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Inhibitors of the 5-Lipoxygenase (5-LOX) pathway have a therapeutic potential in a variety of inflamma-
tory disorders such as asthma. In this study, chemical feature based pharmacophore models of inhibitors
of 5-LOX have been developed with the aid of HipHop and HypoGen modules within Catalyst program
package. The best quantitative pharmacophore model, Hypo1, which has the highest correlation coeffi-
cient (0.97), consists of two hydrogen-bond acceptors, one hydrophobic feature and one ring aromatic
feature. Hypo1 was further validated by test set and cross validation method. The application of the
model shows great success in predicting the activities of 65 known 5-LOX inhibitors in our test set with
a correlation coefficient of 0.85 with a cross validation of 95% confidence level, proving that the model is
reliable in identifying structurally diverse compounds for inhibitory activity against 5-LOX. Furthermore,
Hypo1 was used as a 3D query for screening Maybridge and NCI databases within catalyst and also drug
like compounds obtained from Enamine Ltd, which follow Lipinski’s rule of five. The hit compounds were
subsequently subjected to filtering by docking and visualization, to identify the potential lead molecules.
Finally 5 potential lead compounds, identified in the above process, were evaluated for their inhibitory
activities. These studies resulted in the identification of two compounds with potent inhibition of
5-LOX activity with IC50 of 14 lM and 35 lM, respectively. These studies thus validate the pharmaco-
phore model generated and suggest the usefulness of the model in screening of various small molecule
libraries and identification of potential lead compounds for 5-LOX inhibition.

� 2009 Elsevier Ltd. All rights reserved.
Lipoxygenases (LOXs-linoleate: oxygen oxido reductase, EC
1.13.11.12) are a group of closely related non-heme iron containing
dioxygenases. Polyunsaturated fatty acids containing a series of
cis–cis double bonds act as suitable substrates for LOXs. LOXs are
classified according to their positional specificity of arachidonate
oxygenation into 5-, 8-, 9-, 11-, 12- and 15-LOXs.1 LOX metabolites
are potent physiological effectors in a variety of cellular responses.
Particularly, leukotrienes (LTs), the mediators of allergy and asth-
ma, are produced through the 5-LOX pathway. It has been also re-
viewed that 5-LOX plays a key role in Gastro Esophageal Reflux
Disease (GERD).2 Elevated levels of LTB4 have been found in blood
and joint fluid from patients with rheumatoid arthritis3 and in
colonic mucosa from patients with ulcerative colitis or Crohn’s
disease.4,5 LOX and their products are shown to play important role
in tumor formation and cancer metastasis.6–8 High expression of
5-LOX was found in prostate, lung and other cancer cell lines.9,10

Inhibitors of the 5-LOX pathway, therefore, have a therapeutic
potential in a variety of inflammatory and allergic diseases. These
efforts have resulted in the release of Zileuton (5-LOX inhibitor)
and Montelukast (LT receptor antagonist) into the market for the
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treatment of asthma. Recently, the arachidonate 5-LOX gene
(Alox5) has been identified as a critical regulator of leukemia stem
cells (LSCs) in BCR-ABL-induced chronic myeloid leukemia (CML).
It has been also reported that the treatment of CML mice with a
5-LOX inhibitor prolonged survival.11

As 5-LOX is implicated in many inflammatory disorders, there is
growing emphasis by many pharmaceutical companies and aca-
demic research groups on the development of effective 5-LOX
inhibitors. The novel inhibitors thus developed provide a good
basis for elucidating the structure–activity relationship, which will
aid in the identification of more potent inhibitors. Lack of crystal
structure information of 5-LOX, however, has been an obstacle
for the application of structure based drug design strategies. As
an alternative homology modeling strategy was employed to gen-
erate 3-D models of various LOXs, which were used in various drug
design strategies.12–18 Ligand based drug design is an alternative in
such cases. In a ligand-based design, identification of a pharmaco-
phore is one of the most important steps.

