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Cathepsin D is a major component of lysosomes
and plays a major role in catabolism and degenera-
tive diseases. The quantitative structure–activity
relationship study was used to explore the critical
chemical features of cathepsin D inhibitors. Top 10
hypotheses were built based on 36 known cathep-
sin D inhibitors using HYPOGEN ⁄ DISCOVERY STUDIO

v2.5. The best hypothesis Hypo1 consists of three
hydrophobic, one hydrogen bond acceptor lipid,
and one hydrogen bond acceptor features. The
selected Hypo1 model was cross-validated using Fi-
scher’s randomization method to identify the
strong correlation between experimental and pre-
dicted activity value as well as the test set and
decoy sets used to validate its predictability. More-
over, the best hypothesis was used as a 3D query in
virtual screening of Scaffold database. Subse-
quently, the screened hit molecules were filtered
by applying Lipinski’s rule of five, absorption, dis-
tribution, metabolism, and toxicity, and molecular
docking studies. Finally, 49 compounds were
obtained as potent cathepsin D inhibitors based on
the consensus scoring values, critical interactions
with protein active site residues, and predicted
activity values. Thus, we suggest that the applica-
tion of Hypo1 could assist in the selection of potent
cathepsin D leads from various databases. Hence,
this model was used as a valuable tool to design
new candidate for cathepsin D inhibitors.
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A number of key cellular functions are controlled by different prote-
ases such as caspases. Caspases plays a central role in apoptotic cell
death particularly (1), degradation and elimination of abnormal pro-

teins (2), and cancer metastasis (3). The basement membrane degra-
dation and the surrounding extracellular matrix represent a key step
in cancer invasion and metastasis (4). Several classes of proteases
including serine proteases, plasminogen activator, matrix metallopro-
teases, and cathepsins are thought to be involved in the aforemen-
tioned degradation process (5–7). Among these, cathepsin families
play a major regulatory role as the growth factors and growth fac-
tor–binding proteins and its receptor activities have an important bio-
logical function in human colorectal cancer development (8,9).

Cathepsins are lysosomal proteolytic enzyme that located in intra-
lysosome. They are synthesized as an inactive preproenzyme and
activated by post-transcriptional glycosylation. They are classified
based on the chemical nature of groups responsible for its catalytic
activity: serine proteases (Cathepsin A and G), cysteine proteases
(Cathepsin B, C, H, K, L, and S), and aspartic proteases (Cathepsin
D and E) (10,11,12). Among these, Cathepsin D (CatD, EC 3.4.23.5)
is an intracellular aspartic protease of pepsin superfamily involved
in various pathological conditions like cancer (13), Alzheimer's dis-
ease (14), and neuronal ceroid lipofuscinosis (15). Cathepsin D
exists as two chains: amino terminal light chain (14 kDa) and car-
boxyl terminal heavy chain (34 kDa). It is a bilobed molecule, each
lobe contributes one aspartate (D) residue for its active mechanism,
and the substrate-binding cleft formed between the lobes. It com-
prises three topologically distinct regions: (i) N-terminal domain
(residues 1–188) (15), (ii) C-terminal domain (residues 189–346), and
(iii) interdomain that consists of antiparallel b-sheet from N-termi-
nus (residues 1–7), C-terminus (residues 330–346), and the linking
interdomain (residues 160–200). Cathepsin D associates with vari-
ous therapeutically significant processes like lysosomal biogenesis
and protein targeting (16,17), antigen processing, and presentation
of peptide fragments to class II major histocompatibility complexes
(18–20), connective tissue disease pathology (21), degenerative
brain changes (22,23), and cleavage of amyloid precursor protein
within senile plaques of Alzheimer brain (24). Therefore, CatD will
be a promising drug target for various diseases.

Recently, there are numerous evidences that the pharmacophore
modeling–based virtual screening and molecular docking studies are
extensively used to discover the potent and novel leads for various
druggable targets (25–30). Although numerous CatD inhibitors were
designed and validated, still there is a lack of information about
the critical chemical features for CatD inhibitor. Therefore, ligand-
based pharmacophore technique was utilized to key out its selective
chemical features, which could serve as a guide in designing the
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potent CatD inhibitors. Hence, we generated a 3D chemical fea-
ture–based pharmacophore model using well-known inhibitors and
validated by Fischer's randomization method, test set, and other
statistical parameters. The test set consists of structurally different
molecules that are not included in the hypothesis generation. The
validated pharmacophore model was used as a 3D query in virtual
screening to choose new compounds from the Scaffold database.
Then, the hits were filtered out by applying Lipinski's rule of five,
and absorption, distribution, metabolism, and toxicity (ADMET) to
make them more drug-likeness. Molecular docking study was uti-
lized to identify the molecules that can form a suitable orientation
and the critical interaction with active residues of CatD.

