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Indoleamine 2,3-dioxygenase, a heme-containing enzyme, is emerging as a vital target for the treatment
of cancer, chronic viral infections, and other diseases. The aim of this study is to identify novel scaffolds
and utilize them in designing potent IDO inhibitors. Pharmacophore hypotheses were developed. The
highly correlating (r ¼ 0.958) hypothesis with two hydrogen bond acceptor, one hydrogen bond donor
and one hydrophobic aromatic features was selected, validated and used in virtual screening. Hit
compounds were subjected to various drug-like filtrations and molecular docking studies. Finally, three
structurally diverse compounds with high GOLD fitness scores and interactions with critical active site
amino acids were identified. These final hits may act as potent virtual leads in effective IDO inhibitor
designing.

� 2010 Elsevier Masson SAS. All rights reserved.
1. Introduction

Indoleamine 2,3-dioxygenase (IDO) and tryptophan 2,3-dioxy-
genase (TDO) are the two fundamental heme-containing dioxyge-
nases, which are involved in the rate limiting step of kynurenine
pathway (KP). Tryptophan belongs to the class of essential amino
acids which cannot be synthesized by de novomethod inmammals
[1]. Although various pathways are involved in the metabolic
cascade of tryptophan, the major metabolic route of this amino acid
is the KP [2]. Indoleamine 2,3-dioxygenase and tryptophan 2,3-
dioxygenase catalyze the catabolism of essential amino acid tryp-
tophan to form N-formylkynurenine by oxidative cleavage of 2,3
double bond in the indole moiety of L-tryptophan (L-Trp) (Fig. 1)
[3,4]. This reaction is the initial and the rate limiting step inKP,which
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leads to a series of biologically active metabolites, including
neurotransmitters serotonin and melatonin, excitoxin, quinolinic
acid, N-methyl-D-aspartate (NMDA) receptor antagonist, kynurenic
acid, and ultimately the production of nicotinamide adenine dinu-
cleotide (NAD). IDO is active when the heme iron is in the ferrous
(Fe2þ) form and inactive when it is in ferric (Fe3þ) form [5,6].

IDO is an extrahepatic enzyme expressed in various tissues
throughout the body but predominately in cells within the immune
system. In immune system, it is specifically induced in dendritic
cells and macrophages at sites of inflammation by cytokines, such
as interferon g [7,8]. IDO exhibits broader substrate specificity than
TDO, because the former can degrade indoleamines, including L-
Trp, D-Trp, serotonin, melatonin, and tryptamine [9]. In addition to
its role as an L-Trp-catabolizing enzyme, it is involved in the
immunoregulating system [10]. The over-expression of IDO has
been detected in a variety of diseases including cancer, age-related
cataract, neurodegenerative disorders and HIV encephalitis
[11e15].

Recently, IDO has been found to play an important role in the
process of immune evasion by tumors. IDO dependent T-cell
suppression and tolerance induction by dendritic cells suggest that
L-Trp catabolism has profound effects on T-cell proliferation and
differentiation, which implicate the immunotherapeutic manipu-
lations designed for patients with cancer and chronic infectious
diseases [16]. In addition, IDO was reported to be involved in brain
dysfunctions through the activity of the metabolic products of KP,
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Fig. 1. Reaction catalyzed by IDO.
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namely quinolinic acid and kynurenic acid [17,18]. In particular,
quinolinic acid is a neurotoxic agent causing neuronal damage in
the brain through the activation of NMDA [19,20] receptors
whereas kynurenic acid is a neuroprotective agent acting as
antagonist at both NMDA receptors [21] and nicotinic a7 receptors
[22]. An altered balance of the neuroprotective agent kynurenic
acid and the neurotoxic metabolite quinolinic acid is involved in
a number of CNS disorders such as Huntington’s disease, Alz-
heimer’s disease and the acquired immunodeficiency syndro-
meedementia complex.

The most frequently used inhibitor of IDO, 1-methyl-
tryptophan (1-MT), has a reported Ki value of 34 mM [23,24] and
only recently nanomolar level inhibitors have been reported
[25e28]. In 1989, 4-phenylimidazole (4-PI) was identified as
a weak noncompetitive inhibitor of IDO. Despite the noncom-
petitive inhibition kinetics, a previous study demonstrated
through impressive spectroscopic studies that 4-PI was binding
to the heme iron at the active site [29].