Pharmacophore model is widely employed to quantitatively ex-
plore common chemical characteristics among a considerable
number of structures with great diversity. Such a model could also
be used as a query for searching chemical databases and find new
chemical entities.19–22 In this Letter, we identified pharmacophore
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Table 1
Statistical parameters of the top 10 hypotheses of 5-Lipoxygenase inhibitors
generated by HypoGen program

Hypo No. Total costa Cost diff.b RMSD Correlation (r) Featuresc

1 108.338 58.281 0.602576 0.974978 AAZR
2 109.789 56.830 0.68082 0.967973 ALZR
3 110.088 56.531 0.755627 0.959451 AZRR
4 110.388 56.231 0.721508 0.963781 ALZR
5 110.805 55.814 0.740654 0.961824 ALZR
6 111.068 55.551 0.769418 0.958449 ALZR
7 111.770 54.849 0.854401 0.947673 ALRR
8 111.882 54.737 0.825159 0.951754 LLZR
9 112.050 54.569 0.711489 0.96675 ALZR

10 112.257 54.362 0.814461 0.953537 AAZR

a The total cost value of a hypothesis is calculated by summing three cost factors,
a weight cost (data not shown), an error cost (data not shown) and a configuration
cost (a constant among all the hypotheses).

b The difference between the total cost of a hypothesis and that of the null
hypothesis, roughly correlates with significance. The larger the difference between
the two, the greater the significance of the hypothesis. A true correlation in the data
will very likely be estimated by models that exhibit a cost difference (Null cost -
Total cost) (fixed cost = 102.934, configuration cost = 21.0826 and null
cost = 166.619). All cost values are in bits.

c A, hydrogen-bond acceptor; L, hydrogen-bond acceptor lipid; Z, hydrophobic
feature; and R, ring aromatic moiety.

Figure 1. Chemical structures of 5-LOX inhibitors in training set (compoun
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model of the 5-LOX inhibitors. Then the best quantitative pharma-
cophore model generated was used as a 3D query to screen several
commercial databases comprising of compounds which follow
Lipinski’s rule of five23 and docking study.21 Finally, five of the
identified potential lead compounds were evaluated for their 5-
LOX inhibitory activities.

All the pharmacophore modeling calculations were carried out
by using the Catalyst 4.11 software package (Accelrys, San Diego,
USA)24 on SGI workstation. The HipHop and HypoGen modules
within Catalyst were used for the construction of qualitative and
quantitative models, respectively. Chemical feature based pharma-
cophore hypotheses can be generated automatically using the Hyp-
oGen algorithm within Catalyst, provided that structure–activity
relationship data of a well balanced set of compounds are avail-
able. A training set of 24 molecules (Fig. 1) with IC50’s ranging from
0.003 lM to 41 lM for 5-LOX were selected from the literature
(Table 1).

All structures in the training set were built in 2D/3D Visualizer
within Catalyst and minimized to the closest local minimum based
on a modified CHARMM force field within the confirm module.25

Catalyst generated a representative family of conformational
models for each compound using a Monte–Carlo-like algorithm
ds 1–24) and their biological activity data (IC50 values, in parentheses).
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together with Poling.26 Diverse conformational models for each
compound were generated using an energy range of 15 kcal/mol
of the calculated potential energy minimum. Maximum number
of conformers was specified to 250 for each molecule to ensure
maximum exploration of the conformational space.

Before performing the quantitative pharmacophore modeling,
the qualitative HipHop model was generated based on the five
most active compounds (1–5) in training set, the purpose of which
is to identify pharmacophore features necessary for potent 5-LOX
inhibitors. In the HipHop run, the most active compound 1 was
considered as ‘reference compound’ specifying a ‘principal’ value
of 2 and a ‘MaxOmitFeat’ value of 0. The ‘principal’ and ‘Max-
Omit-Feat’ values were set to 1 for the remaining four compounds.
HipHop parameters were kept at their default values. The HipHop
pharmacophore hypothesis clearly indicated the importance of
hydrogen-bond acceptor, hydrogen-bond acceptor lipid, hydro-
gen-bond donor, hydrophobic moiety, hydrophobic aliphatic
moiety, hydrophobic aromatic moiety and ring aromatic feature.
In these trials, it has been observed that taking hydrogen-bond
acceptor, hydrogen-bond acceptor lipid, hydrogen-bond donor,
hydrophobic moiety and ring aromatic feature generated a good
quality pharmacophore model.

The approach we used here is to develop a pharmacophore
model using the HypoGen module in Catalyst which can be used
to correlate the observed biological activities for a series of com-
pounds with their chemical structures. Default parameters were
used in HypoGen. The generated HypoGen models were evaluated
according to Debnath in terms of cost functions and statistical
parameters, which were calculated by HypoGen module during
hypothesis generation. A pharmacophore model should have a
high correlation coefficient, lowest total cost and RMSD (Root
Mean Square Deviation) values. The total cost should be close
to the fixed cost and away from the null cost. The difference be-
tween the cost of the generated hypothesis and the cost of the
Figure 2. Pharmacophore model of 5-LOX inhibitors generated by HYPOGEN. (A) The be
Hypo1. (C) Hypo1 mapping with the most active compound 1 (IC50: 0.005 lM). (D) Hypo1
are color-coded with light-blue for hydrophobic feature, orange for ring aromatic featur
null hypothesis signifies the reliability of a pharmacophore mod-
el. A value of 40–60 bits between them for a pharmacophore
hypothesis may indicate that it has 75–90% probability of corre-
lating the data.

