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Abstract Rho Kinase (ROCKII) has been recently

implicated in several cardiovascular diseases prompting

several attempts to discover and optimize new ROCKII

inhibitors. Towards this end we explored the pharmaco-

phoric space of 138 ROCKII inhibitors to identify high

quality pharmacophores. The pharmacophoric models were

subsequently allowed to compete within quantitative

structure–activity relationship (QSAR) context. Genetic

algorithm and multiple linear regression analysis were

employed to select an optimal combination of pharmaco-

phoric models and 2D physicochemical descriptors capable

of accessing self-consistent QSAR of optimal predic-

tive potential (r77 = 0.84, F = 18.18, rLOO
2 = 0.639,

rPRESS
2 against 19 external test inhibitors = 0.494). Two

orthogonal pharmacophores emerged in the QSAR equa-

tion suggesting the existence of at least two binding modes

accessible to ligands within ROCKII binding pocket.

Receiver operating characteristic (ROC) curve analyses

established the validity of QSAR-selected pharmaco-

phores. Moreover, the successful pharmacophores models

were found to be comparable with crystallographically

resolved ROCKII binding pocket. We employed the phar-

macophoric models and associated QSAR equation to

screen the national cancer institute (NCI) list of compounds

Eight submicromolar ROCKII inhibitors were identified.

The most potent gave IC50 values of 0.7 and 1.0 lM.

Keywords Rho kinase II � ROCK II � Pharmacophore

modeling � Quantitative structure–activity relationship �
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Introduction

Rho-kinases (or Rho associated protein kinases, ROCKs)

are downstream targets of the Rho G-proteins. They are

involved in the regulation of cytoskeletal reorganization

and gene expression [1].

There are two isoforms of ROCK: ROCK I (or ROKb) and

ROCK II (or ROKa) [2]. Both isoforms are highly homolo-

gous, sharing 65% homology in amino acid sequence and

92% homology in their kinase domains. However, although

both isoforms are ubiquitously expressed, ROCK II is highly

expressed in the brain and the heart, whereas ROCK I is

expressed preferentially in the lung, liver, spleen, kidney and

testis. Nevertheless, evidence of the functional differences

between ROCK I and ROCK II is still lacking [3].

The catalytic kinase domain of the two ROCK isoforms

is located at the amino terminus, followed by coiled-coil-

forming region that encompasses the Rho-binding domain

(RBD), which is followed in turn by pleckstrin-homology

domain (PH). The cysteine-rich repeat domain (CRD) is

present at the carboxyl terminus [4].

The carboxyl terminus of ROCKs folds back onto the

kinase domain, thereby forming an auto-inhibitory loop

that maintains the enzyme in an inactive state. Binding of

active Rho to ROCKs disrupts this negative regulatory

interaction resulting in activation of the enzyme in

response to extracellular signals [4].

ROCK II is involved in the regulation of vascular tone,

endothelial function, inflammation and remodeling of car-

diac cells [4, 5]. In particular, abnormal activation of the
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Rho/ROCK II pathway has been shown to play a role in

hypertension [5].

ROCK II appears to increase the force and velocity of

actinomyosin cross-bridging in smooth muscle and non-

muscle cells by maintaining the phosphorylated state of

myosin light chain (MLC). This is achieved through direct

phosphorylation of MLC and via inhibiting myosin light

chain phosphatase (MLCPh) [3].

Accordingly, inhibition of ROCK II should have bene-

ficial effects in a variety of cardiovascular disorders

including hypertension, atherosclerosis, ischemia–reperfu-

sion injury, stroke, myocardial hypertrophy, heart failure,

cardiac allograft vasculopathy and vein graft disease [6].

The therapeutic significance of ROCK II in cardiovascular

medicine has recently attracted a great deal of attention [1].

The main focus of recent efforts towards the develop-

ment of new ROCK II inhibitors concentrate on structure-

based ligand design [7–10]. To date, several human ROCK

II complexes have been resolved by X-ray crystallography

and solution NMR, e.g., PDB codes: 2H9V, 2ROW,

2ROV, 2F2U [11–14]. However, crystallographic struc-

tures are limited by inadequate resolution [15] and crys-

tallization- related artifacts of the ligand–protein complex

[16–18]. Moreover, crystallographic structures generally

ignore structural heterogeneity related to protein aniso-

tropic motion and discrete conformational substates [19].

The continued interest in designing new ROCK II inhib-

itors and lack of adequate ligand-based computer-aided drug

discovery efforts and the significant induced fit flexibility

observed for ROCK II [20] prompted us to explore the pos-

sibility of developing ligand-based three-dimensional (3D)

pharmacophore(s) integrated within self-consistent QSAR

model. This approach avoids the pitfalls of structure-based

techniques; furthermore, the pharmacophore model(s) can

be used as 3D search queries to discover new ROCKII

inhibitory scaffolds. We previously reported the use of this

approach towards the discovery of new inhibitory leads

against glycogen synthase kinase-3b, [21] bacterial MurF

[22], protein tyrosine phosphatase [23], DPP IV, [24] hor-

mone sensitive lipase [25], b-secretase [26], influenza

neuraminidase [27], cholesteryl ester transfer protein [28],

CDK1 [29], Hsp90 [30], estrogen receptor b, [31] b-D-Glu-

cosidase, [32] b-D-Galactosidase [33] and glycogen phos-

phorylase [34].

We employed the CATALYST-HYPOGEN module of

the software package Discovery Studio [35] to construct

plausible binding hypotheses for a diverse list of ROCKII

inhibitors [7–9]. Subsequently, genetic function algorithm

(GFA) and multiple linear regression (MLR) analyses were

employed to search for an optimal QSAR that combine

high-quality binding pharmacophores with other molecular

descriptors capable of explaining bioactivity variation

across a collection of diverse ROCK II inhibitors. The

optimal pharmacophores were subsequently used as 3D

search queries to screen the national cancer institute (NCI)

list of compounds for new ROCK II inhibitory leads.

CATALYST-HYPOGEN models drug-receptor inter-

action using information derived only from the ligand

structure. It identifies a 3D array of a maximum of five

chemical features common to active training molecules,

which provides a relative alignment for each input mole-

cule consistent with their binding to a proposed common

receptor site. The chemical features considered can be

hydrogen bond donors and acceptors (HBDs and HBAs),

aliphatic and aromatic hydrophobes (Hbic), positive and

negative ionizable (PosIon and NegIon) groups and aro-

matic planes (RingArom). The conformational flexibility of

training ligands is modeled by creating multiple conform-

ers, judiciously prepared to emphasize representative

coverage over a specified energy range. CATALYST

pharmacophores have been used as 3D queries for database

searching and in 3D-QSAR studies [21–31, 36, 37].

Experimental

Molecular modeling

Software and hardware

The following software packages were utilized in the

present research.

• CATALYST (Version 4.11), Accelrys Inc. (www.accelrys.

com), USA.

• CERIUS2 (Version 4.10), Accelrys Inc. (www.accelrys.

com), USA [38].

• CS ChemDraw Ultra 6.0, Cambridge Soft Corp. (http://

www.cambridgesoft.Com), USA.

• Discovery Studio 2.5, Accelrys Inc. (www.accelrys.

com), USA [39].

Pharmacophore and QSAR modeling studies were per-

formed using CATALYST (HYPOGEN module), CERI-

US2 software suites from Accelrys Inc. (San Diego,

California, www.accelrys.com) and Discovery Studio.

Structure drawing was performed employing ChemDraw

Ultra 6.0 which was installed on a Pentium 4 PC.

Data set

The structures of ROCK II inhibitors (1–138, Tables A1 and

A2 under supplementary material) were collected from

recently published literature [7–9]. Despite that the collected

inhibitors were gathered from three separate articles, they

were bioassayed employing the same bioassay methodology.

The bioactivities were expressed as the concentrations of the
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test compounds that inhibited the activity of ROCK II by 50%

(IC50 in lM). The logarithm of measured IC50 values were

used in QSAR and pharmacophores analyses, thus approxi-

mately correlating the data linear to the free energy change

(assuming IC50 & Ki).