To date, only a few structural classes of IDO inhibitors are
known. Most of these compounds are known to be noncompetitive
inhibitors and likely to be involved in redox reactions with the iron
bound to the heme of IDO [25,30]. Nearly all of the reported
competitive IDO inhibitors are structurally related tryptophan
analogues, such as 1-MT [31e34]. The modest potencies and poor
physical properties of these indole-based compounds led us to
search for a new chemotype. A screening effort was initiated with
the objective of identifying novel scaffolds that could be optimized
to design potent and selective inhibitors of IDO with suitable
permeability and metabolic stability to allow evaluation of the
functional consequences of IDO inhibition in vivo.

The main goal of this study is to develop a 3D pharmacophore
hypothesis based on a diverse set of experimentally known IDO
inhibitors using HypoGen protocol implemented in Discovery Studio
2.1 (DS). The obtained pharmacophore hypothesis expected to
provide useful knowledge on developing potent novel IDO inhibi-
tors. The generated best quantitative pharmacophore hypothesis
was selected and validated. The validated pharmacophore
hypothesis was used as a 3D query to search chemical databases,
namely, Maybridge and NCI2000. Drug-like new compounds with
predicted pharmacophoric features along with the good estimated
activity values were retrieved from the databases and further
evaluated using molecular docking study.

2. Materials and methods

2.1. Collection of dataset compounds

All the pharmacophore modeling calculations were carried out
using DS [35] unless it is mentioned. We have collected a total
number of 92 compounds, whose IDO inhibitory activity values are
experimentally known [27e29,32,36], from various scientific
resources. Fifty two compounds with inhibitory activity values
expressed in IC50 that determined under the same biological assay
conditions were considered as a primary dataset for the whole
process. For the generation of precise quantitative pharmacophore
hypotheses, various training sets were generated from the primary
dataset using different schemes based on the diversity observed
over the experimental activity and chemical structures of the
compounds. Eventually, 18 compounds with adequate structural
diversity and wide activity range were finally selected as a training
set to be used in pharmacophore generation as this training set
resulted in significant statistics. Remaining 34 compounds were
considered as test set which was utilized in pharmacophore
hypothesis validation, later. The activity values of the training set
compounds ranged from 0.055 to 825 mM and satisfied the basic
requirement of HypoGen rule which is a training set should possess
at least four to five orders of magnitude in terms of their activity
values, to be used in pharmacophore hypothesis generation [37].
The 2D structures of both training set and test set compounds were
built using ChemSketch program version 12, and subsequently
converted into 3D structures and a database has been created using
DS. All the compounds in the training and test set were categorized
into three different sets based on their activity values as high active
(�10 mM, þþþ), moderate active (10e100 mM, þþ) and less active
(>100 mM, þ) compounds.

2.2. Pharmacophore modeling

All training and test set compounds were minimized by Smart
Minimizer protocol which runs steepest descent algorithm followed
by conjugant gradient algorithm in DS. The training set comprised of
18 compounds as shown in Fig. 2 was used to generate the phar-
macophore hypotheses. These compounds were predicted for their
inherent chemical features using Feature mapping protocol imple-
mented in DS. Based on the feature mapping results, chemical
features such as hydrogen bond donor (HBD), hydrogen bond
acceptor (HBA), ring aromatic (RA) and hydrophobic (HY) features
were included in pharmacophore hypothesis generation process.
Prior to thepharmacophoregeneration, diverse setof conformations
were generated for each compound using Diverse Conformation
Generationprotocol inDS. The followingparameterswere chosen for
conformation generation process: maximum number of
conformers: 255, generation type: best quality and energy range:
20 kcal/mol above the locally minimized structure. All the training
set compounds alongwith their diverse conformationswere used in
pharmacophore generation. Ten pharmacophore hypotheses were
generated using HypoGen protocol available in DS. A good pharma-
cophore hypothesis should have a high correlation coefficient, low
total cost and low root mean square deviation (RMSD) values. The
significance of the generated pharmacophore hypotheses was
evaluated in terms of cost functions and other statistical parameters
which were calculated during hypothesis generation by HypoGen.