The top 10 ranked hypotheses as well as their statistical param-
eters are presented in Table 1. The best pharmacophore model
(Hypo1), which was characterized by the lowest total cost value
(108.338), the highest cost difference (58.281), contains four fea-
tures, namely, two hydrogen-bond acceptor, one hydrophobic
and one ring aromatic feature. A ‘measured’ versus ‘estimated’
activity for the training set exhibited a correlation coefficient (r)
of 0.974978 with RMSD of 0.6025. The good score value indicated
a reliable ability to predict activities within the training set. The
config costs of the runs were high and exceeded the maximum lim-
it of 18. This may be because of the training set compounds, which
seem to increase the entropy of the hypothesis. The reasonable cost
difference of the hypothesis and high correlation obtained and fur-
ther evaluation of the resulting model with Fischer randomization
test and with test set compounds should surpass any drawbacks
related to the less than optimal config cost.

The 3D space and distance constraints of these pharmacophore
features are shown in Figure 2A and B. Figure 2C and D present the
Hypo1 aligned with the most active compound 1 (IC50: 0.003 lM)
and the least active compound 24 (IC50: 41 lM) in the training set,
respectively. All features of Hypo1 model were nicely mapped with
the corresponding chemical functional groups on compound 1. By
contrast, the compound 24 just mapped three features while the
other feature of hydrogen-bond acceptor was not mapped. Table 2
shows the experimental and estimated inhibitory activities of the
24 training set compounds. All the compounds with high activity
were predicted correctly. In comparison to other compounds, com-
pound 2 showed higher error value of +6.2. The error costs of all
the other compounds in test set were below 3, indicating the cor-
rectness of the hypothesis developed.
st HYPOGEN model Hypo1. (B) 3D spatial relationship and geometric parameters of
mapping with the least active compound 24 (IC50: 41 lM). Pharmacophore features

e and green for hydrogen-bond acceptor.



Table 2
Experimental and estimated (by Hypo1) IC50 values (lM) together with the error
values (defined as the ratio between experimental activity and estimated activity) of
the training set compounds 1–24

Molecule Exptl. IC50
a

(lM)
Estimated IC50

b

(lM)
Errorc Fit value Reference

1 0.003 0.0019 �1.6 8.62 27
2 0.01 0.062 +6.2 7.1 28
3 0.014 0.018 +1.3 7.63 28
4 0.015 0.005 �2.6 8.13 29
5 0.016 0.034 +2.1 7.36 30
6 0.027 0.028 +1 7.44 31
7 0.036 0.062 +1.7 7.10 30
8 0.04 0.076 +1.9 7.01 32
9 0.11 0.12 +1.1 6.81 33

10 0.13 0.13 �1 6.78 34
11 0.3 0.57 +1.9 6.13 35
12 0.33 0.24 �1.4 6.51 28
13 0.77 0.46 �1.7 6.23 36
14 3.4 1.4 �2.5 5.75 37
15 6 10 +1.7 4.87 38
16 7.5 6.4 �1.2 5.08 39
17 8 11 +1.4 4.83 38
18 8.5 10 +1.2 4.87 38
19 10 10 +1 4.87 27
20 10 5.8 �1.7 5.12 40
21 10 11 +1.1 4.86 41
22 10 11 +1.1 4.85 42
23 22 10 �2.1 4.87 43
24 41 11 �3.8 4.85 44

a Exptl. = experimental activity (IC50 values, lM).
b Predicted activity (IC50 values, lM).
c The negative value indicates that the experimental IC50 is higher than the

predicted IC50.
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Validation of the pharmacophore model. Fischer randomization
test method45 was used to evaluate the statistical relevance of
Hypo1 by using the CatScramble program implemented in Cata-
lyst. The confidence level was set to 95%. Thereby CatScramble pro-
gram generated 19 random spreadsheets to construct hypotheses
using exactly the same conditions as used in generating the origi-
nal pharmacophore hypothesis. The total costs of pharmacophore
models obtained in the 19 HypoGen runs as well as the original
HypoGen run are presented in Figure 3. From Figure 3, one can
see that the original hypothesis is better than those of the 19
Figure 3. The difference in total cost of hypotheses between the initial spreadsheet
and 19 random spreadsheets after CatScramble run.
random hypotheses generated. These results validate the pharma-
cophore model generated. An independent test set which contains
65 external compounds (shown in Supplementary data) was used
to validate the established model (Hypo1). The experimental and
predicted activities of the test set compounds are shown in Table
S1 of Supplementary data. Further, a fairly good correlation coeffi-
cient of 0.85 was observed for regression analysis of the experi-
mental and predicted inhibitory activity values for the test set
compounds (Fig. 4). The high correlation coefficient value denotes
the predictive capability of the model.

