
Mol Divers
DOI 10.1007/s11030-009-9115-2

FULL LENGTH PAPER

Predictive QSAR workflow for the in silico identification
and screening of novel HDAC inhibitors

Georgia Melagraki · Antreas Afantitis ·
Haralambos Sarimveis · Panayiotis A. Koutentis ·
George Kollias · Olga Igglessi-Markopoulou

Received: 4 September 2008 / Accepted: 16 January 2009
© Springer Science+Business Media B.V. 2009

Abstract A linear Quantitative Structure–Activity Relation-
ship (QSAR) is developed in this work for modeling and
predicting HDAC inhibition by 5-pyridin-2-yl-thiophene-2-
hydroxamic acids. In particular, a five-variable model is
produced by using the Multiple Linear Regression (MLR)
technique and the Elimination Selection-Stepwise Regres-
sion Method (ES-SWR) on a database that consists of 58
recently discovered 5-pyridin-2-yl-thiophene-2-hydroxamic
acids and 69 descriptors. The physical meaning of the selected
descriptors is discussed in detail. The validity of the proposed
MLR model is established using the following techniques:
cross validation, validation through an external test set and
Y-randomization. Furthermore, the domain of applicability
which indicates the area of reliable predictions is defined.
Based on the produced model, an in silico-screening study
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Introduction

Histone deacetylase (HDAC) inhibitors such as suberoylan-
ilide hydroxamic acid (SAHA) and trichostatin A (TSA),
inhibit the activity of the enzymes known as histone deacet-
ylases. These enzymes remove an acetyl group from histones,
which allows them to bind DNA and inhibit gene transcrip-
tion [1,2]. Despite the youth of the field of HDAC inhibitors
as therapeutic agents, an impressive body of data describes
the ability of these molecules to modulate a wide variety
of cellular functions, transcriptional activity in cells, cell
cycling, angiogenesis, apoptosis and differentiation which
are key components of tumour proliferation [3,4]. HDAC
inhibitors may improve the efficacy of existing cancer ther-
apies and, because they target the transcription of specific
disease-causing genes, they may offer new therapeutic
approaches to cancer therapy [5,6].

The exponential growth in the level of research activity
surrounding histone deacetylases (HDACs) witnessed over
the past decade has now started to produce success in the
clinic, particularly in the field of oncology [7]. SAHA, a
hydroxamic acid-containing HDAC inhibitor has been recen-
tly approved by the FDA for once—daily oral treatment of
advanced cutaneous T-cell lymphoma (CTCL). The anticipa-
tion over the next few years is that as first generation HDAC
inhibitors produce clinical benefits and second generation
inhibitors are rationally designed with improved specificity,
this field will emerge as a new treatment for cancer [8].
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For the rational design of novel HDAC inhibitors, quan-
titative structure–activity relationships (QSAR) models [9–
16] and in silico-screening [17–22] could be useful. In the
past, several attempts have been made to build QSAR mod-
els for HDAC inhibition. Chen et al. applied CoMFA cal-
culations for modeling a series of side-chain analogues of
Apicidin natural product [23]. Xie et al. studied a diverse set
of HDAC inhibitors from various different literature sources
using QSAR and classification techniques [24]. Wang et al.
developed a linear QSAR model for a 19 TSA and SAHA-like
hydroxamic acids [25]. Liu et al. studied a series of sulfon-
amide hydroxamic acid HDAC inhibitors applying CoMFA
calculations [26]. Guo et al. using docking simulations, CoM-
FA and CoMSIA analyses, constructed a predictive model
for 29 indole amide hydroxamic acid-based HDAC inhibi-
tors [27]. Ragno et al. presented a 3D-QSAR model using a
broad molecular diversity training set of HDACIs and apply-
ing docking simulations and GRID/GOLPE combinations
[28]. More recently Ragno et al. reported a 3D-QSAR study
for class II-HDAC inhibitors [29]. Kukalni et al. studied var-
ious hydroxamic acid analogues applying CoMFA, CoM-
SIA and Genetic Function Approximation techniques. These
studies lead to the conclusion that molecular shape analysis
(MSA), thermodynamic and structural descriptors are impor-
tant for inhibition of HDACs [30,31]. Jaismal et al. developed
QSAR models on a new set of sulfonamide derivatives apply-
ing linear free energy related (LFER) approach of Hansch to
explain the structural requirements of sulfonamide deriva-
tives for histone deacetylase inhibition [32]. More recently,
Vadeilevan et al. studied a total of 20 well-defined HDAC
inhibitors to generate pharmacophore models and then a sim-
ilarity analysis has been carried out to identify possible new
chemotypes [33]. Finally, Chen et al. developed a 3D chemi-
cal-feature-based QSAR pharmacophore and the interactions
between the benzamide MS-275 and HDAC were explored
[34].

