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Abstract—The main molecular features which determine the selectivity of a set of 80 N-hydroxy-a-phenylsulfonylacetamide deriv-
atives (HPSAs) in the inhibition of three matrix metalloproteinases (MMP-1, MMP-9, and MMP-13) have been identified by using
linear and nonlinear predictive models. The molecular information has been encoded in 2D autocorrelation descriptors, obtained
from different weighting schemes. The linear models were built by multiple linear regression (MLR) combined with genetic algo-
rithm (GA), and a robust QSAR mapping paradigm. The Bayesian-regularized genetic neural network (BRGNN) was employed
for nonlinear modeling. In such approaches each model could have its own set of input variables. All models were predictive according
to internal and external validation experiments; but the best results correspond to nonlinear ones. The 2D autocorrelation space
brings different descriptors for each MMP inhibition, and suggests the atomic properties relevant for the inhibitors to interact with
each MMP active site. On the basis of the current results, the reported models have the potential to discover new potent and selective
inhibitors and bring useful molecular information about the ligand specificity for MMP S01 and S02 subsites.
� 2007 Elsevier Ltd. All rights reserved.
1. Introduction

Matrix metalloproteinases (MMPs) constitute a family
of zinc endopeptidases which are collectively able to
degrade all components of the extracellular matrix such
as collagens, proteoglycans, fibronectin, laminin, elastin,
and many nonmatrix proteins.1 They are involved in
connective tissue remodeling and are implicated in some
processes such as ovulation, embryonic growth, angio-
genesis, differentiation, and healing.2 Any disturbance
of the generally well-balanced equilibrium between the
MMPs and their physiological inhibitors: the tissue
inhibitors of MMPs can give rise to pathological
situations such as rheumatoid and osteoarthritis, athero-
sclerosis, tumor development, tumor metastasis and
pulmonary emphysema.3 In this context, MMP
inhibitors have caught the interest as an important class
of drugs for the development of innovative chemothera-
peutics in several fields where effective treatments are
lacking.4
0968-0896/$ - see front matter � 2007 Elsevier Ltd. All rights reserved.

doi:10.1016/j.bmc.2007.06.014

Keywords: MMP inhibitors; Bayesian-regularized genetic neural net-

works; QSAR analysis; 2D autocorrelation space.
* Corresponding author. Tel.: +56 71 201 662; fax: +56 71 201 561;

e-mail addresses: jcaballero@utalca.cl; jmcr77@yahoo.com
Despite MMPs share certain biochemical properties,
each has distinct substrate specificity and, up to date,
several mammalian enzymes have been identified rang-
ing from well-characterized enzymes such as collage-
nase, stremolysin, gelatinase, and membrane type
MMPs. At the same time, it has been identified that
different MMPs contribute to different stages of dis-
ease processes; therefore, the design of selective
MMP inhibitors should limit potential side effects. A
broad-spectrum of peptidic or nonpeptidic structures
bearing a zinc-binding ligand (e.g., carboxylic or
hydroxamic acids) have been recognized as MMP
inhibitors.5–9 The selectivity has been tried by explor-
ing the differences in the MMP active sites. Recently,
the number of available high resolution X-ray crystal
structures of MMP-inhibitor complexes has dramati-
cally increased. This structural information has
become an important tool in designing selective poten-
tial inhibitors. The use of computer-aided design meth-
ods can more closely extract the structural features
and binding characteristics of the MMP active sites
and thereby minimize MMP inhibitor specific-
ity-related side effects. Molecular Dynamics and dock-
ing-type techniques have helped to explore the
structural differences of MMPs and their interactions
with MMP inhibitors.10,11 In addition, quantitative
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structure–activity relationship (QSAR) studies have
been successfully applied for modeling activities of
MMP inhibitors.12–18

In a recent work, we carried out QSAR modeling for
relating inhibitor structural features with biological
activities for a set of N-hydroxy-2-[(phenylsulfo-
nyl)amino]acetamide derivatives against several MMP
family members.19 2D autocorrelation pool was used
for encoding structural information and the relevant
information that relates the topological features of these
compounds with their inhibitory activities against the
studied MMP family members was extracted by linear
and nonlinear genetic algorithm (GA) feature selection.
In the current work, we applied the 2D autocorrelation
methodology to a set of 80 N-hydroxy-a-phenylsulfony-
lacetamide derivatives (HPSAs) (the chemical structures
are shown in Table 1) as inhibitors of MMP-1, MMP-9,
and MMP-13. We established the structure–activity
relationships with both multiple linear regression
(MLR) and Bayesian-regularized genetic neural network
(BRGNN) approaches.
2. Results and discussion

The studied data set includes selective compounds which
are potent inhibitors of MMP-9 and MMP-13, and
moderate inhibitors of MMP-1. Inhibitors of MMP-9
are potentially valuable for arresting tumor metastasis,
while inhibitors of MMP-13 can offer protection from
the cartilage degradation associated with osteoarthritis.
Meanwhile, the inhibition of MMP-1 is a possible
source of the musculoskeletal side effects that have been
seen in clinical trials of broad-spectrum MMP inhibi-
tors.20 Correlation matrix (Table 2) shows that inhibi-
tory activities of HPSAs employed in this study
against MMP-9 and MMP-13 are related to each other.
However, the activities against MMP-1 are completely
unrelated with the rest.

Six models are reported in this work. In total, 27
descriptors from the whole 2D autocorrelation pool
were employed. The colinearity of the variables should
be as low as possible for guarantying the absence of
redundant information.21 The correlation of each one
of these descriptors in these equations with each other
was calculated. There are only five correlated pairs
(R2 > 0.7) from 351 pairs. Furthermore, there are
six pairs with correlations between 0.5 and 0.6, 98
pairs with correlations between 0.1 and 0.5, and 241
pairs with correlations between 0 and 0.1. The
five colinear pairs are: MATS6v-GATS6v (R2 = 0.946),
GATS6v-GATS6p (R2 = 0.782), GATS7v-GATS7p
(R2 = 0.766), MATS6v-GATS6p (R2 = 0.738), and
GATS4v-GATS4p (R2 = 0.706).

