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Abstract—A fuzzy neural network (FNN) was trained on a dataset of 177 HIV-1 protease ligands with experimentally measured
IC50 values. A set of descriptors was selected to build nonlinear quantitative structure–activity relationships. A genetic algorithm
(GA) was implemented to optimize the architecture of the fuzzy neural network used to predict biological activity of HIV-1 protease
inhibitors. Evolutionary methods were used to apply feature selection (FS) to this model. Results obtained on an external test set of
21 molecules, with and without feature selection, were compared. Applying feature selection to the GA-FNN resulted in a more
accurate prediction of biological activity. Fuzzy IF/THEN rules were extracted from the optimized FNN. In the future the devel-
oped models are expected to be useful in the rational design of novel enzyme inhibitors for HIV-1 protease.
� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

For the discovery of novel enzyme inhibitors and their
optimization we consider computational modeling as a
valuable aid. Software for molecular modeling, neural
networks, and statistical analysis are applied to data sets
to generate predictive models for biological activities.1–6

Neural networks were used to predict biological activi-
ties of HIV-1 reverse transcriptase and vesicular mono-
amine transporter-2 inhibitors, drug resistance,
lipophilicity, aqueous solubility, intestinal absorption,
and site of protease cleavage.7–13 Computational models
can assist medicinal chemists in more quickly identifying
and optimizing novel lead compounds, possibly improv-
ing the overall efficiency of the drug discovery process.

Sybyl and BioLoom are commonly used to collect com-
pounds and their corresponding molecular descrip-
tors.14–18 Training and testing molecules can be
obtained from a single databank, multiple databanks,
or from a compilation of several previous studies.17–19

For supervised training, the dataset must also contain
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experimental data, such as values for IC50 (inhibitory
concentration at 50%) or Ki (the dissociation constant
of the inhibitor).

Neural networks (NN) are frequently designed using
algorithms that require supervised training to obtain
predictions.20–22 Fuzzy logic algorithms can enhance
the NN by relating structure to function with IF/THEN
rules. This network is referred to as a fuzzy neural net-
work (FNN).18 Evolutionary methods can be used to
optimize the architecture of the FNN, by determining
the best error tolerance and the optimal subset of
descriptors (feature selection).23–25 Data mining tech-
niques can be employed to extract rules, rank impor-
tance of molecular descriptors, and determine the
contribution of molecular descriptors to biological pre-
dictions.21,26–30

Statistics are used to assess prediction accuracy. Com-
mon measures for analyzing multiple predictions are
root mean squared error (RMSE), symmetrical mean
absolute percentage error (sMAPE), Pearson’s correla-
tion coefficient (r), and the coefficient of determination
(r2).18,31,32

In this study we implement a GA optimized FNN to
produce two models for inhibitors of HIV-1 protease.
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No. Molecular Descriptors
D01 Total Number of Atoms 
D02 Number of Carbon Atoms 
D03 Number of Chlorine Atoms 
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The first uses all 35 molecular descriptors (GA-FNN).
The second applies feature selection using evolutionary
methods (FS-GA-FNN). Fuzzy IF/THEN rules are ex-
tracted from the FS-GA-FNN.
D04 Number of Fluorine Atoms 
D05 Number of Hydrogen Atoms 
D06 Number of Nitrogen Atoms 
D07 Number of Oxygen Atoms 
D08 Number of Sulfur Atoms 
D09 Molecular Volume 
D10 Index of Hydrogen Deficiency  
D11 Total Number of Bonds 
D12 Number of Single Bonds 
D13 Number of Double Bonds 
D14 Number of Triple Bonds 
D15 Number of Aromatic Bonds 
D16 Number of Amide Bonds 
D17 Molecular Weight
D18 Total Charge
D19 Bond Stretching Energy
D20 Angle Bending Energy
D21 Tortional Energy
D22 Out of Plane Bending Energy 
D23 One to Four Van Der Waals Energy 
D24 Van Der Waals Energy 
D25 One to Four Electrostatic Energy 
D26 Electrostatic Energy
D27 Total Energy 
D28 Van Der Waals Electrostatic Pairs 
D29 One to Four Van Der Waals Electrostatic 