In this work, a series of 58 5-pyridin-2-yl-thiophene-2-
hydroxamic acids with HDAC inhibitory activity, recently
discovered by Argenta Discovery Ltd was studied [35,36].
First, a quantitative structure–activity relationship was
explored with 69 different physicochemical, topological and
structural descriptors being considered as inputs to the model.
Among different candidates, a linear five-parameter QSAR
model was selected as the most accurate and reliable using a
rigorous and systematic variable selection method. A virtual
screening study was then conducted to identify novel biolog-
ically active patterns by insertion, deletion and substitution
of different substitutes of the original molecules. The study
led to the identification of novel structures, which are potent
HDAC inhibitors according to the QSAR model. The struc-
tures were filtered using the domain of applicability of the
QSAR model.

Materials and methods

The structures of the 58 compounds together with the corre-
sponding biological activity used in this study are shown in
Table 1. The notation (6a, 6b, etc.) corresponds to the stud-
ies published by Price et al. [35,36]. Initially, for developing
the QSAR model, the structures were fully optimized using
the PM6 method [37]. Then 73 physicochemical constants,
topological and structural descriptors were calculated using
Chem3D [38], the newly released MOPAC2007 [39] and
Topix [40] (Table 2).

For evaluation purposes the original data set was parti-
tioned into a training set and a validation set using the pop-
ular Kennard and Stones algorithm [41]. This algorithm has
been applied with great success in many recent QSAR stud-
ies [42–46] and has been highlighted as one of the best ways
to build training and test sets [47].

For every structure in the training set, the most appropriate
calculated descriptors were selected by using the ES-SWR
variable selection method. ES-SWR is a popular stepwise
technique that combines Forward Selection (FS-SWR) and
Backward Elimination (BE-SWR) [48]. The descriptors were
examined in terms of their efficacy to predict the activity of
the investigated derivatives and the most statistically signif-
icant descriptors were selected. Our first objective was to
determine the best variables which produced the most signif-
icant linear QSAR models linking compound structure with
the HDAC inhibition.

The QSAR model was evaluated for its robustness, accu-
racy and reliability. To illustrate this, the following eval-
uation techniques were used: the leave-one-out (LOO)
cross-validation procedure, validation through an external
test set and Y-randomization [49–53].

Specifically for the external validation based on the vali-
dation set, the following criteria were used:

R2
pred > 0.6 (1)

(
R2

pred − R2
o

)

R2
pred

or

(
R2

pred − R′2
o

)

R2
pred

≤ 0.1 (2)

k or k′ ≈ 1 (3)

In Eqs. 2 and 3, R2
pred is the coefficient of determination

between experimental values and model predictions on the
validation set. Mathematical definitions of R2

o, R′2
o , k and k′

are based on regression of the observed activities against
predicted activities and regression of the predicted activities
against observed activities. The definitions of the aforemen-
tioned statistical indices are presented in detail in reference
50.

The QSAR model was finally used to identify novel active
compounds via an in silico screening procedure, and thus the
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Table 1 HDAC inhibitory
activity—observed and
predicted using Eq. 4

Compound IC50 (µM) −logIC50 −logIC50 −logIC50 Leverage
observed predicted predicted (limit=0.4)

(training set) (validation set)

