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3D-QSAR Study for Checkpoint Kinase 2 Inhibitors
through Pharmacophore Hypotheses
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Abstract—DNA-damage is induced by ionizing radiation,
genotoxic chemicals or collapsed replication forks. To prevent
and repair the DNA-damage, mammalian cells will control and
stabilize the genome by cell cycle checkpoint. Checkpoint kinase
2 (ChKk2) is one of the important kinases that has a great effect
on DNA-damage and plays an important role in response to
DNA double-strand breaks and related lesions. Hence, in this
study, we will concentrate on Chk2 and the purpose is to build
the pharmacophore hypotheses (PhModels) by 3D-QSAR study
which can identify inhibitors with high biological activities. Ten
PhModels were generated by the HypoGen Best algorithm. The
established PhModel, Hypo01, was evaluated in the cost
function analysis of its correlation coefficient (), RMS, cost
difference, and configuration cost, with the values: 0.955, 1.28,
192.51, and 16.07, respectively. The result of Fischer’s
cross-validation test for Hypo0l model yielded a 95%
confidence level, and the correlation coefficient (r.,) of the
testing set yielded a best value of 0.81.

Index Terms—CHK2,
pharmacophore.

drug design, 3D-QSAR,

1. INTRODUCTION

DNA-damage is induced by ionizing radiation, genotoxic
chemicals or collapsed replication forks, and when DNA was
damaged or the responses of cells were failure, the mutation
associated with the breast or ovarian cancer of genes may
occur. To prevent and repair the DNA-damage, mammalian
cells will control and stabilize the genome by cell cycle
checkpoint. The checkpoint pathway consists of several
kinases, such as ataxia telangiectasia mutated protein (ATM
[1,][2]), ataxia telangiectasia and Rad3-related protein (ATR
[1], [2]), Checkpoint kinase 1 (Chkl [3], [4]), and
Checkpoint kinase 2 (Chk2 [5]-[8]).

ATM and ATR are upstream kinases passing messages to
downstream kinases and phosphorylating several proteins
that initiate activation of the DNA-damage checkpoint.
Moreover, ATM is a primarily pathway to activate p53
(protein 53 [9]) by Chk2, and ATR may influence the
phosphorylation of Chkl. Both Chkl and Chk2 are key
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components in DNA-damage; however their cellular
activities are different. Chk1 is involved in S and G2 phases
of the cell cycle with ATR pathway. By contrast, Chk2 is
activated in all phases through ATM-dependent pathway and
plays an important role in response to DNA double-strand
breaks and related lesions. Furthermore, Chk1 is an unstable
protein and lacks the forkhead-associated domain (FHA)
which was involved in several processes that protect against
cancer and can be found in Chk2. Therefore, we will
concentrate on Chk?2 in this study.

Recently, some studies identified the inhibitors of Chk2
[10]-[14], and they also showed the crystal structures of
Chk2 complex. They are selective, reversible, and
ATP-competitive Chk2 inhibitors demonstrated that they
effectively restrain the radiation-induced phosphorylation of
Chk2. In addition, several selective Chk2 inhibitors have also
been was identified and the researches indicated that they are
potent and selective inhibitors of Chk2  with
chemotherapeutic and radio-sensitization potential. On
structure-based drug design, several developments of Chk2
were published.

Quantitative structure-activity relationship model (QSAR
model) is a regression or classification model, and is an
important technique in the rational drug design. It is used to
correlate the structure properties of compounds with their
biological activities. The method to predict the quality by
QSAR was improved by considering the three-dimensional
structure QSAR (3D-QSAR) [15]-[20] of targeted inhibitor.
Therefore, the compound structure can be directly optimized
in the 3D space. The comparative molecular field analyses
(CoMFA) [21]-[26] and the comparative molecular similarity
indices analyses (CoMSIA) [22]-[28] for Chk2 inhibitors
were performed by ligand-based and receptor-guided
alignment. They used the co-crystal structure from protein
data bank (PDB code: 2CN8) [7], and then they identified
new plausible binding modes used as template for 3D-QSAR
[22]. There is another research of Chk2 studied in
QSAR/QSPR [29] providing structures that will improve
reducing the side effects of Chk?2 inhibitors.