2.3. Generation of pharmacophore hypotheses

Pharmacophore hypotheses were generated from the structures
and inhibitory activity values of the training set compounds. Ten
best pharmacophore hypotheses were generated. All the parame-
ters chosen for the pharmacophore generation were default except
the Uncertainty value. Default Uncertainty value 3 has been changed
to 2 as the activity range in the training set compounds barely spans
the minimum requirement of four orders of magnitude and also to
effectively correlate the training set compounds with their activity
values. Principal value was set to 2 for the most active compound in
the training set and 0 for all other compounds. During hypothesis
generation, the correlation between the structure and activity
values of the training set compounds was constantly scrutinized.
HypoGen has identified and utilized the features that are common
to the active compounds but excluded from the inactive
compounds. The regression parameters were used to estimate



Fig. 2. Chemical structures of the 18 training set compounds together with their experimental IC50 values.
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further the activity of each training set compound and the devia-
tion between the experimental and estimated activity values were
reported as error values. The parameters are computed by the
regression analysis using the relationship of geometric fit value
versus the negative logarithm of activity. The greater the activity
prediction of the compound the greater the geometric fit. The fit
function does not only check if the feature is mapped or not, but
also contains a distance term, which measures the distance that
separates the feature on the molecule from the centroid of the
feature in the hypothesis. Both terms are used to calculate the
geometric fit value.
2.4. Validation of pharmacophore hypothesis

The purpose of pharmacophore hypothesis validation is to
determine whether or not our hypothesis is strong enough to
identify active compounds from a database and capable of pre-
dicting their activity values accurately. Analyzing the cost values
from the results of the pharmacophore generation process helps
understanding the validity of generated pharmacophore hypoth-
eses. Three cost values named fixed cost, total cost and null cost are
generated by HypoGen during pharmacophore generation process.
Every single pharmacophore generation run produces maximum of
ten pharmacophore hypotheses, fixed and null cost values which
are normally used to determine the quality of any pharmacophore
hypothesis. Fixed cost (also known as ideal cost) is the cost of the
simple possible hypothesis, which fits all the data perfectly and the
null cost (also known as no correlation cost) is the cost estimated as
mean activity and it acts like a hypothesis with no features. All the
generated pharmacophore hypotheses lie between fixed and null
cost values. A best pharmacophore hypothesis should have its total
cost closer to the fixed cost value and away from the null cost value.
Correlation coefficient, RMSD and configuration cost are the other
important parameters to determine the quality of the pharmaco-
phore hypothesis. Configuration cost should be lesser than 17 for
a good pharmacophore hypothesis as it represents the complexity
of the hypothesis while RMSD explains the quality of the correla-
tion between the estimated and experimental activity values. In
addition to the cost analysis, the best pharmacophore hypothesis
was also validated using external test set compounds and Fischer’s
validation method.

2.4.1. Test set prediction method
Test set was used to validate whether the pharmacophore

hypothesis is able to estimate or predict the activity values of
diverse compounds other than training set compounds. Thirty four
structurally diverse compounds with a wide range of experimen-
tally known IDO inhibitory activity values were chosen as test set.
Diverse conformations were generated following the same protocol
used for training set compounds. Ligand pharmacophore mapping
protocol implemented in DS was used with Best/Flexible search
option in this procedure.

2.4.2. Fischer’s randomization method
Themain purpose of this validation is to ensurewhether there is

a strong correlation between the chemical structures and the bio-
logical activity. This method starts with 99 random HypoGen runs
producing 10 pharmacophore hypotheses in each run in order to
attain 99% confidence level. The randomization of the training set
compounds was done by randomizing the activity data associated
with them. Pharmacophore hypotheses were generated using the
same features and parameters that were used to develop the
original pharmacophore hypothesis. If any of the randomized
pharmacophore hypotheses resulted with similar or better cost or
RMSD or correlation value than the original hypothesis, then the
original hypothesis is considered to be generated by chance.
2.5. Virtual screening and drug-likeness prediction

The validated pharmacophore hypothesis was used as a 3D
structural query for searching potent compounds from two chem-
ical databases namely Maybridge and NCI2000 having a total



Table 1
Statistical parameters of the top 10 pharmacophore hypotheses generated by
HypoGen algorithm.

