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1. INTRODUCTION 
Artificial Neural Networks (ANN) are machine based 

computational techniques which at t-empt t o  :-:imul;it.e some of 
the neurological processing abi1it.y of the. human brain. 
Fundamentally, ANN are interconnected networks of processing 
units termed a s  'neurons ' which are r-e:;pori:;ible f o r  the 
completion of the decision-making process. They have the 
ability to discern complex arid latent pdtte'.~ns in the 
information present.ed to t.henr. This fecit1.11.e o f  ANN, to 
extract latent inforrnat.ion from the data presented to t-hem, 
proves them to be powerful tools for modeliricj cirid predict.ive 
purposes arid offers great. potentic31 f o i ~  c i p p l i c c d t  ions in ci 

variety of disciplines. ANN have attract-eti r k i e  iittent~ion of 
many computer scientists and have been successfully applied 
to solve a multitude of problems in diverse areas of 
sciences, engineering and business. 

However, pharmaceut.ica1 scientists do not appear, in 
general, to be fully aware of the great pc)tential of t.his 
novel pattern-recognition technology. Hence, ther-e is little 
pertinent literature in the pharmaceutical sciences. The 
implications and consequences of the current c1evelopment.s in 
neurocomputat ion and related sciences for the pharmaceu~ical 
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120 ACHANTA, KOWALSKI, AND RHODES 

sciences have motivated us in writing this drticle. We have 
a l s o  attempted to review and constructively criticize t.he 
literature published in this and contiguous areas. 

This review offers a basic explanation of the 
fundamental principles of the ANN technology. The details of 
the 'Back-propagation n e t w o r k  architecture' have been 
described to serve as an illustrative model. We hcive tried to 
identify various areas in the pharmaceutical sciences where 
the successful application of art.ificia1 neural networks can 
be envisaged. An evaluation of the performance of ANN 
technology as compared to standard statist.icd1 modeling 
techniques using the data published in 1iterat.ure has a l s o  

been made. 

2. PRINCIPLES AND PARADIGMS OF ANN 

Among a l l  organisms, the neurological processing ability 
of the human beings i s  t.ruly remarkable. The possibility of 
'machine-simulation' of this abilit-y, even to a partial 
extent is desirable and ent.icing and has led to the 
development of ANN. ANN are parallel informat i o n  processing 
systems that can develop adaptive responses t o  environmental 
information. Neural networks, adapt-ive syst.ems, adaptive 
networks, neurocomput.ers and parallel d i s t r i b u t . e d  processors 
are  all elements that can be found in variou:, implementations 
of ANN. They also have massive potential foi parallelism and 
excel at problems involving patterns- piit t ern mapping, 
pattern classification and patt.erii (:orriplet ion. Their 
performance has been shown to be superior to t.he traditional 
Von Neumann sequent.ia1 approach and rule-be~sed expert systems 
in certain applications(l,2). 

2.1. Genesis and development 
In the chronological sense, the liistory of ANN 

technology is still in its infancy. The genesis dates back to 
the pioneering efforts of McCulloch and Pitts i n  1943, in 
which they demonstrated the ability of simple neural networks 
to compute arithmetic or logical functions ( 3 ) .  In 1949, 
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ARTIFICIAL NEURAL NETWORKS 121 

Hebb, in his book ent.itled ' T h e  O r g a n i z a t i o n  of B e h a v i o r ' ,  

discussed the idea of learning dnd proposed a specific 
learning-law which inspired many of his contemporaries (4). 
In 1958, Rosenbldtt and Wightman developed t.he first 
successful neurocomputer-the Mark-I perceptron ( 5 ) .  

In 1969, Minsky and Papert. showed t k i i i t  t.he kind:; of 
problems which could be solved by simple percept L-o~I : ;  was 
severely limited ( 6 ) .  As a consequence, progress in ANN 
research was stalled until the late sevent.ies. However, In 
the early 1980s, new network architectures and learning 
algorithms became widely known- especially t.he back 
propagation algorithm and research in this circa increased 
dramatically. 

2.2. Some ANN Basics 
Briefly, an ANN c o n  be viewed i i : ;  ii network of 

interconnected processing elements or ncrides. Each node 
receives weighted inputs frorn one O L  n i i i i  P :;oiirces and 
produces an output as a function of it.s input:;. Output values 
are passed on to other nodes or are used directly as one of 
the components of the final output of the entire network. By 
appropriately configuring the network dnri cld just ing the 
weights on the interconnections betweein the nodes, it is 
possible to have a network act as a classifier, producing an 
appropriate coded output for each class of inputs, or to 
serve as a (multi-variable) function approximator , producing 
the appropriate mapped output for each set of inpiit values. 

Neural nets can vary in their archit.ecture, i.e., the 
number of layers and nodes in the network and the topography 
of their interconnections. They can also vary wit11 respect to 
the procedure that is used t.o determine the connection 
weights between the nodes. In some network dr-chit.ectures, 
weights are det-ermined a p r i o r i  as a function of the patterns 
to which the network is supposed to respond. For other 
classes of networks, algorithmic procedure:; -learning rules 
are known which can compute the necessary weights by making 
adjustments based on the difference between the actual output 
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122 ACHANTA, KOWALSKI, AND RHODES 

of the network and the desired output. Thus, networks can be 
trained to respond by it.eratively presenting to the network a 
series of input patterns, each with its tai-get o u t . p u t ,  dnd 
adjusting the interconnection weights drcordiriq to the 
learning rule until the network can correctly respond to all, 
or some predetermined proportion, of the inpiit pat t.erns. 
After this supervised training the network can he presented 
with new patt.erns dnd the output produced can be interpreted 
as a classification code or as a functional oritput value 
depending on the nature of the problem. One of the att.ractive 
features of trainable ANN is their ability to learn to 
classify patterns without being provided an explicit 
characterization or a mathematical model of the properties 
which serve as the basis for the classifiration. 

3. THE ERROR BACK PROPAGATION ARCHITECTURE 
The number of network architectures r h ~ t :  h a v e  been or 

are being developed is large (7) . However, the1 most widely 
used and successfully applied lids been the error back- 
propagation paradigm or, more simply, t h e  bdck-propagat ion 
network. The back-propagat.ion network can be described as a 
totally connected, feedforward architectui-e 1 r i  which the 
nodes are arrdnged i n t c  input dnd output layer-s, with one or 
more middle, or so called hidden layers, interposed between. 
Each node in a given layer is connected to each node in the 
adjacent layer (totally connected) and to only those nodes 
(feedforward). A generic back-propaqat.ion network is shown in 
Figure 1. 

It should be mentioned that in the hack-propagat.ion 
network, the elements in the input layer do no processing and 
serve merely as distribution p0int.s t.o the first hidden 
layer. On the other hand, each element in the hidden and 
output layers processes by summing its weighted input from 
the previous layer and by then passing this sum through a non 
linear transfer function t.o its output. Some form of t.he 
sigmoidal function is commonly employed, alt.houqh t.he only 
real requirement is that the function be differentiable. The 
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ARTIFICIAL NEURAL NETWORKS 123 
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neural 
network with a single hidden layer. 

operation of the tr-msfer function is grapkli(:c~lly depicted in 
Figure 2. 