Pharmacophore [16]-[20], [30]-[32] is a set of structural
features responsible for its biological activity of a molecule.
It allowed compounds with diverse structures to find the
common chemical features by ligand pharmacophore
mapping, and that is different from CoMFA and CoMSIA.
Thus, pharmacophore can explain how diverse ligands bind
to a receptor site by these features, and visualize the feature
of potential chemical interactions between ligands and
receptors. Moreover, pharmacophore can easily and quickly
identify candidate inhibitors for a target protein based on 3D
query. Therefore, in this study, the purpose is to use
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3D-QSAR study to build Pharmacophore hypotheses
(denoted as PhModels) for Chk2 inhibitors. We have faith
that PhModels with the information about potential chemical
interactions can help medicinal chemists to identify or design
new Chk?2 inhibitors

TABLE I: EXPERIMENTAL AND ESTIMATED ICsy VALUES OF THE
TRAINING-SET INHIBITORS FOR CHK2

No. Experl(mn;ll)t alICs Estimated ICso(nM) | Error®
1 2.3 15 +6.6
2 6.6 6.8 +1
3 14 20 +1.4
4 18 8.5 -2.1
5 23 19 -1.2
6 37 30 -1.2
7 47 23 -2.1
8 70 110 +1.6
9 72 47 -1.5
10 110 220 +1.9
11 270 670 +2.5
12 470 2200 +4.7
13 640 2000 +3.1
14 830 1200 +1.5
15 900 1000 +1.1
16 1100 970 -1.1
17 1200 1100 -1.1
18 1800 860 -2.1
19 6700 1700 -3.9

20 15000 22000 +1.5

21 19000 3600 -5.3

22 28000 6800 -4.1

23 37000 63000 +1.7

24 50000 16000 -3.2

25 100000 160000 +1.6

*+, Estimated ICsy > Experimental ICs; —, Estimated ICsy < Experimental
IC50.

TABLE II: CHARACTERISTICS OF THE TEN PHARMACOPHORE HYPOTHESES

FOR CHK2
No. Total Cost RMS Training | Testing
cost difference® deviation set (r) set (Fres)
1 111.68 192.51 1.28 0.955 0.810
2 117.68 186.51 1.46 0.941 0.772
3 121.50 182.69 1.59 0.929 0.769
4 122.78 181.41 1.62 0.927 0.771
5 122.98 181.21 1.63 0.926 0.807
6 123.14 181.05 1.59 0.929 0.777
7 125.01 179.18 1.65 0.924 0.802
8 125.36 178.83 1.69 0.920 0.663
9 125.66 178.53 1.69 0.919 0.794
10 125.89 178.30 1.69 0.920 0.795

* (null cost — total cost), null cost = 304.19, fixed cost = 89.77, configuration
cost =16.07. All costs are in units of bits.

II. MATERIALS AND METHODS

A. Biological Data Collection

In order to construct the PhModels, at first, we collected
the Chk2 inhibitors with two-dimensional structures and the

biological activity values from the ChREMBL database [33].
Then, according to the structure variations and chemical
differences in the kinase inhibitor activity, 158 known Chk2
inhibitors were selected and retrieved. The biological activity
of 158 known Chk2 inhibitors was represented as ICs
(nanomolar, nM).

B. Designing a Pharmacophore Approach

Before generating the PhModels, we should divide the 158
Chk2 inhibitors into the training set and testing set,
respectively. The rules used to select training set inhibitors
are according to the following: (1) All selected compounds
should have clear and concise information including
structure features and activity range. (2) At a minimum, 16
diverse compounds for training-set were selected to ensure
the statistical significance. (3) The training-set should
contain the most and the least active compounds. (4) The
biological activities of the compounds spanned at least 4
orders of magnitude. Based on the above four rules, the 158
Chk2 inhibitors were divided.

The training set is used to construct the PhModels, and the
ICso values of these 25 inhibitors are ranged from 2.3 to
100,000 nM (Table I). The testing set remaining 133
inhibitors with the chemical structures and ICs, values shown
is used to test the predictive ability of the PhModels, and the
ICs values of the 133 testing set inhibitors are ranged from
3.4 to 74,000 nM. After selecting the training set inhibitors,
we established ten PhModels at first, and then we used the
cost function and Fischer’s cross-validation test to estimate
the prediction abilities of PhModels.