1 ADS100380 0.750 0.125 0.31

2 6a 0.153 0.815 1.09

3 6b 0.100 1.000 1.14

4 6c 0.034 1.469 1.67

5 6d 0.022 1.658 1.56

6 6e 0.020 1.699 1.33

7 6f 0.021 1.678 1.39

8a 6g 0.033 1.481 1.20 0.10

9 6h 0.069 1.161 1.63

10 6i 0.019 1.721 1.73

11a 6j 0.029 1.538 2.33 0.09

12 6k 0.013 1.886 1.59

13 6l 0.107 0.971 1.61

14 6m 0.005 2.301 2.20

15a 6n 0.011 1.959 2.32 0.08

16 6o 0.006 2.222 2.49

17 6p 0.005 2.301 1.82

18 6q 0.048 1.319 2.01

19 6r 0.009 2.046 2.22

20a 6s 0.012 1.921 2.27 0.19

21 6t 0.007 2.155 1.70

22a 6u 0.008 2.097 2.18 0.21

23 6v 0.008 2.097 1.89

24 6w 0.006 2.222 1.94

25 3a 2.500 −0.398 −0.20

26a 3b 0.900 0.046 −0.14 0.37

27a 3c 0.430 0.614 −0.01 0.39

28a 3d 1.130 −0.053 −0.06 0.37

29 3e 1.260 −0.100 −0.26

30a 3f 0.186 0.730 −0.10 0.36

31 5a 0.016 1.796 1.55

32a 5b 0.016 1.796 1.17 0.08

33 5c 0.035 1.456 1.46

34 5d 0.030 1.523 1.78

35 5e 0.012 1.921 1.66

36 5f 0.018 1.745 1.35

37 5g 0.011 1.959 1.57

38 7a 0.359 0.445 1.11

39 7b 0.581 0.236 0.68

40a 9 0.080 1.097 1.24 0.11

41 13a 0.009 2.046 1.67

42 13b 0.031 1.509 1.62

43 5h 0.009 2.046 1.90

44 5i 0.007 2.155 1.50

45 5j 0.008 2.097 2.29

46 5k 0.011 1.959 1.90

47 5l 0.007 2.155 1.76
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Table 1 continued

a Validation set

Compound IC50 (µM) −logIC50 −logIC50 −logIC50 Leverage
observed predicted predicted (limit = 0.4)

(training set) (validation set)

48a 5m 0.009 2.046 2.14 0.26

49 5n 0.012 1.921 2.03

50 5o 0.006 2.222 1.95

51 5p 0.017 1.770 1.79

52 5q 0.008 2.097 2.12

53 5r 0.009 2.046 2.10

54a 5s 0.014 1.854 1.95 0.10

55 5t 0.008 2.097 2.24

56 5u 0.004 2.398 2.50

57 13c 0.013 1.886 2.08

58 13d 0.009 2.046 2.45

definition of its domain of applicability is of particular impor-
tance. The Extent of Extrapolation method was adopted for
defining the domain of applicability of the produced method,
based on the calculation of the leverages for the components
in the available data set as described in reference 49. A com-
prehensive in silico screening procedure was performed next
to determine a variety of potential new lead compounds by
introducing structural modifications on the original dataset.
Throughout the screening procedure, only the predictions
that fall into the domain of applicability were considered
reliable.

Results and discussion

The Kennard-Stone algorithm was initially used to partition
the dataset of the 58 derivatives into a training set (45 com-
pounds) and a validation set (13 compounds, see Table 1
note). The following MLR QSAR model was developed next,
by applying the ES-SWR algorithm on the training
data:

log
(
1/IC50

) = 5.69 − 0.0762 DPL − 0.000441 PMIX

−2.11 ShpC + 3.87 TopoJ − 4.35 ChiInf0

(4)

n =45, S =0.34, R2 =0.78, RMS=0.34, R2
adj =0.75, Q2 =

0.68, PRESS =6.59, F =26.870
It should be noted that the LOO cross-validation method-

ology, which produces the Q2 and PRESS statistical indices
was performed by applying for each fold the entire variable
selection model development procedure. More specifically,
for each training subset resulting from the deletion of one
training example, the ES-SWR algorithm was applied and
the produced model was used to obtain the response of the

single example that was not utilized in the development of
this particular model.

The possibility of having included outliers in our data-
set was investigated by calculating the standard residuals.
Standardized residuals greater than 2.5 or less than −2.5 are
considered large and indicate the exclusion of the respective
data from the data set. The calculated standardized residu-
als were within the above upper and lower limits for all the
compounds, and thus, none of them were excluded from the
data set as outlier.