2.1. Multiple linear regression approach

Linear correlations were developed by means of MLR
models for inhibitory activities of HPSAs against three
MMPs with acceptable statistical significances and pre-
dictive power (Eqs. 1–3).
MLR-MMP-1:

logð106=IC50Þ ¼ �17:557�MATS4m� 5:396

�MATS3vþ 17:908�MATS6v

� 4:396�MATS5e� 4:375

�MATS6eþ 10:359�GATS6v

� 5:118�GATS7vþ 15:274 ð1Þ

N training ¼ 63 R2 ¼ 0:736 S ¼ 0:312 p < 10�5

R2
CV ¼ 0:559 SCV ¼ 0:403

N test ¼ 10 R2
EP ¼ 0:664 SEP ¼ 0:282
MLR-MMP-9:

logð106=IC50Þ ¼ �0:005�ATS6mþ 0:018

�ATS3eþ 8:881�MATS2e

� 7:718�MATS4e� 4:655

�GATS1vþ 14:788�GATS1e

þ 2:379�GATS6p� 4:571 ð2Þ

N training ¼ 66 R2 ¼ 0:731 S ¼ 0:416 p < 10�5

R2
CV ¼ 0:605 SCV ¼ 0:504

N test ¼ 12 R2
EP ¼ 0:713 SEP ¼ 0:415
MLR-MMP-13:

logð106=IC50Þ ¼ 0:017�ATS3mþ 11:363

�MATS6v� 1:118�MATS6e

� 1:826�GATS1v þ 11:911

�GATS6vþ 6:097�GATS1e

þ 1:297�GATS4e � 11:139 ð3Þ

N training ¼ 68 R2 ¼ 0:692 S ¼ 0:376 p < 10�5

R2
CV ¼ 0:598 SCV ¼ 0:430

N test ¼ 12 R2
EP ¼ 0:727 SEP ¼ 0:429

In Eqs. 1–3, Ntraining and Ntest are the number of com-
pounds included in the training and test sets, respec-
tively, R2 is the square of correlation coefficients, S is
the standard deviation of the regressions, p is the signif-
icance of the variables in the models, R2

CV and SCV are
the correlation coefficients and standard deviations of
the leave-one-out (LOO) cross-validation, respectively.
R2

EP and SEP are the correlation coefficients and standard
deviations of test set regressions, respectively.

The MLR training and test set predictions (log(106/
IC50)) for the HPSAs against MMP-1. MMP-9,
and MMP-13 appear in Table 3. In turn, plots of
training and test set predictions versus experimental



Table 1. Structural features of N-hydroxy-a-phenylsulfonylacetamide derivatives (HPSAs)
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1-33 34-80 

Compounda R R1 R2

1 OMe Bn H

2 OMe Bn Me

3 OMe 2-Naphthylmethyl H

4 OMe 2-Naphthylmethyl Me

5 OMe 4-Biphenylmethyl Me

6 OMe Isoprenyl Me

7 OMe Isoprenyl Isoprenyl

8 OMe Allyl Allyl

9 OMe 3-Phenylallyl Me

10 OMe n-Pr n-Pr

11 OMe IsoPr H

12 OMe n-Bu H

13 OMe Cyclohexylmethyl Me

14 OMe n-Dodecyl H

15 OMe Propargyl Propargyl

16 OMe 3-Picolyl Me

17 OMe 3-Picolyl Isoprenyl

18 OMe 3-Picolyl IsoBu

19 OMe 3-Picolyl Isopentyl

20 OMe 3-Picolyl n-Bu

21 OMe 3-Picolyl n-Octyl

22 OMe 3-Picolyl Propargyl

23 OMe 4-[2-(1-Piperidinyl)ethoxy]benzyl Me

24 OMe 4-[2-(1-Azepanyl)ethoxy]benzyl Me

25 OMe 4-[2-(Diisopropylamino)ethoxy]benzyl Me

26 OMe 4-[2-(Diethylamino)ethoxy]benzyl Me

27 OMe 4-{3-[4-(3Cl-phenyl)-1-piperazinyl]propoxy}benzyl Me

28 OMe 4-[2-(4-Morpholinyl)ethoxy]benzyl Me

29 OEt 4-[2-(Diethylamino)ethoxy]benzyl Me

30 O-n-Bu 4-[2-(1-Piperidinyl)ethoxy]benzyl Me

31 2-Furyl 4-[2-(Diethylamino)ethoxy]benzyl Me

32 Br 4-[2-(Diethylamino)ethoxy]benzyl Me

33 Me Isoprenyl Isoprenyl

34 OMe Bn —

35 OMe 3-Methoxy benzyl —

36 OMe 3,4-Dichloro benzyl —

37 OMe 4-Me benzyl —

38 OMe 2-Naphthylmethyl —

39 OMe 4-Biphenylmethyl —

40 OMe Isoprenyl —

41 OMe 4-Br benzyl —

42 OMe 3-Ph propyl —

43 OMe t-Bu —

44 OMe n-Bu —

45 OMe Cyclo octyl —

46 OMe Et —

47 OMe IsoPr —

48 OMe Me —

49 O-n-Bu Bn —

50 OMe 4-F benzyl —

51 O-n-Bu 4-F benzyl —

52 OMe 4-Methoxy benzyl —

53 OMe 4-Methoxy phenyl ethyl —
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Table 1 (continued)

Compounda R R1 R2

54 OMe 2-Ph ethyl —

55 O-n-Bu 4-Methoxy benzyl —

56 OMe 3-Phenoxy propyl —

57 O-n-Bu 3-Phenoxy propyl —

58 OMe 2-Phenoxy ethyl —

59 O-n-Bu 2-Phenoxy ethyl —

60 OMe 4-[2-(1-Piperidinyl)ethoxy]benzyl —

61 O-n-Bu 4-[2-(1-Piperidinyl)ethoxy]benzyl —

62 O-n-Bu 3-[2-(4-Morpholinyl)ethoxy]benzyl —

63 O-n-Bu Me —

64 O-n-Bu Et —

65 O-n-Bu n-Bu —

66 O-Benzyl Bn —

67 O-4Cl-Phenyl Me —

68 O-4Cl-Phenyl Et —

69 O-4Cl-Phenyl n-Bu —

70 O-4Cl-Phenyl Bn —

71 O-4Cl-Phenyl H —

72 O-Isopentyl Bn —

73 2-Ethylbutoxy Bn —

74 O-n-Bu 3-Methoxy benzyl —

75 OMe 4-(2-Thienyl)benzyl —

76 OMe 4-(2-Pyridinyl)benzyl —

77 O-n-Bu 3,4-Dichloro benzyl —

78 O-4Cl-Benzyl 4-Me benzyl —

79 2-Furanyl Bn —

80 O-4Cl-Phenyl 4-Methoxy benzyl —

a Compounds 1–33 are from Ref. 8 and 34–80 are from Ref. 9.
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log(106/IC50) values for the MLR models are shown in
Figure 1. In general, MLR models were able to explain
data variance and were quite stable to the inclusion–
exclusion of compounds as measured by LOO correla-
tion coefficients (Q2 > 0.5). In addition, the MLR mod-
els were able to describe the test set variances with
R2

EP > 0:6 and small SEP values.

