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Abstract 

This paper illustrates a novel technique based on FuTly Logic (FL) that allows both 
the prediction of pharmacological activity and the development of new compounds, 
showing a direction that is promising. The technique is based on the extraction of a fuz- 
zy knowledge base. The paper gives two significant examples, which show that, by using 
the proposed technique, it is possible to predict the pharmacological activity of a given 
compound with a high probability of success. The examples concern compounds active 
against the Human lmmunodcficiency Virus (HIV) type-1 by inhibition of the Reverse 
Transcriptase (RT) and some dcrivates of 9-benzyl purines against Rhinovirus serotype 
lB. © 1998 Elsevier Science Inc. All rights reserved. 
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I.  Introduction 

The aim of medicinal chemistry is to synthesize new pharmacologically ac- 
tive compounds. One technique, used in the synthesis of  new drugs, is a ran- 
dom one in which attempts are based on acquired experience. This method 
is obviously lengthy, expensive and at times ineffective. This has led to the 
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development of alternative methods which can help medicinal chemistry re- 
searchers to make rational decisions in synthesizing new bioactive molecules. 

Quantitative Structure-Activity Relationship (QSAR) studies [1] are of  un- 
questionable importance for the design of new drugs or the optimization of 
pharmacological activity in a class of compounds. Recently, advanced compu- 
tational methods, such as Expert Systems (ESs) [2] or Artificial Neural Net- 
works (ANNs) [3] have been used in the QSAR field. 

Fuzzy Logic (FL) [4] is an emerging discipline in the field of  ESs which is 
arousing increasing interest in various application areas. In our paper we pro- 
pose a novel technique based on FL that permits both the prediction of phar- 
macological activity and the development of new compounds showing a 
direction that is promising. The technique allows a linguistic representation 
of  the knowledge base. This makes it easy for a human to understand and 
interpret. The technique proposed is bascd on the automatic extraction of  a 
fuzzy knowledge base using a tool developed by one of the authors called 
FuGeNeSys [5,6]. 

Reducing the long, laborious process of chemical synthesis means a great 
saving in time (the FuGeNeSys learning time is much lower than that required 
on an average for the synthesis and pharmacological testing of new com- 
pounds) and money, not to spcak, for example, of the need for fewer guinea 
pigs to be sacrificed. We also think that analysis of the rules may be of help in 
gaining a theoretical understanding of the parameters and parameter ranges which 
actually affect the pharmacological activity of the chemicals being examined. 

The method we propose has several interesting features: 
1. It is possible to predict the pharmacological activity of a compound with a 

high probability of success. When the fuzzy knowledge base has been ob- 
tained it can immediately be used to see whether a compound is pharmaco- 
logically active or not. 

2. The linguistic nature of the ESs that can be obtained would allow a simple 
exchange of experiences among researchers. 

3. It is possible to introduce current knowledge acquired by researchers simply 
by adding one or more fuzzy rules to the automatically obtained systems. 

4. Evaluation of  the fuzzy ESs obtained is of help in synthesizing new pharma- 
cologically active compounds. As will be shown in the paper, the fuzzy 
knowledge bases typically obtained are very compact and so they are easy 
tbr any researcher to interpret. The analysis of these rules, in particular those 
predicting pharmacological activity, can be of great help in ssnathesizing a new 
compound. In fact, the rules make a qualitative prediction of how certain com- 
pounds could be composed so as to have a valid pharmacological activity. 
In the present paper we have dealt above all with the first point. The follow- 

ing two arc self-evident. We intend to develop the tburth at a later date. 
We will demonstrate the validity of  the fuzzy approach by applying it to two 

different fields showing that the results obtained are highly significant. In both 
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cases, in fact, we obtained 100% correct recognition of the pharmacological ac- 
tivity of the compounds used in both the testing and learning phases. These re- 
sults are better than those to be found in literature and offer the great 
advantage of  linguistic representation. The two fields of  application arc com- 
pounds against Human Immunodeficiency Virus (HIV) type-1 by inhibition 
of the Reverse Transcriptase (HIV-1 RT) and the antirhinovirus activity of 
9-benzyl purines against Rhinovirus serotypc lB. 