Pairs 
D30 Scaled Van Der Waals Electrostatic Pairs 
D31 Hydrogen Bond Donors 
D32 Hydrogen Bond Acceptors 
D33 Calculated LogP 
D34 Calculated Molar Refractivity 
D35 Number of Valence Electrons 

Figure 1. Molecular descriptors used for the training and testing of the

GA-FNN.
2. Methods

2.1. Inhibitory compounds for the genetic algorithm
optimized fuzzy neural network

Experimental datasets for HIV-1 protease were col-
lected.33–37 Redundant molecules, molecules missing
experimentally determined biological values, and those
with conflicting biological activities were removed from
the datasets leaving a total of 198 HIV-1 protease inhib-
itors. These 198 molecules were divided into a set for
training and a set for testing. A set with 21 molecules
was selected to be the test set. The IC50 values for the
test set molecules range from 1.4 nM to 3000 nM with
a mean value of 157.33 nM. The remaining 177 mole-
cules were used for training and cross-validation. The
IC50 values for the training and cross-validation set mol-
ecules range from 0.28 nM to 11,800 nM with a mean
value of 683.16 nM. After all phases of training and
optimization were completed using only the training
set, the FNN’s accuracy was evaluated using the test set.

All molecules were drawn into Sybyl where they were
minimized, aligned, and docked within the protease ac-
tive site. Tripos force field was used and minimization
was performed using Gasteiger–Marsili charges.38,39

When aligning molecules there was no algorithm used,
they were aligned by common atoms. The molecules
were aligned prior to docking to make sure that the
starting structures were in a similar conformation. To
dock compounds into the active site the docking option
within SYBYL base was used. Structures were mini-
mized to convergence using a gradient of 0.01 kcal/
(mol Å) and a maximum of 1000 iterations.

2.2. Molecular descriptors

We designed software to extract 35 molecular descrip-
tors from the files generated by Sybyl and BioLoom.
These descriptors are listed in Figure 1. Selection of
molecular descriptors was based on accessibility and
contribution to molecular entity. The summation of
atoms and bonds (D01 and D11) along with the number
of each type of atom (D02–D08), the numbers of each
type of bond (D12–D16), and functional group (D16
and D17) provided atomic descriptors for each inhibi-
tory structure. It has been shown that there is a correla-
tion between molecular weight and biological affinity of
inhibitory compounds. Thus, molecular weights (D17),
the number of hydrogen bond donors (D31), the num-
ber of hydrogen bond acceptors (D32), and C logP
(D33) were also included. Index of hydrogen deficiency
(D10) was incorporated to describe the degrees of unsat-
uration for each molecule. Molecular volume (D09), cal-
culated molar refractivity (D34), and the number of
valence electrons (D35) were calculated to represent
the overall three-dimensional space that molecules occu-
py. Total charge (D18), total energy (D27), molecular
energy descriptors (D19–D26), and summations of
molecular interactions (D28–D30) established the con-
formational molecular relationships for each inhibitory
structure. Descriptors D01 through D30 were generated
from SYBYL, D19 through D30 resulting from energy
calculations of the minimized structures using the same
force field and charges as the ones used for minimiza-
tion. Descriptors D31 through D35 were generated
using BioLoom.

2.3. Normalization

Descriptor values were normalized to produce standard-
ized ranges between 0 and 1:

Normalized value ¼ ðActual–MinÞ=ðMax–MinÞ
In the above equation, the actual value is the molecular
descriptor value obtained from Sybyl or BioLoom. The
minimum (Min) is the smallest value of the molecular
descriptor in the dataset, while the maximum (Max) is
the largest value of the molecular descriptor in the data-
set (Table 1). Before training and cross-validation, the
range of all molecules (test, training/validation, and no-



Table 1. Minimum and maximum values of molecular descriptors and the corresponding ranges for the five fuzzy membership groups for the data set

compounds

Molecular descriptors Min Max Low

[min, low]