In cases where IC50 is expressed as being higher than

10 lM (e.g., compounds 4, 5, 24, 44 and 58, see tables A1 and

A2 under Supplementary Materials) it was assumed it equals

35 lM. This assumption is necessary to allow 3.5 log cycles

separation between the most potent training compounds (i.e.,

113 and 120) and the least active training compounds (i.e., 4,

5, 24, 44 and 58). However, this assumption was applied only

for pharmacophore modeling purposes since poorly active

compounds are utilized by the CATALYST-HYPGEN

algorithm in the subtractive phase to exclude non-discrimi-

nating pharmacophores (i.e., those that lack the ability to

differentiate active training compounds from inactive ones).

However, these compounds were excluded in QSAR mod-

eling to avoid errors in statistical regression.

The two-dimensional (2D) chemical structures of the

inhibitors were sketched using ChemDraw Ultra and saved

in MDL-molfile format. Subsequently, they were imported

into CATALYST, converted into corresponding standard

3D structures and energy minimized to the closest local

minimum using the molecular mechanics CHARMm force

field implemented in CATALYST. The resulting 3D

structures were utilized as starting conformers for CATA-

LYST conformational analysis. CATALYST automatically

deals with different ligand states such as protonation states.

Conformational analysis

The molecular flexibilities of the collected compounds

were taken into account by considering each compound as

a collection of conformers representing different areas of

the conformational space accessible to the molecule within

a given energy range. Accordingly, the conformational

space of each inhibitor (1–138, Tables A1 and A2 under

Supplementary Material) was explored adopting the ‘‘best

conformer generation’’ option within CATALYST [40]

based on the generalized CHARMm force field imple-

mented in the program. Default parameters were employed

in the conformation generation procedure of training

compounds, i.e., a conformational ensemble was generated

with an energy threshold of 20 kcal/mol from the local

minimized structure at which has the lowest energy level

and a maximum limit of 250 conformers per molecule [40].

Pharmacophoric hypotheses generation

All 138 molecules with their associated conformational

models were regrouped into a spreadsheet. The biological data

of the inhibitors were reported with an ‘‘Uncertainty’’ value of

3, which means that the actual bioactivity of a particular

inhibitor is assumed to be situated somewhere in an interval

ranging from one-third to three-times the reported bioactivity

value of that inhibitor [41, 42]. Subsequently, six structurally

diverse training subsets: sets I, II, III, IV, V and VI (in table B

under supplementary material) were carefully selected from

the collection for pharmacophore modeling. Typically,

CATALYST requires informative training sets that include at

least 16 compounds of evenly spread bioactivities over at least

three and a half logarithmic cycles. Lesser training lists could

lead to chance correlation and thus faulty models.

The selected training sets were utilized to conduct 36

modeling runs to explore the pharmacophoric space of ROCK

II inhibitors (table C under supplementary material). The

exploration process included altering interfeature spacing

parameter (100 and 300 pm) and the maximum number of

allowed features in the resulting pharmacophore hypotheses,

i.e., they were allowed to vary from 4 to 5 for first and second

runs and from 5 to 5 for third and fourth runs of each training

set, as shown in table C under supplementary material.

Pharmacophore modeling employing CATALYST pro-

ceeds through three successive phases: the constructive

phase, subtractive phase and optimization phase (see

CATALYST Modeling Algorithm under section SM-1 in

Supplementary Materials) [40–45].

Assessment of the generated hypotheses

When generating hypotheses, CATALYST attempts to

minimize a cost function consisting of three terms: Weight

cost, Error cost and Configuration cost (see CATALYST Cost

Analysis in Assessment of Generated Binding Hypotheses in

section SM-2 under Supplementary Materials).

An additional approach to assess the quality of CATA-

LYST-HYPOGEN pharmacophores is to cross-validate

them using the Cat-Scramble program implemented in

CATALYST. This validation procedure is based on

Fischer’s randomization test [46]. In this validation test; we

selected a 90% confidence level, which instruct CATALYST

to generate 19 random spreadsheets by the Cat-Scramble

command. Subsequently, CATALYST-HYPOGEN is chal-

lenged to use these random spreadsheets to generate

hypotheses using exactly the same features and parameters

used in generating the initial unscrambled hypotheses. Suc-

cess in generating pharmacophores of comparable cost cri-

teria to those produced by the original unscrambled data

reduces the confidence in the training compounds and the

unscrambled original pharmacophore models [40, 46, 47].

Clustering of the generated pharmacophore hypotheses

The successful models (335) were clustered into 69 groups

utilizing the hierarchical average linkage method available
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in CATALYST. Subsequently, the highest-ranking repre-

sentatives, as judged based on their significance r2-values,

were selected to represent their corresponding clusters in

subsequent QSAR modeling. Table 1 shows the statistical

criteria of representative pharmacophores including their

pharmacophoric features, success criteria and differences

from corresponding null hypotheses. The table also shows

the corresponding Cat. Scramble confidence levels for each

representative pharmacophore.

QSAR modeling

A subset of 96 compounds from the total list of inhibitors (1–

138) was utilized as a training set for QSAR modeling. Only

compounds of well-defined IC50 values were considered in

QSAR modeling. However, since it is essential to assess the

predictive power of the resulting QSAR models on an

external set of inhibitors, the remaining 19 molecules (ca.

20% of the dataset) were employed as an external test subset

for validating the QSAR models. The test molecules were

selected as follows: collected inhibitors of defined IC50

values (Tables A1 and A2 in Supplementary Materials) were

ranked according to their IC50 values, and then every fifth

compound was selected for the test set starting from the high-

potency end. This selection considers the fact that the test

molecules must represent a range of biological activities

similar to that of the training set.

The chemical structures of the inhibitors were imported

into CERIUS2 as standard 3D single conformer represen-

tations in SD format. Subsequently, different descriptor

groups were calculated for each compound employing the

C2.DESCRIPTOR module of CERIUS2. The calculated

descriptors included various simple and valence connec-

tivity indices, electro-topological state indices and other

molecular descriptors (e.g., logarithm of partition coeffi-

cient, polarizability, dipole moment, molecular volume,

molecular weight, molecular surface area, energies of the

lowest and highest occupied molecular orbitals, etc.) [48].

Furthermore, the training compounds were fitted (using the

Best-fit option in CATALYST) against the representative

pharmacophores (69 models, Table 1), and their fit values

were added as additional descriptors. The fit value for any

compound is obtained automatically via equation

(D) (under SM-1 in Supplementary Materials) [40].

Genetic function approximation (GFA) was employed to

search for the best possible QSAR regression equation capable

of correlating the variations in biological activities of the

training compounds with variations in the generated descrip-

tors, i.e., multiple linear regression modeling (MLR). The

fitness function employed herein is based on Friedman’s ‘lack-

of-fit’ (LOF) [48]. However, to avoid overwhelming GFA-

MLR with large number of poor descriptors; we removed 10%

of those showing lowest variance prior to QSAR analysis.

Our preliminary diagnostic trials suggested the follow-

ing optimal GFA parameters: explore linear, quadratic and

spline equations at mating and mutation probabilities of

50%; population size = 500; number of genetic itera-

tions = 30,000 and lack-of-fit (LOF) smoothness parame-

ter = 1.0. However, to determine the optimal number of

explanatory terms (QSAR descriptors), it was decided to

scan and evaluate all possible QSAR models resulting from

5 to 25 explanatory terms.

All QSAR models were validated employing leave one-

out cross-validation (rLOO
2 ), bootstrapping (rBS

2 ) and pre-

dictive r2 (rPRESS
2 ) calculated from the test subsets. The

predictive rPRESS
2 is defined as:

r2
PRESS ¼ SD� PRESS=SD ð1Þ

where SD is the sum of the squared deviations between the

biological activities of the test set and the mean activity of

the training set molecules, PRESS is the squared deviations

between predicted and actual activity values for every

molecule in the test set.