The relationship between inhibitory activities has been
reflected by some similarities between the linear models:

– There is supremacy of atomic van der Waals volume
and Sanderson electronegativity weighted terms in
MMP-1 and MMP-13 models.

– The colinear pair MATS6v-GATS6v influences the
inhibition of MMP-1 and MMP-13. In turn,
GATS6p, which is colinear with the both above-men-
tioned descriptors, influences the inhibition of MMP-
9. The signs of the coefficients of these descriptors are
positive in all MLR models.

– GATS1v has a negative influence in the inhibition of
MMP-9 and MMP-13.

– GATS1e has a positive influence in the inhibition of
MMP-9 and MMP-13.
Table 2. Correlation matrix for the N-hydroxy-a-phenylsulfonylace-

tamide activities against MMPs

MMP-1 MMP-9 MMP-13

MMP-1 1

MMP-9 0.020 1

MMP-13 0.000 0.682 1
The common features expressed in the 2D autocorrela-
tion space represent the similarities between target
enzymes (MMPs) relevant to interactions with HPSA
inhibitors. By contrast, the peculiarities must contain
information about the relevant molecular characteristics
for each selective MMP inhibition. In this sense, the
more showy dissimilarities are summed up:

– Model of activity against MMP-1 has the major con-
tribution of atomic van der Waals volume weighted
terms.

– Model of activity against MMP-9 has the major con-
tribution of atomic Sanderson electronegativity
weighted terms.

– Model of activity against MMP-1 does not contain
short lag descriptors (l = 1 or 2). In contrast, MLR-
MMP-9 and MLR-MMP-13 models contain three
and two short lag descriptors, respectively.

2.2. Bayesian-regularized genetic neural network approach

Despite the agreeable results found by GA combined
with MLR analysis, we carried out an additional nonlin-
ear search for exploring other possibilities. Recently, we
proposed the BRGNN approach22 which surpassed the
limits of the linear solutions when modeling of inhibi-
tory activities was performed.19,22,23 This can be
ascribed to the facilities of ANNs for approximating
complex relations by hyperbolic tangent transfer func-
tion employment. The assistance of Bayesian regulariza-
tion brings stability and avoids overfitting effects when
nonlinear GA search is developed. In our current