Applying the back-propagation paradigm t o  <I specific 
problem requires designing the specific network, training i t  

using a set of training patterns, and only then using i t  on 
new patterns. Network design essent-ially means fixing t.he 
number of layers and the number of units in each layer-. The 
number of input and out.put units is largely determined by the 
data in the problem. The number of hidden layers and the 
number of units is still based on mostly heuristic 
guidelines. 

After a network has been designed <lrid t h e  initial 
weights assigned random small values , the nt.twork can be 
trained. Training is an (often long) iterative process and is 
accomplished by repeat.edly choosinri at rt.indnrn an input 
pattern from the training set, presenti.ng t he  pattern at the 
inputs of the network, propagating t.he V i i J u e s  through the 
network to det-ermine the actual output of t h e  network for 
that pattern, and then making weight adjustments to the 
network weights as a function of the error vc t lu r .  Each step 
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124 ACHANTA, KOWALSKI, AND RHODES 
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FIGURE 2 
Representation of the operat-ion of a transfer function 
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of the training process can be shown to exe(::iitP a gradient 
descent reduction of the squared error. ‘rr<-linirig continues 
until some error criterion set by the designer has been met, 
or in some cases, unt.il a processinq limit (nurnbei~ of cycles) 
has been reached. 

The training procedure is sometimes described as a two- 
step process: the feedforward step and tfie bac.k-propagdt.ion 
step. 

3.1. Feedforward step 
The feedforward step begins with the presentdtion of the 

input pattern and continues as activat-ion levels continue t.o 
propagate through the hidden layers. In each hidden layer the 
processing unit sums its input and then applies t he  sigmoidal 
function to compute its output. Incoming connections to unit 
‘ j ‘  are  at^ the left and originate at units iri thp layer below 
(Figure 1). Output values from these units arrive at unit ‘ j ‘  
and are summed by 

sj = I: aiwji (Eq. 1 )  
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ARTIFICIAL NEURAL NETWORKS 125 

where ai = the activation level of unit ' i '  
wji = the weight from unit 'i' to unit ' j '  

S, = the weighted sum of the inputs to unit ' 1 '  

After the incoming sum S, is computed, a function F is used 
to compute F ( S , ) .  The output value €or unit 'j' can then be 
defined in the following manner: 

aj = F ( S j )  (Eq. 2 )  

where aj = the output value of unit ' 1 '  

inputs to unit 'j' 
F(Sj) = the function applied to the weighted sum of 

The function F used in a back-propagation network is a 
sigmoid function and is defined as : 

F (x) = 1/(1 + e-X) (Eq. 3 )  

where x belongs to Real numbers 
The sigmoid function is continuous and differentiable 
throughout the real domain and can take any value between 0 
and 1. Hence, the sigmoid function has the added advantage of 
differentiability, as well as all of the desired 
characteristics of the step €unction, which has a 
discontinuity at the point of activation. Some back-prop 
networks apply a bias unit to every layer except the output 
layer. The bias unit has a constant activation value of 1 and 
is sometimes helpful in improving the convergence properties 
of the network. 

3.2. Back-propagation step 
In this step, error values are calculated for all 

processing units and weight changes are calculated €or all 
interconnections. The calculations begin at the output layer 
and progress backward through the network to the input layer. 
The error correction step takes place after a pattern is 
presented at the input layer and the forward propagation step 
is completed. The error value ( 6 )  is computed for the output 
layer in a simpler manner than the hidden l d y e r - s .  I f  u n i t  ' j I 
is in the output layer, then its error value is 

where 6 ,  = the error value of unit. I j 8  

6 -  3 = [ tj - aj 1 f'(Sj) (Eq. 4) 
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126 ACHANTA, KOWALSKI, AND RHODES 

t; = the target value for unit ' j  ' 
aj = the output value for unit'j' 

f '  (x) = first derivative of the sigmciid ftinction 
S, = weighted sum of inputs to unit ' 3 '  

For a hidden layer the computation of the e r ro r  is done as 
shown below 

6 j  = [83( Wkj] f '  ( s j )  (Eq. 5) 
The adjustment of connection weights i s  doiir u : ; i n g  the ' 8 '  
values of the processing unit.. Each int er-cnnrie.ct ion weight 
adjustment is done using the ' 6 '  value of tlit. u n i t  that 

receives input from that int.erconnect ic1i-i. TIi+ (:(unriec:tr ion 
weight adjustment is done as shown below : 

Awji = (n) ( 6 j )  ( a i l  (Eq. 61 

where n = the learning rate of network 
This is called the generalized 'delta r i i l r '  . Tlir: v;ilrie of the 
learning rate is commonly between 0.25-0.75 and i;; chosen by 
the user of the neural network and retle(.t:; ttie rat.e of 
learning of the ANN. Higher values of ' 1 1 '  may lead to 
unsatisfactory learning and smaller ' n '  valties may lead to 
excessively slow learning. Hence, the culmination of a pair 
of forward and backward propayat.ion steps completes one 
iteration of the back-propagation network. 

3.3. Convergence 
The root mean squared ( R M S )  error is ci quantitative 

measure of learning and reflects t.he degree t o  which the 
network has  accomplished learning. Convergei~~cv i s  ri process 
whereby the RMS value of the network gets (r1.os~r to zero. 
This is not always easy and may sometimes t c ikr  i i  very long 
time if the network gets st.uck in ci local rniriinicl. Convergence 
aims at reaching t.he global minimum error. C e r  t: din empirical 
remedies t.o improve the convergence properties of t.he network 
are the inclusion of a bias element and the opt . imal  

specification of the learning rat.e. It is c i l s c )  useful to ho ld  

the ratio of the number of data p 0 i n t . s  t.o the number of 
controllable parameters in the network betwern 1.8 and 2.2 
( 8 ) .  
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ARTIFICIAL NEURAL NETWORKS 127 

4. APPLICATIONS 
ANN have been widely applied, effectively and 

ef ficient.ly, to solve numerous problems iri c~ variety of 
disciplines. Typically, any problem which requires control 
and sensor processing is ideally suited for the application 
of A" technology. Literatur-e related to the <.~pplic?it ion of 
ANN technology in the areas of i.maye p r O c ' P S : j I  r ig ,  speech 
processing, predictive modeling, opt i m i z ( i t  : or1 drid fault 
diagnosis is available in plethora. 

In contrast, the literature relevdnt 1-0 ~ I I ~ I L I I E I ~ J ~ U ~  ical 
sciences in this field is not very large. This observation is 
both surprising and intriguing. Hence, WP 1i~;lvr~ ~t tempted to 
identify various possible areas in pharrndci>iit ic.~11 sciences 
where this t.echnology can be success full^^ e x p i o l t P d .  It is 
our conviction that the nonlinear processing ~ i h ~ 1 1 1 - y  and the 
power to model a system witizhout c~ pr io i -1  knowledge of its 
mechanistic intricacies with neural netwi)~.k:-~ ciln have 
significant implicdt ions for pharmdceut iccil s(:i en(-'e:;. we also 
wish to clarify that not dl1 applications cii:~,(~.ii:;:;ed here have 
been realized. 