Receiver operating characteristic (ROC) curve analysis

QSAR-selected pharmacophore models (i.e., Hypo4/15 and

Hypo 6/35) were validated by assessing their abilities to

selectively capture diverse ROCK II active compounds

from a large testing list of actives and decoys.

The testing list was prepared as described by Verdonk

and co-workers [49, 50]. Briefly, decoy compounds were

selected based on three basic one-dimensional (1D) prop-

erties that allow the assessment of distance (D) between

two molecules (e.g., i and j): (1) the number of hydrogen-

bond donors (NumHBD); (2) number of hydrogen-bond

acceptors (NumHBA) and (3) count of nonpolar atoms

(NP, defined as the summation of Cl, F, Br, I, S and C

atoms in a particular molecule). For each active compound

in the test set, the distance to the nearest other active

compound is assessed by their Euclidean Distance Eq. 2:

Dði; jÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðNumHBDi � NumHBDjÞ2 þ ðNumHBAi � NumHBAjÞ2 þ ðNPi � NPjÞ2
q

ð2Þ
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Table 1 Success criteria of representative pharmacophoric hypotheses (cluster centers)

RUNa Hypothesesb Features Cost Rd Global Re F-statisticf Cat.

scramble

(%)Config. Total Null Residualc

1 3 HBDN, Hbic, 29RingArom 14.1 108.5 125.4 16.9 0.85 0.09 14.2 95

10 HBA, HBDN, Hbic, RingArom 14.1 110.6 125.4 14.8 0.82 0.03 4.6 95

2 4 HBA, HBDN, Hbic, RingArom 10.9 102.4 125.4 23 0.9 0.18 30.3 95

8 HBA, HBDN, Hbic, RingArom 10.9 106.6 125.4 18.8 0.83 0.22 38.6 95

10 39HBDN, Hbic, 10.9 106.7 125.4 18.8 0.83 0.18 30.6 95

3 3 HBDN, 39Hbic, RingArom 9.2 110.8 125.4 14.6 0.78 0.06 9 95

4 29HBDN, 39Hbic 9.2 112.8 125.4 12.6 0.77 0.13 20.7 90

6 HBA, HBDN,39Hbic 9.2 113.3 125.4 12.2 0.76 0.14 21.4 90

5 4 29HBDN, Hbic, RingArom 12.5 108.6 125.4 16.9 0.83 0.27 49.6 90

8 29HBDN, 29Hbic 12.5 109.8 125.4 15.6 0.83 0.22 37.8 90

6 9 HBA, 29HBDN, Hbic 9.6 106.9 125.4 18.6 0.82 0.28 53.1 95

7 2 29HBDN, 39Hbic 7.4 104.9 125.4 20.6 0.83 0.11 17.3 90

9 7 29Hbic, RingArom, PosIon 17 109.2 186.6 77.4 0.97 0.23 41.5 95

8 Hbic, 29RingArom, PosIon 17 109.1 186.6 77.5 0.97 0.2 34.7 95

10 2 HBA, Hbic, RingArom, PosIon 15.1 104.7 186.6 81.8 0.98 0.23 40 95

3 HBA, Hbic, RingArom, PosIon 15.1 104.9 186.6 81.7 0.98 0.26 47.9 95

7 HBA, 29Hbic, PosIon 15.1 106.3 186.6 80.3 0.97 0.25 44.6 95

9 HBD, 29RingArom, PosIon 15.1 106.6 186.6 80 0.97 0.22 39.4 95

10 HBA, 29RingArom, PosIon 15.1 106.8 186.6 79.8 0.97 0.23 40.2 95

12 2 29HBD, 29Hbic, PosIon 9.7 107.7 186.6 78.9 0.94 0.26 48 95

14 2 29HBD, Hbic, PosIon 12.2 95.7 149.4 53.7 0.95 0.23 39.7 95

3 HBA, 29Hbic, PosIon 12.2 98.7 149.4 50.7 0.93 0.26 46.6 95

7 HBA, 29RingArom, PosIon 12.2 100.5 149.4 48.9 0.91 0.24 41.8 95

15 4 HBD, 23Hbic, RingArom, PosIon 12.7 93.5 149.4 55.9 0.96 0.28 53.3 95

7 HBD, 39Hbic, PosIon 12.7 95.8 149.4 53.6 0.96 0.22 38.8 95

16 5 HBA, HBD, 39Hbic 3.7 102 149.4 47.4 0.83 0.16 25.6 95

6 HBA, HBD, 29Hbic, PosIon 3.7 102.6 149.4 46.8 0.83 0.31 61.8 95

17 3 29HBD, Hbic, PosIon 16.1 94.8 113.9 19.1 0.95 0.11 16.8 95

7 HBA, HBD, Hbic, PosIon 16.1 95.1 113.9 18.9 0.95 0.28 52.9 95

8 HBA,29HBD, PosIon 16.1 95.2 113.9 18.7 0.95 0.09 12.6 95

18 1 HBA, HBD, Hbic, PosIon 13.8 92.1 113.9 21.8 0.96 0.09 14.1 95

4 HBA, HBD, Hbic, PosIon 13.8 92.1 113.9 21.8 0.96 0.07 10.2 95

7 HBA, HBD, RingArom, PosIon 13.8 92.4 113.9 21.5 0.96 0.19 30.9 95

8 HBA, HBD, RingArom, PosIon 13.8 92.6 113.9 21.3 0.96 0.33 65.8 95

19 1 HBD, 29Hbic, RingArom, PosIon 13.7 94 113.9 0 0.94 0.29 54.9 95

10 HBD, 29Hbic, RingArom, PosIon 13.7 89.6 113.9 19.9 0.92 0.22 38.5 95

20 4 HBA, HBD, 29Hbic, PosIon 8.6 89.7 113.9 24.3 0.93 0.21 36.4 95

6 HBA, HBD, 29Hbic, PosIon 8.6 94.2 113.9 0 0.87 0.14 21.3 95

9 HBA, HBD, 29Hbic, PosIon 8.6 96.4 113.9 24.2 0.85 0.27 51.5 95

22 3 29HBD, Hbic, PosIon 11.9 91.5 113.9 19.8 0.94 0.04 6.2 95

23 8 29HBD, 29Hbic, PosIon 11.4 97 113.9 17.5 0.89 0.22 38.1 95

24 3 29HBD, 29Hbic, PosIon 2.6 98.5 113.9 22.4 0.77 0.05 6.6 95

6 29HBD, 39Hbic 2.6 109.6 113.9 16.9 0.59 0.01 1 95

25 1 HBD, 29Hbic, PosIon 15.8 93.7 161.6 67.8 0.99 0.2 34.6 95

5 HBA, HBD, RingArom, PosIon 15.8 96.2 161.6 65.4 0.97 0.29 54.1 95

8 HBD, Hbic, RingArom, PosIon 15.8 96.8 161.6 64.8 0.97 0.19 31.7 95
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The minimum distances are then averaged over all

active compounds (Dmin). Subsequently, for each active

compound in the test set, around 30 decoys were randomly

chosen from the ZINC database [51]. The decoys were

selected in such a way that they did not exceed Dmin

distance from their corresponding active compound.

To diversify active members in the list, we excluded any

active compound having zero distance (Dði; jÞ) from other

active compound(s) in the test set. Active testing com-

pounds were defined as those possessing ROCK II affinities

ranging from 0.01 to 2.2 lM. The test set included 18

active compounds and 642 ZINC decoys.

The test set (660 compounds) was screened by each

particular pharmacophore employing the ‘‘Best flexible

search’’ option implemented in CATALYST, while the

conformational spaces of the compounds were gener-

ated employing the ‘‘Fast conformation generation

option’’ implemented in CATALYST. Compounds

missing one or more features were discarded from the

hit list. In silico hits were scored employing their fit

values as calculated by Eq. D) in Supplementary

Materials.

