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Super-Secondary structure elements (super-SSEs) are the structurally conserved ensembles of secondary structure elements (SSEs) within a protein. They are of great biological
interest. In this work, we present a method to formally represent and mine the sequence
order independent super-SSE motifs that occur repeatedly in large data sets of protein
structures. We represent a protein structure as a graph, and mine the common cliques
from a set of protein graphs in order to ﬁnd the motifs. We mine two categories of superSSE motifs: the generic motifs that occur frequently across the entire database of protein
structures, and the fold-preferential motifs that are concentrated in particular protein
fold types. From the experimental data set of 600 proteins belonging to 15 large SCOP
Folds, we have discovered 21 generic motifs and 75 fold-preferential motifs that are both
statistically signiﬁcant and biologically relevant. A number of the discovered motifs (both
generic and fold-preferential) resemble the well-known super-SSE motifs in the literature
such as beta hairpins, Greek keys, zinc ﬁngers, etc. Some of the discovered motifs are of
novel shapes that have not been documented yet. Our method is time-eﬃcient where it
can discover all the motifs across the 600 proteins in less than 14 minutes on a standalone PC. The discovered motifs are reported in our project webpage:
http://www1.i2r.a-star.edu.sg/∼azeyar/SuperSSE/
Keywords: 3D Protein Structure, Super-secondary Structure, Structural Motifs Mining.

1. Introduction
Proteins are the workhorses in the cells of living organisms. A protein is made up of
a sequence of amino acid (AA) residues which folds into a particular 3-dimensional
(3D) structure by the various forces of nature. A 3D protein structure consists of
frequent and structurally conserved elements called secondary structure elements
(SSEs). Alpha helices and beta strands are the two common types of SSEs. There
are in turn some ensembles of SSEs that are frequent and structurally conserved.
They usually serve as the structural and/or functional units within a protein, and
are called super-secondary structure elements (super-SSEs) [4].
Biologists are very interested in super-SSEs because they are usually associated
with basic structural conﬁgurations and/or basic biological functions of the proteins.
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Some of the well-known super-SSE types are helix-loop-helix, beta ribbon, beta
hairpin, beta-alpha-beta, zinc ﬁnger, EF hand, Greek key, etc. Researchers have
studied super-SSEs extensively for more than three decades [12, 21, 23–26].
A super-SSE motif is a particular type of structurally similar super-SSEs that
occur frequently across a given set of protein structures. In this paper, we propose
a method to (1) formally represent the sequence order independent (sequentially
disconnected) super-SSEs with respect to their structural conformations, and (2)
mine the motifs of those super-SSEs in a given set (either the entire database or a
particular fold type) of protein structures.
Conventionally, a super-SSE is deﬁned as a set of sequentially connected (i.e.
sequence order preserved) SSEs that are neighbored to each other in 3D space.
However, there exists a number of biologically signiﬁcant structural motifs being
composed of SSEs that are spatially proximate yet sequentially not connected [5, 9,
25]. Such a motif can be termed a sequence order independent motif.
In this work, we generalize the deﬁnition of a super-SSE by relaxing the sequence
order constraint with a view to covering the sequence order independent motifs. For
example, while the conventional deﬁnition covers only the sequence order preserved
motif A–B–C as shown in Fig. 1(a), our deﬁnition can also deal with the sequence
order independent motif A’–B’–C’ as shown in Fig. 1(b).

Fig. 1. (a) A conventional (sequence order
preserved) beta-alpha-alpha super-SSE. (b) A
sequence order independent super-SSE with the
same spatial conﬁguration.

Fig. 2. Two beta-alpha-alpha super-SSEs
with diﬀerent structural conﬁgurations.