Med-low

[low,

med-low]

Med

[med-low,

med]

Med-high

[med,

med-high]

High

[med-high,

high]

Total number of atoms 33 125 51.4 69.8 88.2 106.6 125

Number of carbon atoms 17 49 23.4 29.8 36.2 42.6 49

Number of chlorine atoms 0 1 0.2 0.4 0.6 0.8 1

Number of fluorine atoms 0 3 0.6 1.2 1.8 2.4 3

Number of hydrogen atoms 12 61 21.8 31.6 41.4 51.2 61

Number of nitrogen atoms 0 8 1.6 3.2 4.8 6.4 8

Number of oxygen atoms 3 10 4.4 5.8 7.2 8.6 10

Number of sulfur atoms 0 3 0.6 1.2 1.8 2.4 3

Molecular volume 226.19 715.27 324.01 421.82 519.64 617.45 715.27

Index of hydrogen deficiency 7 26 10.8 14.6 18.4 22.2 26

Total number of bonds 35 129 53.8 72.6 91.4 110.2 129

Number of single bonds 20 95 35 50 65 80 95

Number of double bonds 2 8 3.2 4.4 5.6 6.8 8

Number of triple bonds 0 1 0.2 0.4 0.6 0.8 1

Number of aromatic bonds 6 30 10.8 15.6 20.4 25.2 30

Number of amide bonds 0 5 1 2 3 4 5

Molecular weight 296.34 900.09 417.09 537.84 658.59 779.34 900.09

Total charge �1 468.80 92.96 186.92 280.88 374.84 468.80

Bond stretching energy 0.33 17.48 3.76 7.19 10.62 14.05 17.48

Angle bending energy 2.50 104.03 22.81 43.11 63.42 83.72 104.03

Tortional energy 3.34 27.08 8.09 12.83 17.58 22.33 27.08

Out of plane bending energy 0 0.50 0.10 0.20 0.30 0.40 0.50

One to four Van Der Waals energy 1.17 12.01 3.34 5.50 7.67 9.84 12.01

Van Der Waals energy �19.74 �0.59 �15.91 �12.08 �8.25 �4.42 �0.59

One to four electrostatic energy �13.83 227.77 34.49 82.81 131.1 179.45 227.77

Electrostatic energy �24.62 141.31 8.57 41.75 74.94 108.13 141.31

Total energy 3.96 478.64 98.89 193.83 288.76 383.70 478.64

Van Der Waals electrostatic pairs 368 6685 1631.4 2894.8 4158.2 5421.6 6685

One to four Van Der Waals electrostatic pairs 69 320 119.2 169.4 219.6 269.8 320

Scaled Van Der Waals electrostatic pairs 2 62 14 26 38 50 62

Hydrogen bond donors 1 8 2.4 3.8 5.2 6.6 8

Hydrogen bond acceptors 2 15 4.6 7.2 9.8 12.4 15

Calculated logP 1.08 9.96 2.86 4.63 6.41 8.18 9.96

Calculated molar refractivity 8.46 24.65 11.70 14.94 18.17 21.41 24.65

Number of valence electrons 104 344 152 200 248 296 344
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vel potential inhibitor sets) was determined, so that all
normalized values fell within the [0,1] range.

2.4. Statistics

The statistics used to evaluate predictive ability are sym-
metric mean absolute percentage error (sMAPE), root
mean squared error (RMSE), and Pearson product-mo-
ment coefficient of correlation (Pearson’s r). For sMA-
PE and RMSE, lower values are optimal, while r, in
this case, is best when closest to 1.18
3. The genetic algorithm optimized fuzzy neural network

The FNN was implemented according to a modification
of the Min–Max Fuzzy Inference Network (MMFIN)
described by Cai and Kwan.40 This modification con-
sists of replacing the d�y error (where d is the target va-
lue and y is the computed value) of the MMFIN
learning algorithm, with the symmetric relative error,
(d�y)/(d + y). This incorporates the fact that small dif-
ferences of low IC50 values are chemically more signifi-
cant than the same amount of difference of high IC50

values. Note that all d and y are positive in our FNN.
The network consists of three layers: the vector of input
values; the hidden layer; and the output layer, consisting
of one neuron which is the predicted IC50 value for the
molecule. Each node of the hidden layer represents a
prototype of the input vectors. The number of hidden
layer neurons is determined by the training algorithm,
with the maximum possible being the number of ligands
used for training.