From the above equation we can conclude that the most
significant descriptors according to the ES-SWR algorithm
are Dipole (DPL), Principal Moment of Inertia along X axis
(PMIX), Shape Coefficient (ShpC), Balaban topological
index (TopoJ) and Randic Information index order 0 (Chi-
Inf0). The correlation matrix (Table 3), strongly supports the
fact that the five selected descriptors are not highly corre-
lated. Moreover, Variance Inflation Factor (VIF) values for
the five descriptors, shown also in Table 3, indicate that the
model contains no multicollinearity. The chemical meaning
of the five descriptors is briefly described in the sequel.

The principal moments of inertia (PMI) (g/mol Å2) are
physical quantities related to the rotational dynamics of a
module [48]. The PMIs are defined by the diagonal elements
of the inertia tensor matrix when the Cartesian coordinate
axes are the principal axes of the module, with the origin
located at the center of mass of the module. In this case the
off-diagonal elements of the inertia tensor matrix are zero
and the three diagonal elements, Ixx , Iyy , and Izz correspond
to the moments of inertia about the X-, Y-, and Z-axes of the
module.

Dipole (DPL) is the electric dipole moment. The elec-
tric dipole is a vector quantity, which encodes displacement
with respect to the centre of gravity of positive and negative
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Table 2 Physicochemical, topological and structural descriptors

ID Description Notation ID Description Notation

1 Molar Refractivity MR 36 Kier-Hall Information 0 KiInf0

2 Diameter Diam 37 Xu2 Xu2

3 Partition Coefficient (Octanol Water) ClogP 38 Kier-Hall Information 2 KiInf2

4 Molecular Topological Index TIndx 39 Balaban Topological TopoJ

5 Principal Moment of Inertia Z PMIZ 40 Xu1 Xu1

6 Number of Rotatable Bonds NRBo 41 Number of Rings NRings

7 Principal Moment of Inertia Y PMIY 42 Xu3 Xu3

8 Polar Surface Area PSAr 43 Bertz Bertz

9 Principal Moment of Inertia X PMIX 44 Randic Mod ChiMod

10 Radius Rad 45 AtomCompTot AtomCompTot

11 NBranch NBranch 46 Number of Clusters NClusters

12 Shape attribute ShpA 47 Zagreb2 Zagreb2

13 Total Energy TotE 48 Wiener Wiener

14 Shape coefficient ShpC 49 ScHultz ScHultz

15 LUMO Energy LUMO 50 AtomCompMean AtomCompMean

16 Sum of Valence Degrees SVDe 51 Kappa3 Kappa3

17 HOMO Energy HOMO 52 Zagreb1 Zagreb1

18 Total Connectivity TCon 53 Wiener Distance WienerDistCode

19 Cluster Count ClsC 54 Quadratic Quadr

20 Total Valence Connectivity TVCon 55 DistEqMean DistEqMean

21 Randic 1 Chi1 56 Kappa1 Kappa1

22 Wiener Index WIndx 57 InfMagnitDistTot InfMagnitDistTot

23 Randic 3 Chi3 58 Kappa2 Kappa2

24 Randic 0 Chi0 59 Gordon Gordon

25 Randic Information 1 ChiInf1 60 Wiener Information InfWiener

26 Randic 2 Chi2 61 Electronic Energy ElectE

27 Randic Information 3 ChiInf3 62 DistEqTotal DistEqTotal

28 Randic Information 0 ChiInf0 63 Dipole DPL

29 Kier-Hall 1 Ki1 64 Polarity Polarity

30 Randic Information 2 ChiInf2 65 Sum of Degrees SDe

31 Kier-Hall 3 Ki3 66 Heat of Formation HeatForm

32 Kier-Hall 0 Ki0 67 KiCl3 KiCl3

33 Kier-Hall Information 1 KiInf1 68 Molecular Weight MW

34 Kier-Hall 2 Ki2 69 ChiCl3 ChiCl3

35 Kier-Hall Information 3 KiInf3

charges in a molecule [48]. The DPL encodes information
about the charge distribution in molecules and is important
for modeling polar interactions. Large substituents decrease
DPL value which is desirable.