In our proposed method, we represent a protein structure as a labeled graph with
each node being an SSE, and each edge being the relationship between two close
enough SSEs. A clique (a fully connected sub-graph) within a graph corresponds to
a super-SSE. We develop an algorithm to mine the frequent clique types (super-SSE
motifs) in a given protein structure data set. From a experimental data set of 600
proteins, we can discover a number of generic and fold-preferential motifs that are
both statistically signiﬁcant and biologically relevant within a short time.
2. Motivations
2.1. Need for a Formal Representation Scheme
Traditionally, super-SSEs (both sequence order preserved and sequence order independent) are described less formally with the names such as helix-loop-helix, alpha-
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beta-alpha, etc. Using this verbal description, we have only a very limited ability
to identify and quantify the super-SSEs systematically. For example, we may be
able to distinguish a beta-alpha-alpha from an alpha-beta-beta. But we may not
be able to diﬀerentiate between two beta-alpha-alpha super-SSEs having diﬀerent
structural conﬁgurations as shown in Fig. 2. The ability to distinguish or classify
such kinds of SSEs into diﬀerent types is highly desirable for the biologists, since it
will enable them to study super-SSEs in a more subtle manner [12].
Some methods such as [12, 24] try to identify the diﬀerent types of super-SSEs
by characterizing the loops between the constituent SSEs of a super-SSE. But, this
approach is also limited because it requires the sequence order constraint, and its
applicability is conﬁned to the super-SSEs with only two elements.
Thus, there is a need for a formal representation scheme which enables the
identiﬁcation and quantitative manipulation (comparison, clustering, etc.) of superSSEs in a more general manner (i.e. applicable to all kinds of super-SSEs regardless
of their sequence order and the number of SSEs they contain). In this work, we
try to address this formalization issue by representing proteins and super-SSEs as
labeled graphs and labeled cliques respectively.
2.2. Need for a Large-Scale Motif Mining Method
Structural motif mining is an active area of research in structural bioinformatics.
Diﬀerent methods use diﬀerent description of structural motifs, and try to mine the
frequent motifs from a set of protein structures. Trilogy [3] explores the sequence–
structure motifs made up of AA residue triplets; SPratt2 [17] mines the conserved
residues within a ﬁxed-size bounding sphere; MotifMiner [6] mines the frequent
atom-sets; and Huan et al. [15, 16] mines the frequent sub-graphs/cliques of AA
residues, etc.
In this study, we will focus on the discovery of structural motifs in terms of the
super-SSEs. A number of methods, such as Koch et al. [19], MASS [9], PROTEP [1],
and Szustakowski et al. [25], have been proposed to detect both sequence order
preserved and sequence order independent super-SSE motifs. All of these methods
adopt the comparison-based motif discovery approach [11] in which each method
employs one of the many multiple structural alignment algorithms to generate the
motifs. Unfortunately, such a comparison-based approach is only suitable for the
discovery of motifs from small data sets with just tens of protein structures. In
terms of its scalability, it is not suited for motif discovery from larger data sets with
hundreds or thousands of proteins for the following reasons.
• Usually, a motif does not occur in all proteins in the data set, but only in
a subset of it. Since we do not know a priori the motifs nor the subsets
of proteins in which these motifs occur, we need to explore all the possible
combinations of proteins in the data set. In order to retrieve the complete
set of motifs from a given set of N proteins, a naive approach will take an
exponential time, whist an intelligent approach, such as the one described
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in Koch et al. [19], will still take an O(N 3 ) time.
• If a greedy strategy is adopted to reduce the time cost, some pivot proteins
can be selected to serve as seeds for multiple alignments. But, this cannot
always guarantee a complete answer in the event where a motif does not
occur in any of the selected pivots.
• Although a single run of an expensive comparison-based motif discovery
algorithm (which may take several days to several weeks) may still be affordable, one will need multiple runs of the algorithm with diﬀerent sets of
parameters in order to secure the desired results. Such multiple runs are
prohibitively expensive to be carried out in reality.
With a view to overcoming the abovementioned problems, we adopt the patternmining approach — also known as the pattern-driven approach [11] — for the
large-scale discovery of super-SSE motifs. The pattern-mining strategy has been
used for discovering sequence, structure, and sequence–structure motifs of various
kinds [3, 6, 15–17]. However, to our best knowledge, it has not been used for the
discovery of super-SSE motifs before.
Since we represent a protein structure as a graph, we need to apply pattern
mining algorithms for graphs so as to discover our desired super-SSE motifs from
the graphs. This has been technically infeasible until the recent emergence of the
algorithms for the large-scale mining of graph databases for sub-graphs [28], quasicliques [22], and cliques [27].
In this work, we utilize one of these latest technologies, namely CLAN [27], to
mine the frequent cliques representing the super-SSE motifs. CLAN is known to
be a complete clique mining algorithm where it enumerates all the frequent closed
cliques from a given database of graphs. It is also an eﬃcient tool that can manage
large graph databases with fast response times.
Recently, Huan et al. [15, 16] has used graph representation and mining to ﬁnd
the motifs of AA residue nodes. However, it should be noted that their objective is
substantially diﬀerent from ours in which they try to mine the small residue-based
packing motifs rather than the relatively large super-SSE motifs as in our case.
3. Methods
3.1. Formal Representation Of Super-SSE Motifs
In this section we will describe how we formalize the representation of a protein and
that of a super-SSE motif.
3.1.1. SSE as a Vector
We use the STRIDE algorithm [13] to identify the SSEs in protein structures. Since
SSEs are relatively straight in structure, we can approximate each SSE with a vector
(line segment) in 3D space [9, 21]. Fig. 3(b) shows the vector representation of SSEs.
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3.1.2. Protein Structure as a Graph
We present a protein structure as a graph with its nodes being the SSE vectors,
and edges being the relationships between these SSE vectors. Graph representation
of protein structures has also been used previously in a number of protein structure
comparison and analysis methods [1, 19, 21].
For a protein with n number of SSEs, we have a graph of n nodes. A pair of
nodes in the graph is connected by an edge if the distance of closest approach [31]
between the corresponding SSE vector pair is less than the distance threshold dt.
The constituent SSEs in a super-SSE must be close enough to each other, i.e. less
than dt, in order to act eﬀectively as a structural/functional unit. Since we do not
put an edge between any pair of nodes whose SSE vectors are farther than dt, those
two SSEs can never become parts of a single super-SSE. We use dt = 16Å as the
default value. The graph representation of a protein structure is depicted in Fig. 4.
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Fig. 3. (a) Original SSEs (b) Vector representation of SSEs and (c) Various types of relationships between SSEs.

