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Characterizing structure–activity relationships (SAR) of sets of compounds screened across different tar-
gets is crucial in several drug discovery endeavors. To this end, chemoinformatic approaches are emerg-
ing to characterize SARs using the concept of multi-target activity landscapes. Herein, we present the
Structure multiple Activity Similarity (SmAS) maps and the Structure multiple Activity Landscape Index
(SmALI) as general approaches to navigate through and quantify the most informative regions of multi-
target activity landscapes. These methods are extensions of SAS maps and SALI metric used for single tar-
gets. To illustrate the use of these methods, SmAS maps and SmALI values were employed for character-
izing the SAR of three benchmark sets of compounds screened with different target families. As a follow
up of our work, we employed four 2D and 3D structure representations to obtain consensus models for
each data set. For the three data sets, we identified pairs of compounds with high structure similarity but
very different bioactivity profile across the corresponding targets of each family that is, multi-target
activity cliffs. Also, we identified pairs of compounds with low structure similarity but similar bioactivity
profile across the different targets that is, multi-target scaffold hops. The consensus SmAS maps and
mean SmALI metric are complementary chemoinformatic tools to systematically describe multi-target
activity landscapes.

� 2011 Elsevier Ltd. All rights reserved.
1. Introduction

The description of the structure–activity relationships (SAR) of a
set of compounds with measured biological activity is of major
interest in medicinal chemistry and drug design. Systematic
descriptions of the SAR of compound data sets using the emerging
concept of activity landscape are designed to access, visualize, and
to help understand the data generated from general screening or
optimization campaigns. In addition, understanding the underlying
basis of the SAR may represent a critical step before applying pre-
dictive approaches such as quantitative structure–activity relation-
ships (QSAR). The excellent editorial by Maggiora highlights the
importance of the early detection of activity cliffs (chemical com-
pounds with highly similar structures but significantly different
biological activities) in QSAR modeling.1 For example, apparent
outliers in the data may reflect the presence of activity cliffs and
may not be due to statistical fluctuations or to measurement
errors.1,2

There are an increasing number of methods to model the
activity landscape for single targets. These methods are reviewed
extensively in Bajorath et al.3 Approaches include Structure–
ll rights reserved.

: +1 772 345 3649.
anco).
Activity Relationship Index (SARI),4 Structure–Activity Landscape
Index (SALI),5,6 network-like similarity graphs (NSG),7 and Struc-
ture–Activity Similarity (SAS) maps.8 Our group has employed
SAS and SAS-like maps to characterize the SAR of different com-
pound data sets for one target.9–13 Some of the current ap-
proaches to model activity landscapes of single targets have
been recently adapted to explore the SAR of data sets with biolog-
ical activity across different biological endpoints10,14–16 being the
research group of Bajorath et al. pioneer of the concepts of multi-
target activity landscape modeling and multi-target activity
cliffs.14,15

Multi-target activity landscape modeling is attractive to charac-
terize the SAR of compound data sets associated with selectivity15

or promiscuity. For example, ‘scaffold-based promiscuity’ of the
targets.17 As pointed out by Dimova et al. modeling multi-target
activity landscapes, however, is not an easy task because of the
challenge to combine potency relationships for several targets.16

A graph representation16 and a novel approach using self-organiz-
ing maps18 were recently proposed to visually represent and char-
acterize multi-target activity landscapes. Dual and triple activity-
difference (DAD/TAD) maps were also recently introduced to char-
acterize the SAR of compound data sets screened against two or
three targets.11,13 However, DAD and TAD maps are not easily ap-
plied to model landscapes for more than three targets.

http://dx.doi.org/10.1016/j.bmc.2011.11.051
mailto:jmedina@tpims.org
http://dx.doi.org/10.1016/j.bmc.2011.11.051
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Herein, we present an intuitive approach to represent multi-
target activity landscapes using the principles of SAS maps. The
pairwise SAR of three benchmark data sets used previously to
model multi-target activity landscapes13,16 is explored in this
work. For each pair of compounds in the different data sets, the
computed molecular similarity was compared with the bioactivity
profile similarity across multiple targets that is, multi-target activ-
ity similarity. Pairwise structure-multi-target activity relation-
ships were visually depicted in 2D plots called in this work
Structure multiple Activity Similarity (SmAS) maps. SmAS maps
readily identify multi-target activity cliffs, scaffold hops and
smooth regions in the landscape (regions with pair of compounds
with highly similar structures and similar bioactivity profile
across multiple targets). Following up on our work, we employed
multiple structure representations to generate consensus models
of the activity landscapes and thus reduce the dependence of
activity landscape on chemical representation.19–21 As pointed
out previously, consensus models are designed to prioritize the
SAR analysis of activity cliffs and other consistent regions in the
activity landscape that are captured by several structure repre-
sentations. Consensus data points are not meant to eliminate
data, disregarding for example, ‘true’ activity cliffs that are not
identified by some structure representations.12,21 Multi-target
activity cliffs and scaffold hops were quantified expanding the
application of the recently proposed mean SALI measure to multi-
ple targets. We want to emphasize that methods described in this
work are not restricted to the data sets employed, the structure
representations, similarity functions, or molecular targets. The fo-
cus in this work is on the consensus SmAS maps and mean SmALI
for the comprehensive modeling of multi-target activity land-
scape of compounds tested across different targets using multiple
structure representations.
2. Methods