Table 3. Experimental and predicted log(106/IC50) by linear and nonlinear models

Compound MMP-1 MMP-9 MMP-13

Exp Predictions Exp Predictions Exp Predictions

Lin Nonlin Lin Nonlin Lin Nonlin

1 3.50 3.12 3.48 3.97 3.78a 3.90a 4.00 4.26 4.14

2 4.00 3.82 4.07 4.96 4.70 4.69 4.96 4.85 5.04

3 3.23 3.17 3.31 3.71 3.95 4.37 4.85 4.54 4.59

4 3.86 4.01 3.83 5.10 4.82a 4.64a 5.05 5.11 4.87

5 3.80 3.76 3.83 4.64 5.03 4.75 5.10 5.21 5.07

6 3.62 3.76 3.62 4.96 5.13 4.34 4.85 5.24 5.15

7 4.60 3.66 4.29 6.30 5.22 5.68 6.40 5.74 5.89

8 3.68 3.30a 3.40a 4.46 3.87 4.07 4.41 4.41 4.33

9 3.52 3.87a 3.70a 4.80 4.54 4.41 4.92 5.07 5.02

10 — — — 3.35 3.43 3.52 3.85 3.84 3.99

11 3.19 3.28 2.99 — — — 3.73 4.07a 3.30a

12 — — — 3.89 3.40 3.78 4.19 3.93a 3.51a

13 3.49 3.16a 3.08a 5.05 4.07 4.57 4.62 4.18 4.60

14 — — — 2.53 3.06 3.31 3.50 3.84 3.49

15 3.52 3.61 3.33 3.85 4.60 4.35 4.92 5.21 4.80

16 3.59 3.49 3.21 4.42 4.61 4.82 4.66 4.61 4.67

17 3.81 3.40 3.90 5.05 4.90 4.76 5.52 5.02 4.97

18 3.00 3.19 3.39 4.20 3.72 3.75 4.89 4.19a 4.04a

19 3.24 3.14 3.16 3.92 4.69 4.36 4.05 4.89 4.73

20 2.94 2.91 3.10 — — — 3.90 4.72a 4.65a

21 3.28 2.71 3.04 3.76 4.22 4.19 4.37 4.63 4.33

22 3.17 3.48 3.52 4.08 4.55a 4.65a 4.49 4.93 4.68

23 3.62 3.52 3.47 5.05 4.95a 5.22a 6.00 5.11 5.21

24 3.27 3.36 3.47 4.72 5.11 4.89 4.92 5.07 5.33

25 3.37 3.96 3.51 4.82 4.39 4.70 4.72 4.25 4.45

26 3.50 3.39 3.76 4.89 4.62 4.80 4.82 4.93 4.87

27 3.23 3.46 3.04 5.15 5.61a 5.62a 5.40 5.72 5.54

28 3.38 3.34 3.41 4.68 4.72 4.96 4.51 5.26 4.78

29 3.20 3.21 3.42 4.96 4.89 4.91 4.80 5.01 5.12

30 3.12 3.07a 3.07a 5.52 5.50 5.46 5.70 5.46a 5.47a

31 4.85 4.42 4.53 5.40 5.38 5.36 5.70 5.42 5.43

32 4.29 3.98 4.34 4.24 4.63 4.16 4.96 4.89 5.04

33 3.58 4.40 3.70 4.29 4.97 4.64 5.22 5.61 5.62

34 3.31 3.15 3.13 5.00 4.59 4.76 5.70 5.33 5.51

35 3.28 3.42a 3.08a 5.05 4.94 4.94 5.70 5.68 5.38

36 3.35 3.09a 3.14a 5.22 5.02 5.18 5.70 5.73 5.53

37 3.31 3.30 3.33 4.77 4.67 4.83 5.70 5.34 5.66

38 3.43 3.09 3.32 5.30 4.94 5.03 5.70 5.43 5.46

39 2.88 2.93 3.36 4.89 5.10 5.12 5.52 5.59a 5.38a

40 2.86 2.87 3.02 4.41 4.21 4.35 5.15 5.36 5.12

41 3.22 2.99 3.06 5.00 5.09 5.07 5.70 5.42 5.74

42 2.71 3.02 2.68 4.89 4.38 4.44 4.96 4.91 5.29

43 — — — 3.19 3.27 3.53 3.83 4.13 4.13

44 — — — 3.34 4.04 3.96 4.42 5.00 4.70

45 2.58 2.55 2.28 3.86 4.16 3.54 4.54 4.62 4.99

46 2.43 2.51 2.07 3.44 3.85 3.27 4.48 4.70 4.44

47 2.35 2.48 2.25 3.43 3.58a 3.28a 4.47 4.43 4.32

48 2.29 2.83 2.58 3.32 4.06 3.55 4.36 4.91a 4.43a

49 2.62 2.54 2.57 5.40 5.03 5.19 6.00 5.59a 5.71a

50 3.18 3.18 3.00 4.80 4.40 4.71 5.70 5.16 5.48

51 2.33 2.57 2.63 4.72 4.81 5.50 5.30 5.37 5.73

52 3.19 3.07 3.04 4.92 4.89 4.49 5.70 5.59 5.46

53 3.18 2.69a 3.15a 4.47 4.77 4.02 5.70 5.42 5.45

54 2.88 2.65 3.00 4.35 4.41 4.32 5.05 5.12a 5.36a

55 2.58 2.54 2.67 5.52 5.39 5.36 6.00 5.85a 5.89a

56 2.92 3.37 2.86 4.36 4.96a 4.74a 5.40 5.36 5.40

57 2.42 2.84 2.41 5.30 5.44 5.33 6.00 5.63 6.00

58 3.20 3.15 3.04 4.59 4.84 4.85 5.52 5.33 5.42

59 2.54 2.62 2.65 5.30 5.32 5.40 5.70 5.61 5.86

60 3.41 3.11 2.91 5.52 5.29 5.31 5.52 5.62 5.74

61 2.71 2.81 2.70 5.70 5.89 5.59 6.00 5.96 5.69

62 2.66 2.77 2.66 5.70 5.70 5.89 5.70 6.13 5.90
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Table 3 (continued)

Compound MMP-1 MMP-9 MMP-13

Exp Predictions Exp Predictions Exp Predictions

Lin Nonlin Lin Nonlin Lin Nonlin

63 2.47 2.31a 2.45a 5.00 4.46a 4.65a 5.70 5.42 5.53

64 2.15 2.12 2.28 4.37 4.31 4.36 5.70 5.19 5.46

65 — — — 4.55 4.53 4.83 5.70 5.47 5.64

66 — — — 5.52 5.26 5.38 4.80 5.73 5.20

67 2.85 2.93 2.94 5.70 5.54 5.74 5.70 5.57 6.12

68 2.76 2.85 2.92 6.00 5.36a 5.53a 6.00 5.49 5.94

69 2.97 2.70a 2.89a 6.00 5.44 5.73 6.00 5.55 5.96

70 3.10 3.04a 2.95a 6.00 5.80 5.63 6.00 5.87 5.62

71 2.90 3.08 2.97 5.70 6.05 5.68 5.70 5.79 5.88

72 2.59 2.72 2.82 5.40 4.88 5.20 5.70 5.55 5.60

73 2.50 2.57 2.73 4.85 5.17 5.31 5.30 5.70 5.32

74 2.82 2.85 2.76 5.52 5.41a 5.51a 6.00 5.93a 5.95a

75 3.27 3.10 3.19 4.96 4.92 5.11 5.52 5.61 5.38

76 3.37 3.09 3.19 5.22 5.33 5.34 5.70 5.87 5.65

77 2.44 2.27 2.76 4.70 5.35a 4.53a 5.30 5.75a 5.25a

78 2.32 3.10 2.94 5.22 5.86 5.71 5.22 5.81 5.78

79 4.40 4.11 3.98 5.52 5.37 5.29 6.00 5.79 5.59

80 3.31 3.05 2.92 6.00 6.07a 5.97a 6.00 6.11 5.88

a Test set predictions, the rest are training predictions.
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application, ANN architectures were varied testing dif-
ferent quantities of neurons in hidden layers.

Standard back-propagated genetic neural networks
using residual error of the training set as fitness func-
tion usually yield models which are optimal for the
training data but they do not have good predictive
abilities.24 For this reason, a variety of fitness functions
which are proportional to the residual error of the val-
idation set,24–27 or even the cross-validation set from
the neural network simulations,24,28 are commonly
reported as better options. The selection of the model
based on a single validation set may cause that predic-
tors perform well on a particular external set, but there
is no guarantee that the same results may be achieved
on another. In this sense, this criterion can bring guile-
ful conclusions. For example, it can happen that the
validation set does not contain some outliers, by fortu-
itous manner, in which case, the validation error will
be small. Otherwise, cross-validation is a too CPU
expensive process which also introduces additional
instability to the general GA search. In our BRGNN
approach, we expected good results using training set
residual error as fitness function because of Bayesian
regularization advantages (see Section 4 and references
therein).

The descriptors and statistics of BRGNN models are de-
picted in Table 4 and plots of predicted versus experi-
mental log(106/IC50) values are shown in Figure 1. The
best models include seven variables and contain two
nodes in the hidden layer. The number of optimum
parameters yielded by the Bayesian regularization was
16 or 17 in all cases. BRGNN statistics reveal that neu-
ral network approaches surpass the results achieved by
MLR in regard to fitness and predictive capacity
(R2

CV > 0:6, R2
EP > 0:7 in all cases). Inhibitory activities

(log(106/IC50)) of the HPSAs against the MMPs pre-
dicted by nonlinear models appear in Table 3.
On the basis of the great reliability that they show statis-
tically, expressed by means of internal and external val-
idation experiments, we consider the nonlinear solutions
as best-suited for analyzing structural properties rele-
vant to inhibitor-MMP interactions. The inspection of
BRGNN models reveals quite a few coincidences:
BRGNN-MMP-9 and BRGNN-MMP-13 models share
the ATS6m descriptor, while BRGNN-MMP-1 and
BRGNN-MMP-9 models share the information pro-
vided by the colinear pair MATS7v-GATS7v, however
BRGNN-MMP-1 and BRGNN-MMP-9 do not share
any descriptor.