The input vector layer and hidden layer are connected by
fuzzy membership functions. The fuzzy membership va-
lue of each input molecular descriptor is calculated, in
relation to previously learned input vectors, and stored
in a matrix. The first dimension represents the descriptors
and the second dimension represents the hidden layer neu-
rons. For each molecule passing through the network, the
membership value of each descriptor in each of the previ-
ously learned prototypes is determined.

The hidden layer and output layer are connected by a
weight matrix. The first dimension of this weight matrix
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represents the hidden layer neurons and the second
dimension represents the output neuron. The output of
the hidden layer is the minimum (fuzzy AND) of the
membership function input. This hidden layer output
is then multiplied by the weight matrix. The resultant
matrix serves as input to the third (output) layer of
the network. The output of the third layer of the
network is the maximum (fuzzy OR) of this input, and
is the computed IC50 value of the input vector of
descriptors.

During the training process, the final output is com-
pared to the target value, which is the known biological
affinity value of the training ligand. If the output differs
from this value by more than the established error toler-
ance, the membership functions and weight matrix are
adjusted and this ligand must be ‘re-learned’. If it is
not possible to re-learn this molecule so that it falls with-
in the ranges of the already established prototypes (hid-
den layer neurons), a new neuron representing this
prototype is added to the hidden layer. Training contin-
ues until all training molecules are learned and produce
output values within the acceptable error tolerance.

The FNN architecture is determined by the error toler-
ance; the challenge is how to find the best value for this
parameter. The goal of optimizing the structure of the
FNN with a specified set of descriptors is to produce
the most compact network possible, which still main-
tains a high prediction and generalization ability. These
optimization criteria are measured by a fitness function
which incorporates both the number of hidden nodes
and the predictive ability of the FNN.

The objective of the GA optimization is to find the opti-
mum balance between the extremes of a highly compact
network, which is unable to predict accurately, and a
very loose, overfitted network, which is not able to gen-
eralize. We use the same GA in two different instances:
first to determine the optimal subset of features and sec-
ond to determine the optimal error tolerance for the
FNN.

To incorporate evolutionary methods into feature selec-
tion, we used the idea introduced by Siedlecki and
Sklansky.41 They implemented a GA to find an optimal
binary vector, where each bit is associated with a fea-
ture. If the ith bit of the vector equals 1, then the ith fea-
ture is allowed to participate in prediction; if the bit is 0,
then the corresponding feature does not participate.
Each resulting subset of features is evaluated in accor-
dance to the fitness function f on a set of training data,
using the FNN and cross-validation.

The evolutionary methods used incorporate two types
of chromosomes: (1) An fChromosome in which each
gene is either a 0 or a 1; this chromosome defines the
subset of features with which to train the FNN. (2)
An eChromosome, in which each gene is an integer;
all genes are in the range [0, 9], except the first gene
which is Refs. 8,9 This chromosome is converted to a
float, which is used as the error tolerance to train the
FNN. The resultant error tolerance therefore falls
within the range.[0.8,1.0] The minimum value of 0.8
was selected following numerous sequential optimiza-
tions; it was noted that when the error tolerance is less
than 0.8, the number of hidden nodes is too high,
resulting in overfitting.