4.1. Epidemiology and Clinical pharmacy 
Epidemiology is the research discipline concerned with 

the distributions and discriminants of v c i z - i o i i s  diseases in 
specific populations (9). Epidemiology aims r l t  C ~ P  

health status of populat.ions by quant ifyinq the  u(r(::urrence of 
diseases and discovering important ' trenc3s in their 
occurrence or resurgence. It a l s o  attempts t ( i  predict the 
number of occurrences of the disease and t c i  tichieve this 
objective, a variety of discriminant and stochast ic: modeling 
approaches have been employed. However, these c~pp~~ociclies have 
not been found t-o be completely free of ljmitdtions. 
Typically, populations under study art. (-.onsI.der-ably large 
which leads to difficulties in the identification and 
quantification of causative variables. Another crucial 
limitation of these approaches is their inadequilcy to account 
for the effect of extraneous factors which are dlso many in 
number. 
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128 ACHANTA, KOWALSKI, AND RHODES 

As ANN do not require the user to define t-he causative 
variables while modeling, we believe that it is interesting 
and worthy to evaluate the performance of this technology 
for modeling epidemiological occurrences. The inclusion of 
extraneous factors is conveniently possible  IS the user has 
complete freedom to decide the network t.opol ogy and its 
elements. The advantage of discerning unknown interactions 
between causative variables or extraneous factors is also 
enticing. Hence, ANN technology seems to hold much potential 
for successful application in epidemiological research. 

Clinical and community pharmacists str-uggle r-elentlessly 
to formulate better and efficient healthcare strategies for 
providing effective, safe and affordable healthcdL-e. Hospital 
pharmacists vest the onerous responsibility of monitoring and 
managing serious epidemics, while clinical pharmacists play a 
critical role in the drug development process. Xe describe 
below certain strategies involving ANN technology which have 
been either realized or are worth a trial and would assist 
the healthcare personnel in realizing their oblectives. 

4.1.1. Medical decision-support systems 
Healthcare personnel usually require incredibly large 

amounts of medical knowledge for rational and optimal 
therapeut-ic monitoring as a result of innumerable 
developments in the fields of medicine and elsewhere. Even 
experts have to labor diligently to keep themselves abreast 
of the current developments. Despite their utmost care and 
caution, misdiagnoses and mistreatments are not very rare and 
occur either due to the non-availability O L  tlie absence of 
the required expert. Such situations have motivated hospitals 
and physicians to accrue medical decision-support systems. 
These systems essentially are non-biological substrates, such 
as computers, which employ previous knowledge to analyze 
current data and assist in leading to a feasible solution. 
ANN in this field have stimulated much interest and have been 
proven to be promising. Stevens et al. have reported the 
ability of ANN to evaluate medical  student.^' performances on 
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ARTIFICIAL NEURAL NETWORKS 129 

computer based simulations. They used ANN to model test 
selection patterns and found them to be 90% successful in 
judgment (10). We discuss below some rel?vcint examples 
related to the treatment of cancer and cardidc disedses. 

4.1 - 1 . 1 .  C a n c e r  tred tnient 
Maclin et al. have reported the use of ANN to diagnose 

cancer (11). They trained a network using t l i t .  numerical 
ultrasound data of 52 patients and correctly identified renal 
cell carcinoma from renal cyst.s dnd other conditions without 
error. However, the method was not v ~ ~ l i d ~ ~ t e d  to yield 
statistically significant results. The ability of ANN to 
predict correctly the r-ecurrence of breast (:rin(:eP has been 
studied by Ravdin et  a l .  (12) . The net.work was trained using 
prognostic information from 1008 patients and it:, dbility to 
determine the relapse probability was validated iri a separate 
set of 960 patients. Ravdin and Clark also developed an A" 

to predict the outcome of individual breast. cancer- patients 
over time using censored survival data and by including time 
as an additional prognostic variable (13). This network was 
validated to predict the probability of relapse at different 
times of follow up and allows plotting survival probability 
curves for individuals. Information from 1173 patients was 
used to train, predict and validate this network performance. 

4 . 1 . 1 . 2 .  C a r d i a c  d i s e a s e s  
Several clinical applications of ANN technology as aids 

in the treatment of cardiac diseases have heen reported. 
Furlong and coworkers designed, trained and vdlidat.ed a 
network t.o predict the probability of aciute myocardial 
infarction (AMI) based on the analysis of pdired set:; of 
cardiac enzymes (14). They also compared the performance of 
ANN with that of standard statistical techniques. They 
suggested that similar and broader applications are feasible 
within the domain of clinical decision-support . Baxt 
successfully designed an ANN to identify myocardial 
infarction in adult patients presented to d n  emergency 
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130 ACHANTA, KOWALSKI, AND RHODES 

department with anterior chest pain and conclusively stated 
the network to be a valuable aid to clinictll d1.agnosis of 
myocardial infarction (15). In another study, H 
the analysis of the clinical variables dr-iviricj cle(:i s ion  in ari 
ANN trained to identify the presence of myocdrdi;il infarction 
(16). He a l s o  developed a met.hodology to mei i su rc .  the impact 
of the input clinical variables on the diayriost ic' ciut.put . A" 

technology has  also been utilized for detc 1 I I c o L CJ 11 ii ry 
artery diseases noninvasively by the u s e  of cl i i i i c d l  

examination variables and extracting infor-rridt i o n  f porn t.he 

diastolic heart sounds associated with coroncir-y oc:clusions . 
The fact that coronal-y stenosis produces s o i . i r i c l s  diie to the 
turbulent flow of blood was successfully explciiteti to ext.ract. 
information regarding the pathologic status (17). Such 
methods are convenient, efficient and less t ime-consuming 
than conventional techniques. Tu and Guervier-e made use of 
ANN to predict the length of stay in the intensive care unit 
following cardiac surgery (18). Their study wiis conducted in 
Canada where ICU facilities are limited and waiting lists 
exist for cardiac surgery. This study has bee11 proven to be 
of immense value and lead to the improved utillziitiori of ICU 

facilities and scheduling of  patient.^ and s t ' i f f .  

Clinical diagnost.ic aids using ANN tectinc)logy have also 
been developed for hepatitis, thyroid disorder-:;, radiographic 
diagnosis and sexually transmitted disedsec (lC4-26) . They 
have been found to be valuable for t l i i : :  efficient 
interpret at ion and u t. i 1 i z a t ion o f pa tho 1 og i cii 1 a11 ti 1 aho r a t o ry 
data. 

4.1.2. NDAs 
New Drug Applications (NDA Form 356H3) are documents 

furnished by manufacturers of new drug substances in the 
United States to the FDA requesting approval for the 
manufacture and marketing of the drug. The bdsic: requirement 
of an NDA is the proof of safety and efficCtc:y of the drug 
substance. A full report of a l l  the clinical iind preclinical 
studies in both animals and humdn:; i s  1-c he incl\ideci to 
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provide a better percept ion of the drug : i  : ; , I  fet 5 ; .  However, 
due to the myriad regulations, NDA siubmi:;s1~111 11 

formidable task with regards to information c o r n p i 1  ing. 
ANN technology may be employed to j i i s t i i - y  further the 

primary objective of an NDA: demonstration o f  safety and 
efficacy of the drug substance. As NDAs d r e  r - v p l e t e  w i t . h  

information from clinical and precliniccil st:iidie:;, such d a t a  

may be used to train net.works and hence p e r f o r m  :;imuldt ions 
under various conditions and constraints. 11 .7iih:J~?cts with 
the required and desired pathologi(~:aI. ; ; t < i r i i : :  to perfor -m 

clinical t.rials are difficult to monitor o r  f i n d ,  the results 
of such tests performed in a few subject:; iii<-iy he simulated 
using neural nets to provide addit-ional siuppor-t  i n g  dat.a and 
hence justify the drug's efficacy and  s i i f e t y .  ?.dditionally, 
neural nets may also be employed to elucidiit-i- tkie mode and 
mechanism of action of new drug subste~nc;e:i. 