Computational Methods

Pharmacophore modeling
Pharmacophore modeling is one of the most potent and rapid meth-
ods to discover a novel scaffolds from various chemical databases.
In general, two different approaches are used to build the ligand-
based pharmacophore model: (i) based on common chemical fea-
tures of the molecules in training set (15) and (ii) using the activity
values and the structure of the compounds in training set.

Software
Pharmacophore hypotheses were generated using HYPOGEN algo-
rithm implemented in DISCOVERY STUDIO v2.5 (DS, www.accelrys.com;
Accelrys, Inc. San Diego, CA, USA). The two- and three-dimensional
structures of compounds were constructed using CHEMSKETCH V12,
www.acdlabs.com (Advanced Chemistry Development, Inc. Toronto,
Ontario, Canada.) and DS, respectively.

Preparation of data sets
A total of 76 known CatD inhibitors were collected from various lit-
eratures based on its structural diversity and activity coverage. The
activity data for all compounds were taken from different scientific
groups that tested with an equivalent binding assay for CatD inhibi-
tory activity (IC50). To achieve a best-quality hypothesis, the training
set must obey the rules in a 3D quantitative structure–activity rela-
tionship generation. Among 76, 36 molecules have selected as a
training set based on the following criteria to produce the good
quantitative pharmacophore model: (i) by covering a wide activity
range of four orders of magnitude, (ii) by including the most active,
moderate, and inactive inhibitors, (iii) by binding of all the com-
pounds present in the training set the same target in the similar
way, and (iv) by testing the activity values (IC50) for the each com-
pound using similar assay method. The remaining 40 compounds
(31–35) are used as a test set to validate the generated pharmaco-
phores. The biological activity of the training set molecules against
CatD is reported as IC50 values, which spans from 6 to 10 000 nM

with four orders of magnitude.

Conformational analyses
The training and test set compounds were energy-minimized by
applying the CHARMm force field (36) and subjected to a conforma-

tional analysis using Poling algorithm (37). It promotes the confor-
mational variation that forces similar conformer away from each
other and ameliorates the conformational space coverage. For this,
the maximum numbers of 255 conformations are generated for each
compound with a constraint 20 kcal ⁄ mol. Thus, the best three-
dimensional arrangement of chemical functionalities explaining the
activity variations among the training and test sets was identified
from the above procedure.

Generation of pharmacophore
HYPOGEN, the most leading algorithm for the automated pharma-
cophore generation, was used to identify the critical chemical
features of CatD inhibitors. The algorithm has shown to be suc-
cessful in a large number of applications in medicinal chemistry
(38–40). Typically, HYPOGEN requires an informative training set as
minimum number of 16 molecules with bioactivities spans over
four orders of magnitude. All the default parameters were
applied in the generation of pharmacophore, except the uncer-
tainly value that changed to 2.0 instead of 3.0. Furthermore, in
the hypothesis generation phase, five pharmacophore features,
hydrogen bond acceptor (HBA), hydrogen bond donor (HBD), ring
aromatic (RA), hydrophobic (Z), and hydrogen bond acceptor lipid
(HBAL), were considered. The predictive pharmacophore is pro-
duced through three phases such as constructive, subtractive, and
optimization phases. Constructive phase is the initial stage of
hypothesis generation that considers all possible pharmacophore
configurations of the most active compounds to entail pharmaco-
phore demands. The next proximate phase, subtractive, all possi-
ble pharmacophore configurations of the constructive phase are
maintained or discarded depending on the number of least active
compounds of training set that share a pharmacophore pattern.
Finally optimization phase, candidate model within the pharmaco-
phore space of a particular target through fine perturbation to
pharmacophore hypotheses is evaluated. The hypothesis genera-
tion process stops when no better score of the hypothesis can
be accomplished and the output parameters determine the quality
of the hypothesis.