Fig. 4. Graph representation of a protein
structure with 5 SSEs. A dotted line denotes
a non-existing edge between two node because
their SSEs are farther than the distance threshold dt.

Labels are assigned to all nodes and edges. Each node label corresponds to the
attributes of the SSE it represents. We use two attributes: (1) type (alpha-helix
or beta-strand) and (2) length (in terms of the number of AAs) of the SSE for a
node label. Each edge label corresponds to the attributes of the relationship of the
two SSEs it connects. We use four attributes: (1) acute angle, (2) nearest vertexpair distance, (3) other vertex-pair distance, and (4) midpoint-midpoint distance
between the two SSE vectors for an edge label. Fig. 3(c) demonstrates the four edge
label attributes. Our graph representation scheme is sequence order independent in
that the node and the edge labels do not carry any information regarding sequence
positions or sequential connectivity of the SSEs.
For each label (either for node or edge), we quantize each attribute, concatenate
the binary values for all attributes, and convert the concatenated bit string into a
single integer value. The number of bins for each attribute is empirically determined.
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3.1.3. Super-SSE Motif as a Clique
In a graph for a protein structure as described above, each clique (a sub-graph
where every node is connected by an edge with every other node) can be viewed
as a super-SSE. According to our deﬁnition, every constituent SSE within a superSSE must be close enough (i.e. connected by an edge) to every other constituent
SSE. Thus, any other kind of non-clique induced sub-graph does not qualify as a
super-SSE.
Two given cliques (representing two super-SSEs) can be considered as structurally similar and thus belonging to the same type if they are isomorphic, i.e. all of
their corresponding node and edge labels are matched. (Partially-matched cliques
are not guaranteed to similar to each other despite their matching portions.) If the
instances of a particular super-SSE type occurs frequently in a given set of protein,
this super-SSE type can be deﬁned as a motif.