2.1. Data set

We employed three data sets tested against different target
families recently used in the work of Dimova et al.;16,22 299 com-
pounds tested across three monoamine transporters, MT (norepi-
nephrine, serotonine and dopamine transporters); 98 compounds
tested across four opioid receptors, OR (delta, kappa, mu, and noci-
ceptin receptor) and 96 compounds tested across four carbonic
anhydrases, CA (I, II, IX, and XII). Each molecule in the data set
has Ki values reported against each target. The distribution of activ-
ities for each target is summarized in Table S1 (Supplementary
data). The three data sets were employed previously to model mul-
ti-target activity landscapes with NSG16 and were used as bench-
mark sets in this work. In the previous study the activity profile
was encoded classifying the compounds in three categories.16 In
contrast, in this work we used the potency values with no previous
encoding. We also employed a consensus fingerprint representa-
tion as opposed to a single representation used in the previous
analysis.16
Figure 1. Prototype Structure multiple Activity Similarity (SmAS) map. The plot can
be roughly divided in four major regions; I and II contain pairs of compounds for
scaffold hopping and smooth SAR, respectively. Region IV contains multi-target
activity cliffs. See text for details.
2.2. Multiple activity similarity (mAS)

The potency for each molecule (reported in nM units) was ex-
pressed in log units using the equation:

Vi;k ¼ �log
Ai;k

1:0� 109

� �
ð1Þ

where Vi,k is the potency in log units of the kth target for the ith
molecule, and Ai,k is the activity value in nM units.
The pairwise activity similarities across p targets that is, multi-
ple activity similarity, were calculated using the Tanimoto coeffi-
cient for real-valued vectors:23

mASði; jÞ ¼
Pp

k¼1v i;k � v j;kPp
k¼1v2

i;k þ
Pp

k¼1v2
j;k �

Pp
k¼1v i;k � v j;k

ð2Þ

where mAS(i,j) is the multiple activity similarity of the ith and jth
molecules, p is the number of targets, and Vi,k and Vj,k denote the va-
lue of the potency calculated with Eq. 1 of the kth target for the ith
and jth molecules, respectively. In this work, p = 3 for the com-
pounds tested against the three monoamine transporters and
p = 4 for the compounds tested against the opioid receptors and car-
bonic anhydrases, respectively. It is worth nothing that the multiple
activity similarity captures with a single measure the similarity of
the bioactivity profile of each pair of molecules across all targets.
Of note, the multiple activity similarity does not provide informa-
tion for the change in activity for each target and does not distin-
guish for example, single-, dual-, triple-target activity cliffs or
scaffold hops (vide infra). However, quantitative methods to de-
scribe these types of cliffs and scaffold hops have been proposed
by the authors and other groups.13,16

2.3. 2D and 3D fingerprint representations and structure
similarity

A total of four 2D and 3D fingerprints were computed, namely
radial (2D) fingerprints (equivalent to the extended connectivity
fingerprints, ECFPs)24 and atom pairs (2D) implemented in Can-
vas,25 MACCS keys (2D) (166 bits) and three-point pharmaco-
phores (3D) (piDAPH3) implemented in Molecular Operating
Environment (MOE).26 The distribution of the 44,551, 4753 and
4560 pairwise similarities of the 299 monoamine transporter
inhibitors, 98 opioid receptor antagonists, and 96 carbonic anhy-
drase inhibitors calculated with the four molecular representations
are summarized in Table S2 (Supplementary data), respectively. It
is worth nothing that each data set has different intra-molecular
diversity for example, the set of monoamine transporter inhibitors
is more diverse than the opioid receptor antagonists as indicated
by all used 2D and 3D fingerprints (Table S2). Despite the inherent
issues of employing a single conformer to represent 3D structures,
the 3D fingerprints are valuable to characterizing activity land-
scapes.9,10,12 To simplify the analysis, a single low-energy confor-
mation of each molecule was used.9,27 Several conformations can
also be considered as the authors recently reported.12 Structure
similarities were computed with the Tanimoto coefficient,28 which
has been successfully applied in a number of cases of activity land-
scape modeling. For example refer to the several cases reviewed in
Wassermann et al.29 and Wawer et al.30 and recent applications by



