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ABSTRACT
Motivation: In the present work we combine computational analysis
and experimental data to explore the extent to which binding site similarities between members of the human cytosolic sulfotransferase family correlate with small-molecule binding profiles. Conversely, from
a small-molecule point of view, we explore the extent to which structural
similarities between small molecules correlate to protein binding
profiles.
Results: The comparison of binding site structural similarities and
small-molecule binding profiles shows that proteins with similar
small-molecule binding profiles tend to have a higher degree of
binding site similarity but the latter is not sufficient to predict smallmolecule binding patterns, highlighting the difficulty of predicting
small-molecule binding patterns from sequence or structure. Likewise, from a small-molecule perspective, small molecules with
similar protein binding profiles tend to be topologically similar but topological similarity is not sufficient to predict their protein binding patterns.
These observations have important consequences for function prediction and drug design.
Contact: rafael.najmanovich@ebi.ac.uk
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INTRODUCTION

A large fraction of cellular and biochemical processes involve the
interaction between proteins (particularly enzymes) and small
molecules (molecules other than nucleic acids and polypeptides).
At a molecular level, these interactions are determined by the interplay of many factors including entropic effects and various molecular forces between interacting groups present in the protein and
small molecule (Israelachvili, 1992; Leckband and Israelachvili,
2001). The term molecular recognition is used here as an amalgam
of all these factors.
A detailed analysis of the enthalpic and entropic effects involved
in molecular recognition requires extensive molecular dynamics
simulations using more realistic force fields than those presently
available (Becker et al., 2001). In their absence, the analysis of
similarities can improve our understanding of molecular recognition
by highlighting those structural elements that have the largest effect
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on the interactions between small molecules and proteins, thus
providing a focal point for more detailed studies.
The extent to which similarities between non-homologous
proteins, in terms of their overall sequence and structure, are related
to similarities between their cognate ligands (substrates as well as
cofactors) has been studied recently (Mitchell, 2001; Nobeli et al.,
2005). Nobeli et al. (2005) report that a correlation between protein
and ligand similarity can only be clearly established for very similar
proteins. However, from an evolutionary point of view, while a pair
of protein sequences might have diverged enough to be classified as
non-homologous, the conservation of similarity between their
cognate ligands constitutes evidence of homology between them.
A growing body of experimental evidence (Copley, 2003;
O’Brien and Herschlag, 1999; Shears, 2004) suggests that catalytic
promiscuity is integral to the function of various proteins. In recent
years, the notion of binding promiscuity has also received support
from computational docking studies (Koehler and Villar, 2000;
Macchiarulo et al., 2004) where it has been observed that the
complex formed between a given protein and its cognate ligand
rarely is the most stable.
We use experimental data on the thermostability effect due to the
binding of a small molecule to a protein as a measure of the strength
of binding between the small molecule and the protein. The same
data can be seen as (1) a set of small-molecule binding profiles to the
proteins studied and (2) a set of protein binding profiles for each
small molecule. In principle, unlike Nobeli et al. (2005), the set of
ligands is not connected evolutionarily to any particular protein.
Consequently, the binding patterns observed are not the result of any
evolutionary optimization process.
The analysis of similarities in small-molecule binding profiles
between members of a given family offers the possibility of
comparing binding site similarities to small-molecule binding
profile similarities within the evolutionary framework (i.e. overall
sequence evolution) of the given family. Likewise, the comparison
of small-molecule topological similarities and protein binding
profiles can shed light in the relationship between structural similarity and molecular recognition from the point of view of small
molecules.
The family of human cytosolic sulfotransferases (SULT) is
involved in drug metabolism, detoxification and hormone regulation. The enzymatic reaction involves the transfer of a sulfuryl
group from a donor molecule to a hydroxyl group in the acceptor
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ligands was used to restrict the size of the Surfnet cleft or to define residues
as being part of the binding site.

