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Abstract—Previously, we utilized high throughput screening of a chemical diversity library to identify potent inhibitors of human
neutrophil elastase and found that many of these compounds had N-benzoylpyrazole core structures. We also found individual ring
substituents had significant impact on elastase inhibitory activity and compound stability. In the present study, we utilized compu-
tational structure–activity relationship (SAR) analysis of a series of 53 N-benzoylpyrazole derivatives to further optimize these lead
molecules. We present an improved approach to SAR methodology based on atom pair descriptors in combination with 2-dimen-
sional (2D) molecular descriptors. This approach utilizes the rich representation of chemical structure and leads to SAR analysis
that is both accurate and intuitively easy to understand. A sequence of ANOVA, linear discriminant, and binary classification tree
analyses of the molecular descriptors led to the derivation of SAR rule-based algorithms. These rules revealed that the main factors
influencing elastase inhibitory activity of N-benzoylpyrazole molecules were the presence of methyl groups in the pyrazole moiety
and ortho-substituents in the benzoyl radical. Furthermore, our data showed that physicochemical characteristics (energy of frontier
molecular orbitals, molar refraction, lipophilicity) were not necessary for achieving good SAR, as comparable quality of SAR clas-
sification was obtained with atom pairs and 2D descriptors only. This simplified SAR approach may be useful to qualitative SAR
recognition problems in a variety of data sets.
� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Neutrophil elastase (EC 3.4.21.37) is a member of the
chymotrypsin family of serine proteases, which can de-
grade a variety of extracellular matrix proteins and pro-
teolitically activate several matrix metalloproteinases
(MMP-2, -3, and -9) (reviewed in Refs. 1,2). Excessive
neutrophil elastase activity can lead to severe pathology
through the degradation of elastin and collagen in the
airways, resulting in microvascular injury and interstitial
edema.3 Given the destructive potential of unregulated
neutrophil elastase, it is not surprising that inhibition
of the elastase activity in pulmonary tissues has been
considered a promising strategy to improve the outcome
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of pulmonary diseases.4 For example, many types of
peptide and nonpeptide inhibitors of neutrophil elastase,
employing both reversible and irreversible mechanisms
of action, have been identified (reviewed in Refs. 5,6).
Recently, we utilized high throughput screening of a
chemical diversity library containing 10,000 drug-like
molecules and identified 19 potent neutrophil elastase
inhibitors (Ki 6 1 lM) that have N-benzoylpyrazole
core structures and are distinct from currently known
elastase inhibitors.7

Our analysis of N-benzoylpyrazole derivatives showed
that individual ring substituents had significant impact
on elastase inhibitory activity and compound stability.7

Thus, we suggest that further structure–activity relation-
ship (SAR) analysis of N-benzoylpyrazoles would lead
to optimization of these lead compounds to identify im-
proved neutrophil elastase inhibitors. Indeed, SAR and
quantitative SAR (QSAR) models have been instrumen-
tal in understanding the molecular mechanism of action
of receptor antagonists, their design, and virtual screen-
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ing.8 (Q)SAR refers to a broad range of computational
methods, such as simple SAR and QSAR, as well as
methods for chemical grouping and formalized ap-
proaches based on chemical similarity analysis.9

(Q)SAR methodology consists of a representation of
the chemical structure using molecular descriptors and
a learning algorithm that relates biological activity of
a compound to its chemical structure.10 While a variety
of molecular parameters can be used in the computa-
tional methods for (Q)SAR analysis,10–12 some of these
parameters are complex physicochemical or geometrical
3D descriptors whose calculation is associated with dif-
ficulties conditioned by molecular flexibility and ade-
quate sampling of conformational space. Conversely,
topological indices, or 2D descriptors, obtainable from
the structural formula of a compound are very attractive
because of their simplicity. A reasonable compromise
between ease of interpretation and ease of computation
was reported by Carhart et al.,11 who introduced atom
pair descriptors as features of the atomic environments
of all pairs of atoms in the 2D representation of a chem-
ical structure. Although this methodology is rather sim-
ple, only a few papers have been published where
descriptors of this kind were applied in SAR
analysis.12,13

Among the known serine protease inhibitors, QSAR
analysis has been performed for inhibitors of several
proteases,14–16 including the analysis of peptide inhibi-
tors of porcine pancreatic elastase.17 However, there
are currently no reported (Q)SAR models for non-pep-
tide inhibitors of human neutrophil elastase. Here, we
utilized computational SAR analysis of a large group
of N-benzoylpyrazoles to further optimize these mole-
cules as lead neutrophil elastase inhibitors. We present
an improved approach to SAR methodology based on
atom pair descriptors in combination with classical
physicochemical and geometrical descriptors and show
that this methodology can detect specific combinations
of substructure patterns that confer high or low inhibi-
tory activity against neutrophil elastase. Furthermore,
we suggest that the SAR approach developed here
may be widely applicable to qualitative SAR recognition
problems in other data sets.
2. Results and discussion

2.1. Descriptors

In our investigation, we used atom pairs automatically
generated directly from bond connectivity of N-ben-
zoylpyrazoles 1–53 (Table 1), as well as physicochemi-
cal and structural descriptors obtained from
semiempirical calculations and from formulae of the
compounds. Atom pairs have been used previously in
SAR modeling 11–13,18 and have been defined using dif-
ferent schemes. These differences in nomenclature con-
sisted mainly in the description of atom types. For
example, Carhart et al.11 defined an atom type with
its chemical name, number of attached non-hydrogen
atoms, and its number of bonding p-electrons. A simi-
lar definition of atom types was used by Rusinko
et al.13 in their analysis of chemical libraries. In com-
parison, Seierstad and Agrafiotis18 described atom
types in terms of the SMARTS definition, taking into
account hydrogen bond donor/acceptor, lipophilicity,
and charge characteristics instead of explicit chemical
notation. In most of these papers the atom pairs were
used as indicator variables with Boolean values (0 or 1).