In order to gain a deeper insight into the relative effects
of each 2D autocorrelation descriptor in our model, a
recently reported weight-based input ranking scheme
was carried out. Black-box nature of three layer ANNs
has been ‘deciphered’ in a recent report of Guha et al.29

Their method allows understanding how an input
descriptor is correlated to the predicted output by the
network and consists of two parts: first, the nonlinear
transform for a given neuron is linearized. Afterward,
the magnitude in which a given neuron affects the down-
stream output is determined. Next, a ranking scheme for
neurons in the hidden layer is developed. The ranking
scheme is carried out by determining the square contri-
bution values (SCV) for each hidden neuron (see Ref. 29
for details). This method for ANN model interpretation
is similar in manner to the partial least squares interpre-
tation method for linear models described by Stanton.30

The results of ANN deciphering studies are displayed in
Table 5. The reported effective weight matrixes show
that the second hidden neurons have the major contri-
butions to all the models. The SCV value is 5.5-fold
higher for second hidden neuron with respect to the first
hidden neuron in the BRGNN-MMP-1 model; while
SCV value is quite bigger for second neurons in
BRGNN-MMP-9 and BRGNN-MMP-13 models.
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Figure 1. Plot of predicted versus experimental log(106/IC50) values for MMP inhibition by N-hydroxy-a-phenylsulfonylacetamide derivatives using

linear (left) and nonlinear (right) models. (d) Training set predictions; (s) test set predictions.

Table 4. Descriptors and statistics for BRGNN modelsa

Model Descriptors Training set LOO cross-

validation

Test set

n Num. par. Opt. par. R2 S R2
CV SCV n R2

EP SEP

BRGNN-MMP1 ATS3e, MATS3m, MATS3e,

MATS5e, MATS6e, GATS1v,

GATS7p

63 19 17 0.844 0.224 0.601 0.377 10 0.781 0.362

BRGNN-MMP9 ATS6m, MATS2m, MATS5v,

MATS1e, GATS4v, GATS5e,

GATS4p

66 19 16 0.813 0.327 0.692 0.421 12 0.814 0.332

BRGNN-MMP13 ATS3m, ATS6m, MATS1v,

GATS7v, GATS3e, GATS4e,

GATS6p

68 19 16 0.816 0.273 0.647 0.384 12 0.785 0.429

a 7-2-1Architecture was employed in all models. Num. par. represents the number of neural network parameters; opt. par. represents the optimum

number of neural network parameters yielded by the Bayesian regularization
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According to such characteristics, we can derive the
approximate effect of the descriptors by the analysis of
the sign of the weights in second neurons. In the model
derived using MMP-1 inhibitory activities, MATS3e has
the highest impact equal to 2.071 with a positive influ-
ence, however, there is a considerable influence of



Table 5. Effective weight matrix for the optimum BRGNN models

MMP-1 MMP-9 MMP-13

Network inputs Hidden neurons Network inputs Hidden neurons Network inputs Hidden neurons

2 1 2 1 2 1

ATS3e �0.552 1.330 ATS6m 1.372 �1.098 ATS3m 1.567 �0.420

MATS3m 0.405 �1.656 MATS2m 0.931 �0.987 ATS6m 0.260 �0.788

MATS3e 2.071 �2.264 MATS5v �0.470 1.077 MATS1v 0.865 �0.676

MATS5e �1.385 1.540 MATS1e 0.162 �0.691 GATS7v 0.550 �0.477

MATS6e �0.998 0.346 GATS4v �0.532 �0.099 GATS3e �0.095 0.402

GATS1v 0.985 �2.069 GATS5e 0.783 �1.090 GATS4e 0.591 �0.302

GATS7p 0.534 �0.534 GATS4p 0.223 0.208 GATS6p 1.392 �0.169

SCV 0.848 0.152 SCV 1.000 5 · 10�6 SCV 0.999 0.001

Most relevant descriptors appear in bold letter.
aThe columns are ordered by the SCVs for the hidden neurons, shown in the last row.
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Figure 2. Position of N-hydroxy-a-phenylsulfonylacetamide deriva-

tives inside MMP active site. Comparison of amino acid sequences of

MMPs. Bold letters indicate the amino acid of S01 and S02 pockets that

contribute to the ligand specificity.
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MATS5e and MATS6e descriptors with a negative influ-
ence (similar to MLR-MMP-1 model). Pursuant to these
results, the atomic Sanderson electronegativities are the
most important properties for MMP-1 inhibition; the
difference of signs (between weights in second neuron
and weights in first and second neurons) suggesting a
complex nonlinear effect. In the model derived using
MMP-9 inhibitory activities, the atomic mass weighted
terms (ATS6m and MATS2m) showed the higher
weights with positive influences. The same analysis in
the model derived using MMP-13 inhibitory activities
showed higher weights for ATS3m and GATS6p with
positive influences.

2.3. Qualitative comparison of linear and nonlinear
models

According to the analysis of the weighted atomic prop-
erties inside the 2D autocorrelation space, the differ-
ences between structure–activity fitting models can be
interpreted as the differences between the inhibitor rele-
vant molecular information for having a certain inhibi-
tory activity against several MMPs. Our QSAR study
is based on previous structure–activity relationship
study in which authors modified functional groups at
the P01 and P02 sites (R, R1, and R2 in Fig. 2) of the inhib-
itors as functional probes for S01 and S02 subsites of
MMPs.8,9 MMP-1 has a characteristic Arg214 in its S01
subsite (Fig. 2) (numberings correspond to human
MMPs as in SWISS-PROT31). The long side chain of
the Arg214 extends to the bottom of the S01 subsite
and forms a rather shallow pocket. In MMP-9/MMP-
13, this Arg is replaced by Leu397/Leu218 residue,
which causes a deep pocket. Modification of the P02 sub-
stituent could provide such selectivity due to the hydro-
philic nature of the S02 site of MMP-1 containing Asn180
and Ser239, as compared to the hydrophobic nature of
MMP-9/MMP-13, which contain Leu187/Leu184 and
Met422/Ile243, respectively.32,33 Authors searched for
selectivity in accordance with the differences between
these pockets. We consider the differences between 2D
autocorrelation spaces extracted by linear and nonlinear
GA as the relevant features for the inhibitor-pocket
interactions; that is, the different spaces are caused by
the differences between MMP S01 and S02 pockets. The
interpretation of these differences on the basis of the
driving forces for inhibitor inclusion in enzyme active
sites is feasible.