The paper is organized as follows. Section 2 gives a detailed introduction to 
FL. Section 3 is an introduction to QSAR studies and Section 4 is a detailed 
description of  the proposed methodology. Section 5 shows the two examples. 
Section 6 gives the author's conclusions. 

2. Fuzzy logic 

A Fuzzy Set (FS) [4] is a set whose Membership Function (M F) can take all 
the values contained in the real closed interval ~0, 1] c_ E. 

A fuzzy conditional rule is generally made up of a premise and a conclusion 

IF premise THEN conclusion. ( 1 ) 
The premise is made up of a number of fuzzy predicates (henceforward also 

called antecedents) of  the general form (Tom IS fast) that are eventually negat- 
ed or combined by ditferent operators such as AND or OR computed with t- 
norms or t-conorms (which, according to Zadeh, are respectively, minimum and 
maximum operations). 

In the latter example Tom is the value of  the linguistic variable in the Uni- 
verse of  the Discourse of  men and fast is one of  the names of  the term set of the 
linguistic variable (for example slow, normal, .fast). 

The following is an example of a fuzzy conditional rule using such operators 

IF(PI ANDP2)ORP3 THEN P4, (2) 
where for example, Pl = (car IS light), P2 = (power IS intermediate), P3 = ( p o w -  
er  1S high), 1'4 =(cal" IS fast). 

To apply an inference method to the conclusion, it is first necessary to assess 
the degree of  membership 0 of the premise, through assessment of the degrees 
of membership :~i of  each predicate P, = (X,. IS Ai) in the premise. The member- 
ship degree ~.¢ is calculated by assessing the degree of  membership of a generic 
value of)(,, in the FS Ai. If X,. is made up o f a  FS, its degree of  membership .~ is 
determined by making an intersection between the fuzzy value of X~ and the FS 
A~ and choosing the maximum value of  membership; if Xi is a crisp value, its 
degree of  membership in the FS A~ is made up of the value the MF of A assumes 
corresponding to Xi. The degree of membership, 0, of  thc premise can thus be 
calculated by assessing the fuzzy operations on the predicates. Once the value 
of  0 is known, an inference method can be applied to assess the conclusion. 



302 :!4. Russo et al. /Journal q f  h~Jbrnu2tion Sciences 105 (1998) 299-314 

This conclusion derives from assessment of all the rules concerning the same 
output variable. Lastly, once the fuzzy output set is obtained, it is defuzzified 
to transform the fuzzy information into numerical information. 

Recently defuzzification methods have been introduced which simplify cal- 
culation of the output value in that a single operation is sufficient to aggregate 
the rules and defuzzi~,, bypassing calculation of the fuzzy output set [5]. 

Below we give the equations used to calculate the fuzzy inference we trained 

= exp ( (x i -  c , , )  2 ' _ ~ir 
- -~-  ' i 1 E r = l  OrO'r 
2~5. ] 0,. = min(~.i,.), y . _ , ~ ,  (3) 

where y is the fuzzy output; x~ is the ith crisp input; R is the number of  rules; 1 is 
the number of  antecedents per rule; O, is the degree of  truth of the premise of 
the rth rule; ~ir is the degree of membership of  the ith input of  the ith FS of the 
rth rule; y,. and a, are, respectively, the rth rule output and weight; a~, and c~, 
are the two parameters of the ith input MF of the rth rule. In calculation of the 
degree of  truth of  the premises (0,) we chose to use the minimum of the various 
degrees of membership of the antecedents (~+.), i.e. the fuzzy connector AND, 
calculated according to Zadeh, was used with the various antecedents. For  de- 
fuzzification we used a weighted mean method. Fig. 1 gives a practical example 
of our calculation of a fuzzy inference made up of two rules. 