The ROC curve analysis describes the sensitivity (Se or

true positive rate, Eq. 3) for any possible change in the

Table 1 continued

RUNa Hypothesesb Features Cost Rd Global Re F-statisticf Cat.

scramble

(%)Config. Total Null Residualc

26 2 HBA, Hbic, RingArom, PosIon 12.9 92.4 161.6 69.2 0.98 0.28 51.7 95

9 HBA, HBD, RingArom, PosIon 12.9 94.6 161.6 67 0.96 0.25 45.5 95

10 29HBD, Hbic, PosIon 12.9 94.8 161.6 66.8 0.96 0.21 36.3 95

27 9 HBD, 29Hbic, RingArom, PosIon 14.1 96.3 161.6 65.2 0.97 0.26 48.7 95

28 8 HBA, HBD, 29Hbic, PosIon 6 98.3 161.6 63.3 0.91 0.31 62.1 95

29 3 HBAF, 29RingArom, PosIon 17.8 91 117.8 26.8 0.94 0.28 52 95

5 29HBAF, RingArom, PosIon 17.8 91.1 117.8 26.7 0.92 0.11 16.9 95

8 29HBAF, RingArom, PosIon 17.8 91.9 117.8 25.9 0.91 0.09 13.9 95

9 HBDN, 29RingArom, PosIon 17.8 92 117.8 25.8 0.91 0.23 39.6 95

30 2 39HBAF, Hbic 15.8 86.8 117.8 31 0.95 0.06 8.5 95

4 HBAF, HBDN, Hbic, RingArom 15.8 86.8 117.8 30.9 0.95 0.21 35.4 95

7 29HBAF, Hbic, PosIon 15.8 87.1 117.8 30.6 0.94 0.11 16.9 95

10 HBAF, HBDN, RingArom, PosIon 15.8 87.5 117.8 30.3 0.94 0.26 47.8 95

31 3 HBAF, 29Hbic, RingArom, PosIon 15.5 89 117.8 28.8 0.92 0.31 60.4 95%

8 HBDN, 29Hbic, RingArom, PosIon 15.5 91 117.8 26.7 0.9 0.22 39.2 95

10 29HBDN, 29Hbic, PosIon 15.5 92 117.8 25.8 0.9 0.23 40.7 95

32 1 HBAF, HBDN, 29Hbic, PosIon 11.4 88.1 117.8 29.7 0.89 0.28 51.9 95

8 29HBAF, 29Hbic, PosIon 11.4 91.6 117.8 26.1 0.86 0.07 10.3 95

33 1 HBAF, Hbic, RingArom, PosIon 13.3 80.4 126.2 45.8 0.98 0.31 60.6 95

34 5 HBAF, Hbic, RingArom, PosIon 24.9 92.2 126.2 33.9 0.98 0.3 59 95%

35 6 HBAF, Hbic, HbicArom, PosIon 11.4 80.5 126.2 45.6 0.97 0.23 40.6 95

10 HBAF, Hbic, HbicArom, PosIon 11.4 81.3 126.2 44.8 0.96 0.23 41.1 95

a Correspond to runs in Table C under supplementary materials
b High ranking representative hypotheses (in their corresponding clusters, see ‘‘Clustering of the generated pharmacophore hypotheses’’)
c Difference between total cost and the cost of the corresponding null hypotheses
d Correlation coefficients between pharmacophore-based bioactivity estimates (calculated from equation (C) in SM-1 under Supplementary

Materials) and bioactivities of corresponding training compound (subsets in table B under supplementary material)
e Correlation coefficients between pharmacophore-based bioactivity estimates and bioactivities of all collected compounds
f Fisher statistic calculated based on the linear regression between the fit values of all collected inhibitors (1–138, table A under supplementary

material) against pharmacophore hypothesis (employing the ‘‘best fit’’ option and equation (D)) and their respective anti-ROCK II bioactivities

(log (1/IC50) values)
g Ranking of hypotheses is as generated by CATALYST in each automatic run
h Bolded pharmacophores appeared in the best QSAR equations
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number of selected compounds (n) as a function of (1-Sp).

Sp is defined as specificity or true

Se ¼ Number of Selected Actives

Total Number of Actives
¼ TP

TPþ FN
ð3Þ

negative rate Eq. 4 [50, 52].

Sp ¼ Number of Discarded Inactives

Total Number of Inactives
¼ TN

TN þ FP
ð4Þ

where, TP is the number of active compounds captured by

the virtual screening method (true positives), FN is the

number of active compounds discarded by the virtual

screening method, TN is the number of discarded decoys

(presumably inactives), while FP is the number of captured

decoys (presumably inactive) [50, 52].

If all molecules scored by a virtual screening (VS)

protocol with sufficient discriminatory power are ranked

according to their score (i.e., fit values), starting with the

best-scored molecule and ending with the molecule that got

the lowest score, most of the actives will have a higher

score than the decoys. Since some of the actives will be

scored lower than decoys, an overlap between the distri-

bution of active molecules and decoys will occur, which

will lead to the prediction of false positives and false

negatives [50, 52]. The selection of one score value as a

threshold strongly influences the ratio of actives to decoys

and therefore the validation of a VS method. The ROC

curve method avoids the selection of a threshold by con-

sidering all Se and Sp pairs for each score threshold [50,

52]. A ROC curve is plotted by setting the score of

the active molecule as the first threshold. Afterwards, the

number of decoys within this cutoff is counted and the

corresponding Se and Sp pair is calculated. This calculation

is repeated for the active molecule with the second highest

score and so forth, until the scores of all actives are con-

sidered as selection thresholds.

The ROC curve representing ideal distributions, where

no overlap between the scores of active molecules and

decoys exists, proceeds from the origin to the upper-left

corner until all the actives are retrieved and Se reaches the

value of 1. In contrast to that, the ROC curve for a set of

actives and decoys with randomly distributed scores tends

towards the Se = 1-Sp line asymptotically with increasing

number of actives and decoys [50, 52]. The success of a

particular virtual screening workflow can be judged from

the following criteria (shown in Table 3):

1. Area under the ROC curve (AUC) [50, 52, 53]. In an

optimal ROC curve an AUC value of 1 is obtained;

however, random distributions cause an AUC value of

0.5. Virtual screening that performs better than a

random discrimination of actives and decoys retrieve

an AUC value between 0.5 and 1, whereas an AUC

value lower than 0.5 represents the unfavorable case of

a virtual screening method that has a higher probability

to assign the best scores to decoys than to actives [50,

52].

2. Overall Accuracy (ACC): describes the percentage of

correctly classified molecules by the screening proto-

col Eq. 5. Testing compounds are assigned a binary

score value of zero (compound not captured) or one

(compound captured) [50, 52, 53].

ACC ¼ TPþ TN

N
¼ A

N
: Seþ 1� A

N

� �

: Sp ð5Þ

where, N is the total number of compounds in the

testing database, A is the number of true actives in the

testing database.

3. Overall specificity (SPC): describes the percentage of

discarded inactives by the particular virtual screening

workflow. Inactive test compounds are assigned a

binary score value of zero (compound not captured) or

one (compound captured) regardless to their individual

fit values [50, 52, 53].

4. Overall True Positive Rate (TPR or overall sensitiv-

ity): describes the fraction percentage of captured

actives from the total number of actives. Active test

compounds are assigned a binary score value of zero

(compound not captured) or one (compound captured)

regardless to their individual fit values [50, 52, 53]

5. Overall False Negative Rate (FNR or overall percent-

age of discarded actives): describes the fraction

percentage of active compounds discarded by the

virtual screening method. Discarded active test com-

pounds are assigned a binary score value of zero

(compound not captured) or one (compound captured)

regardless to their individual fit values [50, 52, 53].

In silico screening for new ROCKII inhibitors

Hypo4/15 and Hypo6/35 were employed as 3D search

queries to screen the National Cancer Institute (NCI) 3D

flexible structural database. The screening was done

employing the ‘‘Best Flexible Database Search’’ option

implemented within CATALYST. Captured hits were fil-

tered according to Lipinski’s [54] and Veber’s [55] rules.