Various conventions for naming atom types are imple-
mented in molecular modeling software. For example,
MM+, AMBER, OPLS and other force fields developed
for molecular mechanics computations assign very spe-
cific names to atoms of the same chemical nature
depending on their environment in a molecule. For
SAR analysis, we used the atom naming scheme from
MM+ force field, as implemented in HyperChem.
According to this scheme, specific atom pairs are defined
as T1_D_T2, where T1 and T2 are the atom types as-
signed by HyperChem, and D is the number of chemical
bonds in the shortest path between the two atoms (see
Section 4). HyperChem output in a HIN file format
was entered directly into our CHAIN program, which
generated all possible atom pairs and frequencies of
their occurrence in each of the 53 N-benzoylpyrazoles
(Fig. 1). These frequencies were considered as values
of the corresponding atom pair descriptors. Hence, the
atom pairs used had non-indicator character, which is
another distinctive feature of our approach. This char-
acteristic has some advantages over Boolean values used
previously in trend-vector analysis11 and recursive parti-
tioning methods.13 For example, cyclohexane and cyclo-
heptane have the same set of atom pairs (C4_1_C4,
C4_2_C4, C4_3_C4), which would not be distinguished
from each other using Boolean (indicator) values of
descriptors. However, the frequencies of occurrence of
these atom pairs are different in six- and seven-mem-
bered rings, resulting in different values of non-indicator
descriptors between two cyclic hydrocarbons, as well as
between their derivatives.

Several examples of atom pairs are shown in Figure 2.
Note that atom pair descriptors are easily interpretable
in terms of standard chemical formulae. For example,
C4_1_CA corresponds to the methylated aromatic ring
(shown in red for Compounds 11 and 14), C3_4_C4 cor-
responds to the presence of a methyl group within a sub-
stituent of the pyrazole moiety (shown in red for
Compound 2), and C4_4_C4 represents two methyl
groups present as R1 and R3 substituents of the hetero-
cycle (shown in red for Compounds 5 and 50). Atom
pairs C3_1_NO and NO_1_O1 both correspond to nitro
groups (shown in bold for Compounds 30 and 32) and
can be regarded as having the same chemical origin.
However, they are not completely equivalent, as
NO_1_O1 represents any nitro group, including substit-
uents in aromatic moieties, while C3_1_NO designates
only nitro groups in the pyrazole ring. Four atom pairs
(C3_1_C3, C3_1_N2, N2_1_N2, C3_2_C3) had equal
occurrences in compounds 1–53, as they originate from
the pyrazole ring and are present in all of the com-
pounds investigated. Thus, such descriptors with zero
variance were excluded from further consideration. It
should be noted that, although atom naming was taken



Table 1. Structure and neutrophil elastase inhibitory activity of N-benzoylpyrazolesa

N

N

O

R1

R2

R3
R4

R5

R6

R7

R8

Compound R1 R2 R3 R4 R5 R6 R7 R8 Ki (nM)

1 H Cl H H H F H H 6

2 H H
O

O

CH3 H H Cl H H 15

3 CH3 H H H OCH3 OCH3 OCH3 H 21

4 H Cl H H NO2 H H H 24

5

H3C

CH3

O

H H H H F H H 24

6 NO2 H H H H CH3 H H 28

7 H NO2 H H H H H H 34

8

NH

O
H H H H H H H 39

9 H Br H H H CH3 H H 45

10 NO2 H H H H H H H 46

11 H NO2 H CH3 H H H H 65

12 H H H H Cl Cl H H 104

13 NO2 H CH3 F H H H H 107

14 H Cl H CH3 H H H H 230

15 H Br H H CH3 H H H 250

16 H Br H CH3 H H H H 300

17 CH3 H H H H NHCOCH3 H H 300

18 H Cl H Cl H H H H 1000

19 H Br H F H H H F 1100

20 H H H CH3 H H H H 3400

21 H Br H H F F H Cl 7200

22 H Cl H H H tert-Butyl H H 9000

23 CH3 Cl CH3 F H H H H 9000

24 CH3 Cl CH3 H H Cl H H 10700

25 CH3 Br CH3 H H OCH3 H H 24500

26 H H H Br H H H H 29900

27 CH3 CH3 CH3 H OCH3 OCH3 OCH3 H 50900

28 H H H H H H H Cl NAb

29 H H H H F H H Cl NA

30 H NO2 H F H H H H NA

31 H NO2 H H Br H H H NA

32 H NO2 H Cl H Cl H H NA

33

BrNH

O
H H Cl H H H H NA

34 CH3 H CH3 H H Cl H H NA

35 CH3 H CH3 H H tert-Butyl H H NA

36 CH3 H CH3 H NO2 Cl H H NA

37 CH3 H CH3 H Br CH3 H H NA

38 CH3 H CH3 H H NHCOCH3 H H NA

39 CH3 H CH3 H OCH3 OCH3 H H NA

40 CH3 H CH3 OCH3 H H H H NA

41 CH3 H CH3 H Cl H H H NA

42 CH3 H CH3 COOH H H H H NA

43 CH3 H CH3 H H OCH3 H H NA

44 CH3 H CH3 Cl H H H H NA

45 CH3 H CH3 H CH3 NO2 H H NA

(continued on next page)

A. I. Khlebnikov et al. / Bioorg. Med. Chem. 16 (2008) 2791–2802 2793



1 2 3 4 5 6 7 8 9 10 11 12 13 14
0

10

20

30

40
Initial atom pairs

ANOVA-selected pairs

Bond Separation (D)

U
ni

qu
e

A
to

m
P

ai
rs

(N
)

Figure 1. Numbers of unique atom pairs in 53 N-benzoylpyrazoles.