3.2. Mining Super-SSE Motifs
A frequent clique is a clique that occurs in at least st graphs in a given set of
protein structure graphs, where st is a user-deﬁned support threshold. A frequent
clique corresponds to a super-SSE motif.
We ﬁnd the frequent cliques from the given set of graphs using a general-purpose
frequent clique mining algorithm called CLAN [27]. CLAN reports the frequent
cliques only in terms of their node labels. (Hereafter, we will name such a clique as
a node-frequent clique.) In other words, the set of node-frequent cliques reported by
CLAN is a superset of the set of actual frequent cliques with both their node and
edge labels taken into account.
Thus, we have to test whether a clique reported by CLAN is actually frequent or
not. Since CLAN reports only the node labels of the node-frequent cliques and their
respective support values, we have to ﬁnd the actual instances of these node-frequent
cliques in all the protein graphs in the data set. We use the VF2 [7] sub-graph
isomorphism algorithm to ﬁnd these instances.
After ﬁnding all the instances for a node-frequent clique in all protein graphs,
we ﬁnd the frequent instance(s) (both in terms of their node and edge labels) that
occur in at least st protein graphs in the given data set, and report them as the
desired super-SSE motifs. (Note that, for one node-frequent clique, there may be
more than one distinct frequent clique because of the diﬀerent edge labels. On the
other hand, for some node-frequent cliques, there may be no actual frequent clique
at all. It was observed that the number of the actual frequent cliques is only about
10% of the original node-frequent cliques.)
We try to ﬁnd two categories of super-SSE motifs: (1) the motifs that occur
frequently across the entire database — termed the generic motifs, and (2) the
motifs that occur concentratively in particular protein fold types (SCOP Folds in
our case) — termed the fold-preferential motifs.
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3.2.1. Generic Motifs
First, we ﬁnd the generic motifs each of which occurs in at least stg proteins across
the whole given database of protein structures, where stg is a user-deﬁned support
threshold. After we have discovered the generic motifs by the procedure described
above, we need to assess their statistical signiﬁcance. For that, we calculate the
estimated p-values of them using the model described by He and Singh [14].
According to this model, we can represent a generic motif ω as a feature vector
of the occurrences of the basic elements it contains.
ω = {y1 , y2 , . . . , yt }

(1)

where t is the number of unique basic elements in the database, and yi (1 ≤ i ≤ t)
is the number of occurrences of the i-th basic element in the motif ω.
Here, we treat each distinct combined label, which is a concatenated string of
the label of an edge plus the labels of nodes connected by the edge, as our basic
element. We can calculate the probability of ω occurring at random in a protein
graph in the database as:
P̂ (ω) =

t
∏

P (Yi ≥ yi )

(2)

i=1

where P (Yi ≥ yi ) is the probability that the i-th basic element (combined label)
occurs at least yi times in a random vector. This is calculated based on the background distribution of the basic elements in the database. Finally, the p-value of
the generic motif ω (termed generic p-value) is calculated as:
P Vg (ω) =

N
∑

bino(µ, N, P̂ (ω))

(3)

µ=T

where N is the number of graphs (proteins) in the database; T is the support, i.e,
the number of proteins in which the motif ω occurs (T ≥ stg ); and bino(¦, ¦, ¦) is the
binomial distribution function. If the generic p-value is less than or equal to 0.05,
the motif is considered statistically signiﬁcant.
3.2.2. Fold-preferential Motifs
Second, we mine the fold-preferential motifs that occur more frequently in a certain
protein fold type rather than in the other protein fold types. In particular, we ﬁnd
the motifs that are concentrated in certain SCOP Folds. (SCOP [30] is a protein
structure classiﬁcation system. A Fold in SCOP consists of a set of proteins that
are generally similar to each other in terms of their 3D structures.) We deﬁne
a particular motif as fold-preferential only if the motif occurs in at least twice the
number of proteins in its most frequent SCOP Fold than in its second-most frequent
SCOP Fold.
We ﬁnd the fold-preferential motifs each of which occurs in at least stf proteins in
its most frequent SCOP Fold, where stf is a user-deﬁned support threshold. Then,
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we calculate the statistical signiﬁcance of the fold-preferential motifs in terms of
another type of p-value named fold-preferential p-value.
We can calculate the fold-preferential p-value of a particular motif ω to occur
by chance in a particular SCOP Fold by using a hypergeometric distribution [15]:
)
( )(
K−1
∑ Fi NT−F
−i
(4)
P Vf (ω) = 1 −
(N )
i=0