The GA incorporates both crossover and mutation
operators. The population consists of 70 individuals.
Using the roulette wheel method, 34 individuals are se-
lected for crossover. For each pair, the point of cross-
over is randomly determined and the genes beyond
this point are exchanged. From the resultant popula-
tion, seven individuals are selected for mutation using
the roulette wheel method. For each individual, the
point of mutation is selected randomly. In the case of
FS, in which each gene is either a 0 or 1; the gene is mu-
tated by flipping the current value to its opposite value.
In the case of error tolerance optimization, in which
each gene is an integer, the new gene value is selected
randomly within the correct range.
4. Stages of the genetic algorithm optimized fuzzy neural
network

Our method can be described by the following four
stages:

(1) FS optimization: An initial population of fChromo-
somes is instantiated. To obtain an estimate of the
fitness of each member of this population, 200 eChro-
mosomes are randomly generated for each fChromo-
some. Tenfold cross-validation is used to train and
validate the FNN with each eChromosome for each
fChromosome, using only the training set of molecules.
An eChromosome encodes the error tolerance that is
used to train the FNN. The FNN architecture is gov-
erned by this error tolerance and so it is important to
optimize this value. The optimal error tolerance
(eChromosome) for each set of descriptors (fChromo-
some) was determined in order to achieve the optimal
architecture for this set of descriptors. During cross-
validation, the sMAPE, RMSE, and r are calculated,
and the average number of hidden nodes (aveM) is
determined. The fitness of each fChromosome using
each eChromosome, is evaluated according to the fol-
lowing formula:

f ¼ ð1=ðsMAPEþ 2 � aveMÞÞ þ 0:01 � r ð1Þ
The fitness value ultimately assigned to each fChromo-
some is the fittest value obtained from evaluating all
200 eChromosomes with this particular subset of
descriptors. This represents a course-grained estimate
of the fitness of each fChromosome. Random search
only is used to identify the best eChromosome for each
fChromosome; no evolutionary methods such as muta-
tion or crossover are applied at this stage to the eChro-
mosomes. The evolutionary methods (survival of the
fittest, cross-over, and mutation) are applied to the gen-
erations of fChromosomes. The final result of this stage
is an fChromosome which represents the optimized set
of features.



Table 2. Statistics on the training set for the FS-GA-FNN and GA-

FNN

FS-GA-FNN GA-FNN

sMAPE 83.4 98.4

RMSE 890.4 1289.9

Pearson’s r 0.82 0.68

Number of hidden nodes 18 27

Number of descriptors 15 35

L. Fabry-Asztalos et al. / Bioorg. Med. Chem. 16 (2008) 2903–2911 2907
(2) Error tolerance optimization: The subset of features
used is defined by the fittest fChromosome obtained
from the FS optimization. An initial population of
eChromosomes is generated. It is seeded by the eChro-
mosome obtained during the estimate of the fittest
eChromosome during the FS optimization.

The leave-one-out (LOO) cross-validation method is
used to calculate the sMAPE, RMSE and r. The average
number of hidden nodes (aveM) in the trained FNN is
determined. The fitness value of each eChromosome is
calculated according to Eq. (1). The FNN trained with
the fittest fChromosome and the fittest eChromosome
is the result of this stage. For the GA-FNN, this step
only is applied to the complete set of 35 descriptors.

(3) Test set evaluation: The next step is to evaluate the
ability of the FNN obtained from Step 2 to make accu-
rate predictions. This is accomplished using the test set
of 21 molecules. Each molecule in this set is passed
through both the GA-FNN and the FS-GA-FNN to
predict its IC50 value. The sMAPE, RMSE, and Pear-
son’s r are calculated.

(4) Rule extraction: The final step is to extract the fuzzy
IF/THEN rules from the FNN produced by Step 2.
Each hidden node corresponds to a learned prototype
as well as to a fuzzy IF/THEN rule. This rule is accessi-
ble at the end of the learning phase. IF/THEN rules
encapsulate the explicit knowledge of the FNN. The
number of rules corresponds to the number of nodes
within the optimized FNN. Rules describe the relation-
ship between the descriptor values and the predicted
IC50. The normalized range of [0, 1] is divided into five
equal groups (low, low-medium, medium, medium-high,
and high). The ranges without normalization that corre-
spond to the five equal groups are shown in Table 1
above. Categories for IC50 were divided into low (0–
20 nM), low-medium (20–50 nM), medium (50–
100 nM), medium-high (100–500 nM), and high
(>500 nM). Information generated by the IF/THEN
Total Popu
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Figure 2. The total population fitness.
rules is very valuable when evaluating known and poten-
tial inhibitory compounds.
5. Results and discussion