Pharmacophore validations
The selected pharmacophore model was validated by several meth-
ods to determine its ability to discriminate between the active and
inactive compounds. Pharmacophore was evaluated for statistical
significance using the cross-validation procedure derived from Fi-
scher's randomization method, test and decoy sets to confirm its
predictive power. As an initial validation, the confidence level of Fi-
scher's randomization method was set to 95%. Hence, 19 random
spreadsheets were generated, and the each spreadsheet produced
hypothesis. Second, test set, based on the activity values, 40 mole-
cules were classified into highly active (IC50 £ 300 nM), moderately
active (300 nM < IC50 £ 3000 nM), and inactive (IC50 > 3000 nM).
Test set was used to evaluate whether the best hypothesis can pre-
dict the compounds in their own activity range. Finally, decoy set
was used to confirm the predictive power of our proposed model
based on the analyses of statistical parameters like goodness of hit
(GH) and enrichment factor (EF). Following equations were used to
calculate the EF and GH:
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EF = [(Ha · D) ⁄ (Ht · A)]

GH = [(Ha ⁄ 4HtA) (3A + Ht) · (1 ) ((Ht ) Ha) ⁄ (D ) A))]

where 'Ha' is the total number of active molecules in the hit list,
'D' is total number of molecules in the decoy set, 'Ht' is the total
number of hit molecules from the database, and 'A' is the total
number of actives in the decoy set.

Virtual screening
The best pharmacophore model was used as a 3D query to search
the Scaffold database, which consists of about �300 000 structurally
diversified molecules. Best Flexible Search was applied to generate
the conformation for each molecule in the database. Virtual screening
was implemented to retrieve the compounds that fit the chemical fea-
tures present in the best hypothesis. The screened hits were further
filtered by applying Lipinski's rule of five and ADMET properties.

Molecular docking protocol
Molecular docking calculation was made using LigandFit (41), which
can perform either rigid or flexible docking referring to the confor-
mational state of the ligand. LigandFit docks the small molecules
into the protein active site by considering its shape complementary.

Three-dimensional structure of CatD–statin complex (PDB ID: 1LYB)
was obtained from Protein Data Bank (42) (PDB, http://
www.rcsb.org/pdb/home/home.do). The solvent molecules located
inside the active site were retained and the remaining water mole-
cules were removed. Maximum 10 poses are retained based on the
root mean square deviation (RMSD) threshold for diversity (1.5 �)
and score threshold for diversity 20 kcal ⁄ mol. Consensus scoring
function implemented in the LiganFit module was used to select the
best leads from molecular docking study. Consensus scoring (43,44),
combination of multiple scoring functions, might dramatically reduce
the number of false positives by its distinct scoring functions. In our
study, consensus scoring method was based on different scoring
functions such as LigScore1, LigScore2 (45), piecewise linear poten-
tial 1 (PLP1) (46), piecewise linear potential 2 (PLP2), potential mean
force (PMF) (47,48), Jain (49), Ludi (50,51), and Dock score. The final
hits from virtual screening and training set compounds are docked
flexibly into CatD active site. All seven scoring functions mentioned
above are used to retrieve the novel candidate molecules from Scaf-
fold database. Best candidate molecules were selected based on the
consensus scoring function, appropriate interactions with critical resi-
dues and the predicted activity (cutoff of <1000 nM).

Results and Discussion

Pharmacophore modeling is a 3D computational approach widely
used in drug design process. In this framework, its usefulness cov-
ers two major areas: (i) performance of the 'scaffold hopping' (vir-
tual screening for new leads) and (ii) the rationalization of activity
distribution within the group of molecules exhibiting a similar phar-
macological profile that can recognized by the same target. To iden-
tify the novel CatD inhibitors, a 3D pharmacophore models have

constructed and the best quantitative hypothesis has chosen, which
depends on its predictive ability in terms of activity.