A. The learning tool used: We used FuGeNeSys. This tool permits fuzzy 
modelling from input-output  data. Using the basic techniques of soft comput- 
ing, i.e. genetic algorithms and neural networks, the method allows supervised 
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approximation of multi-input/multi-output systems. Typically a small number 
of rules are produced. For  a more detailed description see [5,6]. 

3. Introduction to QSAR studies 

The fundamental contributions to a rational approach in this field can be 
traditionally divided into two different groups: the Hansch [7] and the Free 
Wilson [8] type methods. 

The basic hypothesis in the Hansch-type QSAR approach is that biological 
action is correlated with the variation in free energy (AG) related to the drug- 
receptor balance, and that this energy can be divided into the difl'erent contri- 
butions made by the various parts of  the molecule (substituents). In this type of  
approach the contributions made by electronic, hydrophobic and steric substit- 
uent constants are used for a quantitative analysis of  the probable ways in 
which the substituents may modulate biological activity in a class of congeneric 
drugs. However, it is not possible to exclude a priori the possibility that other 
factors may be involved in the biological response. 

The Free-Wilson type methods (de novo approach) aim at extracting the 
contributions to pharmacological activity made by different parts of  the mole- 
cules, and in this approach empirical parameters are derived from activity val- 
ues to describe the dataset in a quantitative mode. Free-Wilson type analysis, 
in contrast to Hansch type methods, should be viewed as a useful method to 
assess the contributions of the various parts of biologically active molecules, 
but it is limited by the fact that it is not possible to foresee the activity, if 
any, of  compounds not included in the specific analysis performed. 

The interrelationships between Free Wilson analysis and the Hansch model 
have been recognized and theoretically proven [9]. 

4. The methodology proposed 

The idea behind this paper is to use FL as a tool which can be of help in 
synthesizing new di'ugs. FL can be thought of as an ES. It is very important 
to be able to construct a fuzzy system which embraces all the information col- 
lected by experts in a given field. In this way the system can be used to know, 
before it is synthesized, whether a compound is pharmacologically active or 
not. The linguistic representation typical of FL would allow the researcher 
to add his experimentally acquired personal know-how directly without need- 
ing an arid mathematical representation of it. The exchange of experiences be- 
tween researchers would thus become extremely simple and powerful. 
Ultimately, the analysis of  the rules obtained will give interesting bases for 
the synthesis of  new pharmacologically active compounds. The rules are easy 
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to interpret and can thus provide clear indications as to the most promising 
route to be taken in synthesizing new molecules. Unfortunately implementa- 
tion of  such an ES is not straightforward. We therefore thought of  using 
FuGeNeSys to generate an ES which would have the properties listed above. 
As we shall see, using the tool has undoubted advantages which immediately 
ensure a reduction in the time required for synthesis and thus a great saving 
in financial terms. Fig. 2 shows a scheme of  the methodology we propose. 

The database to be trained is a classifier. We will indicate one of  these gener- 
ic databases as a Pharmacological Activity Fuzzy Inference (PAFI). A PAFI is 
constructed to distinguish between two classes: a pharmacologically active 
compound (output -- y = 1) and an inactive one CY = 0). 

Given the fuzzy nature of  the system, if the classes are not easy to separate 
we obtain a system which can give a continuous output contained between the 
two limit values. This output can be taken as an index of  pharmacological ac- 
tivity. 

A PAFI supplies reliable data when an adequate number of  significant ex- 
amples are provided and it is sized correctly. Of course the size of  the PAFI 
affects its learning capacity, like ANNs.  Too large a PAFI, in fact, can learn 

- . . . . .  1 . . . . . . . . .  i 

i Fea~res ] 
! characterizat~n 

. . . . . .  l . . . . . . . .  

_ _ T _ _ _  

Chemical  
! Syn thes i s  i 
t . . . . . . . . . .  J 

i 
I 

3 
[.earning 
patterns 

upgrading 
___~-  ..... 