T

where N is the number of proteins in the entire database; T is the total number
of proteins in which the motif occurs in the entire database; (For each motif for a
SCOP Fold, we also have to enumerate its other instances outside its own Fold in the
rest of the database by using the VF2 algorithm again.) F is the size of the SCOP
Fold in which the motif most frequently occurs; and K is the number of proteins
in which the motif occurs in this Fold (K = T ∩ F ). Again, if the fold-preferential
p-value is less than or equal to 0.05, the motif is regarded as statistically signiﬁcant.
4. Results and Discussions
We use the same database of 600 proteins as previously used in [2]. The list of
the 600 proteins is given in the project webpage. This is a subset of the SCOP
database [30] with less than 40% sequence homology. The PDB-style co-ordinates
for these proteins are obtained from the ASTRAL database [29].
The database of 600 proteins is composed of 15 large SCOP Folds each having
40 member proteins. (If a Fold contains more than 40 members, we randomly select
40 from it.) The SCOP designations for these 15 Folds and their descriptions are
given in Table 1.
First, we mine the generic super-SSE motifs that occur frequently across the
whole database of 600 proteins with the support threshold of stg = 3%, and assign
the generic p-values to the motifs. Then, we ﬁnd the fold-preferential super-SSE
motifs for each of the 15 SCOP Folds with the support threshold stf = 10%, and
assign both the fold-preferential p-values and the generic p-values to the motifs.
We conducted our experiments on a single PC with Pentium D 3.2GHz processor
and 2GB main memory running Windows XP. The time statistics show that the
proposed method is eﬃcient. The total running time using the default parameters
(dt = 16Å, stg = 3%, and stf = 10%) is only 805 sec (13 min 25 sec) in which
178 sec is for constructing the protein structure graphs, 274 sec is for mining of the
generic motifs, and 353 sec for mining the fold-preferential motifs.
The eﬀects of varying the three important parameters dt, stg and stf are discussed in the project webpage.
4.1. Generic Motifs
We have discovered a total of 22 generic motifs among which 21 are statistically
signiﬁcant in terms of their generic p-values. All of these 21 generic motifs are 3-SSE
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Table 1. Number of signiﬁcant fold-preferential motifs discovered in the SCOP Folds (dt = 16Å,
stf = 10%).
SCOP
Fold

Description

a.4
a.39
a.118
b.1
b.40
c.1
c.2
c.3
c.23
c.37
c.47
c.55
c.69
d.15
d.58

DNA/RNA-binding 3-helical bundle
EF Hand-like
alpha-alpha superhelix
Immunoglobulin-like beta-sandwich
OB-fold
TIM beta/alpha-barrel
NAD(P)-binding Rossmann-fold domains
FAD/NAD(P)-binding domain
Flavodoxin-like
P-loop containing nucleoside triphosphate hydrolases
Thioredoxin fold
Ribonuclease H-like motif
alpha/beta-Hydrolases
beta-Grasp (ubiquitin-like)
Ferredoxin-like

#3-SSE
motifs

#4-SSE
motifs

Total

0
0
0
1
0
8
20
13
0
1
3
0
20
1
0

0
0
0
0
0
0
3
4
0
0
0
0
1
0
0

0
0
0
1
0
8
23
17
0
1
3
0
21
1
0

67

8

75

Total

motifs. (There are a vast number of 2-SSE motifs. In this work, we simply ignore
them because they are considered less signiﬁcant. On the other hand, we have not
detected any frequent motif with the size larger than 3 SSEs.) We rank the motifs
by their generic p-values. The distribution of the motifs’ generic p-values is shown
in Fig. 5.
The highest-ranked generic motif has the lowest p-value of 5.75×10−22 . Its random probability P̂ (ω) is 0.0272, and it occurs in 67 proteins across 7 distinct SCOP
Folds. It resembles a version of a well-known conventional super-SSE motif called
three-stranded beta hairpin [8, 10] with all beta strands approximately parallel to
each other as shown in Fig. 7. (Higher-resolution images for Fig. 7–10 can be viewed
in the project webpage.)
We have also discovered a number of other biologically relevant motifs that look

0.1
p-value (in log scale)

p-value (in log scale)

0.1
1e-005
1e-010
1e-015
1e-020

1e-005
1e-010
1e-015
fold-specific p-value
generic p-value

generic p-value
1e-020

1e-025
0

5

10

15

20

generic motif rank

Fig. 5. P-values of generic motifs (dt = 16Å,
stg = 3%).
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Fig. 6. P-values of fold-preferential motifs
(dt = 16Å, stf = 10%).
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d1db3a_
(c.2)

d3lada2
(c.3)

d1eucb1
(c.23)

d1j6za2
(c.55)