Table 1. Protein structures used in this study
Namea

1A1
1A3
1B1
1C1
1C2
2A1
4A1

PDB codeb

1ls6Ae
2a3rAe
1xv1Af
1zheAf
2ad1Af
1efhAe
1zd1Bf

Cleft
Sizec
1.90
2.60
2.10
2.22
2.00
2.40
2.24

194
177
181
168
67
275
106

(51)
(49)
(51)
(43)
(21)
(72)
(32)

Ligandsd
A3P, pNT
A3P, LPD
A3P
PAP
—
A3P
Unknowng

2.2

LTSseq ¼

a

The names of SULTs follow a scheme related to their pairwise sequence identity.
b
Three-letter PDB codes are followed by the one-letter chain code of the subunit used in
the study followed by the resolution in Ångstrons.
c
Number of atoms in cleft (number of residues contributing atoms to the cleft).
d
Relevant ligands present in the binding site. A3P (adenosine-30 ,50 -diphosphate), pNT
(p-nitrophenol), LDP (L-dopamine), PCQ (3,5,30 ,50 -tetrachloro-biphenyl-4,40 -diol),
NHE (N-cyclohexyltaurine), PLO (pregnenolone) and PAP (30 -phosphate-adenosine50 -diphosphate).
e
1ls6: (Gamage et al., 2003), 2a3r (Lu et al., 2005) and 1efh (Pedersen et al., 2000).
f
Structures purified and solved by the Structural Genomics Consortium (SGC), to be
published.
g
The crystal contains an unknown Escherichia coli metabolite sequestered during
expression.

molecule. In general the sulfuryl donor is 30 -phosphoadenosine50 -phosphosulfate (PAPS). Substrate promiscuity is integral to
the function of SULTs, particularly in detoxification and drug metabolism where the addition of the sulfuryl group increases the water
solubility of the substrate thus facilitating its excretion. SULTs
belong to the Rossmann fold group of proteins within the a/b
class composed of a five-strand b-sheet flanked by a series of
a-helices. The cofactor and substrate binding site lie on one side
of the b-sheet with several loops forming a binding site ‘trapdoor’
that interacts with both cofactor and substrate. Trapdoor loop
residues have been shown to be responsible for substrate specificity
(Coughtrie, 2002). Various residues in the sheet interact with the
substrate and some are essential for catalytic activity (Chapman
et al., 2004; Glatt and Meinl, 2004).

2

METHODS

In the present study, we analyze a subset of selected members of the human
cytosolic sulfotransferase family. Table 1 gives some information about the
structures used.

2.1

Detection of clefts

Clefts are detected using the Surfnet algorithm (Laskowski, 1995). In short,
a cleft is composed of a set of overlapping spheres. Each sphere is defined by
a pair of atoms in the protein such that the radius of the sphere, placed at the
mid-point of the line segment connecting the two atoms, lies between an
upper and a lower bound radii threshold values without overlapping the van
der Waals radius sphere of any protein atom. We use values of 1.5 and 4.0 s
for the lower and upper bound thresholds, respectively. In what follows,
a cleft is defined as the atoms used to create the cleft spheres as well as their
respective residue’s Ca atom. The Surfnet algorithm defines many clefts of
varying sizes for a given protein. While in general it might be difficult to
detect the biologically relevant cleft (i.e. the cleft encompassing the binding
site) (Glaser et al., 2006), in the cases analyzed in the present work, the
biologically relevant cleft is known in advance. No information from bound

Binding site sequence similarity

We created a multiple sequence alignment of the sequences of the proteins
used in this study using HMMer (Eddy, 1998) and the pfam (Bateman et al.,
2004) Sulfotransferase_1 (PF00685.15) hidden Markov model. Sequence
similarity is measured using the Tanimoto coefficient (Gasteiger and
Engel, 2003). The residues defining the cleft are mapped onto the sequence alignment and used to define a local Tanimoto score of sequence
identity (LTSseq):
N comm
‚
N Total  N comm