Hypothesis Total cost Cost differencea RMSD Correlation (r) Featuresb

Hypo 1 80.51 118.36 1.161 0.958 HBA, HBA, HBD,
HY-AR

Hypo 2 82.67 116.18 1.265 0.950 HBA, HBA, HBD,
HY-AR

Hypo 3 83.42 115.45 1.293 0.947 HBA, HBA, HBD,
HY-AR

Hypo 4 84.02 114.85 1.314 0.946 HBA, HBA, HBD,
HY-AR

Hypo 5 86.03 112.84 1.402 0.938 HBA, HBA, HBA,
HY-AR

Hypo 6 86.05 112.82 1.392 0.939 HBA, HBA, HBD,
HY-AR

Hypo 7 86.14 112.73 1.399 0.938 HBA, HBA, HBA,
HY-AR

Hypo 8 86.39 112.48 1.408 0.937 HBA, HBA, HBD,
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number of 298,471 compounds. The database screening was per-
formed using the Ligand Pharmacophore Mapping protocol with
Fast/Flexible search option as available in DS. Virtual screening of
databases is used to identify the compounds that fit well on the
pharmacophore hypothesis and thereby can act as potential virtual
leads in IDO inhibitor designing. The compounds which fit all the
features of the pharmacophore hypothesis were retrieved as hits.
The retrieved hit compounds were further refined by various filters
such as Lipinski’s rule of five inwhich compounds are considered to
be well absorbed when the molecular weight is <500, Log P is <5,
number of hydrogen bond donors is <5, and number of hydrogen
bond acceptors is <10 [38] and ADMET (absorption, distribution,
metabolism, elimination and toxicity) properties [39e41] to select
only the drug-like compounds using ADMET Descriptors protocol
implemented in DS. Compounds satisfying all the drug-likeness
filters were chosen for molecular docking studies.
HY-AR
Hypo 9 87.02 111.86 1.410 0.937 HBA, HBA, HBD,

HY-AR
Hypo 10 87.29 111.59 1.433 0.935 HBA, HBA, HBD,

HY-AR

Null cost ¼ 198.87; fixed cost ¼ 68.29; configuration cost ¼ 14.91.
a Cost difference ¼ null cost � total cost.
b HBA, hydrogen bond acceptor; HBD, hydrogen bond donor; HY-AR, hydro-

phobic aromatic.
2.6. Molecular docking

Molecular docking studies were carried out using GOLD (Genetic
Optimization for Ligand Docking) 4.1 program from Cambridge
Crystallographic Data Center, UK [42]. GOLD uses genetic algorithm
for docking flexible ligands into protein binding site to explore the
full range of ligand conformational flexibility with partial flexibility
of the protein. The binding energy of the ligands with protein was
predicted using the GOLD score implemented in GOLD. The total
GOLD score, which is represented as “Fitness”, was calculated from
the contribution of hydrogen bonds and van der Waals interactions
between protein and ligand as well as the contribution of intra-
molecular hydrogen bonds and intramolecular strain in the ligand.
Protein co-ordinates of the crystal structure of IDO-inhibitor
complex (PDB ID: 2D0T) was used to define the binding site for
molecular docking studies. Solvent molecules in the crystal struc-
ture were removed and hydrogen atoms were added to the whole
protein. The ligand binding site for docking was defined as
a collection of amino acids enclosed within a sphere of 10 �A radius
around the co-ordinates of the 4-PI, which is the inhibitor molecule
present in the binding site of IDO-inhibitor complex. Top 10 docked
poses were allowed to be saved with the early termination option
of quitting the Genetic Optimization calculation for a ligand if the
RMSD between any 5 conformations of the particular ligand is less
than 1.5 �A. All other parameters were kept at their default values.
Molecular interactions were observed using Molegro virtual docker
[43] and Ligplot programs [44]. The Novelty of the final hit
compounds was confirmed using SciFinder Scholar [45] and Pub-
Chem [46] search.
Fig. 3. The best HypoGen pharmacophore hypothesis ‘Hypo 1’ for IDO inhibitors with
its 3D spatial arrangement and the distance constraints between the chemical features.
Green color represents HBA, magenta color represents HBD and cyan color represents
HY-AR feature (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article).
3. Results and discussion

A set of 10 pharmacophore hypotheses was generated using the
training set of 18 compounds. All 10 generated hypotheses were
found to have four features comprising two or three hydrogen bond
acceptors (HBA), one or no hydrogen bond donor (HBD), and
a constant hydrophobic aromatic (HY-AR) feature. Interestingly,
seven out of 10 hypotheses possess a common set of pharmacophoric
features comprising two HBA, one HBD and one HY-AR. The top
ranked pharmacophore hypothesis (Hypo 1) was characterized with
the high cost difference (118.36), low RMSD (1.161), along with
highest correlation coefficient (0.958) and considered best to be
utilized in database screening. ‘Hypo 1’, was made of four pharma-
cophoric features including two HBA, a HBD and a HY-AR. The phar-
macophore generation procedure results were shown in Table 1.
3.1. Cost analysis