C. Pharmacophore Generation

In this study, we used the HypoGen program [34] in
Accelrys Discovery studio 2.1 to generate PhModels. At the
initial step, 3D conformations of the training set inhibitors
were generated by using “3D-QSAR Pharmacophore
Generation protocol” with the BEST generating algorithm
and based on the CHARMmMm-like force field. The
CHARMm-like force field in conjunction with three rules: (1)
Conjugate-gradient minimization in torsion space. (2)
Conjugate-gradient minimization in Cartesian space. (3)
Quasi-Newton minimization in Cartesian space. The
conformational-space energy was constrained < 20 kcal/mol
which represented the maximum allowed energy above the
global minimum energy. For each training set inhibitor, the
number of the diverse 3D conformations was set to <255. All
other parameters were set as default values. Following the
above rule, the 3D conformations were generated, and then
we can construct the hypothesis model by using “Ligand
Pharmacophore Mapping protocol”.

D. Quality Validation Methods of PhModels

Cost-function Analysis, there are two important theoretical
cost values (in units of bits) which were used to determine
each PhModel. One is the fixed cost that represents the
simplest model that accurately predict all experimental 1Cs,
values of training set inhibitors. The other one is the null cost
which represents the largest cost for a model that has no
prediction ability. A good PhModel should content the
following condition. The difference between the fixed and
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null costs is > 70 bits that means there is a perfect chance of

> 90% that the experimental and estimated activities will be

correlation. In addition, the total cost should be close to the
fixed cost, and the configuration cost, representing the space

complexity of models, must be <17 bits for a good model.

Fischer’s Cross-validation Test was used to validate the
quality of PhModels, and to verify the structure and activity
of the models whether has a great relativity. The ICs, values
of training set inhibitors were randomly assigned to members
of the set, and this set will be used to generate randomly
PhModels. The same features and parameters used to
generate the ten initial PhModels were incorporated into this
trial. The formula of Fischer’s cross-validation test is written
as:

Confidence (%) =[1—-(1+x) /(1 +y)] x 100% (H

where x is the number of the hypotheses which have a total
cost lower than the original hypotheses, and y is the number
of times the procedure executed. According to the formula,
we can run 19 times to achieve a confidence level of 95%.

Correlation Coefficient Analysis was used to verify the
relativity of estimated ICsy and experimental ICs, for the
training and testing set inhibitors. If the value of the
correlation coefficient is close to 1, the verified PhModel will
be good.
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III. RESULTS

A. PhModel Generation Results

Ten PhModels were generated by using 25 training set
inhibitors. Each of them took four features: three hydrogen
bond acceptors (A) and one hydrophobic aromatic (HY AR).
The characteristics of ten PhModels, HypoOl to HypolO,
were listed in Table II. The null cost of ten established
models is 304.19 bits, and the fixed cost is 89.77 bits. In
addition, the difference between null and fixed cost is 214.42
bits which means all ten hypotheses had high prediction
ability. In other words, a difference should be > 70 bits then

there is an excellent chance of >90% that the experimental

and estimated activities will be correlation. Furthermore, the
configuration cost is 16.07, which is in allowed range lower
than the value of 17 bits. According to the cost function
analysis, the total cost of a good quality PhModel should
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approach the fixed cost and be far away from the null cost. In
the results, the highest total cost of worst hypothesis, Hypo10,
is 125.89 bits. The correlation coefficient () of the ten
hypotheses is ranged from 0.955 to 0.92.

B. Fischer’s Cross-Validation Test

Fischer’s test is used to cross-validate the quality of
PhModels. The ICsy values of training set inhibitors were
randomly assigned to each inhibitor in the training set. The
parameters of randomized PhModel were the same as those
used to generate the original PhModel. In total, 19 random
PhModels were generated. The total cost of the ten original
PhModel all were less than any of the 19 random PhModel,
and it indicated that the ten PhModels had a 95% confidence
level with the achieved validation to generate the training set
inhibitors. Fig. 1 shows the total costs from original
PhModels and the ten lowest total costs from randomization.
As the above, the training set inhibitors could not be
generated by randomized PhModels.

C. Correlation Analysis of Testing Set Inhibitors

Another main goal is to evaluate the prediction ability of a
PhModel in testing set inhibitors. Here, the prediction
activities of 133 inhibitors in the testing set were estimated by
ten hypotheses. The correlation coefficient (r,;) was
obtained from the linear regression of estimated activity
versus the experimental. In the results, the best 7, for testing
set inhibitors was 0.81 obtained from HypoOl shown in
Table II. We also compared with the other Hypo models that
HypoOl had the best ability to predict the experimental
activity. Therefore, we considered that HypoOl was a
dependable predictor of Chk?2 inhibitor activity.
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