The success of HPSAs as MMP inhibitors lies on
hydroxamic acid moiety chelating Zn2+ ion and sulfon-
amide group-related hydrogen bonds. The occupation of
the pockets allows modulating the selectivity by steric,
hydrophobic, and electronic differences among MMP
active sites. The importance of electrostatic interactions
and hydrophobicity as the key features which drive
the inhibitor-MMP affinities was assessed by Gupta
et al.12–16 by means of QSAR studies where linear
dependencies between molecular properties and inhibi-
tory activities were determined using hydrophobicity re-
lated descriptors (1vv or logP) and electrotopological
state (E-state) indices. These effects could be itemized
by QSAR analysis of a set of N-hydroxy-2-[(phenyl-
sulfonyl)amino]acetamide derivatives as inhibitors
of several MMPs employing 2D autocorrelation
approach.19

The use of 2D autocorrelation space proved advanta-
geous in previous works.19,23,34,35 It can be readily
derived directly from the molecular structures without
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(left) and nonlinear (right) models.
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any experimental effort and their computation involves
the summations of different autocorrelation functions
corresponding to the different fragment lengths and
leads to different autocorrelation vectors corresponding
to the lengths of the structural fragments (Fig. 3). Like
other descriptors giving an all-embracing representation
of the molecule, 2D autocorrelation descriptors are dif-
ficult to interpret. 2D autocorrelation descriptors cannot
offer the specific positions of the atoms since they encode
global and dimension-limited information, but the inclu-
sion of atomic property weighting schemes brings great-
er applicability. As a result, these descriptors address the
topology of the structure or parts thereof in association
with selected physicochemical properties. By contrast,
reductionistic approaches (chemical interpretation in
terms of local properties, functional groups, additive
schemes based on molecular fragments or on atomic
types, etc.) are interpretable, but encompass rather lim-
ited information.36

In order to interpret our results, we evaluated the rel-
evance of the physicochemical properties in each lin-
ear and nonlinear model. For this, we chose to
estimate the relative contribution of each descriptor
in the MMP inhibitory activity. The descriptor under
study was removed from the model and mean of the
absolute deviation values Dmi between the observed
and estimated value for all compounds was calculated.
Finally, the contribution Ci37 of descriptor i is given
by:

Ci ¼ 100� DmiP
Dmi

ð4Þ

The contributions (Ci) of descriptors weighted by the
same physicochemical property were added up, in this
way the contribution Cpk was obtained (pk = m,v,e,
and p). The contribution profiles of the atomic proper-
ties are given in Figure 4.
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Figure 3. Representation of 2D autocorrelation terms at topological distanc
The linear approach leads to the following results:

– Inhibition of MMP-1 is greatly influenced by atomic
van der Waals volume terms (Cv = 60%).

– Inhibition of MMP-9 is greatly influenced by atomic
Sanderson electronegativity terms (Ce = 56%).

– Inhibition of MMP-13 has the same contributions of
atomic van der Waals volume and Sanderson electro-
negativity terms (Cv = 44% and Ce = 42%).
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es 1 and 8 in N-hydroxy-a-phenylsulfonylacetamide derivatives.
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– In general, the influences of atomic mass and polariz-
ability terms are poor (Cm < 15% and Cp < 20%).
Indeed, inhibition of MMP-1 and MMP-13 was not
influenced by atomic polarizability terms.

The nonlinear models are the result of the exploration of
more complex relationships. They bring more reliable
conclusions in accordance with the validation
experiments:

– The model describing the inhibitory activity of MMP-
1 is mainly influenced by atomic Sanderson electro-
negativity terms (Ce = 59%), while the remaining
atomic properties have a poor contribution.

– MMP-9 and MMP-13 contribution profiles are very
similar. There are the same contributions of atomic
mass, van der Waals volume, and Sanderson electro-
negativity terms (Cpk � 30%).

– Atomic polarizability terms have a poor contribution
in all MMPs (Cp � 15%).

From the analysis of contribution profiles we can extract
the main features relevant for the design of selective
inhibitors. The linear approach identified the atomic
Sanderson electronegativity as the most relevant prop-
erty for inhibition of MMP-9; meanwhile, the model
describing MMP-13 inhibitory activity has a balanced
contribution of atomic Sanderson electronegativities
and van der Waals volumes. In general, it is recognized
that nonpolar substituent at the P01 position favors
MMP inhibition due to van der Waals interactions pro-
vided by the nonpolar atoms; however, the replacement
of oxygen atom in R position of HPSAs affects the
inhibitory potency against MMPs. Replacement of the
methoxy group of 7 by a methyl (33) decreases inhibi-
tory activities against all MMPs, but the bigger downfall
was encountered for MMP-9 inhibition. In addition,
replacement of methoxy group of 26 by bromine atom
(32) decreased only MMP-9 inhibition. Such effects sug-
gest that electronic surroundings in S01 subsite of MMP-9
affect the inhibitory activity in a bigger rate, which was
reflected in MLR-MMP-9 model. Furthermore, the lin-
ear contribution profiles marked the significant contri-
bution of atomic van der Waals volume weighted
terms to MMP-1 inhibition. In this sense, it is noticed
that changes in atomic volumes of substituents at the
P01 position influence the MMP-1 inhibition: when meth-
oxy group at R was replaced with n-butoxy group,
inhibitory potency of MMP-13 and MMP-9 is retained
while MMP-1 inhibition is significantly lowered (for in-
stance, 26 and 29, 23 and 30, 34 and 49, 50 and 51, etc).
Aside from this, when changes in groups interacting
with S02 subsite are achieved, neither electronic changes
(for instance, 2 and 16, 34 and 35) nor steric changes
(for instance, 2 and 4, 34 and 37, 38 or 41) allow estab-
lishing differences between each MMP inhibition.