4 
' FuOeNeSys  i 
I l ea rn i ng  I 
I phase  I 

Fuzzy l . . . . . .  

i r u l es  I 

L 

/ \ yes I 
~ Too many . . . .  ~ New way, 

\ ~  \ failures ? j J ' "  i s e l e c t ~ n  

i 
i no 

j ,  -..\ 
/ ~ '  6 ", 

" Is the new \ - .  yes 
~ [ "  compound  " / >  . . . . . . . . . . . . . . . . . . .  

\ , \ pha rmaco log i ca l l y  / '  
. \ . \  active "2 

\ .  7 

I 
i I 
I 

Fig. 2. The  methodology proposed. 



M. Russo et al. / Journal o f  hlJbrmation Sciences 105 (1998) 299 314 305 

correctly but may have a poor capacity for generalization (overfitting), while 
too small a PAFI  may improve performance in terms of generalization but 
may have a poor  capacity for learning the examples. Of  course, the parameters 
used to represent the molecules must be significant. That is, they have to guar- 
antee correct classification. In practice, they have to be directly correlated with 
the drug-receptor interaction. A problem that may arise concerns the number 
of  inputs. On the one hand, in fact, the PAFI may not be able to learn when 
there are too few, and on the other it may learn by heart (poor generalization 
capacity) when there are too many. 

The first step is therefore to identify the fcatures. We think QSAR studies 
are fundamental tbr this. 

In practice, this is probably the most complicated step in the whole method- 
ology. There is, in fact, no clear indication of  the importance of one parameter as 
compared to another. Knowledge of  these parameters is acquired as the synthe- 
sized compounds follow each other. This first step can thus only be taken when a 
certain significant number of  synthesized and tested compounds are available. 

In connection with studying features, there are a number of works on ANNs 
which propose various ideas [10,11]. In this particular context, however, it 
should be emphasized that the FuGeNeSys tool is capable of learning and at 
the same time selecting the important features. 

A possible route, especially for a non-expert, would therefore be simply to 
test the validity of the features chosen by running the FuGeNeSys learning 
phase several times, only stopping when it gives satisfactory results. One is then 
certain that the features selected are significant. After this preliminary study, 
when the features have finally been selected and a first learning phase has been 
executed, the rules extracted by FuGeNeSys are available. Further study of 
these rules will indicate the best path to follow. Studying rules which predict 
pharmacological activity is very simple and gives clear indications as to the pa- 
rameter ranges that will lead to the synthesis of pharmacologically active com- 
pounds. The study is highly simplified. The rules obtained, in fact, can 
generally be split into two separate categories: those which predict pharmaco- 
logical activity (y ~ 1) and the remaining ones. By observing the rules it is pos- 
sible to understand the limits within which the parameters adopted can vary in 
order to have a good probability of  success. These limits are those approxi- 
mately in the middle of the Gaussians representing the fuzzy input sets. If no 
fuzzy set appears it means that the input does not affect the rule in question 
and so the related parameter can be chosen at random. Of course, a finer eval- 
uation can be made by considering several rules at the same time. 

Aftcr having identified a set of  new values for the paramctcrs which have a 
physical sense, for greater safety the validity of the new molecule is tested by 
analyzing the output of the set of  rules obtained previously. 

If and only if the result is positive, i.e. the fuzzy inference predicts a good 
pharmacological activity, the new drug is finally synthesized. It, on the other 
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hand, the result is negative, i.e. the fuzzy program predicts little or no pharma- 
cological activity, it is necessary to ask whether the route explored so far is a 
valid one. I f  the number  of  compounds synthesized is starting to become rather 
high and the results obtained are not as good as expected, it is clear that anoth- 
er direction needs to be taken. This new route can still be indicated by the rules, 
but if all the routes suggested by the fuzzy inference have been explored it is 
time to search elsewhere. In this case new compounds are synthesized with 
completely different characteristics from those analyzed so far. 