Virtual screening. The validated hypothesis Hypo1 was used as a
3D structural query for retrieving potential inhibitors from May-
bridge and NCI databases available in Catalyst and compounds
from Enamine Ltd, Ukraine. Compounds that follow the Lipinski’s
rule of five were obtained from the drug like databases. A total of
15,162 compounds showed very good mapping with the Hypo1
of which the top 1000 compounds were selected for further study.

Docking study. To further refine the retrieved hits, the 1000
compounds were docked into the inhibitor binding site of 5-LOX
by using GOLD program.46 As the crystal structure of 5-LOX is
not yet available, the homology model of 5-LOX reported earlier
by us was used in the study.12 Docking was performed and the
molecules were even scored using Ludi and Ligandfit in Accelrys
Discover Studio.47 Since there is no generally applicable scoring
function so far, the compounds which were commonly scored
top by various applications were ranked higher. After screening
by visualization of protein–ligand interactions, potential com-
pounds were identified and fifteen of them are shown in Figure 5.
Of them, five compounds (11–15) were procured from Enamine
Ltd, Ukraine and tested for their 5-LOX inhibition studies in vitro.

In vitro 5-LOX inhibitory assay. 5-LOX from potato tubers was
purified and assayed as per the method described by Reddanna
et al.48 Enzyme activity was measured using polarographic method
with a Clark’s oxygen electrode on Strathkelvin Instruments, model
782, RC-300. Typical reaction mixture contained 50–100 ll of
enzyme and 10 ll of substrate (133 lM of arachidonic acid) in a
final volume of 3 ml with 100 mM phosphate buffer pH 6.3. Rate
Figure 4. Plot of the correlation (r) between the experimental activity (lM) and the
predicted activity (lM) by Hypo1_II for test set molecules (in red). The vertical bars
are a plot of the uncertainty values. The regression line (green line) is the best fit
line for the dots on the graph and the equation of the line is y = x. The dots closer to
the regression line represent data with minimum variance.



Figure 5. Potential molecules retrieved from the Enamine and Maybridge databases.
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of decrease in oxygen concentration was taken as a measure of en-
zyme activity. Stock solutions of test compounds, prepared imme-
diately before use, were dissolved in DMSO. Various concentrations
of test drug solutions were added and the LOX reaction was initi-
ated by the addition of substrate. The reaction was allowed to pro-
ceed at 25 �C and the maximum slope generated was taken for
calculating activity. Percent inhibition was calculated by compari-
son of LOX activity in the presence and absence of inhibitor. The
concentration of the test compound causing 50% inhibition (IC50,
lM) was calculated from the concentration-inhibition response
curve. Each assay was repeated thrice. Of the tested compounds,
11 and 13 showed inhibition with an IC50 of 14 lM and 35 lM,
respectively. The other compounds didn’t show inhibition up to
100 lM.

In conclusion, in this study, chemical feature based pharmaco-
phore modeling of inhibitors of 5-LOX have been carried out by
using HypoGen module within Catalyst program package. The best
HypoGen model, which was characterized by the lowest total cost
(108.338), the lowest RMSD (0.602576) and the best correlation
coefficient (0.974978), consists of two hydrogen-bond acceptors,
one hydrophobic and one ring aromatic feature. Both test set and
cross validation methods have been used to validate the pharma-
cophore model, Hypo1. Results obtained by using the test set
method show a fairly good correlation between the experimental
and predicted IC50 values, indicating a good predictive ability.
The statistical confidence of Hypo1 has also been confirmed by
using CatScramble program within Catalyst. In our study, the
Hypo1 was used as a 3D query to screen various databases. The
hit compounds were subsequently subjected to docking studies.
Of the five potential lead compounds identified, two compounds
showed inhibition of 5-LOX activity with IC50 of 14 lM and
35 lM, respectively. These studies thus provide a pharmacophore
model, which will be helpful in designing novel 5-LOX inhibitors.
This study assumes importance in the light of key role played by
5-LOX in various pathological manifestations and lack of crystal
structure for use in molecular modeling and design studies.
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