The numbers are shown for each of the indicated bond separations

initially generated for the 53 N-benzoylpyrazoles (light bars). Atom

pairs subsequently selected by ANOVA as having significant differ-

ences between the three classes of elastase inhibitory activity are shown

in dark bars.

Table 1 (continued)

Compound R1 R2 R3 R4 R5 R6 R7 R8 Ki (nM)

46 CH3 H CH3 H H NHCOCH2CH3 H H NA

47 CH3 Cl CH3 Cl H Cl H H NA

48 CH3 Cl CH3 H Cl Cl H H NA

49 CH3 Cl CH3 Br H H H H NA

50 CH3 Cl CH3 H H Cl NO2 H NA

51 CH3 Br CH3 H Br H H H NA

52 CH3 Br CH3 H H Cl H H NA

53 CH3 H CH3 H Cl Cl H H NA

a Data taken from Ref. 7.
b NA, not active or no inhibition seen at the highest concentration of compound tested (55 lM).
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from MM+ force field, performing MM+ molecular
mechanics optimization itself is not necessary because
only bond connectivity, but not geometry, is important
for the atom pair calculation. Thus, initial data for each
compound might include just a sketch of the molecular
formula saved in HIN format. Nevertheless, we did per-
form geometry optimization here with MM+ force field
and then by the semi-empirical PM3 method for the pur-
pose of physicochemical descriptor calculations by
HyperChem.

2.2. SAR modeling

The total set of descriptors used can be divided into
atom pairs, 2D descriptors obtained directly from struc-
tural formulae of the compounds, and physicochemical
descriptors. The latter group of descriptors required
application of additional techniques for determination,
such as semi-empirical methods for orbital energy calcu-
lation and procedures for evaluation of lipophilicity and
molar refractivity (see Section 4). Hence, we performed
two separate SAR analyses for comparison, one based
on the entire set of descriptors, and the other based on
the set of atom pairs and 2D parameters only. If results
of comparable quality could be obtained for these two
types of analyses, then the less complex methodology
without physicochemical characteristics would be bene-
ficial because this approach allows easy visualization
and translation of these variables into a simple ‘chemi-
cal’ language, as the variables correspond directly to
the presence of certain chemical substructures and func-
tional groups in a molecule.

SAR analysis using atom pairs, quantum-mechanical
characteristics calculated by the semi-empirical PM3
method, ‘classical’ physicochemical descriptors (Refr,
Refr(Pz), Refr(Ph), ACD/LogP, EHOMO, ELUMO), and
integer variables obtained directly from structural for-
mulae (n1, n2, n3, no, nm, np) resulted in an initial data
matrix of descriptors that contained 375 columns (vari-
ables) (see Section 4 for variable definitions). The second
analysis utilizing atom pairs and integer variables only
resulted in an initial data matrix of descriptors contain-
ing 369 variables. Large numbers of variables requires
selection of descriptors to obtain a shortened list of
molecular characteristics that are the most valid for
effective SAR analysis. For example, the method of
recursive partitioning can be applied when the number
of variables is quite large, consisting of thousands or
even millions of descriptors; however, this method does
not account well for possible covariance of variables and
uses a simplified descriptor selection with construction
of a hierarchical tree.13,19,20 In comparison, the more
elaborate procedure of linear discriminant analysis
(LDA) can account for clustering data in multidimen-
sional space of interrelated variables, but cannot be
accomplished if there are too many descriptors. In order
to exploit the advantages of LDA, we performed a
sequential variable selection with application of a speci-
fied procedure on each stage.

ANOVA methodology was used in the first stage of
selection to identify variables most important for distin-
guishing compounds in descriptor space.21 The set of N-
bezoylpyrazoles was divided into three classes based on
elastase inhibitory activity: High, Medium, and not-ac-
tive (NA) (see Section 4). We performed ANOVA calcu-
lation of significance for differences between means in
these three classes for each of the 375 initial columns
of data matrix, and this procedure resulted in selection
of 66 descriptors having significant (p < 0.05) difference
between within-class and total variability. This group
of parameters contained four physicochemical descrip-
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Figure 2. Examples of atom pairs from the best subsets in the structures of representative N-benzoylpyrazoles. Atom pairs are depicted in red and