The learning process, however, should not be envisaged as a static one. 
Whenever, in fact, a new compound is synthesized whose pharmacological ac- 
tivity is predicted to be the opposite of  what it actually proves to bc after synthe- 
sis, it is absolutely necessary to start a new learning phase in which the recently 
simulated compounds,  which were not included in the previous learning phase, 
are added. The reason for this operation is to include the new, previously un- 
available information in the fuzzy inference. I f  this intbrmation had been pres- 
ent previously the fuzzy program would not have made an incorrect prediction. 

After the learning phase the subsequent steps are iterated, as can be seen in 
Fig. 2. 

Using the method proposed, the final number of  molecules actually synthe- 
sized should be drastically reduced as compared with classical approaches. 

5. Two examples 

In order to demonstrate,  at least in part, the validity of  the method proposed 
two series of  derivates whose antiviral activity has been experimentally deter- 
mined were examined. The pharmacological activity of  a number of  test mol- 
ecules was successfully predicted. 

5.1. HIV-1 R T  example 

5. 1, 1. Pattern description 
Forty-seven molecules with antiviral activity against HIV-I  RT were exactly 

taken from literature [12] and used in the learning phase (44 compounds),  
whereas the pharmacological activity of  the other molecules (3 compounds) 
was predicted. The chemical structures and the substituents of  those fi'om 
which all the compounds were extracted are shown in [12]. 

As mentioned previously, the activity of  the compounds was subdivided into 
two classes: active (y =- 1) and inactive (y = 0). 

The EDs0 is a parameter  of  the pharmacological effect. Here it represents the 
value of  the concentration of  compound (effective dose) which can inhibit by 
50% the spread of HIV-1 infection in susceptible cell culture. Compounds  with 
a ratio between their EDs0 and the EDs0 of azidothimidine (AZT), which is 
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used in the treatment of  AIDS, of  more than 1000 are immediately classified as 
inactive. 

5.1.2. Features adopted 
To represent the structural features of  the molecules steric descriptors are 

used. They can be generally classified into the following types: topological, geo- 
metric, physical and chemical descriptors. In addition, there are also differen- 
tial descriptors which result when a molecule is considered as an object 
which varies from a reference compound.  Among the various steric descriptors 
the 3-dimensional structure of  a compound can be conveniently represented by 
its topology, i.e. by the relative positions of  its constituent atoms and the bonds 
which connect them. From the structural formula it is possible to derive a series 
of  numerical topological descriptors which can represent the molecule within a 
defined space. These topological descriptors are called topological indexes and 
their formulation is based upon the characterization of  chemical structure by 
graph theory [13]. 

In [12] a set of  50 topological indexes served as the input set. As it was im- 
possible to use all those parameters because of  overfitting problems, a prelim- 
inary evaluation of  the indexes was made. All the parameters were scaled to 
unit variance and subjected to hierarchial cluster analysis. This analysis divided 
all the input parameters  into six clusters that did not overlap with each other. 
F rom each cluster, the parameter  with maximum correlation with the vector of  
molecular activities from the learning set was taken to be used in the training 
phase. Table 1 shows the training and testing set. 

5.1.3. The fuzzy in/'erence obtained 
The rules obtained are shown in Fig. 3. The universes of  discourse of  each 

input variable are, respectively, [0.000,0.020], [0.934,1.280], [0.007,0.108], 
[0.002,0.020], [13.72,55.08], [5.445,0.159]. This PAFI  was called the HIV-1 Ac- 
tivity Fuzzy Inference (HAFI) .  

A threshold, S~AFI, was heuristically set to a value of  0.45. Only H A F I  out- 
put values exceeding SHAH are classified as pharmacologically active. Of  
course, SHAH was chosen taking into account only the learning patterns. 

The results obtained are excellent. The HAFI  is, in fact, capable of  classify- 
ing both the learning and testing examples. This result is an improvement on 
the one reported in [12]. A study of  rules 2, 3 and 5 provides good bases for 
the synthesis of  new compounds.  