The National Cancer 1nstitut.e has used ANN technology in 
the drug screening program for the develop~rient- o f  anti -cancer 
drugs. They can employ ANN to predict. the rriec,hdni:;rri of action 
of various candidate drugs for cancer from t 1 i e i r -  patterns of 
activity ( 2 7 1 .  However, as the FDA is a ;;cry st.ringent 
regulatory agency, adequate caution shou1.d hr exercised to 
validate and prove the results for st.atistica1 significance 
prior to submission. 

4 . 1 . 3 .  P o s t  -market surveillance 
The possible applications of n e u r r l l  n e t w o r - k s  in the 

monitoring of adverse drug vedction:; and t.he i ~ - i v ~ : ~ t i q ~ t i c i r i  o f  

product recalls are described here. 

4 . 1 . 3 . 1 .  Adverse drug reactions 
Although efficacy and safety of drug substances are 

provisionally established during clinical and preclinical 
studies, drugs are liable to be used by a large number of 
patients within highly variable populations dfter their 
approval. Multiple diseases, concomitant medications and 
several other factors such as ethnic, qerietic and 
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environmental attributes may further (:c-,mplicate the 
monitoring of the drug’s safety in such patient populations. 
Hence, monitoring adverse drug reactions i l i I ~ R )  undet.ected 
during preclinical tests is critical for t h e  ~issurance of 
drug safety. In the United States, FDA I I < - I : ;  initiated a 
computerized collect-ion of all such ADR incidents. This 
compilation of dat ii 1:; ref erred to as t 1 - I F  .,pant aneous 
reporting system (SRS), and processed nearly 600,000 reports 
related to various drugs in 1990 128, 29). ?.:; .&UR monitoring 
in populations with varied genetic, dietet i r ,  pathologic, 
geographic and social backgrounds is fundcimentally a pattern 
recognition problem similar to the one described under 
epidemiology, we believe it may be interesting to apply 
neural networks to realize such goals. Neulal networks in 
conjunction with ADR databases such as SRS may he successful 
in predicting the adverse response of drugs in pat.ients whose 
pathological disposition is different from t h a t  previously 
observed or reported. Such studies may prove to be worthy in 
alerting individuals suffering from cert.aii-i cli  serises that may 
make them vulnerable t.o certain drugs. 

4 . 1 . 3 . 2 .  Product recalls 
In 1978, the FDA in the United States introduced the 

system of product recalls as a protective measure for 
removing or correct iny consumer product 5 t h a t  are in 
violation of the laws administered by the FDA 130). It is our 
opinion that the FDA should develop a recall dat-abase which 
is manufacture-specific and incorporate the reasons for the 
failure of the product and update it when necessary. In order 
to regulate the compliance to cGMP, FDA may periodically 
review the recall database of each manufacturer. It may be a 
fruitful proposition for the FDA to use neural nets to 
discern any unnoticeable and undesirable trends in the 
product recalls which may alert the FDA t.o order an 
investigation into the cGMP compliance of the manufacturer. 
Such an approach may be useful in t-he det.ect~iclr-1 o f  production 
lapses and is of prophylactic utility. 
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4.2. Drug design and molecular graphics 
With the demonstrat ion that the biologic.c~l act.ivit.y of 

chemical compounds is a mathematical function of the 
physicochemical parameters of the molecLilp, Hansch and 
coworkers added a new dimension to rational dr i ig  design (31). 
This approach was actively fostered m d  further r-ilmified into 
various branches which we know t odciy a:, qliant it at ive 
structure activity relat.ionships (C!SARI , qiiant itative 
structure pharmacokinet. ic relat.ionships (Cl.?EE'R) , molecular 
graphics and molecular modeling. We descr-ibe below 
applications of neural networks to problems i n  the above 
fields which have stimulated much int.erest. 

4.2.1. QSAR 
The fundamental concept on which all (,:JAR studies are 

based is the correlation of biological activity to various 
physicochemical parameters. Models are constr-iicted assuming 

Y = b, + blXl + b2X2 + b3X3 + b4X4 + . . (Eq. 7) 
where Xl-X, : any physicochemical parameter 

Y : biological act.ivit.y 
b n : a regression coef€icient 

This equation is not only seemingly simple but  also 
severely limited. Although, this equation theoretically 
allows the inclusion of higher order and cross product t.erms, 
the practical difficulties involved are overridingly huge and 
annul this advantage. As neural networks do not suffer from 
such shortcomings, investigators have adapted this modeling 
philosophy and success has been reported. 

Andrea and Kalayeh have implemented ANN technology in 
the QSAR studies of dihydrofolate reductase (DHFRI inhibitors 
( 3 2 ) .  They have demonstrated that neural networks lead to 
enhanced surface fits and predictions, apart from precluding 
the need to define 'indicator variables'. ThPy c~l : ;o  reported 
that neural net-s lead to the successful iincie1:;tdnding of 
local structure activity relationships. However, they did 
allude that the training time currently 1:. inc.onveniently 
large and efforts to decrease it. are desirtihle. So and 
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134 ACHANTA, KOWALSKI, AND RHODES 

Richards also report.ed similar findings whi 1~ :;t udying t.he 
Q S A R  of diaminopyrimidines as DHFR inhibitox:; (33). They 
claimed that neural net.s can outperf 01 111 c.ilnvent.ional 
technique:; in QSAR studies. Tetko et al. l i , ive  stridied the 
Q S A R  of a small number of molecules iisi.nq dPLrvdtives of 
carboquinone as an illustration ( 3 4 )  . They cc~n(.l i ided that the 
application of neural nets leads 1.1 in <l m I-) i g u o u s 
classification and also demonstrated that t h e  predictive 
capacity could be improved by the comhineci c i p r ) l  ircit ion of 
statistical analysis and ANN technology. 

Neural nets have also been urje(-i r i i  c l a s s i f y  

physiologically active substances (35) . htii pertinent 
literature demonstrat ing similar applicat .ir~ri:-, is available 
(36, 37, 38). 

4.2.2. Molecular graphics 
A frequently encountered problem in rnolecriilrir graphics 

is the display and analysis of datasets which have a greater 
number of descriptive physiological parameters t-han the 
number of compounds in the dat.aset. Pattprn recognition 
display techniques hcive been found to be very informative, 
especially during tkie initial invest.igat ion:; when redundant 
information has not yet been eliIrrindt ed. Plots f r o r n  principal 
component analysis ( F C A )  and nonlinear mapping ( N L M )  are two 
techniques used for linedr and nonlinear dimension reduction 
of high dimensional. dat-asets. 