Hypothesis generation
We have generated the pharmacophore models based on the
known CatD inhibitors. DS enabling automated generation of phar-
macophore model and applied to panels of compounds that have a
wide spectrum of activity against the given biological target and
possess structural diversity to produce the reliable results (52).
Based on activity values of the training set molecules (Figure 1), 10
optimal hypotheses were generated according to their statistical
values. All generated hypotheses include four common features
such as HBA, HBAL, Z, and HBD (Table 1). Therefore, these chemi-
cal features are assumed to be necessary for CatD inhibitors. HYPO-

GEN calculates two important theoretical cost values for
determining the success of pharmacophore models (30). Hypotheses
are believed to be statistically relevant when the total cost close to
the fixed cost and far away from null cost. Extend of the pharmaco-
phore space is expressed as the configuration cost. The total cost
of a hypothesis is defined as the sum of three cost factors: error
cost, weight cost, and configuration cost. Statistically, the null cost
value of the top 10 hypotheses was 250.45, the fixed cost value
122.46, and the configuration cost value 16.83 (Table 1). Among
these 10 hypotheses, two hypotheses (Hypo1 and Hypo2) showed
the cost difference value more than 85 and all other hypothesis
having <70. Comparing Hypo1 and Hypo2, Hypo1 has shown the
correlation coefficient of 0.90, demonstrating the better prediction
ability than Hypo2 (correlation coefficient of 0.87). Thus, Hypo1 was
selected as a best hypothesis for further analysis that is character-
ized by lowest total cost (154.77), highest cost difference (Dcost:
95.68), and lowest root mean square deviation (RMSD) of 1.25 �
(Table 1). All hypotheses have three Z group, which imply that this
group plays an important role in CatD inhibition. The above analysis
indicates that geometric constrains and the chemical features of
Hypo1 are statistically significant (Figure 2). Hence, Hypo1 was con-
sidered as a most reliable pharmacophore model for inhibiting the
CatD activity.

To confirm the predictability of Hypo1, the training set was classified
into three groups based on its activity values: highly active
(IC50 £ 300 nM, +++), moderately active (300 nM < IC50 £ 3000 nM,
++), and low active (IC50 > 3000 nM, +). In training set, Hypo1 under-
estimated the two active compounds as moderately active one and
overestimated two low active compounds as moderately active, and
of the four moderately active compounds, two are overestimated as
active and two are underestimated as low active. Altogether, for 28
of the 36 compounds, the predicted IC50 values were found to be
within the same order of magnitude when compared with the experi-
mentally reported values in the training set compounds. Active mole-
cule from the training set mapped all the chemical features in Hypo1
but the inactive molecule fails to map one of the Z group (Figure 3).
In addition, most of the activity value of 36 training set molecules
was predicted correctly by Hypo1 model (Table S1).

Evaluation of hypothesis
Hypothesis validation is one of the important steps in pharmaco-
phore generation. Several methods were used to confirm the quality
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Table 1: Information of statistical significance and predictive power presented in cost values measured in bits for the top 10 hypotheses
as a result of automated 3D QSAR pharmacophore generation

Hypothesis no. Total cost Cost differencea RMSb Correlation Featuresb Max. fit

Hypo1 154.77 95.68 1.25 0.90 HBA, HBAL, 3Z 14.36
Hypo2 161.27 89.18 1.39 0.87 2HBAL, 3Z 14.06
Hypo3 184.21 66.24 1.84 0.76 HBAL, HBD, 3Z 10.97
Hypo4 186.30 64.15 1.88 0.75 HBA, HBD, 3Z 10.82
Hypo5 194.66 55.79 1.99 0.71 2HBA, 3Z 11.90
Hypo6 196.31 54.14 2.02 0.70 HBA, HBAL, 3Z 10.52
Hypo7 197.83 52.62 2.04 0.69 HBA, HBD, 3Z 9.09
Hypo8 198.53 51.92 2.04 0.69 HBA, HBAL, 3Z 11.39
Hypo9 198.67 51.78 2.05 0.69 HBA, HBD, 3Z 9.95
Hypo10 198.69 51.76 2.04 0.69 2HBAL, 3Z 11.98

aCost difference between the null and the total cost. The null cost, the fixed cost, and the configuration cost are 250.45, 122.46, and 16.83, respectively.
bAbbreviation used for features: RMS, root mean square deviation; HBA, hydrogen bond acceptor; HBD, hydrogen bond donor; HBAL, hydrogen bond acceptor
lipid; Z, hydrophobic.

Figure 1: Chemically diverse 36 compounds used as training set to generate the pharmacophore models. The IC50 values are indicated in
parentheses for each compound.
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of Hypo1 like Fischer's randomization method, external test set, GH,
and EF. The best hypothesis has been mainly validated to check
whether the hypothesis can able to select the active compounds.
During the screening process such as the percentage of active and
inactive compounds picked from data set, there is a correlation
between the predicted and estimated values of test set along with
its efficiency in reducing true negatives and false positives.