Remaining hits were fitted against the two pharmaco-

phores using the ‘‘best fit’’ option within CATALYST.

The fit values together with the relevant molecular

descriptors of each hit were substituted in the optimal

QSAR Eq. 6. The highest ranking molecules based on

QSAR predictions were acquired and tested in vitro.

Table 5 shows active hits and their QSAR-predictions and

experimental bioactivities.
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In vitro experimental studies

Materials

All of the chemicals used in these experiments were of

reagent grade and obtained from commercial suppliers.

NCI samples were kindly provided by the national cancer

institute. Rho-kinase drug discovery kit was purchased

from Cyclex (Japan), the standard inhibitor Y-27632, water

and DMSO for bioanalysis were all purchased form Sigma-

Aldrich (USA).

Preparation of hit compounds for in vitro assay

The tested compounds were provided as dry powders in

variable quantities (5–10 mg). They were initially dis-

solved in DMSO to give stock solutions of fixed concen-

trations. Subsequently, they were diluted to the required

concentrations with deionized water for bioassay.

Quantification of Rho-kinase activity

in a spectrophotometric assay

The activity of the in silico hits were quantified by rho-

kinase drug discovery kit (Cyclex, Japan). The 96-well

plate of the kit is pre-coated with recombinant C terminus

of the myosin-binding subunit of myosin phosphatase

(MBS) phosphorylated by rho-kinase (at threonine-696).

The detector antibody is conjugated to horseradish perox-

idase and specifically detects the phosphorylated form of

MBS.

To perform the assay, the tested hits were first diluted

with the kinase buffer provided with the kit. The hits’

solutions were then pipetted into assay wells to yield final

concentrations of 0.1–10 lM. Subsequently, rho-kinase

was added to each well as aqueous solution (0.01 units in

10 lL) and allowed to phosphorylate the bound substrate

in the presence of Mg2? and ATP. The amount of phos-

phorylated substrate was measured by binding it with the

detector antibody conjugate to horseradish peroxidase,

which then catalyzes the conversion of the chromogenic

substrate tetra-methylbenzidine (TMB) from a colorless

solution to a blue solution. The color is quantified by

spectrophotometry and reflects the relative activity of

rho-kinase. Samples’ absorbances were determined at a

wavelength of 650 nm using a plate reader (Bio-Tek

instruments ELx 800, USA). Inhibition of Rho-kinase was

calculated as percent activity of the uninhibited Rho-

kinase enzyme control. Y-27632 was tested as positive

control. Negative controls were prepared by adding the

enzyme to the reaction with the kinase reaction buffer

only [56].

Results and discussion

Exploration of ROCKII pharmacophoric space

The fact that we have an informative list of 138 ROCKII

inhibitors of evenly spread bioactivities over more than 3.5

orders of magnitude, prompted us to employ CATALYST-

HYPOGEN to identify possible pharmacophoric binding

modes assumed by ROCKII inhibitors [7–9].

HYPOGEN implements an optimization algorithm that

evaluates large number of potential binding models for a

particular target through fine perturbations to hypotheses

that survived the constructive and subtractive phases of the

modeling algorithm (see section SM-1 Pharmacophoric

Hypotheses Generation in Supplementary Materials) [57].

The extent of the evaluated pharmacophoric space is

reflected by the configuration (Config.) cost calculated for

each modeling run. It is generally recommended that the

Config. cost of any HYPOGEN run not to exceed 17

(corresponding to 217 hypotheses to be assessed by CAT-

ALYST) to guarantee thorough analysis of all models [58].

The size of the investigated pharmacophoric space is a

function of training compounds, selected input chemical

features and other CATALYST control parameters [58].

Restricting the extent of explored pharmacophoric space

should improve the efficiency of optimization via allowing

effective evaluation of limited number of pharmacophoric

models. On the other hand, rigorous restrictions imposed

on the pharmacophoric space might reduce the possibility

of discovering optimal pharmacophoric hypotheses, as they

might occur outside the ‘‘boundaries’’ of the pharmaco-

phoric space.

Moreover, The fact that pharmacophore modeling

requires limited number of carefully selected training

compounds (from 16 to 45 compounds only) [40] that

exhibit bioactivity variations attributable solely to the

presence or absence of pharmacophoric features, i.e., not

due to steric or electronic factors, makes it impossible to

explore the pharmacophore space of large training sets in

one shot (e.g., 138 compounds), partly because CATA-

LYST-HYPOGEN is not suited to handle large number of

compounds and partly because pharmacophore modeling is

generally confused by electronic and steric bioactivity

modifying factors commonly encountered in SAR data.

This dilemma prompted us to break the collected com-

pounds into smaller training subsets compatible with

pharmacophore modeling, i.e., of bioactivity variations

attributable solely to the presence or absence of pharma-

cophoric features (3D SAR). Nevertheless, the basic

problem in this approach is to identify a particular training

set capable of representing the whole list of collected

compounds. This problem can be very significant in cases

of large SAR lists, as in our case. We found that the best
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way to solve this problem is by exploring the pharmaco-

phoric space of several carefully selected training subsets,

i.e., from the whole list of collected compounds, followed

by allowing the resulting pharmacophores to compete

within the context of GFA-QSAR analysis such that the

best pharmacophore(s) that are capable of explaining bio-

activity variations across the whole list of collected com-

pounds is selected. However, since pharmacophore models

fail in explaining electronic and steric bioactivity-modu-

lating effects, the GFA-QSAR process should be allowed

to select other 2D physicochemical descriptors to com-

plement the selected pharmacophore(s). We have applied

this approach in several previous publications [21–31].

Therefore, we decided to explore the pharmacophoric

space of ROCKII inhibitors under reasonably imposed

‘‘boundaries’’ through 36 HYPOGEN automatic runs and

employing six carefully selected training subsets: subsets

I–VI in table B under supplementary material. The training

compounds in these subsets were selected in such away to

guarantee maximal 3D diversity and continuous bioactivity

spread over more than 3.5 logarithmic cycles. Moreover,

training subsets were selected in such a way that their

member compounds apparently share certain 3D SAR rules

(by visual evaluation). We gave special emphasis to the 3D

diversity of the most active compounds in each training

subset (Table B under supplementary material) because of

their significant influence on the extent of the evaluated

pharmacophoric space during the constructive phase of

HYPOGEN algorithm. However, it must be mentioned that

not all collected compounds were incorporated in the

pharmacophore training subsets, in fact, compounds that

exhibit limited diversity or significant bioactivity-modify-

ing steric or electronic influences were excluded from the

training subsets (see ‘‘Pharmacophoric hypotheses gener-

ation in experimental’’ and SM-1 under Supplementary

Materials) [57].

Guided by our rationally restricted pharmacophoric

exploration concept, we restricted the software to explore

pharmacophoric models incorporating from zero to one

PosIon feature, from zero to three HBA, Hbic, and Rin-

gArom features instead of the default range of zero to five,

as shown in Table C under supplementary material. Fur-

thermore, we instructed HYPOGEN to explore only 4- and

5-featured pharmacophores, i.e., ignore models of lesser

number of features in order to further narrow the investi-

gated pharmacophoric space and to represent the feature-

rich nature of known ROCK II ligands (as shown in Table

C under supplementary material).

In each run, the resulting binding hypotheses were

automatically ranked according to their corresponding

‘‘total cost’’ value, which is defined as the sum of error

cost, weight cost and configuration cost (see ‘‘Assessment

of the generated hypotheses’’ in Experimental and section

SM-2 under Supplementary Materials) [37, 40, 42, 57–59].