Fig. 7. Some instances of the rank #1 generic
motif: a 3-SSE motif resembling a threestranded beta hairpin with all parallel beta
strands.

d1gcoa_

d1edza1

d1edoa_

d1e7wa_

Fig. 8. Some instances of the rank #1 foldpreferential motif in SCOP Fold c.2: a 3-SSE
motif resembling a three-stranded beta hairpin
with two parallel and one angled beta strands.

like the well-known conventional super-SSE motifs such as diﬀerent versions of beta
hairpins, beta-alpha-beta, zinc ﬁngers, etc. The complete list of 21 generic motifs
and their occurrences is reported in the project webpage.
4.2. Fold-preferential Motifs
We have found a total of 110 fold-preferential motifs among which 75 are statistically
signiﬁcant in terms of both their fold-preferential and generic p-values. Among these
75 signiﬁcant motifs, 67 are the 3-SSE and 8 are the 4-SSE motifs. 9 of the foldpreferential motifs overlap with the generic motifs.
The motifs are found in 8 out of the 15 SCOP Folds investigated. The number
of motifs found for each Fold is given in Table 1. We rank the motifs by their foldpreferential p-values. The distributions of the p-values of both kinds for those 75
motifs are shown in Fig. 6.
The highest-ranked motif has the lowest fold-preferential p-value of 3.22×10−11 ,
and the genetic p-value of 1.40×10−5 . It is preferential to SCOP Fold c.2. It occurs
in 10 proteins in c.2, but only in 2 proteins in the rest of the database. It is also
similar to a version of the three-stranded beta hairpin motif [8, 10] with two parallel
and one angled beta strands as shown in Fig. 8.
We have found a 4-SSE motif as our third-ranked motif. It is a beta-beta-betaalpha motif (Fig. 9) which resembles the sequence order preserved version described
in [18]. It has the fold-preferential p-value of 2.56×10−8 , and the genetic p-value of
3.80×10−17 . It is preferential to SCOP Fold c.3. It exists in 7 proteins in c.3, but
only in 1 protein in the rest of the database.
We have also discovered a number of other biologically relevant motifs as our
fold-preferential motifs. We report the full list of the 75 fold-preferential motifs in
the project webpage.
It is observed that we have achieved our objective of formalization and speciﬁcation of the super-SSE motifs as discussed in Section 2.1. Diﬀerent versions of the
motifs with the same verbal description can be classiﬁed based on their structural
conﬁgurations. For example, we are able to distinguish the two diﬀerent versions
of the 3-SSE motifs resembling the three-stranded beta hairpin [8, 10] as shown in
Figures 7 and 8. It has been previously observed that super-SSEs or SSE packings
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d1ojt_2

d3lada2

d1d7ya2

d3grs_2

d2bce__

d1qe3a_

d1thg__

25

d1ea5a_

Fig. 9. Some instances of the rank #3 fold- Fig. 10. Instances of a 3-SSE T-shape foldpreferential motif in SCOP Fold c.3: a 4-SSE preferential motif in SCOP Fold c.69 (foldmotif resembling a beta-beta-beta-alpha motif. preferential rank #44).

with the same SSE components but with the diﬀerent conﬁgurations correspond
to diﬀerent biological functions [12, 20]. As such, it can be conjectured that those
diﬀerent versions of motifs may have diﬀerent functions. However, an in-depth biological analysis will be required to verify this.
In addition, we have also discovered some new types of super-SSE motifs (both
generic and fold-preferential) whose shapes have not been documented in the literature yet. For example, we have discovered a 3-SSE T-shape motif preferential
to SCOP Fold c.69 as shown in Fig. 10. Biologists can further investigate their
detailed structural and functional properties, and possibly explore their potential
usability in biomedical applications such as drug target ﬁnding.
5. Conclusion
In this paper, we have proposed a method to formalize the representation of sequence order independent super-SSEs, and mine the frequent super-SSE motifs
from a large data set of protein structures. We have shown that our method is both
eﬀective and eﬃcient. It can discover the generic and fold-preferential motifs that
are statistically signiﬁcant and biologically interesting within a short time. Biologists can further explore our discovered motifs to ﬁnd out the potential usability of
them in biomedical applications.
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