Generation of pharmacophore hypotheses using HypoGen has
provided two hypothetical costs represented in bit units. First is the
fixed cost or cost of the ideal hypothesis, which signifies the
simplest hypothesis that fit all the data perfectly. Second is the null
cost or no correlation hypothesis that signifies the highest cost of
a pharmacophore hypothesis with no features estimating the
activity to be the average of the activity data of the training set
compounds. A meaningful pharmacophore hypothesis should
possess a large difference between the fixed cost and the null cost
values. The large difference enhances the success rate for
a hypothesis to be a best one and a less cost difference represents
that the hypothesis reflects a chance correlation. A value of 40e60
bits between these two costs for a pharmacophore hypothesis may
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indicate that it has 75e90% probability of correlating the data. Total
cost, the third cost value, is calculated for every pharmacophore
hypothesis in the top ten generated pharmacophore hypotheses. In
this study the cost difference between the fixed cost and the total
cost value of ‘Hypo 1’ is 12.22, whereas between the null cost and
the total cost value of ‘Hypo 1’ is 118.36, which shows that ‘Hypo 1’
has more than 90% probability of correlating the data. A good
pharmacophore hypothesis also should have the configuration cost
<17 and it was 14.91 for the selected pharmacophore hypothesis,
‘Hypo 1’. High correlation, cost difference, low RMSD and config-
uration cost demonstrated that we have successfully developed
a reliable pharmacophore hypothesis with high predictive ability.
Fig. 3 shows the best pharmacophore hypothesis ‘Hypo 1’ with its
inter-feature distance constraints.
3.2. Score hypothesis

All the training set and test set compounds were classified based
on their activity values as high active (�10 mM, þþþ), moderate
active (10e100 mM, þþ) and less active (>100 mM, þ) in order to
verify the predictive ability of ‘Hypo 1’. The ability of the selected
pharmacophore hypothesis to distinguish the active compounds
from the inactive ones was analyzed using the experimental and
estimated activities of the training set compounds. The experi-
mental and the estimated activity values of the training set
compounds are given in Table 2. The results showed that, 17 out of
18 compounds in the training set were estimated within their
activity scale. All the high active compounds were predicted as high
active. Out of 3 moderate active compounds 2 were predicted as
moderate active whereas the third one (compound 15) was pre-
dicted as less active. All the 3 less active compounds were predicted
as less active compounds. The error values shown in Table 2 are the
ratio between the experimental and the estimated activity values.
The positive error value is obtained if the estimated activity is
greater than the experimental activity and the negative value is
obtained if the estimated activity is lesser than the experimental
Table 2
Experimental and estimated IC50 values of the training set compounds based on best
pharmacophore hypothesis ‘Hypo 1’.

Name IC50 mM Errora Fit valueb Activity scalec

Experimental Estimated Experimental Estimated

1 0.055 0.031 �1.8 7.99 þþþ þþþ
2 0.13 0.2 þ1.5 7.18 þþþ þþþ
3 0.19 1.7 þ8.8 6.25 þþþ þþþ
4 0.25 0.29 þ1.1 7.02 þþþ þþþ
5 0.36 0.25 �1.5 7.09 þþþ þþþ
6 0.88 0.78 �1.1 6.59 þþþ þþþ
7 0.99 1.9 þ2 6.19 þþþ þþþ
8 1.1 2 þ1.8 6.17 þþþ þþþ
9 2 1.8 �1.1 6.22 þþþ þþþ
10 2.92 1.7 �1.7 6.25 þþþ þþþ
11 3.96 1.8 �2.2 6.22 þþþ þþþ
12 4.95 1.9 �2.6 6.2 þþþ þþþ
13 26 38 þ1.4 4.9 þþ þþ
14 38 37 �1 4.92 þþ þþ
15 73 150 þ2 4.31 þþ þ
16 179 220 þ1.2 4.13 þ þ
17 422 390 �1.1 3.88 þ þ
18 825 150 �5.4 4.3 þ þ
a Positive value indicates that the estimated IC50 is higher than the experimental

IC50; negative value indicates that the estimated IC50 is lower than the experimental
IC50.

b Fit value indicates how well the features in the pharmacophore map the
chemical features in the compound.

c Activity scale: þþþ, IC50 � 10 mM (high active); þþ, 10 mM < IC50 � 100 mM
(moderate active); þ, IC50 > 100 mM (less active).
value. If the error value is less than ten it means that there is one
order magnitude of difference between the experimental and the
estimated activity values. In our study, ‘Hypo 1’ has predicted all the
training set compounds with error values less than 10 and shows
that ‘Hypo 1’ is able to predict the training set compounds accu-
rately. Overlay of the most and least active compounds in the
training set on ‘Hypo 1’ is shown in Fig. 4. The most active
compound 1 mapped on all the four pharmacophoric features of
‘Hypo 1’ whereas the least active compound 18 mapped only on
three of four features. In case of compound 1, first ring of the
tricyclic moiety mapped on to the HY-AR feature, both the oxygen
atoms present in the second ring mapped on both the HBA features
and the hydroxyl group present in the third ring mapped on to the
HBD feature (Fig. 4A). Compound 18, least active compound in the
training set, missed the HBD feature and mapping only on the HBA
features by its imidazole and aldehyde groups while the phenyl
group mapped on to the HY-AR feature (Fig. 4B). Thus, HBD is
considered essential to improve the potency of IDO inhibitors.