Error cost provides the highest contribution to total cost

and it is directly related to the capacity of the particular

pharmacophore as 3D-QSAR model, i.e., in correlating the

molecular structures to the corresponding biological

responses [40, 42, 57–59]. HYPOGEN also calculates the

cost of the null hypothesis, which presumes that there is no

relationship in the data and that experimental activities are

normally distributed about their mean. Accordingly, the

greater the difference from the null hypothesis cost

(residual cost, Table 1) the more likely that the hypothesis

does not reflect a chance correlation. An additional vali-

dation technique based on Fischer’s randomization test

[46] was recently introduced into CATALYST: Cat.

Scramble [40]. In this test the biological data and the

corresponding structures are scrambled several times and

the software is challenged to generate pharmacophoric

models from the randomized data. The confidence in the

parent hypotheses (i.e., generated from unscrambled data)

is lowered proportional to the number of times the software

succeeds in generating binding hypotheses from scrambled

data of apparently better cost criteria than the parent

hypotheses (see ‘‘Assessment of the generated hypotheses’’

in Experimental and section SM-2 under Supplemen-

tary Materials) [37, 40, 42, 57–59]. Fortunately, all gen-

erated pharmacophores illustrated C90% Cat.Scramble

significance.

Eventually, 336 pharmacophore models emerged from

36 automatic HYPOGEN runs. These were subsequently

clustered and their best representatives (68 models,

Table 1, see ‘‘Clustering of the generated pharmacophore

hypotheses’’) were used in subsequent QSAR modeling.

Clearly from Table 1, the representative models shared

comparable features and excellent statistical success cri-

teria. Emergence of several statistically comparable phar-

macophore models suggests the ability of ROCKII ligands

to assume multiple pharmacophoric binding modes within

the binding pocket. Therefore, it is quite challenging to

select any particular pharmacophore hypothesis as a sole

representative of the binding process.

QSAR modeling

Despite that pharmacophoric hypotheses provide excellent

insights into ligand-macromolecule recognition and can be

used to mine for new biologically interesting scaffolds,

their predictive value as 3D-QSAR models is limited by

steric shielding and bioactivity-enhancing or reducing

auxiliary groups [21–31]. This point combined with the

fact that pharmacophore modeling of ROCKII inhibitors

furnished several binding hypotheses of comparable suc-

cess criteria prompted us to employ classical QSAR

analysis to search for the best combination of
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pharmacophore(s) and other 2D descriptors capable of

explaining bioactivity variation across the collected

inhibitors (tables A1 and A2 under Supplementary Mate-

rials). However, we removed compounds that were repor-

ted without specific IC50 values (e.g., IC50 [ 10 lM),

leaving a total of 96 compounds for QSAR modeling. We

employed genetic function approximation and multiple

linear regression QSAR (GFA-MLR-QSAR) analysis to

search for an optimal QSAR equation(s).

The fit values obtained by mapping representative

hypotheses (68 models) against modeled ROCK II inhibi-

tors were enrolled, together with around 100 other physi-

cochemical descriptors, as independent variables (genes) in

GFA-MLR-QSAR analysis (see ‘‘QSAR modeling in

experimental’’) [21–31, 48, 60]. Moreover, we enrolled the

multiplication products of different descriptors as addi-

tional explanatory variables to achieve self-consistent and

predictive QSAR models.

However, since it is essential to access the predictive

power of the resulting QSAR models on an external set of

inhibitors, we randomly selected 19 molecules (shown in

table A2 under Supplementary Materials) and employed

them as external test molecules for validating the QSAR

models (rPRESS
2 ). Figure B under Supplementary Materials

shows the molecular similarity/diversity profiles among

training and testing compounds. All QSAR models were

cross-validated automatically using the leave-one-out

cross-validation in CERIUS2 [48, 60]. Equation 6 shows

the details of the optimal QSAR model. Figure 1 shows the

corresponding scatter plots of experimental versus esti-

mated bioactivities for the training and testing inhibitors.

Log 1=IC50ð Þ ¼ 0:454þ 6:59� 10�4 Hypo6=35ð Þ3

þ 3:72� 10�3 Hypo4=15ð Þ3�1:24

� 10�7 Weinerð Þ2 AtypeH53ð Þ
� 8:65� 10�2 JXð Þ2 Hypo4=15ð Þ
� 9:60� 10�3 Hypo6=35ð Þ2 AtypeH53ð Þ
� 8:25� 10�2 LUMOð Þ JXð Þ AtypeH53ð Þ
� 7:56� 10�2 JXð Þ AtypeC24ð Þ AtypeN72ð Þ
þ 1:50� 10�2 Hypo6=35ð Þ AtypeC24ð Þ
AtypeH53ð Þ þ 1:03� 10�4 Weinerð Þ
AtypeC24ð Þ AtypeN72ð Þ

r77 ¼ 0:842; F-statistic ¼ 18:18; r2
LOO ¼ 0:639;

r2
PRESSð19Þ ¼ 0:494

ð6Þ

where, r77 is the correlation coefficient against 77 training

compounds, rLOO
2 is the leave-one-out correlation coeffi-

cient, and rPRESS
2 is the predictive r2 determined for the 19

test compounds [48, 60].

Hypo4/15 and Hypo6/35 represent the fit values of the

training compounds against these two pharmacophores

(bolded models in Table 1 and Figs. 2 and 3) as calculated

from equation (D) under section SM-2 in Supplementary

Materials. Atype descriptors are atom-type-based AlogP

thermodynamic descriptors: AtypeN72 encodes for the

number of amidic NH, AtypeC24 encodes for the number

of aromatic CH atoms (excluding symmetrical ones),

AtypeH53 encodes for the substitution patterns of alicyclic

rings with 1,4-disubstituted cyclohexyls given the highest

values while 1,3-disubstituted analogues assigned the least

values. LUMO is the energy of the lowest unoccupied

molecular orbital calculated by semiempirical quantum

mechanical method (MOPAC). JX is a Balaban index

related to the shape and atomic electronegativities of a

particular compound. Wiener is the sum of the chemical

bonds existing between all pairs of heavy atoms in the

molecule. Table D under Supplementary Materials shows

the values of the different descriptors in Eq. 6 for modeled
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Fig. 1 Experimental versus a fitted (77 compounds, rLOO
2 = 0.639),

and b predicted (19 compounds, rPRESS
2 = 0.530) bioactivities

calculated from the best QSAR model Eq. 1. The solid lines are the

regression lines for the fitted and predicted bioactivities of training

and test compounds, respectively, whereas the dotted lines indicate

the 1.0 Log(1/IC50) error margins
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compounds (Tables A1 and A2 under Supplementary

Materials).

Emergence of two orthogonal pharmacophoric models,

i.e., Hypo4/15 and Hypo6/35 of cross-correlation

r2 B 0.28, in Eq. 6 suggests they represent two comple-

mentary binding modes accessible to ligands within the

binding pocket of ROCK II, i.e., one of the pharmaco-

phores explains the bioactivities of some training inhibitors

while the other explains the remaining inhibitors. Similar

conclusions were reached about the binding pockets of

other targets based on QSAR analysis [21–31]. Figures 2c

and 3c show Hypo6/35 and Hypo4/15 and how they map

107 (IC50 = 0.009 lM) and 98 (IC50 = 0.02 lM),

respectively. Figures 2e and 3e show how the two phar-

macophores fit two distinct collections of training com-

pounds, which further supports the notion of at least two

binding modes. The X, Y, and Z coordinates of the two

pharmacophores are given in Table 2.

Other descriptors emerged the QSAR equation as com-

plex terms composed of the multiplication products of two

or three descriptors, which suggest they exert complex effects

on ROCKII binding. For example, the descriptors AtypeC24,

AtypeN72 and Wiener index emerged in Eq. 6 as complex

products combined with positive and negative slopes.

However, AtypeH53 appeared generally in the QSAR

equation combined with negative slopes, which seem

suggest that ligands possessing 1,3-disubstituted cyclo-

hexyl (or cyclopentyl) cores seem to better fit the binding

site compared to other substitution patterns, e.g., 1,4-

disubstituted cyclohexyl-based cores.