Livingstone et  al. have reported a novel method for the 
display of multivariate data in molecular graphics using 
neural nets ( 3 9 ) .  A dataset consisting of physicochemical 
properties for sets of biologically active molecules 
calculated by computational chemistry methods has been used 
and the successful reduction of the dimerisioinality of these 
multivariate dataset s to produce two dimen:;ional plots has 
been achieved. The results were compared with that of two 
other standard linear and nonlinear dimension reduction 
techniques and were found to be eithei- super ic i i .  t o  or atleast. 
comparable with that of the other techniques. The primary 
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advantage of these display t ec -hn iyues  i s  thrii ability to 
produce synopses of very large dcitii mdt rice's cmd minimize the 
possibility of chance correlation:>. 

4.3. Formulation and Analysis 
Drugs should be delivered in the appropriate fashion to 

elicit the desired therapeutic response. This constraint 
compels pharmaceutical scientists to devise highly efficient 
and effective delivery systems. Upon the completion of 
formulation, it is also indispensable tliat the pharmacist 
evaluate the dosage form for the desired uesponse profile. 
Hence, formulation and analysis of delivery systems form the 
core of much of the act.iv1t.y or many . ;c ient . is ts  in the 
pharmaceutical industry. In this section, we explore the 
applications of neural net.s in these ai-ea:; . 

4 . 3 . 1 .  Pilot - p l a n t  e x p e r i m e n t  d e s i g r i  

Design of pilot.-plant experiments is imperative at the 
outset of any drug delivery development pr-ocess.  It is a l s o  a 
valid objective to try and incorp0rat.e a sen:l;e of rationality 
rather than proceeding on a merely empiricdl b a s i s  when 
planning such experiments. This aim can tie readily reali.zed 
using neural nets in conjunction with literat-ur-e data. 
Previously published data may be employed t o  perform 
simulations using neural networks in order- to achieve a 
better understanding of the right formulation and processing 
parameters. It should be realized that such an approach will 
considerably decrease the tendency of the formulator to 
digress from the correct path. In fact, with the completion 
of more experiments in the laboratory, the training set of 
the network may be updated and hence incr-eci:;e its potential 
to accurately model the system. Perhaps professional 
organizations such as American Association of Pharmaceutical 
Scientists (AAPS) could sponsor the exchanqe and explc~itat ion 
of data for this purpose. 

D
ru

g 
D

ev
el

op
m

en
t a

nd
 I

nd
us

tr
ia

l P
ha

rm
ac

y 
D

ow
nl

oa
de

d 
fr

om
 in

fo
rm

ah
ea

lth
ca

re
.c

om
 b

y 
X

av
ie

r 
U

ni
ve

rs
ity

 o
n 

01
/2

9/
12

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y.



136 ACHANTA, KOWALSKI, AND RHODES 

4 . 3 . 2 .  O p t i m i z a t i o n  of n i a n u f a c t u r - i n g  processes 
Optimization techniques have become an integral part of 

rational drug delivery and dosage form d e s i c j r i  in the 
pharmaceutical industry over t.he last decade. 5 ' c h w ~ i i . t ~  ha s  

comprehens i ve 1 y en unc i a t ed the i n t 1.1 c a t e de t d 1 1 s o f vd r- i ou s 
techniques and their application in the industry (40). 

ANN technology, from the perspect-ive of predictive 
modeling, has provided a meaningful and interesting 
alternative to statistical techniques. Currently, there are 
no methods to determine optimized input /output sets for 
neural networks and hence statistical methods are superior to 
neural networks in optimization. But, ANN technology competes 
well with conventional statistical techniques in pattern 
recognition (41). 

Hussain e t  a l .  have reported an interest.iny application 
of neural nets in the development of a c~:ontrolled release 
hydrophilic matrix capsule containing blelld:; of anionic and 
cationic cellulose ether polymers. They achieved opt.imization 
of the i n  v i t r o  drug release profile from the matrix using 
neural networks and response surface methodology ( R S M ) .  Their 
conclusions suggest that ANN predict ions are more accurate 
than those of RSM (42). ANN technology can a l s o  be employed 
to optimize the performance of chemical plants in the 
manufacture of bulk drugs ( 4 3 ) .  To optimize the yields o€ 
chemical reactors in bulk drug manufacture, i t  is somet.imes 
desirable that the model predict input (conditions f o r  

specified outputs. Conventional modeling techniques are 
'unidirectional' and cannot be inverted. A unique advantage 
of neural networks is to allow €or the convenient 'inversion' 
of a complex simulation. Hence, neural nets have massive 
potential for optimizat.ion purposes. 

4 . 3 . 3 .  Q u a l i t y  contro l  a n d  a s s u r a n c e  
Neural nets seem to have great potentidl in t h e  area of 

quality control and assurance. Quality c o r i t r r l l  requires 
strict vigilance over processing steps t o  y i e l d  control 
variables which are within acceptable limits of v d r  iat lon . 
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Neural nets may be utilized to discern seemingly latent 
patterns in the variation of control variables as a function 
of various processing parameters. A t.ypic.dl illlust rat ion 
would be the quality control of tablet manufactiire. Suppose 
the control variables weight, hardness, fritihility and 
diameter of tablets need to be monitored as the response of 
the myriad processing parameters. This objective ran be 
readily realized using neural nets. The f i i - s t  advantage is 
the freedom to choose and include any numbex of causative 
variables as inputs. Secondly, the net.work's pr-edictive power 
keeps progressively increasing with time ds more data is 
obtained and the training set of the network is being 
updated. Assuming that hardness of the tablets is exhibiting 
an increasing trend, this fact can be readily detect.ed by 
running the network in t.he predictive mode. Hence, neural 
nets may be used as tools to detect problem:; in production 
and help make attempts to investigate and rectify the cause 
in advance. 

4.3.4. Interpretation of analytical data 
Data obtained from various analytical techniques may be 

successfully interpreted using neural networks. As an 
example, the spectroscopic data characterizing an unknown 
substance may be analyzed for chemical composition using 
neural nets. This concept may be extended to interpret NMR 

spectra of various chemical entities. The plethora of 
information available regarding the NMR spectra of various 
molecules may be utilized to train networks and successfully 
achieve atleast partially, if not completely accurate 
predictions. 

The successful classification of immunc)electrophoretic 
patterns presented as three dimensional vectors to ANN has 
been reported by Ssndergaard and coworkers (44). This example 
also illustrates the application of digital iiricige processing, 
a visual recognition technique in conJunc:t ic~n with ANN 
technology. Kratzer et al. have devised a method for the 
analysis of serum electrophoretic data using neural networks 
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(45) . This method could correct ly dif f t ' i  e n t  idt e the 
pathologic and physiologic patterns and hati i i r i  86% success 
rate in diagnosis. This t.echnology tias a l s o  been applied for 
the quantitative interpretat ion of UV cii(: i . i lar  dichroism 
spectral information (46). An ANN method which is faster and 
noise tolerant for in vitro and in vivo spec.t~r-ophotometric 
applications has been developed by Lin et d l .  (471. This 
technique may be employed to quantitatively analyze the 
information content in difficult and distort-ed spectra. 
Nerella et al. have reported the use of ANN in the 
calibration and predict ion of Near Inf r z t u w i  :;pect roscopic 
determinations (48) . However, the major ccinc'prri expressed in 
their study was the tediously long timespdri irivi-llved in the 
training of networks. 