Figure 2 illustrates the total population fitness as evolu-
tionary pressure is applied to the feature defining chro-
mosomes. The population’s overall fitness improves
with successive generations. The final average fitness
for all members in the population was 0.01858043. The
global best individual, with a fitness value of
0.020195693, was obtained after 17 generations.

Further optimization of the error tolerance for this glo-
bal best individual was performed. As result, the follow-
ing statistics were obtained for the training set with
LOO cross-validation. The predictive ability of the FS-
GA-FNN and the GA-FNN are displayed in Table 2.
The sMAPE and RMSE statistics for the FS-GA-
FNN with the reduced set of 15 descriptors are lower
than those obtained from the GA-FNN which used all
35 descriptors. The r value for the FS-GA-FNN is closer
to 1 than the r value for the GA-FNN. This indicates
that the FS-GA-FNN outperforms the GA-FNN.

All three statistics improve when the reduced subset of
features is used. This would indicate that some of the
35 descriptors are not relevant for predicting the biolog-
ical activity of the ligand. The global best individual ob-
tained with the evolutionary feature selection defined a
lation Fitness

10 12 14 16 18 20

eration



Table 4. Novel inhibitory structures with their corresponding pre-

dicted IC50 values using FS-GA-FNN and GA-FNN
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subset of 15 features, listed in Figure 3, and was used to
make predictions on the test set of molecules.

This improvement in statistical results using the re-
duced set of features is also seen in the results for
the test set molecules (Table 3). With the reduced sub-
set of features a more compact and optimized neural
network structure is obtained, as evidenced by the fact
that only 18 hidden nodes are obtained, compared to
27 when all 35 features are used. This more compact
architecture provides an improved generalization capa-
bility to the network.
No. Molecular Descriptors
D04 Number of Fluorine Atoms 
D05 Number of Hydrogen Atoms 
D07 Number of Oxygen Atoms 
D09 Molecular Volume 
D10 Index of Hydrogen Deficiency  
D11 Total Number of Bonds 
D19 Bond Stretching Energy 
D22 Out of Plane Bending Energy 
D24 Van Der Waals Energy 
D25 One to Four Electrostatic Energy 
D26 Electrostatic Energy 
D27 Total Energy 
D28 Van Der Waals Electrostatic Pairs 
D29 One to Four Van Der Waals Electrostatic 

Pairs 
D34 Calculated Molar Refractivity 

Figure 3. Molecular descriptors selected.

Table 3. Statistics on the test set for the FS-GA-FNN and GA-FNN

FS-GA-FNN GA-FNN

sMAPE 108.2 166.3

RMSE 513.4 722.6

Pearson’s r 0.9818 �0.2781

Figure 4. Graphical representation of cross-validation results using FS-GA

affinity values (in nM) for the test set molecules (leaving out the one molecu
Graphical representation of theoretical (predicted) ver-
sus experimental (actual) biological affinity values for
the test set molecules is shown in Figure 4.

We have also predicted IC50 values for 26 newly de-
signed compounds. The results and chemical structures
are shown in Tables 4–6. These novel compounds
-FNN prediction, showing predicted versus experimental biological

le with the experimental IC50 value of 3000nM).