Similarly, emergence of LUMO in Eq. 6 as part of

complex product with negative slope suggests that ligand/

ROCK II affinity favors electrophilic ligands probably due

to p-stacking with certain electron-rich aromatic centers in

the binding pocket, probably the aromatic rings of Phe103

and Phe384 (Fig. 3a).

Finally, emergence of JX in Eq. 6 illustrates certain role

played by the ligands’ topology in the binding process.

However, despite their predictive significance, the infor-

mation content of topological descriptors is quite obscure.

Fig. 2 a Docked structure of training compound 98
(IC50 = 0.02 lM, table A1 under Supplementary Materials) into

ROCK II (PDB code: 2H9 V, resolution 1.85 Å
´

). b Pharmacophoric

features of Hypo4/15: HBD as pink vectored spheres, Hbic as light
blue spheres, RingArom as vectored orange spheres, PosIon as red

spheres. c Hypo4/15 fitted against 98, d Chemical structure of 98.

e Hypo4/15 fitted against a collection of training compounds, namely:

41, 43, 88, 96, 97, 98, 99, 101, 104, 105, 106, 107, 108, 109, 112, 113,

114, 115, 116, 117, 118, 119, 120,121 and 138
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It remains to be mentioned that although QSAR Eq. 6

and its associated pharmacophore models succeeded in

explaining the bioactivities of most training and testing

ROCKII inhibitors, they failed in explaining the bioactiv-

ities of some testing compounds (i.e., outliers), in partic-

ular, Eq. 6 significantly underestimated the excellent

potency of 81 (IC50 = 0.02 lM, table A2 under Supple-

mentary Materials), which appeared as outlier outside the

±1.0 log cycle error margin in Fig. 1b (upper right quad-

rant). The fact that this compound failed to map any of the

pharmacophores in Eq. 6 (as can be seen in table D under

Supplementary Materials), despite its excellent potency,

Fig. 3 a Docked structure of training compound 107
(IC50 = 0.009 lM, table A1 under Supplementary Materials) into

ROCK II (PDB code: 2H9 V, resolution 1.85 Å
´

) binding pocket.

b Pharmacophoric features of Hypo6/35: HBA as green vectored
spheres, Hbic as light blue spheres, HbicArom as dark blue spheres,

PosIon as red spheres. c Hypo6/35 fitted against 107, d Chemical

structure of 107. e Hypo6/35 fitted against a collection of training

compounds, namely: 68, 69, 95, 96, 98, 99, 101, 102, 107, 108, 109,

113, 126, 129 and 130

Table 2 Pharmacophoric

features and corresponding

weights, tolerances and 3D

coordinates of Hypo4/15 and

Hypo6/35

a Hypo4/15: the 4th

pharmacophore hypothesis

generated in the 15th

HYPOGEN run (Table 1)
b Hypo6/35: the 6th

pharmacophore hypothesis

generated in the 35th

HYPOGEN run (Table 1)

Model Definition Chemical features

HBD RingArom Hbic Hbic PosIon

Hypo4/15a Weights 1.93610 1.93610 1.93610 1.93610 1.93610

Tolerances 1.60 2.20 1.60 2.20 1.60 1.60 1.60

Coordinates

X 4.21 4.77 -3.72 -1.99 2.94 -0.84 -1.77

Y 1.57 1.00 -1.13 -3.49 -0.67 -3.10 -0.43

Z -3.13 -6.03 -0.36 0.32 -2.35 1.72 1.88

HBAN Hbic HbicArom PosIon

Hypo6/35b Weights 2.22164 2.22164 2.22164 2.22164

Tolerances 1.60 2.20 1.60 1.60 1.60

Coordinates

X 0.78 2.13 0.38 -2.03 -0.57

Y -5.11 -7.59 -0.38 -4.73 -0.37

Z 4.49 5.53 4.40 -5.40 -0.15
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suggests the existence of additional binding modes avail-

able for ROCK II ligands, i.e., extra to those described in

Eq. 6. In fact, removing this compound from the testing set

raised rPRESS
2 value from 0.494 to 0.623. Similar arguments

seem to apply for testing compounds 76 and 91 (table A2

under Supplementary Materials) albeit they are of much

less influence on rPRESS
2 .

Receiver operating characteristic (ROC) curve analysis

To further validate the resulting models (both QSAR and

pharmacophores), we subjected our QSAR-selected phar-

macophores to receiver-operating curve (ROC) analysis. In

ROC analysis, the ability of a particular pharmacophore

model to correctly classify a list of closely-related com-

pounds (i.e., of similar H-bonding propensities and lipo-

philicities) as actives or inactives is tested and indicated by

the area under the curve (AUC) of the corresponding ROC

together with other parameters, namely, overall accuracy,

overall specificity, overall true positive rate and overall

false negative rate (see ‘‘Receiver operating characteristic

curve analysis’’ under Experimental for more details) [49–

52]. Optimal ROC parameters indicate the superiority of

the corresponding pharmacophore model over simpler

molecular similarity-based search queries.

Table 3 and Fig. 4 show the ROC results of our QSAR-

selected pharmacophores. Hypo4/15 and Hypo6/35 illus-

trated excellent overall performances with AUC values of

99.5 and 99.4% respectively. This is not unexpected, as the

presence of positive ionizable features in both models

should significantly enhance their selectivities (Fig. 5).

Comparison of pharmacophore model with the active

site of ROCKII

To further emphasize the validity of our pharmacophore/

QSAR modeling approach, we compared the pharmacophoric

features of Hypo4/15 and Hypo6/35 and how they map

training compounds 98 and 107, respectively, with optimal

docked poses of the two compounds. The docking experiments

were conducted employing LigandFit docking engine and

through default docking settings [38]. Figures 2 and 3 show

the pharmacophores, docked poses and corresponding mapped

conformers.

We compared the structure of 98 (IC50 = 0.02 lM,

table A1 under supplementary material) docked into

ROCK II (PDB code: 2H9 V) with Hypo4/15. Figure 2

shows the chemical structure of the ligand and compares its

ROCK II docking picture with the way it maps Hypo4/15.

Mapping the NH of the indazole ring in 98 against HBD

feature in Hypo4/15 (Fig. 2c) corresponds to hydrogen

bonding interactions tying the indazole NH and the pep-

tidic carbonyl of Ala102 (Fig. 2a) in the docked complex.

Similarly, mapping the benzene ring of the ligand’s inda-

zole against Hbic feature in Hypo4/15 (Fig. 2c) corre-

sponds to hydrophobic stacking against the aromatic ring

of Phe103. Moreover, fitting the pyrrolidine core in 98

against PosIon and Hbic features in Hypo4/15 (Fig. 2c)

seems to encode for electrostatic and hydrophobic attrac-

tive interactions connecting the pyrrolidine NH and carbon

ring with the carboxylate and CH2 linker of Asp232,

Table 3 ROC curve analysis criteria for QSAR-selected pharmaco-

phores and their sterically-refined versions

Pharmacophore

model

ROCa–

AUC%b
ACC%c SPC%d TPR%e FNR%f

Hypo4/15 99.5 97.3 99.7 11.1 0.3

Hypo6/35 99.4 97.3 99.2 27.8 0.8

a ROC receiver operating characteristic curve
b AUC area under the curve
c ACC overall accuracy
d SPC overall specificity
e TPR overall true positive rate
f FNR overall false negative rate

Fig. 4 ROC curves of:

a Hypo4/15, b Hypo6/35
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respectively (Fig. 2a). Finally, fitting the chlorobenzene in

98 against a RingArom feature in Hypo4/15 correlates with

stacking against the adjacent hydrophobic side chain of

Val106.

Similar analogies can be drawn between the docked

conformer of 107 (IC50 = 0.009 lM, table A1 under

supplementary material) and the way it maps Hypo6/35, as

shown in Fig. 3. Mapping the amino functionality of the

piperidine core of 107 against PosIon feature in Hypo6/35

(Fig. 3c) agrees with electrostatic attraction connecting this

group and the carboxylate of Asp176 in the docked pose

(Fig. 3a). Likewise, positioning the aromatic methyl sub-

stituent of 107 within a hydrophobic pocket comprised of

the side chains of Leu221, Ile98, VAL153, Phe384 and

Met169 in the docked pose (Fig. 3a) agrees with mapping

this moiety against Hbic feature in Hypo6/35 (Fig. 3c).