4.4. Delivery of macromolecules 
The term 'macromolecules', in this context, alludes to 

molecules whose molecular weight is considerably greater than 
that of common drug entities ( eg. MW > 500 ) c ~ r ~ d  encompasses 
protein and peptide drugs. Due to t h e  far-redching 
developments in biotechnology and relatryti fields, the 
production of potent macromolecules w i t h  gI e a t  ther-apeutic 
efficiency has become convenient and cost-effective. The 
major hurdle delaying the advent. of such drugs in common 
clinical practice is the present inadt.qudcy of the 
pharmaceutical industry to develop efficient delivery 
systems. We describe certain strategies involving neural nets 
which we believe are valuable in achieving this goal. 

4.4.1. Identification/prediction of ~ i o r ~ i n  t z i i r t u r e  
Holley and Karplus have a r t  iculat el)) rFviewed the 

applications of ANN technology in solvinq t lie rhallenging 
task of predicting the structure of p r n t e i i ~  r L o I r 1  it<; drriino 
acid sequence (49). They state that neurcll I I (  t .  drp being 
used for turn prediction, prediction of s u r  tcri r c ~posure and 
disulfide bonding of cysteines, ds well CL., t l i p  1)r~ciiction of 
the backbone distancp corist rdints 'They r e 1 1 0 1  I t I l c i t  t hese 
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methods have an accuracy of 63-658. They ii1;icc siiqc~est that 
altering the informat ion encoding methods in inpiit dnd output 
variables may lead t.o enhanced predictions. T h e  effect of 
varying the number of hidden units on the cic'cui-cicy of the 
network has been illustrated in Figure 3 .  Heijne, while 
reviewing the computer based analysis of DNA sequencing and 
protein secondary structure prediction has discussed the 
utility of neural nets (50). The author cc~nlments that ANN 
applications have lead 'to small, but signifiriint improvements 
in the accuracy of prediction. 

Friedrichs et a1 . have developed a n i e t  hod involving 
associative memory Hamiltonians for generdlizpd protein 
tertiary structure recognition (2 j . Pancoskil a n d  coworkers 
have performed the neural network ariCilysis of the 
relationship between fractions of prcit-ein :.jecondary 
structural components derived from X-rdy c,rystallography 
using literature data (51). They have conrliided that the 
crystallographic data may have significant t i f f t - c t  s on the 
stability of the spectroscopic analyses (FTIR, Raman and UV 
circular dichroismi derived from such dat-aset:;. 

A fully automated methodology to recognizt? conserved 
subsequences in a set of multiply aligned protein sequences 
using a back-prop algorithm has also been developed (52). A 
comprehensive review of the applications of ANN in the 
prediction of structural and functional features of proteins 
has been published by Hirst and Sternberg and t.he reader is 
referred to such reviews for further details (53). Thus, ANN 
technology has contributed significantly to enhance our power 
in protein structure prediction. 

4.4.2. Formulation of protein d r u g s  
Development of efficient delivery systrms for protein 

drugs is one of the most challenging tdsk ( iirrently being 
encountered by pharmaceutical formulatoi . Protein and 
peptide drugs being structurally complex and 'hiqhly fragile' 
often cannot be formulated by convent 1 0 1 1  11 r~c-hniclues. 
Primary concerns in the formulation of protPiri d r u g s  have 
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FIGURE 3 
of prediction accuracy on the number of hidden 

units in the network. Data adopted-from Ref. 48 

been comprehensively discussed by Chen (54 1 . 1iiadequat.e a 
p r i o r i  knowledge of the degradation pathways and 
conformational changes of these chemical entities in dddit.ion 
to current limitations to develop analyt i c L i l  methodologies 
has further slowed progress. We believe tlii:~ problem may be 
appropriately addressed by utilizing neural net:;. As neural 
nets have the ability to develop autonomoils computat ional 
systems, the problem of optimizing protein tirug formulation 
ideally suits the application of ANN technology. 

It has been reported that proteins and peptides may have 
'efficacy-specific sites' (partial fragments of the entire 
chemical chain) which are solely resporlsible for the 
therapeutic effect. Variations part-icular only tr) such sites 
will also lead to complete loss of therapeut-ic action and 
such information can neither be incorporated into nor 
extracted by conventional modeling techniques. Hence, the 
application of neural nets to model s u c l l  situations is 
exciting and of great potential value. 

D
ru

g 
D

ev
el

op
m

en
t a

nd
 I

nd
us

tr
ia

l P
ha

rm
ac

y 
D

ow
nl

oa
de

d 
fr

om
 in

fo
rm

ah
ea

lth
ca

re
.c

om
 b

y 
X

av
ie

r 
U

ni
ve

rs
ity

 o
n 

01
/2

9/
12

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y.



ARTIFICIAL NEURAL NETWORKS 14 1 

The thermal behavior of protein and peptide drugs is 
often not governed by the conventional Arrhenius equation. 
Thus, neural nets may be employed to study the temperature 
dependence of protein drugs. This concept may be extended to 
encompass their dependence on variations in several 
environmental factors like pH and mechanical stress. 

The application of neural networks to interpret. UV 
circular dichroism spectra of proteins has already been 
mentioned. Bohm and coworkers have used a back-prop network 
to quantitatively analyze the protein f c i r  LJV circular 
dichroism spectral data (46) . They successfully 
extracted informat ion about five dif ft.rent secondary 
structure fractions with satisfactory corr-?l<qt- ions hetween 
calculated and measured structural data. StudiP:, s u c h  as this 
suggest the potential applications of neural networks in the 
development of analytical strategies and delj1.ei-y systems for 
protein drugs. 

4.5. Biopharmaceutics 
The efficiency of a drug delivery system depends to a 

significant degrec on the fraction of the driig substance in 
the formulation that is actually delivered t o  t-he general 
systemic circulation in order to elicit i t s  therdpeutic 
effect. For this reason, the terms bioavailability and 
bioequivalence have gained importance in the r-ecent past. FDA 
requires cogent quant itat.ive just i f ica t ion of biocivailability 
or bioequivalence claims from all manufact.urers. :de will now 
investigate the implications of art.if icial J l f ? l l ~ r l l  nets for 
these purposes. 

4 . 5 . 1 .  Modeling of bioavailability d a t d  

Bioavailability, essentially is the measure of the in 
v i v o  performance of any formulation (i .e., the rate and 
extent of drug absorption) However, the determination of the 
bioavailability of a formulation in a very large number of 
subjects is expensive and time-consuming and any methods to 
supplement this function are desirable. It may well be 
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feasible to explore the possibility of modeling 
bioavailability data of formulations using neural networks. 
One possibility is the determination of a correlation between 
the bioavailabi1it.y of the formulation and its i n  v i t r o  
attributes. As an illustration, the bioavailability of a 
certain tablet formulation may be correlated to the 
dissolution profile, disintegration time and various other 
formulation factors of the tablets. 

Another possibility is an attempt to decrease the number 
of subjects used for bioavailability t e s t i n g .  It may be 
possible to retain t.he same st.atistica1 power- of prediction 
while using fewer subjects in the test.incJ s r t  by discerning 
certain complex correlative patterns in the hiodvailability 
data. This goal, if realized will lead t n  considerable 
savings for the industry in terms of hum.tri d n d  monetary 
resources. A third possibility may be to ti-ain n e t w o i - k s  using 
data obtained from bioavailability studies arid ldter use them 
to predict the bioavailabi1it.y of the f ( i i - r n i i l . a t  ion in a 
population with a cer-tain pathological dispo:;it ion. Hence, 
ANN technology has some very useful impli(-.?itions for the 
determination of bioavailability. 