indicated below the structure. Compound numbers correspond to those shown in Table 1.
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tors [Refr, ACD/Log P, ELUMO, Refr(Ph)], three 2D
integer variables (n1, n3, no), and 59 atom pairs. Figure
1 shows relative number of atom pairs with different
bond separations selected by ANOVA and initially gen-
erated by CHAIN for the 53 compounds. Atom pairs
separated by 2–4 bonds seemed to be the most impor-
tant for detailed SAR analysis because they better dis-
criminated between the three activity classes (Fig. 1).
Only one atom pair descriptor with a 9-bond separation
(CA_9_O1) was selected by ANOVA for further SAR
analysis; whereas, atom pairs separated by P10 chemi-
cal bonds were not significant, and differences of their
occurrence in three classes were negligible at a confi-
dence level of p < 0.05.
In the second stage of sequential variable selection, the
LDA procedure was applied to the 66 descriptors cho-
sen by ANOVA, since reduction of the dimension of
descriptor space from 375 to 66 variables allowed anal-
ysis with this powerful methodology. At this point, the
SAR calculations were branched into two routes. Route
1 LDA utilized all 66 descriptors, including physico-
chemical characteristics; whereas, Route 2 analysis in-
cluded only atom pairs and 2D descriptors obtained
directly from molecular graphs of N-benzoylpyrazoles.
In the latter case, Refr, ACD/LogP, ELUMO, and
Refr(Ph) were discarded, and 62 variables were retained
as an input for LDA. The implementation of LDA in
STATISTICA 6.0 made it possible to sort out variables
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which were non-significant for SAR classification by this
method, as the corresponding coefficients of classifica-
tion functions were automatically zeroed by STATISTI-
CA 6.0. LDA led to a further decrease in the number of
important descriptors, and the resulting LDA classifica-
tion matrices are shown in Table 2. LDA using Route 1
retained 25 variables [Refr, ACD/LogP, ELUMO,
Refr(Ph), n1, n3, no, BR_1_C3, C3_1_C4, C3_1_CO,
C3_1_NO, C4_1_CA, CA_1_F, NO_1_O1, C3_2_C4,
C4_2_N2, C3_3_C4, C4_3_CO, C4_3_N2, C3_4_C4,
C4_4_C4, C4_4_CO, C4_4_O1, C4_5_CA, C4_8_CL].
In comparison, Route 2 retained the same set of descrip-
tors, with the exception of the four physicochemical
variables that were initially discarded (21 variables re-
tained). Atom pairs with one-bond separation (7 of the
retained variables) prevailed among all the atom pairs
selected by LDA, although several atom pair descriptors
with 3-bond and 4-bond separation were also present (3
and 4 of the retained variables, respectively). Table 2
shows that quality of SAR classification for the 53 N-
benzoylpyrazoles using 25 descriptors (Route 1) was suf-
ficiently high, and the correct activity classification was
calculated for 11 of 13 active, all 10 moderately active,
and 29 of 30 inactive N-benzoylpyrazoles. In total, 50
compounds (94.3%) were classified correctly. Discarding
physicochemical characteristics from the descriptor set
in Route 2 resulted in a slight decrease in quality of
the SAR analysis, and correct activity classification
was obtained for 47 of 53 compounds (88.7% accuracy)
(Table 2). Estimation of predictive power of the LDA
models made by the leave-one-out (LOO) approach is
shown in Supplementary Table S1 for Routes 1 and 2,
where calculated classes for each compound are also
presented. For both routes, a priori LOO classification
gave 34 coincidences (64.2%) between experimental
and predicted classes. While this percentage is low, the
number of descriptors used (25 and 21 for Routes 1
and 2, respectively) is still rather high for LOO predic-
tion of biological of activity. Thus, a further reduction
in the number of descriptors was needed.

The third stage of sequential variable selection utilized
the ‘best subset search’ option of LDA, as implemented
in STATISTICA 6.0. This option allows one to check
possible combinations of descriptors and obtain a smal-
ler combination that is optimal in terms of analysis mis-
classification or cross-validation misclassification.
Because the number of variables was still high, the
LDA with ‘best subset search’ was preceded by first
removing correlated descriptors from the variable sets
Table 2. Classification matrices for linear discriminant analysis-derived SAR

Experimentally determined classification

Route 1

High Medium NA

High 11a 1 1

Medium 0 10 0

NA 0 1 29

Total 11 12 30

a The number of correctly classified compounds is indicated in bold.
retained after classical LDA on Routes 1 and 2 (see Sec-
tion 4). Hence, 15 descriptors were retained for LDA
with ‘best subset search’ using Route 1 [Refr, ACD/
Log P, ELUMO, Refr(Ph), n1, no, BR_1_C3, C3_1_CO,
C3_1_NO, C4_1_CA, CA_1_F, NO_1_O1, C3_4_C4,
C4_4_C4, C4_8_CL], and 11 of these variables were re-
tained for analysis using Route 2 (as above, the physico-
chemical descriptors were excluded for Route 2). Using
LDA with the ‘best subset search’ option, we found that
the optimal subsets, in terms of analysis misclassifi-
cation, consisted of 7 and 6 variables for Routes 1 and
2, respectively. Linear classification functions for elas-
tase inhibitory activity classes of High, Medium, and
NA are provided below.tpb
Route 1:

F High ¼ �51:068þ 1:596Refr � 17:351n1 þ 3:688no

þ 14:793C3 1 NO� 4:965C4 1 CA

� 13:687C3 4 C4þ 9:722C4 4 C4 ð1Þ
F Medium ¼ �53:379þ 1:628Refr � 20:507n1 þ 7:365no

þ 9:699C3 1 NO� 3:341C4 1 CA

� 22:905C3 4 C4þ 12:687C4 4 C4 ð2Þ
F NA ¼ �64:130þ 1:798Refr � 23:782n1 þ 6:372no