Similarly, mapping the sp2 nitrogen and benzene ring of the

ligand’s indazole group against HBA and HbicArom in

Hypo6/35 (Fig. 3c) points to hydrogen bonding and aro-

matic stacking interactions connecting the indazole ring

with the carboxylic acid and aromatic side chains of

Asp232 and Phe103 in the docked pose, respectively, as in

Fig. 3a.

Clearly from the above discussion, Hypo4/15 and

Hypo6/35 represent two valid binding modes assumed by

ligands within ROCK II. Furthermore, these models point

to limited number of critical interactions required for high

ligand- ROCK II affinity in each of the binding modes.

In contrast, docked complexes reveal many bonding

Fig. 5 a show Hypo6/35 fitted

against hit 145 (IC50 = 1 lM,

Table 5) b Chemical structure

of 145 c show Hypo4/15

fitted against hit 144

(IC50 = 4.77 lM, Table 5)

d Chemical structure of 144

Table 4 Numbers of selected, filtered, tested, active and inactives

hits captured by Hypo4/15 and Hypo6/35 from NCI list of compounds

Number of in silico hits

captured by

Hypo4/15 Hypo6/35

Post screening filteringa

Before 674 4692

After 172 215

Selected based on QSAR predictions 40 42

Acquired from the NCIb 29 5

Number of activesc 5 16

Assayed to determine IC50 2 6

NCI national cancer institute list of available compounds includes

238,819 structures
a Using Lipinski’s and Veber’s rules. A maximum of two Lipinski’s

violations were tolerated
b23 acquired compounds were mutually captured by both pharmaco-

phores (Hypo4/15 and Hypo6/35), the total number of acquired com-

pounds from the NCI is 51 compounds. See table E in supplementary

Materials to identify the origin of captured compounds in each case
c Compounds illustrating inhibition percentage C20% were counted

as actives
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interactions without highlighting critical ones. Figures 2a

and 3a only show interactions corresponding to pharma-

cophoric features while other binding interactions were

hidden for clarity.

In silico screening and subsequent in vitro evaluation

Hypo4/15 and Hypo6/35 were employed as 3D search

queries against the NCI (238,819 structures) using the

‘‘Best Flexible Database Search’’ option implemented

within CATALYST. Compounds that have their chemical

groups spatially overlap (map) with corresponding features

of the particular pharmacophoric model were captured

(hits). Table 4 summarizes the numbers of captured hits by

each pharmacophore.

NCI hits were filtered based on Lipinski’s [54] and

Veber’s [55] rules. Enforcing some kind of drug-likeness

pre-filters should help in finding hits more amenable for

subsequent optimization into leads.

Surviving hits were fitted against Hypo4/15 and Hypo6/

35 and their fit values, together with other relevant

molecular descriptors, were substituted in QSAR Eq. 6 to

predict their anti-ROCK II IC50 values. The highest-rank-

ing hits compounds were evaluated in vitro against

recombinant ROCK II assay kit (Cyclex, Japan). Table 4

shows the number of selected, filtered, tested, active and

inactives hits captured by Hypo4/15 and Hypo6/35 from

NCI list of compounds, while table E under Supplementary

Materials summarizes all information about captured hit

molecules acquired from the NCI, their fit values against

Hypo4/15 and Hypo 6/35, their corresponding QSAR

estimates from Eq. 6 and there in vitro anti- ROCK II

inhibition percentage at 10 lM. Figure A under Supple-

mentary Materials illustrates the dose/response plots of the

active hits. To validate our bioassay settings, we deter-

mined the IC50 value of standard inhibitor Y-27632 under

the same conditions [61].

Initially, hits were screened at 10 lM concentrations,

subsequently; compounds showing anti-ROCK II inhibi-

tory percentages C35% at 10 lM were further assessed to

determine their IC50 values. Table 5 shows active hits and

their corresponding estimated and experimental anti-

ROCK II bioactivities. Interestingly, their corresponding

dose/response regression lines (Figure A under

Table 5 High-ranking hit molecules with their fit values against (Hypo4/15; Hypo 6/35) their corresponding QSAR estimates from Eq. 6 and

there in vitro anti- ROCK II bioactivities

No.a NCI code Structure Fit valuesb QSAR predictionsc Experimentald

Hypo4/15 Hypo6/35 Log (1/IC50) IC50 (lM) IC50 (lM)

139 NCI0007823

N

O

O O

NN

O

H

H

H

H

0 8.12 0.66 0.22 5.57

140 NCI0032983

N

O

O

O

OO

O

0 8.25 0.82 0.15 1.41

141 NCI0104542

N+

N

O
H

4.54 3.51 -0.42 2.6 1.69
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Supplementary Materials) illustrated excellent correlation

coefficients, strongly suggestive of non-promiscuous

inhibitory behavior.

It remains to be mentioned that QSAR predictions of

tested hits were generally rather accurate (Table 5), i.e.,

within 1.0 log cycle from experimental values, except in

Table 5 continued

No.a NCI code Structure Fit valuesb QSAR predictionsc Experimentald

Hypo4/15 Hypo6/35 Log (1/IC50) IC50 (lM) IC50 (lM)

142 NCI0151684

O

O

N

N

O

H

0 7.81 0.77 0.17 45.35

143 NCI0380794 -O

N+ O

N

N

N

N O N

N

0 7.4 0.86 0.14 0.70

144 NCI0377095

O

O

HO

OH

HN

N

6.45 0 0.17 0.67 4.77

145 NCI0401383

O

N+

O

N+

O

O-

0 7.88 0.78 0.17 1.00

146 NCI0674004 SH

Cl

S

O

O

H
N

N
N

H
N

N

N

HN

0 8.1 3.13 0.00075 1.65

Further information about these compounds and other tested hits are shown in Table E under Supplementary Materials
a Compound numbers
b Best-fit values calculated by equation (D) in section SM-1 under Supplementary Materials
c Predictions based on optimal QSAR model (6)
d Experimental in vitro validation against rho-kinase

J Comput Aided Mol Des

123



two cases: 142 and 146, which were significantly overes-

timated by the QSAR model. We believe these prediction

errors are because training compounds used in QSAR and

pharmacophore modeling are significantly structurally

different from these two molecules, which limits the ex-

trapolatory potential of the QSAR equation. Furthermore,

the fact that we implemented different bioassay method

from that used for training compounds can also explain part

of the predicted-to-experimental differences in hit bioac-

tivities. Additionally, QSAR-based predictions have their

errors; in fact an rPRESS
2 value of 0.494 suggests certain

level of uncertainty in predictions.

Conclusions

ROCK II inhibitors are currently considered as potential

treatments for hypertension. The pharmacophoric space of

ROCK II inhibitors was explored via six diverse sets of

inhibitors and using CATALYST-HYPOGEN to identify

high quality binding model(s). Subsequently, genetic

algorithm and multiple linear regression analysis were

employed to access optimal QSAR model capable of

explaining anti-ROCK II bioactivity variation across 138

collected ROCK II inhibitors. Two orthogonal pharmaco-

phoric models emerged in the QSAR equation suggesting

the existence of at least two distinct binding modes

accessible to ligands within ROCK II binding pocket. The

QSAR equation and the associated pharmacophoric models

were experimentally validated by the identification of

several ROCK II inhibitors retrieved via in silico screening,

out of which 8 inhibitors illustrated micromolar potencies.

Our results suggest that the combination of pharmaco-

phoric exploration and QSAR analyses can be useful tool

for finding new diverse ROCK II inhibitors.
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cophore perception, development, and use in drug design. Inter-

national University Line, La Jolla, pp 173–189
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