4 . 5 . 2 .  In v i t r o  - I n  v ivo  c o r r e l a t i o n s  

For reasons of cost, time and safet.y i n  vit-1.0 - i n  vivo 
correlations are of great interest to the pharmaceutical 
industry. Over the last three decades, many efforts to 
realize this objective have been cited in the literature. As 
the correlation of i n  v i t r o  and i n  v ivo  pel-formance of a 

formulation is fundamentally a pattern recognit ion task, we 
believe that neural nets may hold immense pritential in this 
area. The problem of predicting the i n  vivo performance of a 
formulation in a complex environment based on an artificial 
in vitro evaluation may be substantially simplified through 
the u s e  of ANN. This also illustrates an inscance where the 
convenient 'inversion' of t.he model is made possible due to 
the bidirectional nature of the neural networks. Required i n  

v i t r o  controls may be determined for specific i n  v i v o  
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performance by interchanging the input and output variables 
of the network. 

4.5.3. Bioequivalence testing 
As has been described in the modeling of bioavailability 

data, two different formulations can a l s o  he evaluated for 
equivalent in vivo performance using ANN technology. 
Advantages like the freedom to include a large number of 
causative variables and potential for a possible decrease in 
the number of subjects used for testing, are cilso appropriate 
for bioequivalence testing. Hence, neurcil nets may be 
successfully employed in bioequivalencr tpsting and, if 
indeed realized, may eventually lead to savings for the 
industry and reduced health care expenses for the public. 

4.6. Pharmacokinetics 
ANN technology has been widely applied for the purposes 

of sensor, cognizance and control proressiriq. These 
objectives also form the pertinent interests of 
pharmacodynamics and thus, developments i i r  neiir-ocomput ing 
will have significant consequences on the mocliilincj dpproaches 
in pharmacodynamics. 

4.6.1. Pharmacokinetic and Pharmacodynaniir i i i ode l ing  

The primary goal of pharmacodynamics is to develop 
efficient quantitative modeling approaches to monitor the 
complex kinetic interactions between drug substances and the 
physiological system. ANN technology o f f e r s  an exciting 
alternative to the many strategies wllich have been 
investigated to monitor complex kinetic prclcesses . Veng- 
Pedersen and Modi have introduced the concept of neural 
network modeling and have added a new perspective to 
pharmacodynamic modeling ( 5 5 ) .  As an example, they have 
demonstrated the successful prediction of t.he effect of 
alfentanil on the heart-rate through the use of neural 
networks. The network performance was evaluated under 
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complicated conditions by employing a complex dosing regimen 
of alfentanil. 

Hussain et al. have investigated the feasibility of 
developing a neural network to predict the pharmacokinetic 
parameters in human beings using laboratory animal data (56). 
They compared the network performance with allometry, a 
conventional technique to achieve the same objective. Various 
network topologies and training algorithms have been employed 
to obtain satisfactory correlations. A comparison of the 
correlations between observed and predicted par-ameters using 
neural networks and allometry have proven neural networks to 
possess superior predictive ability. 

In an effort to delineate the utility of the back-prop 
network, Erb has developed a network to estimate the 
creatinine clearance using gender, age, weight and serum 
creatinine as the input variables (41). He used two different 
sets, with 200 subjects each, for training and prediction and 
observed an excellent correlation between the ANN predictions 
and the observed clearance values. Hence, neural net.s offer 
an effective and faster modeling alternative in 
pharmacodynamics. 

4 . 6 . 2 .  Population pharmacokinetics 
Population pharmacokinetics is concerned with the 

monitoring of complex kinetic interact ions in large 
populations. Thus, additional 1imitat.ions on the 
applicability and utility of conventional modeling practices 
are imposed leading to a boggling quandary. It is our firm 
conviction that the application of neural net.work modeling in 
such situations will prove to be a judicioiis solution. The 
phamacodynamic and pharmacokinetic information from such a 
large population will further enhance the network's ability 
to understand better and model the kinetic processes in the 
population. Limitations related to the very large number of 
causative variables and the inability t-o decipher effects of 
extraneous variables or interactions between causative 
variables are obviously precluded with neural networks. 

D
ru

g 
D

ev
el

op
m

en
t a

nd
 I

nd
us

tr
ia

l P
ha

rm
ac

y 
D

ow
nl

oa
de

d 
fr

om
 in

fo
rm

ah
ea

lth
ca

re
.c

om
 b

y 
X

av
ie

r 
U

ni
ve

rs
ity

 o
n 

01
/2

9/
12

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y.



ARTIFICIAL NEURAL NETWORKS 145 

5. COMPARISON WITH STATISTICAL TECHNIQUES 

The hypothesis primarily emphasized in this article is 
the superior ability of neural networks to model poorly 
understood systems relative to the performance of 

conventional statistical techniques. ANN can autonomously 
develop an ability to extract hidden correlative patterns 
whereas classical statistical techniques require the explicit 
statement of such information by the user. Hence, the 
adaptive response of neural networks is of particular 
significance in the analysis of datasets with complicated 
correlation structures such as incomplete o r  irregular time- 
series of highly intercorrelated variables. Such problems are 
frequently encountered in pharmaceut-ical sciences and 
application of conventional statistical techniques to solve 
these problems is practically infeasible. This section will 
support the above hypothesis by citing pert.inent examples. We 
have compared the performance of three standard statistical 
techniques with that of neural networks. In all cases, the 
data has been adapted from published reports. 

5.1. Discriminant analysis 
To investigate the utility of neurdl networks, 

Reibnegger et al. have compared the performance of neural 
networks and linear discriminant analysis (LDA) (19). The 
problem under study was the classification of three diseases 
[fatty liver (FL); chronic persistent non-A, non-B hepatitis 
(CPH); and chronic aggressive non-A, non-B hepatitis (CAH)] 
using concentrations of urine neopterin, serum aspartate 
aminotransferase (SAT) and serum alanine aminotransferase 
(SLT) as taxonomic discriminators. 

The ability of neural networks to extract hidden 
information was demonstrated by designing two different 
networks with three and four  inputs each ("1 and NN2 
respectively). The results of the simulations in all the 
three cases ("1, "2 and L D A )  have been summarized in Table 
1. Classification accuracy (CA) is the percentage of correct 
distinction and transinformation (TI) is the reduction in the 
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, Method Classification accuracy (CA) Transinformation (TI) 

NN A 95.24% 1.338 1 

NN2 97.62% 1.423 1 
LDA 76.19% 0.5432 

1 

ACHANTA, KOWALSKI, AND RHODES 

TABLE 1 

Comparison of the Performance of Neural Nets and Discriminant Analysis. 
Data Adapted from Reference 19. 

uncertainty of the system, which signifies the efficiency of 
the method. 

The superior predictive power of neural networks is 
obvious from the results. The only difference between "1 and 
"2 is the inclusion of SAT:SLT ratio as an input to "2. 
Despite this difference, the performance of NN3 and NN2 is 
remarkably comparable. Moreover, the success rate of N N l  is 
approximately equal to that of "2. This observation 
demonstrates the adaptive response of neural nets and their 
ability to sense the correlation between SAT and SLT 
presented to the network as separate inputs and compute the 
ratio on their own. The reduction in the uncertainty of the 
systems, measured quantitatively as TI, is also similar for 
"1 and "2 and is close to TImax = 1.5538. 