Table 1
Distribution of the pairwise multiple activity similarity (mAS) values for each data set

Set Max Q3a Median Q1b Min U95c Mean L95c STD

MT 1 0.973 0.941 0.847 0.350 0.881 0.880 0.879 0.140
OR 1 0.991 0.981 0.958 0.776 0.970 0.969 0.968 0.032
CA 1 0.982 0.953 0.904 0.661 0.936 0.935 0.933 0.061

a Third quartile.
b First quartile.
c 95% Confidence of the mean Upper (U95) and Lower (L95) limits.
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our and other groups.9–13,16 However, other measures such as
Euclidean distance can be used.

2.4. Multi-target activity landscapes with consensus SmAS maps

For each pair of compounds the multiple activity similarity was
plotted against their structural similarity generating the SmAS
Figure 2. Consensus SmAS maps for (A) 299 monoamine transporter inhibitors showin
pairwise comparisons and (C) 96 carbonic anhydrase inhibitors showing 4560 pairwise
smooth region of the activity landscapes are labeled with the compound numbers. The va
2–4, respectively. See text for details.
maps which are an extension of the SAS maps proposed for single
targets.8 The major difference is that SmAS maps include the bioac-
tivity profile information of each pair of compounds across several
targets. A prototype SmAS map is depicted in Figure 1 where the
molecular and multiple activity similarities are represented on
the X- and Y-axes, respectively. Four major regions can be roughly
distinguished in the SmAS maps. Pairs of compounds that fall in re-
gion I have low structural similarity, but high multiple activity
similarity. These pairs are indicative of multi-target scaffold or side
chain (R-group) hopping.31,32 Region II denotes pairs of compounds
with both high structure and high multiple activity similarity and
represents compounds in smooth or continuous SARs for all tar-
gets. Compounds in region IV have high structure similarity, but
low multiple activity similarity that is, very different bioactivity
profile across all targets and therefore correspond to multi-target
activity cliffs or discontinuous SARs. This quadrant is a region of
high SAR information content23,33 because it reveals structural pat-
g 44,551 pairwise comparisons; (B) 98 opioid receptor antagonists depicting 4753
comparisons. Selected activity cliffs, scaffold hops and pairs of compounds in the

lues of multiple activity similarity and structure similarity are summarized in Tables
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terns that are crucial for activity for all targets. Region III is the
least interesting containing pairs of molecules with low molecular
similarity and low multiple activity similarity.

Any similarity measure can be employed in a SmAS map. Follow-
ing a strategy employed before for single targets, consensus SmAS
maps can be obtained when several structure representations that
capture different aspects of the chemical structures are consid-
ered.10,12 This strategy has been used to reduce the well-known
dependence of the activity landscape with structure representa-
tion.9–12,21 One approach to reduce such dependence is identifying
activity cliffs common to a series of structure representations, that
is, consensus activity cliffs.9 An alternative strategy is combining
similarity measures obtained by different methods using the princi-
ples of data fusion,34–36 for example by computing the mean similar-
ity (‘mean fusion’) of selected representations.11,12 Using the second
approach, consensus SmAS maps for each of the three targets were
obtained in this work by plotting the corresponding multiple activity
similarities against the mean structure similarity of radial, atom
pairs, MACCS, and piDAPH3 fingerprints (the distribution of the
mean similarities for each data set is summarized in Table S2 in
the Supplementary data). These fingerprints were used because they
showed relatively low linear correlations for the pairwise structure
similarities for each data set (for each data set, Table S3 in the Sup-
plementary data show the correlation matrices of the Pearson’s cor-
relation coefficient between all the pairwise similarities for each pair
of 2D and 3D representations). Also, and more importantly, these fin-
gerprints were employed because they have conceptually different
designs capturing dissimilar aspects of the chemical structures. For
example, MACCS keys used in this work are a pre-defined set of
166 structural keys; radial fingerprints entail growing a set of frag-
ments radially from each heavy atom over a series of iterations;24,37

piDAPH3 are spatial three-point pharmacophores employing the fol-
lowing atom types: in pi system, is donor, is acceptor.
Table 2
Representative consensus multi-target activity cliffs identified in the SmAS maps