The shape coefficient of a chemical compound is given by:
ShpC= (D−Rad)/Rad, where the diameter (D) is the maxi-
mum such value for all atoms and is held by the most outlying
atom(s). The radius (Rad) is the minimum such value and is
held by the most central atom(s) [54].

The Randic Information Index, order 0, is a topological
information index. Topological information indices encode

both topostructural and topochemical information about the
structure [48]. More specifically, these indices encode infor-
mation on the adjacency and distance of atoms in the molecu-
lar structure and quantify information on topology and
specific chemical properties of atoms such their chemical
identity and hybridization state. In a recent work of our group,
topological information descriptors were used in QSAR stud-
ies with great success [55]. Topological Information indices
have several advantages such as unique representation of the
compound and high discriminating power (isomer discrimi-
nation).
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Table 3 Correlation matrix for the five selected descriptors

DPL ShpC TopoJ ChiInf0 PMIX VIFa

DPL 1 1.6

ShpC 0.019 1 1.1

TopoJ 0.453 −0.056 1 3

ChiInf0 0.034 −0.189 0.670 1 3

PMIX 0.049 0.26 −0.102 −0.441 1 1.5

a VIF less than 10 indicate that the model contains no multicollinearity

In addition to the aforementioned indices, the Balaban
topological index also significantly influenced the inhibition
activity [56]. Topological indices give information not only
about the atomic constitution of a compound but also about
the presence and character of chemical bonds.

According to the produced QSAR equation (Eq. 4) a high
value of Balaban index (TopoJ) gives a positive contribution
to the inhibition. On the other hand, a high value of the Prin-
cipal Moment of Inertia along X axis (PMIX), Dipole (DPL),
Randic Information Index, order 0 (ChiInf0) and Shape Coef-
ficient (ShpC) give a negative contribution to the inhibition.

The HDAC inhibition predictability of the proposed model
(Eq. 4) was evaluated by using the external set of 13 com-
pounds (Table 1). The QSAR model showed significant pre-
dictive ability as indicated from the results of each of the
following statistics (Eqs. 1–3):

R2
pred = 0.83 > 0.6(
R2

pred − R2
o

)

R2
pred

= −0.14 < 0.1,

(
R2

pred − R′2
o

)

R2
pred

= −0.19 < 0.1

k = 0.90, k′ = 1.02

Finally, the model was further validated by applying the
Y-randomization. Several random shuffles of the Y vector
were performed and the low R2 and Q2 values that were
obtained show that the good results in our original model are
not due to a chance correlation or structural dependency of
the training set. The results of the Y-randomization from 10
shuffles of the Y-vector gave R2 and Q2 values in the ranges
of 0.0–0.3 and 0.0–0.2, respectively.

It needs to be emphasized that no matter how robust,
significant and validated a QSAR model may be, it cannot
be expected to reliably predict the modeled activity for the
entire universe of chemicals. Therefore the model’s domain
of applicability was defined through the leverages for each
compound. The extrapolation method was applied to the
compounds that constitute the test set. The results are pre-
sented in Table 1. None of the 13 compounds fell outside
from the domain of the model (warning leverage limit 0.4).

The proposed method, due to the high predictive ability,
could be a useful aid to the costly and time consuming exper-
iments for determining the HDAC inhibitory activity by 5-
pyridin-2-yl-thiophene-2-hydroxamic acids. The method can
also be used to screen virtual compounds in order to identify
derivatives with desired activity. In this case, the applicability
domain will serve as a valuable tool to filter out “dissimilar”
combinations. Within this context a virtual screening study
was performed and is presented next.

In silico screening

The primary objective of the in silico screen was to deter-
mine whether the developed QSAR model could differen-
tiate structures as more or less active than those used for
the training and validation sets. The secondary objective was
to identify which structural modifications could be tolerated
using the domain of applicability. The ultimate role of the in
silico screen was as a guide to the identification of the most
promising new synthetic targets.