In contrast, the omission of SAT/SLT r a t i o  leads to poor 
predictions by LDA. In fact, if the ratio was not explicit.ly 
stated, LDA could not differentiate between CPH and CAH and 
only FL could be correctly classified. This illustration 
unequivocally demonstrates the superior performance of neural 
nets in such applications. 

5.2. Regression techniques 
The extensive application of regression techniques in 

QSAR studies to fit large datasets has already been mentioned 
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(32, 33). The results from the QSAR study of DHFR inhibitors 
by Andrea and Kalayeh will be used t.o compcarc? the performance 
of multiple linear regression techniques relative to neural 
networks. In this study, a dataset containing 256 DHFR 
inhibitory activities and their physicochemical properties 
was used to compare neural networks ("1, multiple linear 
regression without indicator variables IMLR) and multiple 
linear regression with indicator variables (MLRI) . The 
results obtained by the application of all. t.he three methods 
are compiled in Table 2. 

An examination of the R2 values and the number of 
outliers in this table reveals that neural. networks gave the 
best R2 values irrespective of the number of datap0int.s used. 
This fact is also demonstrated in Figure 4 where plots of R2 
values against the number of datapoints for NN and MLRI have 
been obtained. The plot for NN is a flat plateau and does not 
show any appreciable variance. In contrast, MLRI p1ot.s show 
great variance in the values of R2. In fact, the best 
correlation (R2 = 0.774) with MLRI is not comparable even 
with the worst correlation (R2 = 0.794) using NN. Figure 5 
shows similar plots of number of outliers against t.he number 
of datapoints. Here also, NN always showed minimum number of 
outliers and the variance amongst the outliers is not 
remarkable. Again, MLRI demonstrates higher number of 
outliers with great variance. These facts illustrate the 
ability of NN to produce better fits of data relative to 
conventional regression techniques. MLR, even aft.er the 
cumbersome inclusion of indicator variables, does not compete 
with NN performance. 

5.3. Response surface analysis 
Hussain and coworkers have compared RSM and ANN analyses 

illustrating a neurocomputing application in pharmaceutical 
product development (42). Optimization of the in v i t r o  drug 
release profile of a polymeric matrix capsule was the 
objective of the study. A four-component simplex mixture 
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TABLE 2 

Comparison of the Performance of NN. MLR and MLRI in the 
QSAR Study of DHFR Inhibitors. Data adapted from Reference 32. 

Method 
NN 
MLR 
MLRI 

NN 
MLR 
MLRI 

NN 
MLR 
MLRI 

NN 
MLR 
MLRI 

R2 
0.850 
0.494 
0.773 

0.794 

0.244 
0.656 

0.815 

0.387 

0.769 

0.7% 

0.268 

0.452 

No. of outliers 
12 

61 

10 

41 

4 
23 

11 

1 

5 

5 

No. of datapoints 
256 
256 
256 

245 

245 

245 

132 

132 

132 

113 

113 

113 

experimental design was used and dissolut.ion half-time ( T 0 . 5 )  

and the release exponent (N) of the capsule were specified as 
the response variables. 

Fifteen different polymeric compositions of the matrix 
were formulated and the values for To.5 and N for each 
formulation were determined. This dataset was used €or both 
ANN and RSM analyses. A separate test-set of eight different 
formulations was also formulated and the values for the 
response variables of this set were determined. ANN and RSM 

predictions were made for the test set and compared with the 
experimentally determined values. 

The difference between the observed and predicted values 
of T0.5  and N are listed in Tables 3 & 4 respectively. These 
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0.9 

0.8 - 

0.7 - 

0.6 - 

0.5 - 

0.4 

CI 
p? 

I 

0 ANN 
MLRI 

FIGURE 4 
Comparison of the performances of ANN and MLRI. Plots of R2 
against the number of datapoints in the set. Data adopted 
from Ref. 32. 

0 ANN 
MLRI 

f-H 
0 

100 200 300 

No. of datapoints 

FIGURE 5 
Comparison of the performances of ANN and MLRI. Plots of 
number of outliers against the number of datapoints in t h e  
set. Data adopted from Ref. 32. 
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TABLE 3 

Prediction Errors for Release Exponent (N) using ANN and 
RSM Analyses. Prediction Error (PE) was calculated as the 
difference of observed and predicted values. Data adapted 
from Reference 42. 

Formulation No. 

1 
2 
3 
4 
5 
6 
7 
8 

PE (ANN) 

-0.03 
0.02 
-0.05 
0.04 
-0.08 
-0.05 
-0.02 
-0.06 

PE (RSM) 

0.08 
0.13 
0.07 
0.14 
0.10 
0.05 
0.07 
0.02 

TABLE 4 

Prediction Errors for Dissolution Half Time (T& using ANN 
and RSM Analyses. Prediction Error (PE) was calculated as the 
difference of observed and predicted values. Data adapted from 
Reference 42. 

Formulation No. 

1 
2 
3 
4 
5 
6 
7 
8 

PE (ANN) 

-0.63 
0.04 
-0.28 
-0.03 
0.28 
0.45 
0.13 
0.00 

PE (RSM) 

-2.16 
- 1.80 
-2.32 
- 1.73 
- 1.45 
- 1.55 
-1.68 
- 1.76 
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tables show smaller- error values between predicted and 
observed responses when ANN was used than those obtained 
using RSM analysis. This fact further justifies the 
hypothesis of superior performance by neur-a1 rietworks. 

Livingstone and Manallack have invest igated the 
occurrence of chance correlat-ions amoncjst variables in 
neural network analysis (8) . They c . r ~ i i c 1 i i d e c i  that the 
possibility of chance effects in ANN analysis cannot be 
completely eliminated and found the ratio of connections to 
observations to be an important deterrriir-icint in their 
occurrence. They have also suggested optimal v a l u e s  for this 
ratio in regression and discriminant analysis u s i r i r j  neural 
nets. Cross-validation with r e a l  datasets to examine the 
predictive ability and objectively ~lirniniitc t h i ;  possibility 
of chance effects has been strongly recormieinded. 

6 .  CONCLUSION 

Artificial neural networks have lead to the evolution of 
a novel modeling philosophy as a feasible alternative to 
conventional modeling techniques in pharmaceutical sciences. 
Preliminary work in this area has been promising, and there 
is great scope for future investigat.ions. In particular, the 
unique advantages of neural networks, su(:h as nonlinear 
processing capacity and an ability to model poor-ly understood 
pharmaceutical systems, are not only enticing but also have 
consequential implications for pharmaceuricdl sciences. 
However neural nets are not useful in illust-rating the 
mechanistic nature of the correlation established between 
variables. Rather, they behave as 'blackboxes ' for 
information processing. Presently, the training time €or 
networks may be long which is inconvenient.. However, the 
applications of neural networks are limited only by our 
imagination. 

Developments, such as those cited in t.his article re- 
emphasize the need for pharmaceutical scient.ists to 
participate in communion with their colleagues elsewhere to 
accomplish successfully challenging t.asks being faced by our 
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industry. Pharmaceutical scientists should be abreast of the 
current innovations in esoteric and diverse areas and 
demonstrate a willingness to collaborate. 
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