þ 15:213C3 1 NO� 7:462C4 1 CA

� 24:375C3 4 C4þ 21:205C4 4 C4 ð3Þ
Route 2:

F High ¼ �3:041þ 0:700no þ 1:323C4 1 CA

þ 0:699CA 1 Fþ 1:795NO 1 O1

þ 4:944C3 4 C4þ 1:004C4 4 C4 ð4Þ
F Medium ¼ �4:473þ 3:657no þ 3:461C4 1 CA

þ 1:529CA 1 F� 0:198NO 1 O1

� 3:504C3 4 C4þ 1:899C4 4 C4 ð5Þ
F NA ¼ �4:668þ 4:006no � 0:367C4 1 CA

� 1:351CA 1 Fþ 1:412NO 1 O1

� 1:137C3 4 C4þ 8:206C4 4 C4 ð6Þ
According to SAR rules expressed by these equations, a
compound will be assigned to a certain activity class if
the value of its corresponding classification function is
greater than the values of the functions for the two
remaining classes. The results presented in Tables 3
with 25 variables (Route 1) and 21 variables (Route 2)

Calculated classification

Route 2

Accuracy (%) High Medium NA Accuracy (%)

84.6 11 2 0 84.6

100.0 0 8 2 80.0

96.7 1 1 28 93.3

94.3 12 11 30 88.7



Table 3. Classification matrices for linear discriminant analysis-derived SAR with best subsets of 7 variables (Route 1) and 6 variables (Route 2)

Experimentally determined classification Calculated classification

Route 1 Route 2

High Medium NA Accuracy (%) High Medium NA Accuracy (%)

High 12a 1 0 92.3 12 1 0 92.3

Medium 1 8 1 80.0 1 7 2 70.0

NA 0 3 27 90.0 2 1 27 90.0

Total 13 12 28 88.7 15 9 29 86.8

a The number of correctly classified compounds is indicated in bold.
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and 4 indicate that SAR classifications with similar
qualities were achieved for both Routes 1 and 2
(88.7% and 86.8% of the compounds were correctly cal-
culated with the experimentally determined classes of
elastase inhibitory activity, respectively). Thus, inclusion
of physicochemical descriptors provided little improve-
ment in the SAR results. Although the quality of LDA
with ‘best subsets search’ was generally lower than that
obtained by standard LDA (Table 2), use of the ‘best
subsets search’ with fewer descriptors led to a signifi-
cantly higher percentage of correct LOO predictions
(Table 4). Indeed, accuracy of a priori LOO predictions
was 75.5% and 71.7% for Routes 1 and 2, respectively,
which corresponded to 40 and 38 of the 53 compounds
correctly assigned to their experimental classes using
training sets each consisting of 52 N-benzoylpyrazole
derivatives. The previous stage of sequential variable
selection resulted in only 64% correct LOO classifica-
tions (Supplementary Table S1). Thus, step-by-step
reduction in the number of descriptors led to variable
subsets that were the most critical for SAR analysis.
Importantly, the resulting classification functions, ex-
pressed by Eqs. 1–3 for Route 1 and Eqs. 4–6 for Route
2 appear to fairly accurately predict the class of elastase
inhibitory activity of a given N-benzoylpyrazole.

Coefficients of linear classification functions (see Eqs. 1–
6) reflect cooperative effects of partially correlated
descriptors on the values of FHigh, FMedium, FNA, and di-
rect interpretation of their values is complex; however,
unambiguous interpretation of these values was some-
times possible. For example, values for variables no

and C4_4_C4 tended to following the sequence
NA > Medium > High (Fig. 3). Consequently, higher
values of these descriptors lead to larger increments
for FNA than for FHigh and are unfavorable for elastase
inhibitory activity.

Note that other robust (Q)SAR methods exist, which
provide good fitting and prediction results without the
use of variable selection. Among the best of these ap-
proaches is the random forest method.22 However, this
method is not able to produce an explicit model from
randomly generated trees. Rather, the random forest
model can be regarded as a ‘black box’.22 Since the goal
of our approach was to construct interpretable and de-
fined SAR models to predict elastase inhibitory activity
of N-benzoylpyrazoles, pre-selection of variables based
on activity was necessary. This resulted in the derivation
of very simple and intuitively understandable SAR rules,
as described below.

2.3. Classification tree analysis and derivation of simpli-
fied SAR rules

Although Eqs. 1–6 are capable of fitting and predicting
elastase inhibitory activity classes of N-benzoylpyrazoles
with good accuracy, simpler and intuitively understand-
able SAR criteria are desirable. We tried to reasonably
simplify classification rules with the use of binary classi-
fication tree analysis, as implemented in STATISTICA
6.0. Based on 7 descriptors from the best subset selected
on Route 1, we have built the optimal classification tree
shown in Figure 4. The tree has three splits according to
the three conditions indicated for the splits. If a condi-
tion is satisfied, then the compounds are sent to the left
branch of the tree, otherwise they are sent to the right
branch, eventually reaching one of the terminal nodes
corresponding to a certain activity class. For example,
the condition C4_4_C4 < 0.38 indicates that compounds
not containing atom pairs of this type (i.e., when the
integer value of the C4_4_C4 descriptor is equal to
zero), will be sent to the left branch (28 cases), while
compounds containing one or more C4_4_C4 atom
pairs will be sent to the right branch and immediately
enter the NA terminal node. Thus, according to the
above-mentioned observation from LDA analysis
(Fig. 3B), the presence of C4_4_C4 in the chemical
structure of an N-benzoylpyrazole is unfavorable for
inhibitory activity, and such compounds should be des-
ignated inactive. Note that in almost all the compounds
investigated, this atom pair is associated with two
methyl groups R1 and R3 in the pyrazole moiety (see
an example of this atom pair within the structure of
Compound 50 in Fig. 2). The only exception to this rule
was Compound 5, where the C4_4_C4 descriptor origi-
nates from two methyl substituents in the phenyl ring
(Fig. 2).