An initial effort to make structural modifications based on
an understanding of the five descriptors was complex. Even
minor structural modifications indicated difficult to predict
antagonistic and/or synergistic effects between variable and
multiple descriptors. As such a template based new com-
pound design was initiated. The study was performed start-
ing with compound 6f (IC50 = 0.021µM) since this offered
good HDAC inhibition and looked promising as a useful scaf-
fold. The modifications incorporated in the virtual screening
study were chosen based on their synthetic viability. None of
the structures proposed involve the use of unusual ring frag-
ments or functional groups that can not be prepared using
established protocols. Since the chemistry of five membered
azoles was well understood and introducing practical modifi-
cations here was considered synthetically viable, the in silico

S

O

N
H

OHYZ

N XN
H

O

Table 4 Structural modification of azole and predicted activities

ID X Y Z −logIC50 predicted Leverage-limit

6f N CH CH 1.39 0.25

1v CH CH N 1.63 0.32

2v CH N CH 1.45 0.30

3v N CH N 1.80 0.29

4v N N CH 1.39 0.23

5v CH N N 1.49 0.26

6v N N N 1.38 0.26

123



Mol Divers

S

O

N
H

OHN

N
N
H

X

Table 5 Structural modification of amide and predicted activities

ID X −logIC50 predicted Leverage-limit

1v O 1.63 0.32

7v NH 1.68 0.33

8v NMe 1.13 0.22

9v NOH 1.06 0.18

10v NOMe 1.12 0.24

11v NNH2 1.18 0.27

12v NNHMe 0.83 0.06

13v NNMe2 1.11 0.15

14v S 1.35 0.25

screen began with the replacement of the 1,3-disubstituted
pyrazole by other azole heterocycles (Table 4).

The model tolerated the introduction of various azoles
since all those studied were within the domain of applica-
bility. The 1,4-disubstituted pyrazole (1v) and the 1,3-disub-
stituted 1,2,3-triazole (3v) showed the best activities, 1.63
and 1.80, respectively. Despite the higher predicted activ-
ity of the 1,2,3-triazole (3v) the pyrazole structure (1v) was
initially also carried forward for further structural modifica-
tion until a clear differentiation between the activity of the
two azoles became apparent. This decision was based on
the ease of preparation of 1,4-disubstituted pyrazoles versus
1,3-disubstituted 1,2,3-triazoles. The next step, chosen some-
what arbitrarily, involved modifying the amide functionality
(Table 5).

The model tolerated all the structural modifications made
to the amide functionality of the 1,4-disubstituted pyrazole
(1v) with the best predicted activity found for the amidine
7v (X=NH). The same modification, amide into amidine,
for the 1,2,3-triazole (3v) led to very large improvement in
predicted activity (2.90) but fell outside of the domain of
applicability (−0.07).

S

O

N
H

OHN

N NN
H

NH

ID 15v (Pred. = 2.90, Leverage - limit = -0.07)

Interestingly fusion of the amide functionality to the
phenyl to afford a series of benz-1,3-azoles was also tol-
erated by the QSAR model and allowed for increased diver-
sification of the structures. This included isomerisation of
the benz-1,3-azoles into the benz-1,2-azoles. The structural

S

O

N
H

OHN

N Y

X

N

Table 6 Predicted activities of selected benz-1,3-azoles

ID X Y −logIC50 predicted Leverage-limit

16v O CH 2.09 0.21

17v NH CH 1.95 0.29

18v NMe CH 2.15 0.18

19v S CH 1.96 0.29

20v O N 2.91 −0.02

21v NH N 2.66 0.04

22v NMe N 2.35 0.01

23v S N 2.52 0.13

S

O

N
H

OHN

N
NX

Table 7 Predicted activities of selected benz-1,2-azoles

ID X Y −logIC50 predicted Leverage-limit

24v O CH 2.64 0.15

25v NH CH 2.65 0.06

26v NMe CH 2.10 0.24

27v S CH 2.79 −0.01

28v SO CH 2.33 0.17

29v O N 2.59 0.19

30v NH N 2.73 0.13

31v NMe N 2.16 0.23

32v S N 2.73 0.04

33v SO N 2.25 0.27

modification was also tolerated by inclusion of the 1,2,3-tri-
azole moiety which provided compounds with on average
increased predicted activities (Tables 6, 7).