5.2. Antirhinovirus agents example 

There is great commercial interest in an effective drug to combat  rhinovirus- 
es as they are the main cause of the common cold and there are currently no 
drugs on the market  for the treatment of  colds. 
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Table 1 
The 47 compounds analyzed 

N XI X2 X3 X4 X5 X6 y 

1 0.020 0.94 0.065 0.013 14.2 7.11 1 
2 0.020 0.94 0.064 0.013 14.2 7.11 1 
3 0.019 1.00 0.063 0.012 14.2 6.78 1 
4 0.019 1.00 0.064 0.012 14.2 6.78 1 
5 0.019 1.00 0.063 0.012 14.2 6.78 1 
6 0.000 1.1)8 0.020 0.013 19.8 6.44 1 
7 0.000 0.99 0.020 0.018 13.7 5.50 1 
8 0.016 0.99 0.054 0.018 17.1 5.50 0 
9 0.015 1.04 0.055 0.016 17.5 5.82 0 

10 0.000 1.04 0.007 0.016 16.7 5.82 0 
11 0.000 1.12 0.007 0.012 19.4 6.80 0 
12 0.000 1.03 0.021 0.018 15.8 5.63 1 
13 0.000 1.24 0.019 0.007 27.1 8.67 1 
14 0.000 1.27 0.017 0.006 28.5 9.97 0 
15 0.001) 1.24 0.018 0.(X)6 28.0 9.26 0 
16 0.004 1.28 0.021 0.002 42.4 15.7 0 
17 0.000 1.04 0.014 0.017 16.5 5.82 0 
18 0.000 1.04 0.037 0.014 44.2 6.44 1 
19 0.016 0.99 0.029 0.018 16.9 5.50 1 
20 0.016 0.99 0.029 0.018 16.9 5.50 1 
21 0.016 0.93 0.030 0.020 17.0 5.53 1 
22 0.016 0.99 0.030 0.018 16.8 5.50 1 
23 0.(X)0 0.99 0.008 0.018 16.6 5.50 1 
24 0.000 1.04 0.007 0.017 16.5 5.82 0 
25 0.016 0.99 0.057 0.018 16.9 5.50 0 
26 0.014 1.07 0.063 0.015 26.1 6.11 1 
27 0.017 1.11 0.070 0.0i I 45.1 7.10 0 
28 0.014 1.07 0.052 0.015 26.4 6.11 0 
29 0.018 1.09 0.098 0.012 39.2 6.90 0 
30 0.017 1.12 0.064 0.009 55.1 7.45 0 
31 0.014 1.07 0.063 0.015 26.1 6.11 1 
32 0.015 1.04 0.029 0.016 17.4 5.82 0 
33 0.000 1.01 0.026 0.018 27.3 5.50 1 
34 0.000 1 .()6 0.027 0.012 51.2 6.47 0 
35 0.017 1.11 0.070 0.011 45.1 7.10 0 
36 0.000 1.01 0.023 0.018 27.7 5.50 0 
37 0.014 1.07 0.052 0.015 26.4 6.11 0 
38 0.017 1.10 0.098 0.012 39.2 6.90 0 
39 0.000 1.06 0.027 0.012 52.2 6.47 0 
40 0.017 1.12 0.1/64 0.009 55.1 7.45 0 
41 0.007 1.17 0.035 0.009 17.1 7.38 1 
42 0.007 1.17 0.034 0.009 17.1 7.38 1 
43 0.011 1.12 0.1141 0.007 25.7 8.13 1 
44 0.011 1.12 0.038 0.006 27.0 8.13 0 
45 0.011 1.20 0.029 0.015 24.5 6.81 0 
46 0.016 1.19 0.108 0.015 17.8 7.36 1 
47 0.008 1.11 0.033 0.019 23.1 6.37 0 