3.3. Validation of pharmacophore hypothesis

3.3.1. Test set method
Validation was done in order to verify if the pharmacophore

hypothesis, ‘Hypo 1’, is capable of predicting the activity values of
compounds which are structurally diverse to the training set
compounds. An independent test set of 34 compounds was used to
evaluate the predictive ability of the hypothesis, ‘Hypo 1’. Experi-
mental and estimated activities of the test set compounds are
shown in the Table 3. Analysis of the experimental and the esti-
mated activity values revealed that, 21 out of 24 high active
compounds were predicted correctly as high active compounds,
and 3were underestimated asmoderate active compounds, 5 out of
6 moderate active compounds were predicted correctly as
moderate active compounds whereas one compound has been
overestimated as high active compound, and 4 less active
compounds were overestimated as moderate active compounds.
Interestingly, all the 34 compounds showed error values less than
10. Moreover, the regression analysis between the experimental
and the estimated inhibitory activity values of test set compounds
achieved a high correlation coefficient of 0.865. Most of the
compounds in the test set were predicted correctly and thus rep-
resented the strong predictive ability of ‘Hypo 1’. Fig. 5 shows the
correlation plot between the experimental and estimated activity
values of training set as well as test set compounds.

3.3.2. Fischer’s randomization method
To further validate the statistical quality of the selected phar-

macophore hypothesis ‘Hypo 1’, the cross-validation based on
Fischer’s randomization as available in DS was applied. Using
Fischer randomization method 99 random (scrambled) pharma-
cophore spreadsheets were generated using exactly the same
conditions as used in generating the original pharmacophore
hypothesis (unscrambled). None of the 99 randomly generated
spreadsheets had scored better statistical values compared to ‘Hypo
1’. Ten lowest total cost values of the resulted 99 random spread-
sheets were listed in Table 4 for comparison. This result indicated
that ‘Hypo 1’ was not generated randomly and has the superior
quality to be used in database searching for novel scaffolds.

3.4. Virtual screening and drug-likeness prediction

The validated pharmacophore hypothesis ‘Hypo 1’ was used as
a 3D structural query for retrieving the potential IDO inhibitors
from two chemical databases including Maybridge (59,652
compounds) and NCI2000 (238,819 compounds). As a result, 14,527



Fig. 4. Pharmacophore mapping. (A) Mapping of the most active compound 1 in the training set on the best pharmacophore hypothesis ‘Hypo 1’. (B) Mapping of the least active
compound 18 in the training set on the best pharmacophore hypothesis ‘Hypo 1’. In the pharmacophore hypothesis green represents HBA, magenta represents HBD and cyan
represents HY-AR feature (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article).
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and 35,307 hits (a total of 49,834 compounds) fromMaybridge and
NCI2000, respectively, showed very good mapping on ‘Hypo 1’ and
returned as hits. In order to select only the drug-like compounds,
these hits were screened using Lipinski’s rule of five and a total of
21,787 hits were obtained. These hits were further screened for
better ADMET properties. Number of total hits which possess
favorable ADMET properties was 1341, inwhich 434 hits were from
Table 3
Experimental and estimated IC50 values of the test set compounds based on best
pharmacophore hypothesis ‘Hypo 1’.