O

S

R2

OH

O

R1

No. R1 R2 Predicted IC50 (nM)

FS-GA-FNN GA-FNN

1 OCH3 Cbz 17.24 34.29

2 Cbz OCH3 23.02 76.13

3 Cbz COH 20.94 34.29

4 Cbz NH2 5.33 41.60

5 Cbz OSO2Ph-

(4-CN)

1925.43 16.48

6 OCH3 COH 240.78 0.45

7 OCH3 NH2 231.43 0.40

8 OCH3 OSO2Ph-

(4-CN)

23.88 12.65

9 Ph-OH COH 5.64 41.35

10 Furan NH2 648.82 0.57

11 Furan OSO2Ph-

(4-CN)

9.58 0.86

12 Thiophene NH2 651.99 0.51

13 Thiophene OSO2Ph-

(4-CN)

9.58 0.87

14 4-Methylthiazole NH2 73.63 0.50

15 4-Methylthiazole OSO2Ph-

(4-CN)

9.58 0.87



Table 5. Novel inhibitory structures with their corresponding pre-

dicted IC50 values using FS-GA-FNN and GA-FNN

R
H
N

N
H

H
N N

S

O

O

OH

O

N
H

R

O

O

No. R Predicted IC50 (nM)

FS-GA-FNN GA-FNN

16 OCH3 1783.13 1783.13

17 COH 1656.63 1656.63

18 Cbz 1285.71 1285.71

19 Furan 1891.57 1000.00

20 Thiophene 1873.49 4.67

21 4-Methylthiazole 1861.45 1.75

Table 6. Novel inhibitory structures with their corresponding pre-

dicted IC50 values using FS-GA-FNN and GA-FNN

R
H
N

N
H

H
N

R

O

O

O

OH

NH

O

No. R Predicted IC50 (nM)

FS-GA-FNN GA-FNN

22 OCH3 2171.71 1800.00

23 COH 25.26 1500.00

24 Cbz 1714.29 1714.29

25 Furan 2329.22 1500.00

26 Thiophene 2448.98 37.25

Figure 5. IF/THEN rules for low IC50 predictions.
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were designed based on known inhibitory structures
with experimentally determined IC50 and TI values
by leaving their core structure intact and replacing
their side chains with new ones coming from other
inhibitors. Based on these predictions, we have initi-
ated synthesis on the most promising molecules from
Table 4. Since both of the methods used (FS-GA-
FNN and GA-FNN) predicted high inhibitory activity
for some of the novel compounds shown in Table 4
(1–4, 6–9, 11, and 13–15) they are good candidates
for synthesis and further drug discovery.

In a previous study, we have compared results obtained
with our fuzzy neural networks with results obtained
using Multiple Linear Regression (MLR).18 Generally,
our neural network approach performed better. How-
ever, in the MLR study we used only 151 known struc-
tures with experimentally determined IC50 values for
training and cross-validation while in the current study
177.

The IF/THEN rules extracted from the FS-GA-FNN
are shown in Figures 5–7. For example Rule 1 should
be read as: if D04, D07, D10, D19, D22, and D25–
D27 are low-medium and D05, D09, D11, D24, D28,
D29, and D34 are medium then the IC50 value is evalu-
ated as low (see Figures 3 and 5). The corresponding
descriptor ranges for the five groups for the training
set compounds is shown in Table 1 above.

When evaluating these rules we look for common
trends that medicinal chemists can use to design new
enzyme inhibitors. These rules are specific to the en-
zyme system and theoretical model used in our current
study. The designed novel structures 1–4, 6–9, 11, and
13–15 shown in Table 4 are predicted to have good
biological affinity because their physicochemical prop-
erties match the desired characteristics described by
the IF/THEN rules. Further studies with other enzyme
systems and theoretical models may give us a better
understanding of really how specific or general these
rules are.



Figure 6. IF/THEN rules for medium low, medium, and medium high IC50 predictions.

Figure 7. IF/THEN rules for high IC50 predictions.
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6. Conclusion

When feature selection was applied to the GA-FNN,
more accurate prediction of biological activity was ob-
tained. From this, one can conclude that many of the
35 descriptors are not relevant for predicting IC50 val-
ues. This information, especially when combined with
a careful examination of the fuzzy IF/THEN rules ex-
tracted, can provide valuable insight into which features
of the ligand are crucial to obtaining a highly inhibitory
molecule. This method has the potential to greatly assist
medicinal chemists in the design of lead compounds for
HIV-1 protease, as well as for other therapeutically
important enzymes.
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