The logic tree for Route 1 is defined by two additional
descriptors from the best subset, namely by the condi-
tions C3_1_NO < 0.64 and no < 0.42 (Fig. 4). Integer
values of descriptors participating in these conditions
indicates that the presence of a C3_1_NO atom pair
(i.e., nitro group substituent of the pyrazole ring; see
an example of this atom pair in compound 30 of
Fig. 2) or ortho-substituents in the benzoyl moiety
sends compounds to the right branches on the two



Table 4. Results of SAR classification and leave-one-out (LOO) prediction obtained using Routes 1 and 2 for each compound based on LDA with

the ‘best subset search’ option

Compound Experimental classification Route 1 Route 2

Calculated class LOO-predicted class Calculated class LOO-predicted class

1 High High Mediuma High Medium

2 High High High High High

3 High High High High High

4 High High Medium High High

5 High High High High Medium

6 High High High High High

7 High High NA High High

8 High High High High High

9 High Medium Medium Medium Medium

10 High High High High High

11 High High NA High Medium

12 High High Medium High High

13 High High High High High

14 Medium Medium Medium Medium Medium

15 Medium Medium Medium Medium High

16 Medium Medium Medium Medium Medium

17 Medium High High High High

18 Medium Medium Medium NA NA

19 Medium Medium Medium Medium Medium

20 Medium Medium Medium Medium Medium

21 Medium Medium Medium Medium Medium

22 Medium Medium Medium Medium High

23 Medium NA NA NA NA

24 NA NA NA NA NA

25 NA NA NA NA NA

26 NA Medium Medium NA Medium

27 NA NA NA NA NA

28 NA Medium Medium NA Medium

29 NA Medium Medium Medium Medium

30 NA NA NA High High

31 NA NA High High High

32 NA NA NA NA NA

33 NA NA Medium NA Medium

34 NA NA NA NA NA

35 NA NA NA NA NA

36 NA NA NA NA NA

37 NA NA NA NA NA

38 NA NA NA NA NA

39 NA NA NA NA NA

40 NA NA NA NA NA

41 NA NA NA NA NA

42 NA NA NA NA NA

43 NA NA NA NA NA

44 NA NA NA NA NA

45 NA NA NA NA NA

46 NA NA NA NA NA

47 NA NA NA NA NA

48 NA NA NA NA NA

49 NA NA NA NA NA

50 NA NA NA NA NA

51 NA NA NA NA NA

52 NA NA NA NA NA

53 NA NA NA NA NA

a Incorrect classifications are indicated in italics.
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corresponding logical splits of the tree, because any
non-zero positive values of C3_1_NO and no violate
these conditions, respectively. Supplementary Table
S2 shows SAR classification for each of the 53 N-ben-
zoylpyrazoles analyzed by the classification tree shown
in Figure 4. Taking into account a structural sense of
the atom pairs (Fig. 2), this classification tree can also
be presented in the form of a simple ‘chemical’ algo-
rithm (Scheme 1).

Note that these rules are not completely equivalent
with the classification tree (Fig. 4), since the C4_4_C4
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Figure 3. Classification function coefficients for selected descriptors.

Coefficients were obtained using the best subsets of 7 variables (Route

1, light bars) and 6 variables (Route 2, dark bars) for descriptor no (A)

and atom pair C4_4_C4 (B).
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Figure 4. Classification tree for predicting elastase inhibitory proper-
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atom pair can also be associated with methyl groups
located in the phenyl ring, rather than the pyrazole
moiety (see Fig. 2, compound 5). Using the tree, com-
pound 5 is classified incorrectly; whereas, this N-ben-
zoylpyrazole derivative is classified correctly by the
‘chemical’ algorithm, which considers methyl substitu-
ents only in the pyrazole moiety. In total, the correct
elastase inhibitory activity class was determined by
Scheme 1 for 42 of the 53 N-benzoylpyrazoles
(79.2% accuracy). While LDA with ‘best subset search’
resulted in a higher percentage (88.7%) of correctly
calculated classifications (Table 3), the simplified
SAR rules are attractive because of their clarity and
the possibility of translating them into standard
‘chemical’ language.