ð1Þ

where Ncomm represents the number of columns in the alignment where both
sequences under comparison contain cleft residues of the same type and
NTotal represents the sum of the total number of cleft residues in both proteins. The use of LTSseq is a natural choice, since there is no straightforward
way to define a sequence overlap to be used as normalization factor when
comparing binding site residues, as these can be spread widely in the primary
sequences of the proteins under comparison. For global sequence comparison, a global Tanimoto score of sequence identity (GTSseq) is defined using
all columns in the alignment (except those containing gaps for both
sequences).

2.3

Binding site structural similarity

Given the sets of atoms defining the clefts under comparison, the question
that needs to be answered is what is the largest subset of atoms in both clefts
in direct correspondence with each other geometrically as well as chemically. This is a combinatorial optimization problem where, in principle, each
possible set of atom correspondences might be a solution and the largest such
set is the global solution. Graph theory offers a means to solve this problem
via the detection of the maximal (largest) clique in an association graph.
Further details on graph theory can be found elsewhere (Gross and Yellen,
2004). In the present work, we use the standard algorithm of Bron and
Kerbosh (1973) for the detection of cliques.
Depending on the number of atoms being compared, the size of the
association graph might make it practically unfeasible to detect the largest
clique when considering all non-hydrogen binding site atoms. In order to
overcome this difficulty we perform the graph matching in two stages.
In the first stage, an initial superimposition is performed via the detection
of the largest clique in an association graph constructed using only Ca atoms
of identical residues in the two clefts. A maximum distance difference of
2.0 s is used to create edges in the association graph, imposing an upper
bound of the same magnitude in the coordinates root mean square distance
(RMSD) of corresponding Ca atoms.
Once the largest Ca clique is obtained its transformation matrix and
translation vector are used to superimpose all atoms in the two clefts
using the least square method of Arun et al. (1987) based on the singular
value decomposition of the coordinates variance-covariance matrix.
In the second graph matching stage, all non-hydrogen atoms are used.
Association graph nodes are created with the requirement that two atoms,
one from each cleft, be of the same atom type as well as that their spatial
distance be within 1.5 s. This spatial distance constraint is used to decrease
the size of the association graph and is the reason why the initial superimposition is performed. In the present work, we use eight atoms type classes
(Sobolev et al., 1996, 1999) comprising the following classes: hydrophilic,
acceptor, donor, hydrophobic, aromatic, neutral, neutral-donor and neutralacceptor. Similar to the first stage, a maximum distance difference in defining association graph edges is used. This second threshold is set to 1.5 s and
again defines an upper bound of that magnitude in the RMSD between
corresponding non-hydrogen cleft atoms.
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Table 2. Aggregation temperature difference values, DTagg ( C)
Small moleculea

01. DBHDc
02. DBHMd
03. Pyridoxal 5-phosphate
04. Resveratrol
05. AMPPNP
06. PAP
07. Quercetin dihydrate
08. R-(-)-Apomorphine
09. 4-Aminophenol
10. p-Cresol
11. (±)-Epinephrine
12. Isoprenaline
13. (-)-Nor epinephrine
14. 2-Hydroxy estradiol
15. Penta-chlorophenol
16. Lithocholic acid
17. Dehydroiso andro-steron 3-sulfate
Totalf