The tirst 44 were used in the learning. The remaining three were used in the testing. 
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5.2.1. The parameters adopted 
In the example given, antiviral activity had been experimentally demonstrat- 

ed by Kelley et al. [14-16] and then, on the basis of  the same pharmacological 
data, other authors studied the structure-activity correlation, using a series of  
selected physochcmical parameters [17] as the molecular descriptors. Some of  
these descriptors were compiled by Hansch and Leo [18]. They are: Hydropho-  
bicity (re); Molecular Refractivity index (MR); Polar Constants (.yT). The others 
are those reported in [17] and are: The energy of the Lowest Unoccupied Mo- 
lecular Orbital (LUMO); The Total rt-Electron Energy (TPEE); The ground 
state atomic index (g); The atomic index of  the first excited state (e). 

rc represents the hydrophobic content of  the substituent considered when a 
molecule or one of its substructures interacts with a receptor to create a hydro- 
phobic bond. 

CH3\NJCH3 
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Fig. 4. General structure of  benzyl-purines. 
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The parameter MR is defined by the formula 

MR .... (n 2 - 1)Mw 
(n 2 + 2)d ' (4) 

where n represents the index of refraction of the compound, Mw is the molec- 
ular weight, and d the density. The parameter describes the molecular polari- 
zability and quantilies the drug-receptor interaction due to the London 
dispersion forces. 

.~- is an important electronic parameter and can be considered as a measure- 
ment of the eltect of the substituent on electronic density. 

The other parameters, i.e. LUMO and TPEE, and the index of the substit- 
uent in position 3 gE3 and eE3 (where g indicates the ground state and e in- 
dicates the atomic index of the first excited state: for example, eE3 means the 
excited state superlocalizable electrophilicity of carbon 3 (C3)), represent a 
further description of the compounds related to their electronic characteristics. 

5.2.2. The patterns 
The general structure of the compounds examined is shown in Fig. 4, which 

represents the general chemical structure of 6-(dimetylamino)-2-(trifluorome- 
tyl)-9-(substituted bcnzyl)-9H-purines. R2, R3 and R4 are the substituents 
shown in Table 2. 

In this example, 52 molecules with antiviral activity against rhinovirus sero- 
type I B were taken from literature. Forty-six compounds were used in the 
learning phase while the remaining six were used in the testing phase (see 
Table 2). The activity of the compounds was divided into two groups: active 
(y = 1) and inactive (y = 0). 

The compounds labelled as active are those for which the value of the con- 
centration of compound capable of inhibiting (inhibitory concentration) by 
50% the spread of  rhinovirus infection in susceptible cell culture (ICs0) is great- 
er than the pre-established threshold of 6.50. All the other compounds were de- 
fined as inactive. 

5.2.3. 2he inference obtained 
Fig. 5 shows the fuzzy inference obtained. Indicated as Rhinovirus Agent 

Fuzzy Inference (RAFI), it comprises only six rules. The eight RAFI input pa- 
rameters ranges are, respectively, [-1,23,+1.48], [-1.63,+2.13], [+0.92,+32.2], 
[-0.06,+0.54], [-1.08,-0.49], [+12.3,+26.5], [+0.67,+1.11], [+0.06,+0.85]. A 
threshold, SRAH, of 0.50 was heuristically fixed. All the compounds for which 
SRAH returns a value higher than SRAI-'I are considered to be active. Of course, 
SRAH was also chosen taking into account only the learning patterns. The re- 
sults obtained were 100% recognition of both the learning and testing exam- 
ples. A study of rules 1, 3 and 4 provides interesting bases for the synthesis 
of new compounds. 
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Fig. 5. Rhinovirus agents fllzzy inference. 
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6. Conclusions 

The papcr has presented a reasoning system utilizing FL to model the phar- 
macological activity of a new compound. The main featurc of this representa- 
tion, i.e. its linguistic nature, oilers undeniable advantages as compared with 
classical approaches. As the paper has shown, by using a tool for the automatic 
learning of fuzzy rules such as FuGeNeSys it is possible to obtain extremely 
compact knowledge bases with great potential for the prediction of pharmaco- 
logical activity. As these knowledge bases arc so compact, an accurate study of 
them is possible. This study will allow the synthesis of new compounds which 
are highly likely to be pharmacologically active. 
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