Fischer’s randomization method
The reliability of Hypo1 was cross-validated by using Fischer's
randomization method. The purpose of this cross-validation is to
randomize the activity data among the training set compounds
and generate pharmacophore models based on the randomized
data set by applying the same features, and parameters were
adopted from the initial HYPOGEN run. To achieve 95% confidence

Figure 2: Hypo1 geometric constraint consists of three Z, one HBA, and one HBAL, where hydrophobic (Z), hydrogen bond acceptor lipid
(HBAL), and hydrogen bond acceptor (HBA).

A B

Figure 3: Best pharmacophore model Hypo1 aligned with training set compounds. (A) With active compound 1 (IC50 6 nM), (B) With inac-
tive compound 31 (IC50 6000 nM). Pharmacophore features are color-coded as blue for hydrophobic (Z), green for hydrogen bond acceptor
(HBA) and hydrogen bond acceptor lipid (HBAL).

Figure 4: Correlation between the experimental and predicted activity (pIC50) by Hypo1 for training and test set compounds.
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Table 2: Experimental and predicted IC50 data values of 40 test set molecules against Hypo1

Compound no. Structure Fit valuea Exp. IC50 nM Pred. IC50 nM Errorb Exp. scalec Pred. scalec

1

NH2

O

OH
O

NH
O

NH

O

NH

O

NH2

OH
O

NH

O NH
OOH

O
NH

O
OH 14.05 6 9 1.5 +++ +++

2

¼ 15

O
N
H

O

NH

OH

O
NH

S

S

N
H

12.04 10 9.7 )1.0 +++ +++

3
O

N
H

O

NH OH
O

NH

NH
O

O

O NH

S

S

13.63 11 32 2.9 +++ +++

4

O

N
H

O
N
H

S
S

NH

O

O
OH
O NH

10.94 25 180 7.3 +++ +++

5
O

N
H

O

NH OH
O

NH

NH

O

O

O NH

S

S

13.63 50 49 )1.0 +++ +++

6

O

NH

O NH
O

NH
OH

O NH
O

S

NH

O
13.56 56 55 )1.0 +++ +++

7

O

NH

O

NH

S

O

NH

OH

O

NH
11.31 60 230 3.8 +++ +++

8

O
NH

O

NH

S

O
NHOH

O

N

ONH

O
NH

13.8 70 63 )1.1 +++ +++
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Table 2: (Continued)

Compound no. Structure Fit valuea Exp. IC50 nM Pred. IC50 nM Errorb Exp. scalec Pred. scalec

9

O
NH

O
NH

S

O

NH

OH

O
NH

O

OH
10.81 90 180 2.0 +++ +++

10

NH2

O

OH

O

NH

O

NH

O

NH

O

NH2

OH

O

NH

O

OH

11.99 98 340 3.4 +++ ++

11
O

N
H

O

NH
OH O

NH
NH

O

O

O
S

8.98 110 420 3.8 +++ ++

12

O
NH

O

NH

S

O
NH

OH

N
O

ONH

O
NH

13.54 130 250 1.9 +++ +++

13

O NH

O

NH

S

OH

O

NH

S

NH2

8.36 150 69 )2.2 +++ +++

14

O

N
H

O

NH

SS
OHO

NHNHO

O

12.59 180 130 )1.4 +++ +++

15

O

N
H

O

NHS

OH

O

NH

NH

O

O

S

12.13 190 160 )1.2 +++ +++

16

O

N
H

O

NH

S
S

NH

O

O

OH
O

NH

z

9.96 195 170 )1.2 +++ +++
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Table 2: (Continued)

Compound no. Structure Fit valuea Exp. IC50 nM Pred. IC50 nM Errorb Exp. scalec Pred. scalec

17

O
N
H

O

NH

S

S

N
H

OH

O

NH

11.9 200 570 2.8 +++ ++

18

O

NH
O

NH
OH

O

NHNH

O

12.02 260 200 )1.3 +++ +++

19

O

NH

O

NH

S

O

NH

OH

O

O
NH O

NH

11.92 280 250 )1.1 +++ +++

20

NH

O
NH

S

O

NH

OH

O

9.51 370 120 )3.2 ++ +++

21

O

NH
O

NH
O

NH
OH

ONH
O

OH

S 11.60 430 590 1.4 ++ ++

22

O

N
H

O

NH

S
S

NH

O

O

OH

O

NH

12.13 460 1600 3.5 ++ ++

23

O

NH OH

NH
N

S

O
O N

7.93 660 700 1.1 ++ ++
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Table 2: (Continued)