Proteinb
1C1

1C2

1B1

4A1

1A1

1A3

2A1

Se

10.8
9.3
8.7
6.6
4.5
4.5
NT
0
0
0
0
0
0
0
0
0
0
6

0
0
4.5
0
5.2
6.4
4.6
0
0
0
0
0
0
0
0
0
0
4

11.4
7.4
5.4
8.6
4.5
7.8
8.4
12.6
3.3
0
4.6
5
4.5
0
3.7
0
0
13

6
3
6
NT
0
0
10
NT
0
7
16
NT
2
NT
0
0
0
7

5.4
3.6
4.3
0
4.4
6.7
6.5
0
0
0
0
0
0
0
0
0
0
6

3.5
0
6.6
0
5.6
6.6
NT
0
0
0
0
0
0
0
0
0
0
4

8.4
4.9
9
3.8
3.4
7.4
9.1
0
0
0
0
0
0
3
0
4.4
2.8
10

6
5
7
3
6
6
5
1
1
1
2
1
2
1
1
1
1

a

Each molecule is referred in the text according by its numeric code. For example, H_01 refers to DBHD.
Larger DTagg values correspond to increased thermostability. NT: No Tagg observed, possible due to the Tagg in the presence of the molecule being beyond the measurement capability of
the instrument.
c
DBHD: (3,5-dibromo-4-hydroxy-benzoic acid (6,8-chloro-4-oxo-4H-chromen-3-ylmethylene)-hydrazide).
d
DBHM: (3,5-dibromo-4-hydroxy-benzoic acid (6-chloro-4-oxo-4H-chromen-3-ylmethylene)-hydrazide).
e
Number of different proteins binding a given small molecule (ignoring NT values).
f
Number of different small molecules binding a given protein (ignoring NT values).
b

We define a Local Tanimoto Score of structural similarity (LTS3D) to
measure local structural similarity is as follows:
LTS3D ¼

V num
‚
N Total  V num

ð2Þ

where Vnum represents the size of the largest clique (number of similar atoms
in either first or second stage) and NTotal is the sum of the total number of
atoms in each cleft being compared. The same measure is used to calculate
local structural similarity considering only Ca atoms (LTS3D-Ca) or all
non-hydrogen atoms (LTS3D-all). The normalization NTotal describes the
total number of Ca atoms or the total number of non-hydrogen atoms in
both clefts, respectively.

2.4

Small-molecule structural similarity

The similarity between small molecules was calculated as a Tanimoto
coefficient using topological hashed fingerprints with linear paths of six
bonds using ChemAxon’s Jchem package (http://www.chemaxon.com).

2.5

Small-molecule binding profiles

A focused small-molecule library comprising 90 compounds including
known substrates, products, inhibitors and other molecules with a high
degree of similarity to the above was screened as to their effect in increasing
the thermostability of each of the proteins tested. The assays were performed
using the StarGazer technology. This apparatus measures protein aggregation via light scattering as a function of temperature within the 27–80 C
range. For a given protein, an aggregation temperature (Tagg) can be extrapolated from the observed inflection point in a curve fitted onto the measured
light scattering intensities. Aggregation temperatures are related to the
melting temperature (Tm) of the protein and thus serve as a measure of
the thermostability of the protein. A shift is observed in Tagg in the presence
of saturating concentrations of a small molecule proportional to the ligand
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binding equilibrium constant due to the coupling of the protein denaturation
reaction and the ligand binding equilibria (Shrake and Ross, 1990, 1992). In
total, 17 molecules provide an increased thermostability effect (DTagg > 2 C)
to any of the proteins tested (Table 2).
Members of the SULT family vary considerably in the number of ligands
they bind (from 4 to 13). Likewise, the number of proteins that bind a given
small molecule in the set also varies (1–7). An expanded and more in-depth
description of the experimental work, including that involved in the purification and structural determination of various SULTs used here will be
published elsewhere.

2.6

Clustering quality

The cophenetic matrix is a matrix where each element Hij describes the
height at which clustering subjects (i,j) are first merged together. The correlation coefficient between the cophenetic matrix and the dissimilarity
matrix used to create the dendrogram, r, is a measure of the extent to
which the dendrogram reflects the structure within the data (Everitt,
2001). This correlation value is used to select the clustering algorithm
that produces the dendrogram that best describes the structure within
data. All dendrograms in the present work were created (using the above
criteria) with the average linkage method.