Name IC50 mM Errora Activity scaleb

Experimental Estimated Experimental Estimated

19 0.082 0.23 þ2.9 þþþ þþþ
20 0.121 0.81 þ6.7 þþþ þþþ
21 0.183 0.12 �1.5 þþþ þþþ
22 0.214 0.92 þ4.3 þþþ þþþ
23 0.247 0.81 þ3.3 þþþ þþþ
24 0.512 0.92 þ1.8 þþþ þþþ
25 0.72 0.92 þ1.3 þþþ þþþ
26 0.933 0.86 �1.1 þþþ þþþ
27 0.976 0.89 �1.1 þþþ þþþ
28 1 0.89 �1.1 þþþ þþþ
29 1.4 6.8 þ4.8 þþþ þþþ
30 1.5 0.89 �1.7 þþþ þþþ
31 2.1 3.7 þ1.8 þþþ þþþ
32 2.13 0.83 �2.6 þþþ þþþ
33 3.02 0.95 �3.2 þþþ þþþ
34 3.2 4.8 þ1.5 þþþ þþþ
35 4.34 0.92 �4.7 þþþ þþþ
36 4.4 3.2 �1.4 þþþ þþþ
37 4.8 32 þ6.6 þþþ þþ
38 5.3 20 þ3.8 þþþ þþ
39 5.52 0.88 �6.3 þþþ þþþ
40 6 3.4 �1.8 þþþ þþþ
41 6.5 6.9 þ1.1 þþþ þþþ
42 7.6 52 þ6.9 þþþ þþ
43 25 4 �6.2 þþ þþþ
44 25 12 �2.1 þþ þþ
45 32 76 þ2.4 þþ þþ
46 35 22 �1.6 þþ þþ
47 41 49 þ1.2 þþ þþ
48 60 45 �1.3 þþ þþ
49 123 44 �2.8 þ þþ
50 161 100 �1.6 þ þþ
51 209 83 �2.5 þ þþ
52 365 55 �6.6 þ þþ
a Positive value indicates that the estimated IC50 is higher than the experimental

IC50; negative value indicates that the estimated IC50 is lower than the experimental
IC50.

b Activity scale: þþþ, IC50 � 10 mM (high active); þþ, 10 mM < IC50 � 100 mM
(moderate active); þ, IC50 > 100 mM (less active).
Maybridge and 907 hits were from NCI2000 databases. To refine
these retrieved hits, the estimated activity value of 1341 hit
compounds based on the selected pharmacophore hypothesis,
‘Hypo 1’, were considered and 80 hit compounds with the esti-
mated activity value <1 mM were chosen for molecular docking
studies.

3.5. Molecular docking

In order to further refine the retrieved hits and also to identify
the false positives, 80 hits from Maybridge and NCI2000 chemical
databases satisfying all the drug-like properties and scoring the
estimated activity values <1 mM along with 18 training set
compounds were docked into the inhibitor binding site of IDO
using GOLD program. S235, S263, A264 and H346 are the important
active site residues for IDO inhibitor binding [16]. Compound 3
which is one of the most active compounds in the training set has
scored a GOLD fitness score of 52.609 and formed hydrogen bond
interactions with the key residues S167, S263, A264 and a co-
ordinate bond with Fe2þ ion of heme. It has also shown hydro-
phobic interactions with the hydrophobic residues Y126, C129 and
F163 of IDO (Fig. 6A). In compound 3, the ring substituted with
a single hydroxyl group, which was mapped on the HY-AR feature
of ‘Hypo 1’ is located between the phenyl rings of Y126 and F163
enabling the strong hydrophobic interactions and one of the
Fig. 5. Graph showing the correlation between the experimental and the ‘Hypo 1’
estimated activity values of the 34 test set compounds along with 18 training set
compounds.



Table 4
Results of Fischer’s randomization test as available in DS.

Validation no. Total cost Fixed cost RMSD Correlation

Results for unscrambled
Hypo1 80.51 68.285 1.161 0.958

Results for scrambled
Trial1 144.23 61.402 3.033 0.660
Trial2 126.85 68.918 2.536 0.778
Trial3 177.38 67.819 3.454 0.522
Trial4 143.30 60.391 3.022 0.664
Trial5 137.23 67.179 2.790 0.723
Trial6 169.10 58.772 3.498 0.499
Trial7 146.70 63.636 3.015 0.666
Trial8 179.29 64.045 3.574 0.465
Trial9 182.68 60.052 3.691 0.405
Trial10 160.17 68.634 3.188 0.613
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carbonyl oxygen atoms in the middle ring that mapped on one of
the HBA features of ‘Hypo 1’ co-ordinated with the metal ion.
Subsequently, molecular docking results of the database retrieved
compounds also were analyzed. 69 out of 80 retrieved hits that
scored a GOLD fitness score �50 were selected for further evalua-
tion. Analyzing the necessary interactions with active site residues,
three compounds, namely, NCI0185343, NCI0028117 and
NCI0139229, which are different in their chemical scaffolds, were
Fig. 6. Binding orientations of (A) compound 3 of training set (B) NCI0185343 (C) NCI00281
Hydrogen bonds are shown in green dotted lines and the metal ion interactions are shown in
referred to the web version of this article).
identified. Interestingly, hydrophobic aromatic features present in
all the three final hit compounds were also positioned between the
two aromatic residues similar to the training set compound 3
(Fig. 6). Intriguingly all the final three compounds were obtained
from NCI2000 database and none from the Maybridge. Compound
NCI0185343 with the HypoGen estimated activity value of 0.01 mM
has scored a GOLD fitness score of 66.833. It has also formed
hydrogen bond interactions with active site residues S235, S263,
A264 and a very strong covalent bond with Fe2þ ion of heme
(Fig. 6B). The phenyl ring that overlaid on HY-AR feature of ‘Hypo 1’
and morpholine ring of this compound and the methyl groups
attached in them were the main reasons for the improved binding
at the active site through better hydrophobic interactions. These
external hydrogen bond and hydrophobic interactions contributed
most for the high GOLD fitness score of this compound. Compound
NCI0028117 that showed an estimated activity value of 0.016 mM
has scored a GOLD fitness score of 57.757 and formed hydrogen
bond interaction with active site residues S235, A264 and a co-
ordination bond with Fe2þ ion of heme (Fig. 6C). One of the two
carbonyl oxygen atoms present in benzopyrrole moiety, which
were overlaid on two HBA features, formed a co-ordinate bond
with themetal ion. The six membered ring part of the benzopyrrole
contributed the hydrophobic interactions for the binding along
with the two methyl groups present at the other end. Less number
17 and (D) NCI139229 (D) are shown in magenta, cyan, orange and green, respectively.
red lines (For interpretation of the references to color in this figure legend, the reader is