Compound no. Structure Fit valuea Exp. IC50 nM Pred. IC50 nM Errorb Exp. scalec Pred. scalec

24

O

N
H

O

NH
OH O

NH
NH

O

O

O
O

8.78 910 330 )2.7 ++ ++

25

O

NH

OH NH

N

S

OO

N

8.77 1000 3500 3.5 ++ +

26

O

N
H

O

NH

O

O

NHO

O

OH

O

NH

8.21 1110 1300 1.2 ++ ++

27

O

NH

O

NH

S

O

NH
OH

N

O
NH

O

NH

12.68 1230 260 )4.7 ++ +++

28 O NH
O

NH

S

OH

O

NHNH

O
S

9.25 1250 460 )2.7 ++ ++

29

O

NH

OH

NH
F

F
F

N

S
O
O

N

11.75 1260 400 )3.1 ++ ++

30

O
NH

O
NH

S

O

NH

OH

O

O
NH

O

OH 12.57 1500 460 )3.2 ++ ++
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Table 2: (Continued)

Compound no. Structure Fit valuea Exp. IC50 nM Pred. IC50 nM Errorb Exp. scalec Pred. scalec

31

NH

O

NH

OH
NH

O
NS

O
O

11.03 1700 3000 1.8 ++ ++

32

N
H

O

NH

O

NH

OH

O

6.26 1700 2400 1.4 ++ ++

33

O

ONH

OH

NH
F

F
F

N

8.76 2020 1700 )1.2 ++ ++

34

NH

ONH

OH

NH
O

F

F
F

N
S
OO

10.59 2570 1000 )2.6 ++ ++

35

O
NH

O
NH

S

O

NH

OH

O
NH

O

OH 9.39 3900 3900 )1.0 + +

36

O
NH

OH

NH

F

F

F
N

S
O

O
7.40 4790 1700 )2.8 + ++
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level (significance = [1 ) (1 + 0) ⁄ (19 + 1)] · 100% = 95%), 19 ran-
dom hypotheses have been generated and the results are shown
in Table S2. The 19 resulted random hypotheses had a higher
total cost, RMSD, and lowest cost difference than the Hypo1
hypothesis, which proved the robustness of Hypo1.

Test set method
To ensure the statistical relevance of Hypo1 model, Ligand pharma-
cophore mapping was used to find the optimum fit value of test
set molecules. In test set validation, a correlation coefficient value
was 0.84 (Figure 4), which shows a good correlation between the

experimental and predicted activity values (Table 2). The test set
compounds were classified into three different categories based on
IC50 values like training set (mentioned in Computational Method).
Of 19 highly active compounds, 16 were predicted correctly but the
remaining three were underestimated as moderately active com-
pounds. Of 15 moderately active compounds, two compounds are
overestimated as active, one compound was predicted as inactive
compound, and one inactive compound was overestimated as mod-
erately active. All other members of the test set were predicted
correctly or as better than their actual activities. The test set vali-
dation further confirms that Hypo1 hypothesis was able to discover
the novel scaffolds for CatD inhibitor.

Table 2: (Continued)

Compound no. Structure Fit valuea Exp. IC50 nM Pred. IC50 nM Errorb Exp. scalec Pred. scalec