3
3.1

RESULTS
Binding site sequence versus structure

Given that the normalization factors NTotal used in Equations (1) and
(2) (for LTS3D-Ca) are identical, whenever LTSseq and LTS3D-Ca are
equal for a given pair of clefts, all identical binding site residues in
the aligned sequences are found via structural comparison. In
Figure 1 we show a plot of LTSseq against LTS3D-Ca where each
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Table 3. Correlation coefficients between SULT similarity measures

GTSseq
LTSseq
LTS3D-Ca
LTS3D-All

LTSseq

LTS3D-Ca

LTS3D-All

SmBP

0.829

0.826
0.992

0.710
0.938
0.966

0.570
0.386
0.406
0.334

Fig. 1. Local sequence similarity (LTSseq) against local Ca structural
similarity (LTS3DCa).

Fig. 3. Overall sequence compared with binding site sequence and structural
similarity. Top and left dendrograms represent overall sequence identity
(GTSseq, r ¼ 0.997), the upper half matrix (above diagonal elements) heatmap
represents binding site structural similarities (LTS3D-All) and the lower half
matrix (below diagonal elements) represents binding site sequence similarity
(LTSseq).
Fig. 2. Comparison of dendrogram of the SULT proteins based on binding
site similarities. (a) Binding site sequence similarities (LTSseq), r ¼ 0.977.
(b) Binding site all-atom structural similarities (LTS3D-All), r ¼ 0.992.

point represents one pairwise comparison. In this respect, it is
important to note that the use of a carefully curated hidden Markov
model to align the sequences is far more stringent than the use of
pairwise sequence alignment methods, thus adding more significance to the success in locating equivalent residues through the
pairwise structural comparison. The observations that do not fall
on the diagonal involve primarily SULT4A1 and are due to local
backbone movements (loop movements).
Figure 2 shows the dendrograms of the clustering of the SULT
proteins in terms of their binding site sequence similarity (LTSseq)
or all-atom binding site structural similarity (LTS3D-All). The
dendrograms are very similar but that of LTS3D-All better represents
the structure within the data ( r ¼ 0.992) than LTSseq ( r ¼ 0.977).
Table 3 contains a summary of the correlation between the various
similarity measures of members of the SULT protein family.

Another question that can be inspected through the analysis of
LTSseq and LTS3D-All is that of the evolution of the binding site
vis-à-vis that of the overall sequence within the family. In Figure 3
we present a clustering of the SULT protein sequences according to
their pairwise global sequence similarity coefficients (GTSseq).
The same plot shows the pairwise LTSseq similarity coefficients in
the lower half matrix (below diagonal elements) as a heatmap. The
correlation between GTSseq and LTSseq or LTS3D-All is 0.829 and
0.710, respectively (Table 3), suggesting that binding site similarities are not well represented by overall sequence relationships. The
average values of GTSseq, LTSseq and LTS3D-All are 0.30, 0.24 and
0.21, respectively, showing that binding site sequences are less
conserved than overall protein sequences within the SULT family
as binding site diversity brings about the diversity required for the
specific function of the various members of the family.

3.2

All-atom comparisons and the effect flexibility

Side chain and backbone movements can have a strong influence on
the atomic correspondences found through structural comparisons.
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While a more relaxed choice of parameters used for the structural
comparison can somehow account for the effects of flexibility,
a balance must be struck between the increased computational
resources required (time and memory) to solve the graph matching
problem and the actual resources available.
The comparison of specific LTS3D-All and LTSseq values
(symmetric elements with respect to the diagonal in Fig. 3) does
not show a clear tendency; in some cases, LTS3D-All is larger, in
others, it is smaller. One major difference between LTS3D-All and
LTSseq is seen in the pairwise comparisons involving SULT4A1,
where LTS3D-All values are much smaller than LTSseq. The reason
for this difference can be rationalized by the fact that the majority of
the comparisons involving SULT4A1 shows large values of LTSseqLTS3D-Ca (data not shown), thus suggesting that the lower structural
similarities between SULT4A1 and the rest of the dataset are due to
the effects of backbone flexibility.
Furthermore, inspection of Figure 3 reveals that SULT2A1 is
more similar in terms of binding site sequence and structure to
the members of the SULT1 subfamily studied here (1A1, 1A3,
1C1, 1C2 and 1B1) than its classification in terms of overall
sequence would suggest. This observation is still valid when all
members of the SULT1 and SULT2 subfamilies are included in the
analysis (data not shown).