Pair DpKi T1a DpKi T2 DpKi T3 DpKi T4 mASb

Monoamine transporter inhibitors (MT)
137_194 4.69 4.65 3.51 NAd 0.550

(1.113)
52_137 �4.52 �4.10 �3.92 NA 0.576

(1.107)
91_137 3.71 4.03 2.17 NA 0.720

(1.043)
136_137 �4.09 �2.79 �2.61 NA 0.749

(0.623)
Opioid receptor antagonists (OR)
14_41 �2.10 �1.11 �3.33 �3.28 0.835

(0.369)
6_37 �1.88 �2.74 �2.60 �2.54 0.860

(0.316)
6_36 �2.15 �1.57 �3.10 �3.46 0.841

(0.353)
48_75 1.47 2.49 3.65 3.36 0.835

(0.358)
Carbonic anhydrase inhibitors (CA)
21_47 �4.76 �2.76 �3.39 2.87 0.745

(1.146)
21_72 �4.59 �2.98 �3.11 2.44 0.767

(0.556)
47_54 4.63 2.69 2.80 �1.84 0.785

(0.522)
15_47 �4.63 �2.85 �3.60 0.77 0.752

(0.571)

Values of potency difference, multiple activity similarity and structure similarity are ind
a T1–T4 are the corresponding targets in each family and are defined in Table S1 of t
b Multiple activity similarity.
c Mean structure similarity.
d Not applicable.
2.5. Activity landscapes with Structure multiple Activity
Landscape Index (SmALI)

For each data set, the presence of multiple-target activity cliffs
was measured by extending the SALI measure proposed by Guha
and Van Drie5,6 to multiple targets using the expression:

SmALIi;j ¼
1�mASi;j

1� simði; jÞ ð3Þ

where SmALIi,j is the Structure multiple Activity Landscape Index,
mASi,j is the multiple activity similarity of the ith and jth molecules
calculated with Eq. 2, and sim(i,j) is the similarity coefficient be-
tween the two molecules. Any similarity method can be used to
compute SmALI. Mean SmALI values were computed in this work
using the mean structure similarity of four 2D and 3D molecular
representations (radial, atom pairs, MACCS, and piDAPH3 finger-
prints, vide supra).9,13 As will be shown later, the mean SALI values
were consistent in interpreting the SAR of the data set highlighting
the feasibility of using mean fusion similarity values in characteriz-
ing activity landscapes.

3. Results and discussion

3.1. Consensus SmAS maps

The distribution of the pairwise multiple activity similarity val-
ues for each data set, calculated with Eq. 2 described in the Meth-
ods is summarized in Table 1. In general, for the three target
families, compounds show similar bioactivity profile across the
corresponding three or four targets as indicated by the high med-
ian (P0.941), mean (P0.880) of the multiple activity similarities.
This is not unexpected since the targets that belong to each target
family are, of course, related. Overall, the monoamine transporter
Radial Atom pairs MACCS piDAPH3 Mean simc

0.35 0.58 0.80 0.65 0.60

0.36 0.63 0.80 0.67 0.62

0.37 0.79 0.90 0.87 0.73

0.35 0.58 0.80 0.66 0.60

0.11 0.56 0.85 0.69 0.55

0.08 0.50 0.98 0.67 0.56

0.06 0.55 0.94 0.66 0.55

0.11 0.43 0.90 0.71 0.54

1.00 0.64 0.82 0.65 0.78

0.26 0.32 0.89 0.86 0.58

0.41 0.55 0.77 0.63 0.59

0.35 0.51 0.75 0.65 0.57

icated. Mean SmALI values are in parenthesis.
he Supplementary data.



Figure 3. Examples of multi-target activity cliffs identified in the SmAS maps that is, pairs of compounds with high structure similarity and different bioactivity profile across
different targets: (A) monoamine transporters (137_194, 52_137); (B) opioid receptors (14_41, 6_37); and (C) carbonic anhydrases (21_47, 47_54). The pKi of each compound
for the three or four targets is indicated (the Ki value is in parenthesis). The position of the molecule pairs in the SmAS maps is indicated in Figure 2. The values of multiple
activity similarity and structure similarity are summarized in Table 2. See text for details.
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inhibitors had slightly lower multiple activity similarities (as com-
pared to the opioid receptors antagonists and carbonic anhydrase
inhibitors) as indicated by the mean and median values and other
statistics in Table 1. Overall, these results indicate a slightly lower
activity similarity profile for the data set of 299 compounds tested
across the norepinephrine, serotonine, and dopamine transporters.
For all target families, however, some low values of multiple activ-
ity similarity were observed (60.661) indicating the presence of
pairs of compounds with very different bioactivity profile across
the corresponding individual targets.

Figure 2 shows the consensus SmAS maps for the three data sets
(each data point represents a pairwise comparison): monoamine
transporter inhibitors with 44,551 data points (Fig. 2A); opioid
receptor antagonists with 4753 pairwise comparisons (2B); and car-
bonic anhydrase inhibitors with 4560 pairwise comparisons (2C).