Since only two of the above structures were not tolerated
by the domain of applicability, structures 20v and 27v, fur-
ther variation of this part of the structure was pursued in order
to find the limits of the model. Removal of the benzo fusion
led to a large increase of predicted activity but all structures
were shown to be outliers (Tables 8, 9).

S

O

N
H

OHN

N

X

N
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Table 8 Predicted activities of selected 1,3-azoles

ID X −logIC50 predicted Leverage-limit

34v O 3.72 −0.80

35v NH 3.47 −0.43

36v NMe 2.77 −0.13

37v S 3.58 −0.56

S

O

N
H

OHN

N

NX

Table 9 Predicted activities of selected 1,2-azoles

ID X −logIC50 predicted Leverage-limit

38v O 3.76 −0.84

39v NH 3.44 −0.42

40v NMe 3.44 −0.47

41v S 3.78 −0.89

S

O

N
H

OHN

N Z

N
X

Y

Table 10 Predicted activities of selected benzo-1,2,4-heteroazines

ID X Y Z −logIC50 predicted Leverage-limit

42v O NH CH 2.31 0.24

43v O NMe CH 2.41 0.23

44v NH O CH 2.94 0.09

45v NH NH CH 1.91 0.32

46v NH NMe CH 1.95 0.26

47v NMe O CH 2.54 0.08

48v NMe NH CH 2.25 0.17

49v NMe NMe CH 2.14 0.14

50v S NH CH 1.82 0.34

51v O NH N 2.85 0.20

52v O NMe N 2.65 0.09

53v NH O N 3.02 0.14

54v NH NH N 2.94 0.16

55v NH NMe N 2.45 0.23

56v NH S N 2.72 0.09

57v NMe O N 2.52 0.15

58v NMe NH N 2.53 0.21

59v NMe NMe N 2.24 0.20

60v S NH N 2.84 0.14

An alternative fusion of the amide functionality to afford
benzo-1,2,4-heteroazines was next investigated (Table 10).
At best the introduction of a benzo-1,3,4-oxadiazine moiety

Y Z

X

O

N
H

OHN

N N

N

H
N

O

Table 11 Predicted activities of selected benzo-1,3,4-oxadiazines

ID X Y Z −logIC50 predicted Leverage-limit

61v O CH CH 2.97 0.15

62v NH CH CH 2.95 0.15

63v NMe CH CH 2.25 0.20

64v S CH CH 3.02 0.14

65v S N CH 2.87 0.19

66v S CH N 2.82 0.16

67v S N N 2.69 0.21

68v SO CH CH 2.58 0.21

69v SO2 CH CH 1.55 0.25

in combination with the 1,4-disubstituted pyrazole led to a
structure with excellent predicted activity (44v, Pred. 2.94)
but only marginally within the domain of applicability (0.09).
The introduction of a benzo-1,2,4-triazine (54v) or benzo-
1,3,4-oxadiazine (53v) moiety combined with the 1,3-disub-
stituted 1,2,3-triazole gave structures of equal or superior
predicted activity (54v, Pred. 2.94 and 53v, Pred. 3.02) and
comfortably within the domain of applicability (0.14–0.16).

In light of this further structural modifications were per-
formed on the 1,2,3-triazole structure supporting the benzo-
1,3,4-oxadiazine 53v. The next modifications focused on the
thiophene ring (Table 11).

Replacement of the thiophene by various other five mem-
bered heteroarenes gave structures that showed good activity
and were within the models domain of applicability, however,
none of the new structures surpassed the predicted activity
of the thiophene structure 53v. Interestingly introducing the
thiophene 1,1-dioxide (69v) led to a dramatic drop in pre-
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70v 71v

72v 73v

Table 12 Predicted activities of dihydro- and tetrahydrothiophenes

ID −logIC50 predicted Leverage-limit

70v 2.51 0.25

71v 2.80 0.22

72v 2.67 −0.02

73v 2.84 0.21
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Table 13 Predicted activities of selected benzo-1,3,4-oxadiazines