3.3

Binding site structural similarities vis-à-vis
small-molecule binding profiles

In the present analysis we make the necessary assumption that the
thermostability effects observed experimentally (Table 2) are due to
the interaction of the small molecules with the binding site and not
other sites on the surface of the protein or regions that only become
available as partially folded protein states become populated as
a function of temperature.
The set of 17 small-molecule DTagg values for a given protein can
be thought of as a combined measurement of the effect that particular qualities of the protein’s binding site has in its interactions
with the set of small molecules. It is therefore interesting to compare
the dendrogram obtained from the clustering of these DTagg
small-molecule binding profiles (SmBP, columns in Table 2) to
the binding site sequence and structural similarities. Ideally, one
would like to compare experimental and calculated DG values but
neither are available.
In Figure 4 we present a dendrogram based on SmBP similarities
and compare it with a heatmap matrix where the upper half of the
matrix (above diagonal elements) represents binding site structural
similarities (LTS3D-All) and the lower half of the matrix (below
diagonal elements) represents binding site sequence similarities
(LTSseq). The correlation coefficients between the SmBP distance
matrix and LTSseq or LTS3D-All are 0.386 and 0.334, respectively.
Proteins with very similar small-molecule binding profiles show
high levels of binding site similarity (1A3-1C2). It is interesting
to note that while 1B1 shows a high degree of binding site similarity
to both 1A3 and 1C2, its small-molecule binding profile is quite
different from that of 1A3 and 1C2, pointing to the possibility that
minor binding site differences may actually have a major impact in
its interaction with different ligands. Furthermore, the smallmolecule binding profile of 2A1 supports the observation made
in the previous section that 2A1 is more similar to the SULT1
subfamily than its global sequence similarity would suggest.
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Fig. 4. Small-molecule binding profiles (top and left dendrograms,
r ¼ 0.967) compared with binding site sequence similarity (below diagonal
matrix elements) and binding site structural similarity (above diagonal matrix
elements).

3.4

Small-molecule structural similarities vis-à-vis
protein binding profiles

The same DTagg values presented in Table 2 can be analyzed from
a small-molecule perspective. That is, for a given ligand one can
utilize its pattern of binding to the set of proteins as a combined
measure of the effect that particular characteristics of the small
molecule affect its interactions with the set of proteins. Such protein
binding profiles (PBP, rows in Table 2) can be used to cluster the set
of small molecules to compare the resulting dendrogram to the
matrix of pairwise ligand topological fingerprint (TFP) similarities
(Fig. 5).
From a small-molecule point of view, it is again difficult to
rationalize the binding profiles in terms of small-molecule structural
similarities (0.253 correlation). Several but not all small molecules
with similar binding profiles tend to show high degree of structural
similarity.

4

CONCLUSIONS

The method for the detection of local structural similarities and the
Tanimoto coefficients of sequence and structural similarity developed here are able in conjunction to detect binding site sequence and
structural similarities between members of the human cytosolic
sulfotransferase family.
Binding site sequence and structural comparisons uncovered
similarities between 2A1 and members of the SULT1 subfamily
not seen through overall sequence comparisons.
Proteins with similar small-molecule binding profiles show binding site sequence and structural similarities but the opposite is not
true, namely, binding site similarity is not sufficient to predict the
pattern of binding of different ligands to the given protein. From
a computational point of view, this fact suggests that the accurate
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