Overall, the distribution of the data points is different for each
data set. For example, for the monoamine transporter inhibitors,
data points in Figure 2A are shifted, in general, towards low mean
similarity values. In contrast, most of the data points for the opioid
receptor antagonists are located towards the middle of the SmAS
map (Fig. 2B). Clearly, this is because each data set studied in this
work has different intra-molecular similarity (Table S2). The set of
monoamine transporter inhibitors considered in this study are
more diverse than the opioid receptor antagonists for example,
the mean of the mean similarities are 0.249 and 0.495, respectively
(Table S2). The carbonic anhydrase inhibitors have intermediate
diversity (mean of the mean similarities of 0.345).

The SmAS maps can be analyzed quantitatively dividing the
plots in four major quadrants using two thresholds; one for struc-
ture similarity and the second for multiple activity similarity (shal-
low and deep activity cliffs can be further differentiated by using a
second threshold for multiple activity similarity that distinguishes
cliffs with large and exceptionally large activity difference, respec-
tively).9,10,12 It is worth noting that there is not a unique criterion
to impose these thresholds. For example, the different diversity of
each data set considered in this work (vide supra) would influence
the value of the threshold to define high/low structure similarity
for each set. Likewise, the different distribution of multiple activity
similarities for each set (Table 1) will affect the criteria to define a
unique threshold for high/low activity profile similarity. In any
case, after imposing thresholds, each SmAS map can be further
characterized by employing different measures as the authors have
previously reported.9,10,12 Despite the fact there are challenges to
quantify these plots arising from the different criteria to impose



Table 3
Representative consensus multi-target scaffold hops identified in the SmAS maps

Pair DpKi T1a DpKi T2 DpKi T3 DpKi T4 mASb Radial Atom pairs MACCS piDAPH3 Mean simc

Monoamine transporter inhibitors (MT)
49_152 0.17 0.46 0.36 NAd 0.998

(0.003)
0.04 0.17 0.28 0.42 0.23

44_224 0.00 �0.51 �0.47 NA 0.998
(0.002)

0.04 0.17 0.47 0.00 0.17

44_148 0.43 �0.32 0.09 NA 0.998
(0.002)

0.07 0.18 0.47 0.00 0.18

156_197 �0.46 �0.22 �0.40 NA 0.998
(0.002)

0.06 0.14 0.37 0.00 0.14

Opioid receptor antagonists (OR)
31_54 0.12 0.00 0.17 �0.45 0.999

(0.002)
0.07 0.29 0.61 0.46 0.36

54_84 0.06 0.60 0.14 0.60 0.996
(0.006)

0.09 0.28 0.54 0.48 0.34

24_74 �0.17 0.03 �0.12 0.34 0.999
(0.002)

0.05 0.32 0.60 0.60 0.39

26_63 �0.22 �0.27 �0.07 0.11 0.999
(0.001)

0.07 0.28 0.54 0.00 0.22

Carbonic anhydrase inhibitors (CA)
27_82 0.19 0.11 �0.06 0.10 1.000

(0.000)
0.10 0.22 0.51 0.39 0.31

6_37 0.14 0.26 0.27 �0.36 0.999
(0.001)

0.05 0.06 0.51 0.36 0.25

6_59 0.12 0.20 0.30 0.33 0.999
(0.001)

0.07 0.13 0.54 0.29 0.26

59_90 �0.36 �0.02 0.24 0.26 0.999
(0.002)

0.10 0.28 0.54 0.48 0.35

Values of potency difference, multiple activity similarity and structure similarity are indicated. Mean SmALI values are in parenthesis.
a T1–T4 are the corresponding targets in each family and are defined in Table S1 of the Supplementary data.
b Multiple activity similarity.
c Mean structure similarity.
d Not applicable.
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the thresholds, the SmAS maps are very intuitive tools to navigate
through the multi-target activity landscapes which is the main fo-
cus of the next sections. Quantitative characterization of the activ-
ity landscapes is performed using the SmALI measure (vide infra).