ID X Y −logIC50 predicted Leverage-limit

74v O OH 2.55 0.10

75v O OMe 2.67 0.20

76v O NH2 2.41 0.25

77v O NHNH2 2.87 0.19

78v O NHNHMe 2.49 0.22

79v O NHOMe 2.55 0.24

80v NH OMe 2.68 0.22

81v NH NH2 2.85 −0.11

82v NMe NHMe 2.91 0.15

83v NOH NH2 3.21 −0.21

84v NOH NHMe 2.88 0.15

85v S NH2 2.69 0.15

dicted activity (1.55). Since raising the oxidation level of
the thiophene reduced the predicted activity it was possible
that lowering the oxidation level could favour the activity.
In light of this several di- and tetrahydro-thiophene struc-
tures were screened. While no one showed superior predicted
activity it was interesting to note that the QSAR model, with
the exception of the 2,5-dihydro-thiophene 72v, which was
marginally outside of the domain of applicability (−0.02),
tolerated these structural modifications (Table 12).

Various modifications of the hydroxamic acid functional-
ity also proved rewarding. The model was able to tolerate a
wide range of modifications which included the introduction
of both classical and non-classical isosteres (Table 13).

An interesting observation was that the amidine 81v while
affording a good predicted activity was a clear outlier
(−0.11); however, the bismethylated amidine 82v showed
equally good predicted activity (2.91) and was clearly within
the domain of applicability. Several modifications were made
based on this observation that led to dramatic increases in
predicted activity (Table 14).

Initially the bismethylated amidine was modified to the
cyclic amidines 86v and 87v and on doing so the predicted
activity increased to 3.53 and 3.49 respectively with both
structures marginally within the domain of applicability.
Introducing the imidazole moiety 88v led to even greater
predicted activity (3.80) but again the structure remained
only marginally within the domain. The predicted activity
of this imidazole was reduced on N-methylation (89v) or N-
hydroxylation (90v) of the free imidazole nitrogen despite
a considerable improvement of the domain of applicability.
The introduction of additional ring nitrogen atoms to afford
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88v X = Y = CH, Z = H
89v X = Y = CH, Z = Me
90v X = Y = CH, Z = OH
91v X = N, Y = CH, Z = H
92v X = Y = N, Z = H

86v

87v
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N N
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Table 14 Predicted activities of selected cyclic amidines and azoles

ID −logIC50 predicted Leverage-limit

86v 3.53 0.06

87v 3.49 0.10

88v 3.80 0.03

89v 2.86 0.26

90v 2.75 0.27

91v 3.72 0.07

92v 3.60 −0.02

93v 2.82 0.15

the triazole (91v) and tetrazole (92v) did not significantly
affect the predicted activity nor the domain of applicability.
Benzo fusion (93v), however, led to a reduction of the pre-
dicted activity but improved domain of applicability. While
the data from the experimental and virtual studies have been
recorded with the same units it must be noted that the pre-
dicted activities produced by the virtual model are in some
cases significantly higher. The high biological activities pre-
dicted are only indicative of which structures should be tar-
geted for synthesis on the basis that they meet or approach the
optimal values for the chosen descriptors for the given model.

In summary, novel structural scaffolds were found using
QSAR predictive workflow [57] combined with synthetic
chemistry knowledge in order to ensure that the novel scaf-
folds projects are chemistry driven. This in silico screen
based on a simple QSAR model [58] clearly achieved its
objective in identifying compounds with improved predicted
activity while simultaneously identifying structural modifi-
cations that were deemed out of the domain of applicability
and therefore the scope of the models reliability. The in sil-
ico screen thus demonstrates the usefulness of constructing
QSAR models which can aid in identifying new synthetic
targets for drug discovery. While not within the scope of
this article the preparation of several of the most promising
virtual targets is now underway in order to experimentally
validate the proposed model.
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Conclusions

In this study we have identified five descriptors that suc-
cessfully model the HDAC inhibitory activity. The validation
procedures utilized in this work (separation of data into inde-
pendent training and validation sets, Y-randomization) illus-
trated the accuracy and robustness of the produced QSAR
model not only by calculating its fitness on sets of training
data, but also by testing the predictive ability of the model.
Based on the produced QSAR model we have designed novel
structures that could be further investigated as novel effec-
tive HDAC inhibitors. The proposed method, due to the high
predictive ability, offers a useful alternative to the costly and
time consuming experiments for determining HDAC inhibi-
tory activity.
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