On the other hand, nonlinear model describing MMP-1
inhibition pointed out the relevance of atomic Sanderson
electronegativity terms, in a manner similar to that ob-
tained for N-hydroxy-2-[(phenylsulfonyl)amino]acetam-
ide derivatives.19 Such effect can be attributed to the
additional electrostatic interactions that provoke Arg214
and Asn180/Ser239 in S01 and S02 subsites of MMP-1
(Fig. 2). This is less stressed in MMP-9 and MMP-13,
where hydrophobic residues replace the above-men-
tioned. This is further evidenced that the 2D autocorrela-
tion space provided similar information concerning the
structural features responsible for MMP-9 and MMP-13
inhibitions. The similarity between MMP-9 and MMP-
13 active sites (Fig. 2), and the correlation between inhib-
itory activities of HPSAs against both enzymes (Table 2),
is reflected by contribution profiles of nonlinear models.
The best statistics and the great adequacy of nonlinear
models bring reliability for predicting purposes; however,
the similitude between BRGNN-MMP-9 and BRGNN-
MMP-13 models does not allow finding qualitative
valuations about the design of selective inhibitors. Never-
theless, the differences should be comprehended by the
analysis of the different mathematical spaces defined by
the 2D autocorrelation space for both models.
3. Conclusions

Predictive QSAR models were derived for N-hydroxy-a-
phenylsulfonylacetamide derivatives, which should be
useful for assisting the design of selective compounds.
Such models correlate well structural features with
inhibitory activities against several MMPs and bring
valuable information about the relevant characteristics
of inhibitors. 2D autocorrelation space was employed,
obtained from different weighting schemes, viewed as
an adaptive descriptor space, containing topological
information able to capture structural complexity. The
2D autocorrelation descriptors appeared to capture suf-
ficient structural detail to yield very useful results in
modeling biological properties.

Linear and nonlinear models were developed by MLR
combined with GA and BRGNN procedures. Nonlinear
models bring more reliable statistics according to valida-
tion experiments. Different models were developed for
describing inhibition of MMP-1, MMP-9, and MMP-
13, and they established the relevance of electronic inter-
actions for MMP-1 inhibition, in accordance with the
increase of hydrophilic residues in its active site. Linear
models were developed which, although not as statisti-
cally sound as the nonlinear models, underscore crucial
requirements for selective MMPs, such as the relevance
of electronic interactions in S01 subsite of MMP-9 and
steric interactions in S01 subsite of MMP-1. Our results
corroborate that the employment of 2D autocorrelation
descriptors is extremely useful in QSAR studies giving
simple correlations between the molecular structures
and biological activities.
4. Computational methods

4.1. Datasets: source and prior preparation

Inhibitions of MMP-1, MMP-9, and MMP-13 (IC50) for
80 HPSAs were taken from the literature.8,9 For model-
ing, IC50 activities were converted in logarithmic activi-
ties log(106/IC50), where 106 guarantees that logarithmic
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activities range between 1 and 9. The chemical structures
are shown in Table 1 and experimental activities (log(106/
IC50)) are shown in Table 3. The activity parameters IC50

(nM) are measures of inhibitory activity and refer to the
nanomolar concentration of the MMP inhibitors leading
to 50% inhibition of the human MMP. Prior to molecular
descriptor calculations, 3D structures of the studied com-
pounds were geometrically optimized using the semiem-
pirical quantum-chemical method PM338 implemented
in the MOPAC 6.0 computer software.39

The data set was divided in training and test sets for
each MMP inhibitory activity. Fifteen percentage of
compounds out of the total ones were chosen randomly
as a test set and were used for external validation for the
MLR and BRGNN models. The compounds in the test
sets were reserved to validate potential models. For the
development of MLR and BRGNN models, the training
sets included all the remaining compounds.
4.2. 2D autocorrelation pool

Three spatial autocorrelation vectors were employed for
modeling the inhibitory activities: Broto–Moreau’s
autocorrelation coefficients (ATS) (Eq. 5),40 Moran’s
indices (MATS) (Eq. 6),41 and Geary’s coefficients
(GATS) (Eq. 7).42

ATSðpk; lÞ ¼
X

i

dijpkipkj ð5Þ

MATSðpk; lÞ ¼
N
2L

P
ij

dijðpki � �pkÞðpkj � �pkÞ
P

i
ðpki � �pkÞ

ð6Þ

GATSðpk; lÞ ¼
ðN� 1Þ

4L

P
ij

dijðpki � �pkÞðpkj � �pkÞ
P

i
ðpki � �pkÞ

ð7Þ

where ATS(pk, l), MATS(pk, l), and GATS(pk, l) are
Broto–Moreau’s autocorrelation coefficient, Moran’s in-
dex, and Geary’s coefficient at spatial lag l, respectively;
pki and pkj are the values of property k of atom i and j,
respectively; �pk is the average value of property k, L is
the number of nonzero values in the sum, N is the num-
ber of atoms in the molecule, and d(l,dij) is a Dirac-delta
function defined as

dðl; dijÞ ¼
1 if dij ¼ l

0 if dij 6¼ l

� �
ð8Þ

where dij is the topological distance or spatial lag
between atoms i and j.

Spatial autocorrelation measures the level of interdepen-
dence between properties, and the nature and strength
of that interdependence. In a molecule, Moran’s and
Geary’s spatial autocorrelation analysis tests whether
the value of an atomic property at one atom in the
molecular structure is independent of the values of the
property at neighboring atoms. If dependence exists,
the property is said to exhibit spatial autocorrelation.
The autocorrelation vectors represent the degree of sim-
ilarity between molecules. The Dragon software43 was
used for calculating weighted Broto–Moreau, Moran,
and Geary 2D autocorrelation vectors. Four different
weighting schemes have been used: atomic masses (m),
atomic van der Waals volumes (v), atomic Sanderson
electronegativities (e), and atomic polarizabilities (p).
Autocorrelation vectors were calculated at spatial lags
l ranging from 1 up to 8 (Fig. 3). The autocorrelation
descriptors are denoted by the scheme: type of descrip-
tor-spatial lag-weighting property; for instance,
GATS6v is the Geary autocorrelation of lag 6 weighted
by atomic van der Waals volumes.