37

O
NH

OH

NH

NH

N
S

O O

8.45 4000 8100 )2.0 + +

38

O

N

Cl

O

N

NH2

NHOH

8.49 3700 9000 )2.5 + +

39

O

N
H

O

NH

S

N
H

OH

O

NH

8.54 3300 9700 )3.0 + +

40

O
N
H

O

NH

OH

O
NH

S

N
H

8.25 6400 6000 1.1 + +

aFit value indicates how well the features in the pharmacophore overlap the chemical features in the molecule. Fit = weight · [max(0.1 ) SSE)] where
SSE = (D ⁄ T)2, D = displacement of the feature from the center of the location constraints and T = the radius of the location constraint sphere for the feature
(tolerance).
bDifference between the predicted and experimental values. '+' indicates that the predicted IC50 is higher than the experimental IC50; ')' indicates that the pre-
dicted IC50 is lower than the experimental IC50; a value of 1 indicates that the predicted IC50 is equal to the experimental IC50.
cActivity scale: IC50 £ 300 nM = +++ (highly active); 300 nM < IC50 £ 3000 nM = ++ (moderately active); IC50 > 3000 nM = + (low active).
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Decoy set
Finally, decoy set has prepared to affirm the efficiency of Hypo1 by
computing Goodness-of-fit (GF) and EF values. Decoy set contains
both the active (25) and inactive compounds (2175) of CatD. The
screening was performed using Ligand Pharmacophore Mapping
module and by computing the various parameters such as total
number of compounds in the hit list (Ht), number of active per cent
of yields (%Y), per cent ratio of actives in the hit list (%A), EF, false
negatives, false positives, and GF. The false positives and false
negatives are 7 and 1, respectively. Enrichment factor (6.81) and GH
(0.81) values are good indications of the high efficiency of Hypo1
(Table 3).

By overall validations, from Fischer's randomization method, we can
assure that Hypo1 hypothesis is not come by chance. Test set and
statistical parameters of decoy set revealed that Hypo1 can predict
most of molecules in the same order of magnitude and can discrim-
inate the active from inactive inhibitors, respectively. Finally, we
concluded that the Hypo1 was far better than all other hypotheses
and used for virtual screening.

Virtual screening
Virtual screening of small molecule is one aspect of a sophisti-
cated approach in drug discovery (44). Virtual screening of data-
bases can serve for two main purposes: first, to validate the
quality of the generated pharmacophore model by selective
detection of compounds with known inhibitory activity and sec-
ond, to find novel, potential leads against particular target.
Figure 5 shows the work flow of virtual screening strategy used
in this study. Among �300 000 compounds, 169 381 compounds
were selected based on the fit values >10 and satisfied all the
chemical features of Hypo1. ADMET properties such as blood–
brain barrier (BBB), solubility, absorption, hepatotoxicity, plasma
protein binding, and CYP2D6 were computed but here we mainly
focused on BBB, solubility, and absorption. If the molecules show
the level value of 3, 3, and 0, then it represents that the mole-
cules have good solubility and absorption for BBB, solubility, and
absorption, respectively.

The rule of five suggested that a chemical compounds could be
an orally active drug in humans. The rule states that the most

'drug-like' compounds should have the value of clogP £5, molec-
ular weight £500, and number of hydrogen bond acceptor £10
and donors £5. The hit compounds (169, 381) are narrowed
down by applying ADMET (12 945) and drug-likeness properties
(4818) and subjected to molecular docking to find its binding
affinity. The hit compounds 669 and 360 that have very good
fit values of 11.20 and 11.83, respectively, are presented in
Figure 6.

All the hits that passed the above filtrations were selected as a
good leads for inhibiting CatD activity. The hits obtained from the
Scaffold database are shown a structural diversity when compared
with the known CatD inhibitors.

Molecular docking
Several recent studies have been shown that the coupling of phar-
macophore-based virtual screening with molecular docking filtration
will be a one of the efficient methods to identify a novel scaffolds.

Table 3: Statistical parameter from screening test set molecules

No. Parameter Values

1 Total number of molecules in database (D) 2200
2 Total number of actives in database (A) 25.00
3 Total number of hit molecules from the database (Ht) 31.00
4 Total number of active molecules in hit list (Ha) 24.00
5 % Yield of actives [(Ha ⁄ Ht) · 100] 77.42
6 % Ratio of actives [(Ha ⁄ A) · 100] 96.00
7 Enrichment factor (EF) 6.81
8 False negatives [A ) Ha] 1
9 False positives [Ht ) Ha] 7

10 Goodness-of-fit score (GF) 0.81

Figure 5: Flow chart for virtual screening process.
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Thus to refine the retrieved hits from database, all the hit com-
pounds were docked into the active site of CatD. Hypo1 was com-
pared with active site of CatD (Figure 7), and it clearly shows a
good agreement with critical residues that are important for the
function of CatD. Molecular docking method is used to identify the
orientation of ligand in the binding pocket of protein as well as to
predict the binding affinity between ligand and protein. For the
aspartic protease CatD described in this study, flexible docking fol-
lowed by consensus scoring methods was performed. Totally, 4818
hit compounds mapping the pharmacophore as well as satisfying

the postsearch filtering from database and 36 training set com-
pounds were docked into the protein active site.