3.2. Characterization of multi-target activity cliffs

Table 2 lists examples of consensus multi-target activity cliffs
for each target family. For each representative pair of compounds,
Table 2 lists the potency difference for all three (MT) or four targets
(OR, CA), the multiple activity similarity, the corresponding struc-
ture similarity values for the different fingerprints as well as the
mean structure similarity (see Section 2). For all pairs of com-
pounds in this table, the values of the multiple activity similarity
are low for example, lower than the corresponding L95 (lower limit
of the mean at 95% of confidence) value of the distribution of mul-
tiple activity similarities (Table 1). These low values are in agree-
ment with the large potency differences for all the corresponding
three or four targets (Table 2). In other words, small multiple activ-
ity similarity indicates different bioactivity profile across the differ-
ent targets. All pairs of compounds in Table 2 have, however, high
structure similarity values as captured by different structure repre-
sentations for example, the mean structure similarity value of each
pair of compounds is higher than the corresponding U95 value of
the distribution of the mean similarity values (Table S2). Figure
2A–C shows the position of selected multi-target activity cliffs in
the SmAS maps of each target family; pairs of compounds
52_137 and 137_194 in Figure 2A; 6_37 and 14_41 in Figure 2B;
and 47_54 and 21_47 in Figure 2C. This figure clearly shows that
all activity cliffs are located in the lower-right region of each SmAS
map (roughly in region IV of the prototype map in Fig. 1). We want
to emphasize that, for each target family, additional examples of
activity cliffs can be identified on the lower-right region of each
SmAS map in Figure 2.
Figure 3A–C shows a side-by-side comparison of the chemical
structures for selected activity cliffs of the MT (Fig. 3A), OR (3B),
and CA (3C) data sets, respectively. The bioactivity profile across
the three or four targets for each target family is also shown. For
example, the pairs of compounds 137_194 and 52_137 for the
MT target family in Figure 3A have a very different activity pro-
file across the NE, 5HT, and DA transporters with large potency
differences (more than three log units for these pairs). These po-
tency differences are well captured by the low multiple activity
similarity values (0.550 and 0.576, respectively, Table 2). How-
ever, the chemical structures of these pairs of compounds are
quite similar as clearly observed in Figure 3A. Similar conclu-
sions can be obtained for the representative multi-target activity
cliffs 14_41 and 6_37 for the OR target family (Fig. 3B), and
21_47 and 47_54 for the CA target family (Fig. 3C). Despite the
fact the chemical structures of these pairs of compounds are
quite similar, all pairs have a different activity profile across
the corresponding four tested targets namely, delta, kappa, mu,
and nociceptin receptors (Fig. 3B) and carbonic anhydrases I, II,
IX, and XII (Fig. 3C). In theses examples, the potency difference
across the four targets is more than one log unit. For the pairs
of compounds 21_47 and 47_54 (Fig. 3C) it is interesting to note
the large impact on the MACCS keys/Tanimoto similarity of the
presence/absence of the OH group (Table 2). Similar observations
have been made for other compound data sets having hydroxyl
groups.38

3.3. Multi-target scaffold hops

Scaffold hops are not commonly analyzed in activity land-
scape modeling that is frequently focused on the analysis of
activity cliffs. Despite the fact that activity cliffs provide essential
information in the SAR,1 scaffold hoping is also a useful ap-
proach in drug design to ‘jump’ in different areas of chemical



Figure 4. Representative multi-target scaffold hops identified in the SmAS maps that is, pairs of compounds with low structure similarity and similar bioactivity profile
across different targets: (A) monoamine transporters (49_152, 156_197); (B) opioid receptors (31_54, 24_74); and (C) carbonic anhydrases (27_82, 59_90). The pKi of each
compound for the three or four targets is indicated (the Ki value is in parenthesis). The position of the molecule pairs in the SmAS maps is indicated in Figure 2. The values of
multiple activity similarity and structure similarity are summarized in Table 3. See text for details.
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space.31,39 Scaffold hops are characterized by having structurally
different templates but equivalent biological activity. Scaffold
hopping is used in drug discovery and optimization for example
to avoid some undesirable ADME-tox properties; move from
complex natural products to more easily synthesizable small
molecules or for Intellectual Property (IP) reasons.39,40 Table 3
lists representative consensus multi-target scaffold hops identi-
fied in the SmAS maps for each target family. Table 3 also lists
the potency difference for all three or four targets, the multiple
activity similarity, and structure similarity values for each pair.
In contrast to multi-target activity cliffs, the values of the multi-
ple activity similarity are high for example, higher than the cor-
responding U95 value of the distribution of multiple activity
similarity values (Table 1). These high values are in agreement
with the low potency differences for all the corresponding three
or four targets, respectively (Table 3). Of note, in these examples,
the potency difference across the three or four targets is equal or
less than 0.6 log units. In other words, high values of multiple
activity similarity indicate similar bioactivity profile across the
different targets. All pairs of compounds in Table 3 have, how-
ever, low structure similarity values as indicated by different
representations for example, the mean structure similarity value
of each pair of compounds is very close or lower than the corre-
sponding the L95 value of the distribution of the mean similarity
values (Table S2). Figure 2A–C shows the position in the SmAS
maps of multi-target scaffold hops selected from Table 3; pairs
of compounds 49_152 and 156_197 in Figure 2A; 31_54 and
24_74 in Figure 2B; 27_82 and 59_90 in Figure 2C. Scaffold hops
are clearly located in the upper-left region of the maps (roughly
in region I of the prototype map in Fig. 1). It should be noted
that, overall, several data points are located in the scaffold hope
region of the SmAS maps. Similar results have been obtained for
SAS maps for single targets.9,10,12