A data matrix was generated with the spatial
autocorrelation vectors calculated for each compound.
Afterwards, dimensionality reduction methods were
employed for selecting the most relevant vector com-
ponents for building linear and nonlinear models.
The total number of computed descriptors was 96.
Descriptors with constant values were discarded. For
the remaining descriptors, pairwise correlation analysis
was performed in order to reduce, in a first step, the
colinearity and correlation between descriptors. The
procedure consists of the elimination of the descriptor
with lower variance from each pair of descriptors with
the modulus of the pair correlation coefficients higher
than a predefined value (R2

max ¼ 0:95). Afterwards, the
number of remained descriptors was 48.

4.3. Modeling procedure

Since many molecular descriptors were available for
QSAR analysis and only a reduced subset of them is
statistically significant in terms of correlation with bio-
logical activities, deriving an optimal QSAR model
through variable selection needs to be addressed. Fol-
lowing the Occam’s Razor,44 we selected just the vari-
ables that contain the information that is necessary for
the modeling but nothing more. In this sense, linear
and nonlinear GA searches have been carried out in
order to build the linear and nonlinear models. The
quality of each model was proven by the square multi-
ple correlation coefficient (R2) and the standard devia-
tion (S). The models with R2-value above 0.8 were
selected and they were tested in cross-validation
experiments.

4.4. Linear GA search

Linear GA search was carried out exploring MLR mod-
els. The mean square error of data fitting was tried as
the individual fitness function. An initial population of
50 individuals is randomly extracted from the data ma-
trix in the first generation. The succeeding generations
were generated by crossover and single-point mutation
operators, while the two best scoring individuals were
automatically retained as members for the next round
of evolution. The GA search ends when 90% of the gen-
erations showed the same target fitness score. Linear
GA was programmed within the MATLAB environ-
ment using the genetic algorithm toolbox.45 The best
models were selected according to R value (R > 0.8)
and the results of cross-validation experiments (higher
R2

CV).
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4.5. Bayesian-regularized genetic neural networks
(BRGNN)

Bayesian-regularized genetic neural network (BRGNN)
is a framework that combines Bayesian-regularized arti-
ficial neural networks (BRANNs) with GA feature selec-
tion.22,23 Our BRGNN approach is a version of the So
and Karplus GA feature selection method24 incorporat-
ing Bayesian regularization.

Bayesian networks are optimal devices for solving
learning problems. They diminish the inherent com-
plexity of artificial neural networks (ANNs), being gov-
erned by Occam’s Razor, when complex models are
automatically self-penalizing under Bayes’ rule. The
Bayesian approach to ANN modeling considers all
possible values of network parameters weighted by
the probability of each set of weights. The BRANN
method was designed by Mackay46,47 for overcoming
the deficiencies of ANNs. Bayesian approach yields a
posterior distribution of network parameters
P(w|D,H) from a prior probability distribution
P(w|H) according to updates provided by the training
set D using the BRANN model H. Predictions are ex-
pressed in terms of expectations with respect to this
posterior distribution. Bayesian methods can simulta-
neously optimize the regularization constants in ANNs,
a process that is very laborious using cross-validation.
Instead of trying to find the global minimum, the
Bayesian approach finds the (locally) most probable
parameters (see in more detail in Ref. 23).

Bayesian approach produces predictors that are robust
and well matched to the data. These properties become
BRANNs in accurate predictors for QSAR analysis.48,49

They give models which are relatively independent of
ANN architecture, above a minimum architecture, since
the Bayesian regularization method estimates the num-
ber of effective parameters. The concerns about overfit-
ting and overtraining are also eliminated by this method
so that the production of a definitive and reproducible
model is attained. The joining of BRANN and GA fea-
ture selection (BRGNN) increases the possibilities of
BRANNs for modeling as we indicated in previous
works.19,22,23,34 This method is relatively fast and con-
siders the whole data set in training process. For other
hybrids of ANN and GA the use of the mean square
error as fitness function could lead to undesirable well
fitted but poor generalized networks as algorithm solu-
tions. In this connection, BRGNN avoids such results
by two aspects: (1) keeping network architectures as
simple as possible inside the GA framework and
(2) implementing Bayesian regulation in the network
training function.

Fully connected, three-layer BRANNs with back-prop-
agation training were implemented in the MATLAB
environment.45 In these nets, the transfer functions of
input and output layers were linear and the hidden layer
had neurons with a hyperbolic tangent transfer function.
Inputs and targets took the values from independent
variables selected by the GA and log(105/IC50) values,
respectively; both were normalized prior to network
training. BRANN training was carried out according
to the Levenberg–Marquardt optimization.50 The initial
value for l was 0.005 with decrease and increase factors
of 0.1 and 10, respectively. The training was stopped
when l became larger than 1010.

The GA implemented in this paper keeps the same char-
acteristics of the previously reported in earlier work.22

Initially, a set of 50 chromosomes were randomly gener-
ated. The population fitness was then calculated and the
members were rank ordered according to fitness. The
two best scoring models were automatically retained as
members for the next round of evolution. More progeny
models were then created for the next generation by
preferentially mating parent models with higher scores.
Crossover operator and single-point mutations were
used in the evolution process until a 90% of the genera-
tions showed the same target fitness score. Our GA was
programmed within the MATLAB environment using
the genetic algorithm and neural networks toolboxes.45

The predictors are BRANNs with a simple architecture
(two or three neurons in a sole hidden layer). We tried
the mean square error of data fitting for BRANN mod-
els, as the case may be, as the individual fitness function.
The best models were selected according to R value
(R > 0.8) and the results of cross-validation experiments
(higher R2

CV).

4.6. Analysis of the quality of the models

The quality of the fit of the training set of a specific model
was measured by its R2. However, a most important mea-
sure is the prediction quality. An internal LOO cross-val-
idation process was carried out by estimating R2 of LOO
cross-validation (R2

CV) and standard deviation (SCV). A
data point was removed (left-out) from the training set,
and the model was refitted; the predicted value for that
point is then compared to its actual value. This is repeated
until each datum has been omitted once; the sum of
squares of these deletion residuals can then be used to cal-
culate R2

CV. In addition, the predictive power of the model
was also measured by an external validation process that
consists in predicting the activity of unknown compounds
forming the test set. In this case, R2 and S of test set fitting
are calculated as criterion of the quality of the external
predictions (R2

EP; SEP). Such criteria have been formulated
as the requirements for a QSAR model to have highly pre-
dictive power.51
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