The classification tree approach was also applied to
the best subset of 6 variables selected by LDA on
Route 2. An optimal tree obtained in this case consid-
ered 3 variables (Fig. 5). Again, descriptors C4_4_C4
and no were important in the derived SAR rules.
The third condition was based on the C4_1_CA atom
pair, which is associated with the presence of alkyl
groups attached to the aromatic ring (see Compounds
11 and 14 in Fig. 2). In contrast, the C3_1_NO
descriptor involved in the classification tree for Route
1 was not present in the best LDA subset identified
with Route 2 (Eqs. 4–6). Supplementary Table S2
shows SAR classification for each of the 53 N-ben-
zoylpyrazoles according to the tree shown in Figure
5. This tree can also be presented in the form of a sim-
ple ‘chemical’ algorithm (Scheme 2). Hence, according
to the SAR rules derived with Route 2, a compound is
classified as inactive if it has non-methyl ortho-substit-
uents (i.e., Cl, Br, F, etc.) or two methyl substituents
in the pyrazole moiety. Likewise, highly active inhibi-
tors cannot contain two methyl groups in the pyrazole
heterocycle or ortho-substituents in benzoyl radical.
The Scheme 2 algorithm correctly classified 43 of 53
N-benzoylpyrazoles (81.1%), which is comparable to
the 79.2% accuracy obtained on Route 1 using SAR
rules from Scheme 1. In spite of the satisfactory over-
all percentage of correct classifications, both algo-
rithms had lower accuracy in predicting the activity
class of the 10 moderately active compounds (4 and
3 cases on Routes 1 and 2, respectively). Clearly, this
is due to the relative simplicity of binary classification
trees, as they represent only rough approximations to
the more sophisticated LDA-derived classifications ex-
pressed by Eqs. 1–6.

The simplified SAR rules did not differ significantly be-
tween Routes 1 and 2 in quality of their results. Conse-
quently, inclusion of physicochemical characteristics in a
descriptor set does not seem to provide a significant
advantage. The easily calculated 2D descriptors (atom
pairs and simple structural variables) used on Route 2
were sufficient to obtain good accuracy for SAR recog-
nition, both by LDA and by binary classification tree
analysis. Importantly, these simplified SAR rules were
generally consistent with our molecular modeling data,7

where we found that R1 and R3 groups in a pyrazole, as
well as ortho-substituents in the benzoyl radical
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prevented proper positioning of the N-benzoylpyrazole
required for interaction between the hydroxyl group of
elastase Ser195 making them unfavorable for nucleo-
philic attack by Ser195 to the carbonyl group of an
inhibitor in the oxyanion hole. Likewise, the presence
of a nitro group enhanced positive charge on the N-ben-
zoylpyrazole carbonyl carbon atom, making it more sus-
ceptible to attack by the nucleophile.7
3. Conclusions

Previously, we utilized high-throughput screening to se-
lect unique small-molecule inhibitors of neutrophil elas-
tase, and identified a novel class of elastase inhibitors
with an N-benzoylpyrazole scaffold.7 Here, we performed
If pyrazole moiety contains methyl groups R1 and 
else

        {if benzoyl moiety does not contain ortho-sub
active
   else

(if ortho-substituent is a methyl group, t
else the compound is inactive)}

Scheme 2.
SAR analysis of these compounds to further define the
features of these molecules important for activity and to
develop a simple, but accurate SAR model for predicting
biological activity in future compound screening. The
analysis of structure–activity relationships is an impor-
tant approach for defining the critical combination of var-
ious structural and physicochemical descriptors
responsible for the biological activity of a given molecule
(e.g.,23,24). In the present study, we utilized 2D atom pair
descriptors together with physicochemical molecular
descriptors (Route 1) or 2D parameters alone (Route 2)
for SAR analysis of a series N-benzoylpyrazoles with var-
ious levels of experimentally determined elastase inhibi-
tory activity.

A sequence of ANOVA, linear discriminant, and binary
classification tree analyses based on the molecular
descriptors led to the derivation of simple SAR rules,
in spite of the large number of starting variables. The
SAR rules obtained by binary classification tree analysis
on Routes 1 and 2 were quite consistent with our exper-
imental activity data and molecular docking studies,7

indicating the approach can accurately predict active
elastase inhibitors. We also found that physicochemical
characteristics (i.e., energies of frontier molecular orbi-
tals, molar refractions, lipophilicities) were not neces-
sary for achieving good SAR rules, as comparable
quality of SAR classification was obtained with 2D
descriptors only. Thus, the use of atom pair descriptors
is a valuable tool for identifying different SAR rules in
high-throughput screening data sets and could provide
a relatively simple classification useful for de novo design
of elastase inhibitors with an N-benzoylpyrazole
scaffold.

Although we applied atom pair descriptors to SAR in a
set of related compounds, this approach is also applica-
ble to chemically diverse data sets.13 We believe that our
modification of the method using more specific atom
typing and non-biased values of descriptors, in conjunc-
tion with sequential variable selection, will also be useful
for SAR analysis in a heterogeneous series of com-
pounds, and this issue will be addressed in future
studies.
R3 then the compound is inactive

stituents, then the compound is highly

hen the compound is moderately active 
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4. Materials and methods

4.1. Molecular set

The data set used in this study is a series of 53 N-
benzoylpyrazoles with different levels of inhibitory
activity for human neutrophil elastase. These com-
pounds were selected by high-throughput screening
of a 10,000-compound chemolibrary.7 For SAR anal-
ysis, the set of the N-benzoylpyrazoles (Table 1) was
divided into three activity classes according to their
experimentally determined elastase inhibitory activity.
Inhibitors possessing Ki 6 200 nM were regarded as
highly active and were placed in the activity class la-
beled ‘High’ (13 compounds). N-Benzoylpyrazoles
with moderate activity (200 < Ki 6 10,000 nM) were
placed in the activity class labeled ‘Medium’ (10 com-
pounds). Derivatives with Ki > 10,000 nM considered
non-active and placed in the activity class labeled
‘NA’ (30 compounds).