Fig. 7. Pharmacophore mapping of final database hit compounds on the best pharmacophore hypothesis ‘Hypo 1’, (A) NCI0185343 represented in green color (B) NCI0028117
represented in violet color (C) NCI139229 represented in maroon (D) Overlay of all the three compounds. In the pharmacophore hypothesis green represents HBA, magenta
represents HBD and cyan represents HY-AR feature (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article).
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of polar interactions might be the reason for this compound to
score lower GOLD fitness score than the first hit compound. Third
hit, NCI0139229, with the estimated activity value of 0.03 mM and
a GOLD fitness score of 54.781 has formed hydrogen bond network
with active site residues S263, A264 and a covalent bond with Fe2þ

ion of heme (Fig. 6D). The tri methyl substituted phenyl ring of this
compound that mapped on HY-AR feature of ‘Hypo 1’ enabled the
considerable hydrophobic interactions with the hydrophobic and
aromatic amino acids in the active site while the sulfonate that
mapped on one of the two HBA features formed a covalent inter-
action with the metal ion as well as hydrogen bond interactions
with S263 and A264. NCI0185343 and NCI0139229 contain ben-
zosulfonate scaffold but with highly diverse substitutions whereas
the second hit compound NCI0028117 is an isoindole based
compound. The overlay of these three final database hit compounds
and their 2D structures are shown in Figs. 7 and 8. SciFinder Scholar
and PubChem compound search confirmed that these hit
compounds are novel and were not reported elsewhere earlier for
IDO inhibitory activities. These database retrieved compounds
showed good HypoGen estimated activity values along with the
better GOLD fitness scores and molecular interactions with active
site residues better than the most active compounds in the training
set. This furnishes a huge support for the database retrieved
compounds to be considered as potential virtual leads in IDO
inhibitor design.
Fig. 8. 2D representation of final hit compounds.
4. Conclusion

In this study a 3D pharmacophore hypothesis was generated
using 18 training set compounds. The best quantitative pharmaco-
phore hypothesis, ‘Hypo 1’, whichwas characterized by its high cost
difference, high correlation, low RMSD and configuration cost
values, consist of one HBD, two HBA and one HY-AR features. ‘Hypo
1’ was validated by Fischer randomization method with 99% confi-
dence level as well as using test set of 34 compounds. The test set
validation showed the correlation coefficient of 0.865. Using the
validated pharmacophore hypothesis, ‘Hypo 1’, Maybridge and
NCI2000 chemical databases were screened for novel scaffolds to
design potent IDO inhibitors. 80 compounds that satisfied all the
drug-likeness properties and scored an estimated activity value
<1 mM were chosen for further studies. To refine the retrieved hits
and also to remove the false positives these 80 compounds were
docked into the binding site of IDO. Totally 69 out of 80 compounds
have shown GOLD fitness score�50. Out of these, three compounds
named NCI0185343, NCI0028117 and NCI139229 were selected
based on their estimated activity values, high GOLD fitness scores
andmolecular interactionswith active site residues including heme.
Novelty search using SciFinder Scholar and PubChem compound
search has proved that these hits were not reported earlier for IDO
inhibition. Therefore, our pharmacophore hypothesis is able to
identify new scaffolds as potential virtual leads from chemical
databases which can be utilized in potent IDO inhibitor design.
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