Figure 4A–C shows a side-by-side comparison of the chemical
structures of representative scaffold hops of the MT (Fig. 4A), OR
(4B), and CA (4C) data sets, respectively. The activity profile across
the three or four corresponding targets is also shown. It is clear
from Table 3 and Figure 4A–C that pairs of compounds such as
49_152 (Fig. 4A), 31_54 (4B), and 27_82 (4C) have different chem-
ical structures. However, the activity profile is similar across the
corresponding three monoamine transporters, four opioid recep-
tors, and four carbonic anhydrases, respectively. Similar conclu-
sions can be obtained for other pairs of compounds presented in
Table 3 and Figure 4A–C.



Table 4
Representative pairs of compounds identified in smooth regions of the SmAS maps

Pair DpKi T1a DpKi T2 DpKi T3 DpKi T4 mASb Radial Atom pairs MACCS piDAPH3 Mean simc

Monoamine transporter inhibitors (MT)
68_250 �0.51 0.00 0.04 NAd 0.999

(0.013)
1.00 0.74 0.95 0.99 0.92

103_283 0.07 �0.10 0.06 NA 1.000
(0.000)

0.50 0.99 0.96 0.92 0.84

206_290 0.07 �0.06 �0.37 NA 0.999
(0.006)

0.49 0.88 0.98 0.96 0.83

60_282 0.10 0.44 �0.20 NA 0.998
(0.018)

1.00 0.73 0.95 0.87 0.89

Opioid receptor antagonists (OR)
10_13 �0.11 0.23 �0.41 0.15 0.999

(0.004)
0.47 0.74 0.90 0.79 0.73

7_10 0.05 0.18 0.00 �0.34 0.999
(0.004)

0.47 0.74 0.96 0.82 0.75

8_18 0.06 �0.07 0.12 0.02 1.000
(0.000)

0.48 0.62 0.96 0.93 0.74

48_79 0.30 �0.30 0.00 �0.10 0.999
(0.005)

0.58 0.80 0.98 0.87 0.81

Carbonic anhydrase inhibitors (CA)
12_90 0.07 �0.46 �0.15 �0.13 0.999

(0.005)
0.43 0.84 0.98 0.92 0.79

49_95 0.54 0.30 0.06 0.01 0.998
(0.006)

0.36 0.54 0.92 0.93 0.69

20_31 �0.18 0.19 0.18 0.23 0.999
(0.004)

0.33 0.88 0.97 0.83 0.75

27_33 0.06 �0.09 �0.06 �0.08 1.000
(0.000)

0.50 0.85 0.99 0.98 0.83

Values of potency difference, multiple activity similarity and structure similarity are indicated. Mean SmALI values are in parenthesis.
a T1–T4 are the corresponding targets in each family and are defined in Table S1 of the Supplementary data.
b Multiple activity similarity.
c Mean structure similarity.
d Not applicable.
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3.4. Smooth regions in the multi-target activity landscapes

Table 4 presents pairs of compounds that exemplify gently
sloped and smooth regions in the multi-target activity landscape
of each target family. The gently sloped regions are associated with
pairs of compounds with high structure similarity and similar
activity profile23,29 across the different targets. Indeed, the multiple
activity similarity of the pairs of compounds in Table 4 are high for
example, higher than the corresponding U95 value of the distribu-
tion of mAS values (Table 1). Similar to the discussion above for the
scaffold hops, high values of the multiple activity similarity are in
agreement with the low potency differences for all the correspond-
ing three or four targets, respectively (Table 4). In contrast to the
scaffold hops, all pairs of compounds in Table 4 have high structure
similarity as captured by the different 2D and 3D representations.
Figure 2A–C shows the position of selected pairs of compounds for
each target family in the smooth region of the landscape of the
SmAS maps; pairs of compounds 103_283 and 68_250 in Figure
2A; 7_10 and 10_13 in Figure 2B; 12_90 and 49_95 in Figure 2C.
These pairs are located in the upper-right region of the plot
(roughly in region II of the prototype SmAS in Fig. 1). Figure 5A–C
shows a side-by-side comparison of the chemical structures of se-
lected pairs. This figure clearly shows that pairs of compounds
such as 68_250 (Fig. 5A), 10_13 (5B), and 12_90 (5C) have very
similar chemical structures and also similar activity profile across
the three monoamine transporters, four opioid receptors, and four
carbonic anhydrases, respectively.