4.2. Structure encoding by atom pairs and other 2D
descriptors

For the purpose of SAR analysis we used an atom pair
representation of molecular structures, with each atom
pair denoted as T1_D_T2, where T1 and T2 are the
types of atoms in the pair, and D represents the topolog-
ical distance or number of bonds in the shortest path be-
tween these atoms in a structural formula. In our
investigation, T1 and T2 were defined with symbolic
codes used in HyperChem, Version 7 (Hypercube, Inc.,
Waterloo, ON, Canada) for atom type representation
within MM+ force field. For example, CA, CO, and
C3 codes were used for sp2-hybridized aromatic, car-
bonyl, and pyrazole carbon atoms, respectively. This ap-
proach allows easy generation of atom pairs directly
from the output file containing the molecular structure
(HIN file) built by HyperChem. The notation of atom
types can be changed, if necessary, based on the force
field used. For example, the codes listed above for aro-
matic, carbonyl, and pyrazole carbons would be altered
to CA, C, and CM, respectively, if AMBER instead of
MM+ force field was used for HyperChem output. As
atom pairs T1_D_T2 and T2_D_T1 are equivalent, we
chose a unified definition with lexicographic order of
type substrings (i.e., with T1 6 T2).

All 367 unique atom pairs possible for non-hydrogen
atoms in the 53 N-benzoylpyrazoles were generated.
This 53 · 367 data matrix was automatically built by
our CHAIN program, based on HIN files created in
HyperChem. By convention, a matrix element at the
intersection of the ith row and jth column was equal
to the jth atom pair occurrence in the ith molecule.
The data matrix obtained in this way for the 53 com-
pounds contained columns with no variance for
descriptors C3_1_C3, C3_1_N2, N2_1_N2, C3_2_C3,
because these atom pairs are present in all the com-
pounds investigated at the same frequency. Thus, the
corresponding columns were deleted from the matrix,
resulting in a 53 · 363 matrix of atom pair
descriptors.
In addition to atom pairs, we selected the following set
of 6 additional structural 2D descriptors: number of
substituents in ortho-(no) and meta-(nm) positions of
the benzene ring; and numbers of substituents R1, R2,
R3, R6 (Table 1) denoted as n1, n2, n3, np, respectively
(integer variables). These descriptors were obtained di-
rectly from structural formulae of Compounds 1–53.

4.3. Physicochemical descriptors

The following 6 physicochemical descriptors were used:
total molar refraction (Refr), lipophilicity (octanol–water
partition coefficient; ACD/Log P), energies of the highest
occupied and lowest unoccupied molecular orbitals (EHO-

MO and ELUMO, respectively), and sum of refractions for
substituents in the pyrazole (R1, R2, R3) and benzene
(R4–R8) rings [Refr(Pz) and Refr(Ph), respectively]. Ener-
gies EHOMO and ELUMO were determined by the semi-
empirical PM3 method after geometry optimization in
HyperChem. The values of Refr, Refr(Pz), and Refr(Ph)
were calculated with the QSAR built-in module of Hyper-
Chem. Lipophilicities ACD/Log P were obtained taken
from the site www.emolecules.com. The resulting data
matrix of physicochemical and structural descriptors
and atom pairs contained 375 columns (variables).

4.4. Data processing and derivation of SAR rules

Derivation of SAR classification was accompanied by
sequential variable selection and reduction of dimension-
ality. In order to distinguish between variables significant
and non-significant for SAR, we applied one-way analy-
sis of variance (ANOVA)21 using the STATISTICA 6.0
package (StatSoft, Inc., Tulsa, OK). The variables se-
lected by ANOVA served as basic descriptors for refined
classification by LDA, using the corresponding module
of STATISTICA 6.0. Redundant or non-significant coef-
ficients of the linear classification functions were auto-
matically zeroed by STATISTICA 6.0.

Although LDA methodology allows analysis with line-
arly dependent variables, we undertook another step
of variable selection and excluded dependent correlated
variables, as they originated from the same molecular
feature. We found that each of 11 descriptors retained
by LDA (n3, C3_1_C4, C3_2_C4, C4_2_N2, C3_3_C4,
C4_3_N2, C4_4_C4, C4_4_CO, C4_5_CA, C4_3_CO,
C4_4_O1) had correlation coefficients >0.8 with at least
one descriptor within this same group. This correlation
can be explained easily because all 11 variables are re-
lated to the presence of methyl substituents in the com-
pounds. For example, the tetrahedral sp3-carbon (atom
type C4) is involved in all atom pairs from this group.
Similarly, variable n3 was also present in this group of
correlated descriptors because R3 is a methyl radical in
almost all N-benzoylpyrazoles containing a substituent
in this position of the pyrazole ring. Thus, it was reason-
able to choose one of the mutually correlated descriptors
as an independent variable representing the entire group
of 11 variables. For this purpose, we selected atom pair
C4_4_C4 as an independent descriptor, because it had
the largest sum of correlation coefficients with the
remaining 10 variables from this group. Hence, the

http://www.emolecules.com
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dimension of descriptor space was further reduced by 10
variables. We repeated LDA analysis focusing on the
remaining descriptors and applying the ‘best subset
search’ option available in STATISTICA 6.0.

For the purpose of ultimate visuality we also built sim-
plified SAR rules with the use of binary classification
tree methodology.25 Starting from variables of the best
subsets selected as described above, classification trees
were built with STATISTICA 6.0 using discriminant-
based univariate splits with estimated prior probabilities
and equal misclassification costs for classes.25,26
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