Moreover, most suitable scoring functions were selected to discrimi-
nate active from inactive compounds. Six of the eight scoring
functions like LigScore1, LigScore2, PLP1, PLP2, Jain, PMF, and Ludi
and Dock score were used for the prediction of potent CatD inhibi-
tors. LigScore 1 and LigScore 2 are calculated by descriptors of
polar surface in receptor–ligand interactions. Piecewise linear
potential scores have been calculated by the descriptions about the

A B

Figure 6: Hit molecules from scaffold database on the best hypothesis, Hypo1. (A) Compound 669 (B) Compound 360.

Figure 7: Comparison and superimposition of Hypo1 in active site of the crystal structure of Cathepsin D (PDB ID: 1LYB).

Figure 8: The hit compound-360 bound to cathepsin D, hydrogen bonds are shown in black.
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formation of hydrogen bonds. Higher PLP score indicated stronger
receptor–ligand binding. Potential mean force score was calculated
by summing the pairwise interaction terms over all interatomic pairs
of the receptor–ligand complex. Jain and Ludi scores were con-
sulted in hydrophobic interaction and degree of freedom, respec-
tively. Docking score was considered as the degree of difficulty
about ligand moving into the binding site. These results are applica-

ble for compounds with the same or similar mode of interactions
as the active compounds of CatD inhibitors. By analyzing the train-
ing test compounds using consensus scoring method, Jain score
showed good agreement with the activity values. As we mentioned
earlier that Z group plays an important role in the inhibition of CatD
activity, Jain score (represent hydrophobic interaction) was used to
sort out the database hit molecules. In the case of the consensus

Figure 9: 2D structure for the final 49 hit compounds.
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scoring process, 1082 of 4818 molecules were selected from data-
base. Visual inspection of the molecular docking results has been
carried out to avoid the false-positive hit from the screened hit
compounds based on the critical interactions of the small molecules
with the receptor. The purpose of this visualization was to eliminate
the hits poses that do not fit into the active site of CatD and also
fails to form hydrogen bond (H-bond) interactions with the key
amino acid residues such as Asp33 and Asp231. Based on the over-
all docking analyses, 92 hit molecules were picked out.

The 92 molecules were selected based on the consensus scoring
function, which all have a good Jain, LigScore, PLP, PMP, and Dock
scores, as well as it shows all the necessary interactions with cata-
lytic residues like Asp33 and Asp231. One can see that the com-
pound-360 is one of the best molecules that satisfied all the
critical features of Hypo1, having a good consensus score, and it
shows two H-bond interactions with the active aspartic acid (Asp33
and Asp231) present in the active site as well as we can see
clearly that the three Z group blocks the entry of the active site
(Figure 8). Finally, 49 molecules (Figure 9) were selected as good
inhibitors of CatD from Scaffold database based on the predicted
activity value (cutoff < 1000 nM) of the compounds (Table S3).

Conclusions

The rational drug design approach is applied to discover new
CatD inhibitor molecules with appropriate shape and chemical
features to be subsequently optimized as highly active and selec-
tive drugs. The best Hypo1 pharmacophore model, which consists
of one HBA, one HBAL, and three Z features, was developed
based on 36 known inhibitors of CatD by using the HYPOGEN

algorithm. This pharmacophore model was further validated by Fi-
scher's randomization method, an external test set of 40 structur-
ally diverse compounds and decoy set. All results suggest that
Hypo1 model has very good reliability in the accurate prediction
of active CatD inhibitors from the inactive molecules. The pur-
pose of pharmacophore modeling used in 3D database search is
to find the diverse structures with critical chemical features.
Moreover, the pharmacophoric features in Hypo1 and molecular
docking conformation were correctly matched with the binding
surface of CatD. The molecular docking studies have helped us
to identify 49 hit compounds based on the predicted activity val-
ues (<1000 nM) which were suggested as potent inhibitors of
CatD from Scaffold database. The knowledge of important chemi-
cal features for CatD antagonism is expected to be useful in the
development of new CatD inhibitors. Thus, we believed that our
pharmacophore model can be used for virtual screening of novel
lead compounds and chemical modification and optimization of
hit compounds, therefore accelerating the discovery of new
agents for the treatment of various diseases related to CatD.
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