. used a hierarchical network named PRED-
CLASS to classify proteins into four classes such as trans-
membrane, fibrous, globular and mixed proteins®. The
PRED-CLASS trained using 50 protein sequences, correctly
predicted 371 out of a set of 387 proteins with an accuracy
ot 96 percent. The ANN based algorithms has been used to
identity, characterize and predict stabilization center ele-
ments from primary structure of single proteins and amino
acid sequences of homologous proteins?'. The stabilization
center elements present in proteins stabilize protein struc-
tures by preventing their decay. The prediction of long chain
fatty acid transport protein FadL topology??, prediction of sec-
ondary structures of clostridial neuroprotein-C fragment??,
DNA/RNA and protein sequence analysis?* are other appli-
cations where ANN technology has been exploited. The de-
velopment of efficient delivery systems for protein drugs that
are structurally complex and fragile is a tedious and chal-
lenging task because proteins have specific sites'reépon-
sible for different processes. Variations at these specific sites
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lead to loss of therapeutic action. The neural networks have
been employed to predict eukaryotic protein phosphoryta-
tion sites?, to recognize active sites and to predict enzyme
class with high accuracy for novel protein structures?.

QSAR, QSPR and molecular modeling:

Quantitative structure-activity relationships (QSAR)
correlate structural or property descriptors of compounds
with chemical or biological activities. All QSAR studies are
based on the fundamental concept of interdependence of
biological activities on physicochemical parameters. The
physicochemical descriptors and topological parameters can
be determined by computational methods. To predict anti-
HIV  activity. of 1-[2-(hydroxyethoxy)methyl]-6-
(phenylthio)thymme (HEPT) derivatives QSAR has been
established using multiple linear regression (MLR) and a
fully connected feed forward model with 6-6-1 ANN archi-
tecture. The mean square error for prediction set using MLR
was twice as compared to error obtained using ANN?. The
superiority of ANNs over MLR for establishing QSAR has
been claimed by Wiese and Schaper?®, Tetko et al?® and
Yamamura et al.?® To predict antimicrobial property of
quinolone derivatives on the basis of their chemical struc-
tures a new topological method has been developed by Jaen-
Oltra et al.* A neural network, with suitable set of topologi-
cal descriptors and training algorithms, was used to deter-
mine the minimum inhibitory concentration of quinoiones.
The predicted values were in agreement with experimen-
tally observed values. Huuskonen et al. predicted aqueous
solubility within a series of structurally related drugs using
neural network models®, Topological descriptors were used
to establish relationship beiween structures of compounds
with their aqueous solubility. To predict aqueous solubility of
a congeneric'set of compounds useful models containing

_simple structural parameters were obtained using neural

networks. Dinner et al.*® have developed a quantitative struc-
ture-property relationship (QSPR) model that employs a ge-
netic algorithm to pick attributes for folding and an ANN to
derive functional dependence of folding on the sequence
attributes. Despite problems of large training time neural nets
have outperformed conventional techniques in QSAR stud-
ies.

Epidemiology:

The community pharmacists have applied basic prin-
ciples of epidemiology or medical ecology to determine oc-
currence of diseases in defined populations based on inter-
action of the host and environment. To predict occurrence of
diseases modeling approaches have been used. The ANN
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has been employed to group 39 European countries accord-
ing to 'Health for All' database, maintained by WHO, with
respect to life expectancy, infant mortality rate, standard-
ized death rates for diseases of circulatory system, external
causes of injury and poisonings®. A network for analysis of
alcoholism data® has been designed but such appfoaches
have their limitations as large populations are under study,
which pose difficulties in initial identification and finally quan-
tification of causative variables. ' ‘

Biopharmaceutics:

Bioavailability is a measure of fraction of drug substance
reaching the systemic circulation to elicit therapeutic effect.
Al drug regulatory authorities around the world require
bioavailability or bioequivalence data from the manufactur-
ers to justify their claims. The in vitro-in vivo correlations
(IVIVC) are of great interest for pharmaceutical industry to
avoid bioequivalence studies that are predicted to produce
negative results. The neural nets being good at pattern rec-
ognition task have been used to establish correlation be-
tween in vitro and in vivo performance of formulations. Dowell
et al. have developed a number of unique ANN configura-
tions to predict IVIVC from different formulations of same
product®, The configuration variables included architectural
structure, learning algorithm and input-output association
structures.

Pharmacokinetics and pharmacodyhamics:

The ANN technology offers an exciting alternative to
monitor complex kinetic interactions between drug sub-
stances and physiological system that are usually monitored
by pharmacodynamics. Veng Pederson and Modi added a
new perspective to pharmacodynamic modeling by introduc-
ing the concept of neural nétwork modeling¥. Gobburu and
Shelver used neural networks ‘to predict the pharmacoki-
netic properties of f-adrenoreceptor antagonists in humans
and concluded that neural networks can be a powerful tool
in exploration of quantitative structure-pharmacokinetic re-
lationships®, Gobburu and Chen have used neural networks
for integrated pharmacokinetic and pharmacodynamic anaty-
sis¥®, To predict pharmacokinetic parameters in human be-
ings Hussain et al. have developed a neural network using
laboratory animal data*. The feedforward back-propagation
network with a combination of physicochemical properties
and animal pharmacokinetic parameters has been proposed
to predict human pharmacokinetic parameters*'. The use of
ANN approach is growing rapidly for the analysis of popula-
tion pharmacokinetic data monitoring of complex kinetic in-
teractions in large populations. Chow and co-workers have
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applied neural network approach on the data collected trom
pediatric patients undergoing treatment with tobramycin for
bacterial infection®2, Neural nets were trained to find rela-
tionship of plasma tobramycin concentration with patient-
related demographic factors and relationship of dosing regi- -
mens with time of sample collection. A standard population
pharmacokinetic modeling program, NONMEM was com-
pared with ANNs. The relationships predicted by neural net-
work were similar to those predicted by NONMEM. The av-
erage errors between absolute and predicted values were
found to be very low for neural networks. The strength of the
neural networks is that they do not assume a specific model
The learning ability of ANNs to establish the input and out-
put relationships from the data provided to them simplifies
the modeling work involved in traditional population phar-
macokinetic data analysis.

Simulation of rat skin permeability:

To simulate rat skin permeability authors have formu-
lated chitosan membranes. The membranes of varied com-
position were prepared to evaluate effect of critical process
variables on permeation parameters such as flux and lag
time. The permeability in chitosan membranes was predicted
using model dependent and model independent techniques.
The sum of square of residuals was less as compared to
prediction made by multiple linear regression method when
permeation parameters were predicted by 3-5-2 ANN archi-
tecture.

CONCLUSION

The ANNs are newly developed modeling strategies and
an alternative to conventional modeling techniques. The
ANNSs need no special computer as neural nets are described
using mathematical models and implemented using ordinary
computer software. At present, training time for networks is
long but the advantages offered by neural nets are over-
whelming. Neural computing technology is capable of solv-
ing problems involving complex pattern recognition. This ad-
vantage has been utilized in pharmaceutical product devel-
opment. The ANNs have an edge over response surface
methodology because they allow incorporation of literature
and experimental data to solve common problems in phar-
maceutical industry. The use of artificial intelligence in phar-
maceutical research is new but growing at a fast pace.
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