3.5. Multi-target activity cliffs and scaffold hops with SmALI

The SALI parameter is a metric to easily detect activity cliffs.
This index has been used to represent SARs as matrices and as
graphs (SALI networks).5 The authors recently introduced an
extension of this approach, the mean SALI value that combines
the information from different structure representations to detect
consensus activity cliffs.9,13 As a follow up of our work, herein,
we computed the mean SmALI for each of the three target fami-
lies as described in the Methods. A summary of the distribution
of the mean SmALI values for each target is presented in Table
5. The overall distribution of the SmALI values depends on each
target family. In general, the monoamine transporters had the
highest mean SmALI values as indicated by the mean and median
of the distribution (Table 5). In contrast, the opioid receptor
antagonists had the smallest mean SmALI values. These results
suggest more agreement between the SAR of the compounds
tested across the four opioid receptors, as compared to the SAR
of compounds tested across the other two target families. The
corresponding mean SmALI values for selected molecule pairs
are indicated in Tables 2–4. Multi-target activity cliffs such as
137_194, 52_137 for MT; 14_41 and 6_37 for OR; and 21_47
and 47_54 for CA, have high mean SmALI values relative to their
corresponding distribution (Table 2). Of note, these values are
higher than the corresponding U95 (upper limit of the mean at
95% of confidence) values of mean SmALI for each target family
(Table 5). Of note, multiple-target activity cliffs were also
identified for the same set of monoamine transporter inhibitors
using TAD maps.13 In sharp contrast, the mean SmALI values
for the scaffold hops in Table 3 are very low, lower than the cor-
responding L95 (lower limit of the mean at 95% of confidence)
value of the corresponding distribution of mean SmALI values
(Table 5). The low mean SmALI values for the pair of compounds
in Table 3 such as 49_152 for MT; 31_54 for OR; and 27_82 for
CA are in agreement with the scaffold hop characteristic of these
pairs.



Figure 5. Examples of pairs of compounds in smooth regions of the SmAS maps that is, pairs of compounds with high structure similarity and similar bioactivity profile across
different targets: (A) monoamine transporters (68_250, 103_283); (B) opioid receptors (10_13, 7_10); and (C) carbonic anhydrases (12_90, 49_95). The pKi of each compound
for the three or four targets is indicated (the Ki value is in parenthesis). The position of the molecule pairs in the SmAS maps is indicated in Figure 2. The values of multiple
activity similarity and structure similarity are summarized in Table 4. See text for details.

Table 5
Distribution of mean SmALI values for each data set

Set Max Q3a Median Q1b Min U95c Mean L95c STD

MT 1.113 0.204 0.079 0.037 0 0.155 0.154 0.152 0.172
OR 0.407 0.084 0.038 0.018 0 0.063 0.061 0.059 0.062
CA 1.146 0.146 0.070 0.028 0 0.102 0.099 0.097 0.094

a Third quartile.
b First quartile.
c 95% Confidence of the mean Upper (U95) and Lower (L95) limits.
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4. Conclusions

We present the Structure multiple Activity Similarity (SmAS)
map and Structure multiple Activity Landscape Index (SmALI)
as general approaches for the systematic description of the SAR
of compound data sets with bioactivity data against multiple tar-
gets. Both approaches describe the SAR in a pairwise manner
and are extensions of the SAS Maps and SALI measure initially
proposed for single targets. The SmAS maps and SmALI metric
are based on the multiple activity similarity measure which cap-
tures with a single number, the similarity of the bioactivity pro-
file of a pair of compounds screened across two or more targets.
In order to illustrate the use of SmAS maps and the SmALI met-
ric, we applied these approaches to explore the activity land-
scapes of benchmark sets of compounds tested with three
different target families namely, 299 compounds tested across
three monoamine transporters; 98 compounds tested across four
opioid receptors and 96 compounds tested across four carbonic
anhydrases. In order to reduce the dependence of the activity
landscape with molecular representation, an aggregated similar-
ity measure was employed by combining the similarity values of
four different 2D and 3D fingerprints. Of note, the SmAS maps
and the SmALI metric can be applied with any representation
(or set of selected representations) or protocol to aggregate sim-
ilarity measures.

For the three sets of compounds, multi-target activity cliffs,
scaffold hops as well as pairs of compounds in continuous regions
of the multi-target activity landscape were easily identified in the
SmAS maps. Consensus activity cliffs were quantitatively charac-
terized using the mean SmALI metric that captures information
from several different 2D and 3D representations. The consensus
SmAS maps and mean SmALI metric presented in this work are
useful and complementary tools to quantify and navigate through
multi-target activity landscapes. The predictive capabilities of cur-
rent and/or novel approaches used in activity landscape modeling
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to anticipate the SAR of new molecules in a prospective manner is a
major perspective of this work.
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