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A novel approach for evaluation of sequence relatedness via a network over the sequence space is
presented. This relatedness is quantiﬁed by graph theoretical techniques. The graph is perceived as a
ﬂow network, and ﬂow algorithms are applied. The number of independent pathways between nodes in
the network is shown to reﬂect structural similarity of corresponding protein fragments. These results
provide an appropriate parameter for quantitative estimation of such relatedness, as well as reliability
of the prediction. They also demonstrate a new potential for sequence analysis and comparison by
means of the ﬂow network in the sequence space.
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1. Introduction
One of the tasks of computational biology is in protein
structure prediction on the basis of known 3D-structures of
related proteins (homology modeling) (Kopp and Schwede, 2004).
Recently developed methods for structural annotation of proteins,
such as efforts in predicting protein subcellular localization (see,
e.g. Huang and Li, 2004; Chou and Shen, 2008), membrane protein
types (Shen and Chou, 2008; Yang et al., 2007) and regions (Shen
and Chou, 2008), enzyme functional classes (Shen and Chou,
2007a), as well as signal peptides (Chou and Shen, 2007; Shen and
Chou, 2007b), and many other approaches provide very useful
information for both basic research and drug development (Chou,
2004).
The main difﬁculty of protein homology modeling is the high
diversity of protein sequences. Often, structurally identical
proteins have almost no sequence similarity. Most of the
approaches for solving this problem rely upon ﬁnding a common
general pattern or proﬁle for a selected group of structurally
and/or functionally related proteins. These efforts are based on
the assumption that such common proﬁles exist, which is often
not true.
An example of an alternative way is the intermediate sequence
search (ISS) for detection and alignment of marginally similar
pairs of protein sequences (Park et al., 1997; John and Sali, 2004).
The main point of this approach is that when two proteins do not
show signiﬁcant sequence similarity, but both are related to a
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third protein, this relationship can be used to infer association
between the pair under consideration.
Recently, this ISS strategy was substantially expanded by
exploring two new ideas (Frenkel and Trifonov, 2007c). The ﬁrst is
the choice of small protein segments (about 20 aa) forming the
natural formatted sequence space (or just sequence space), instead
of full protein chains or domains. The second is the discovery that
such protein segments can form prolonged ‘walks’ in the natural
sequence space. The ‘walk’ is a chain of sequence fragments, a
path in a graph formed by these fragments where each element
has high similarity to its neighbors in the path. These walks result
in formation of connected components of different sizes and
conﬁgurations (Frenkel and Trifonov, 2007b) in the graph (network). An example of such a walk in a network is demonstrated in
Fig. 1a and b.
The idea of viewing the protein space as a network and
employing network applications to it is not new. Initially, the
‘neutral networks’ in the protein sequence space were considered
for sequences obtained from the lattice model simulations
(Bornberg-Bauer, 1997; Bornberg-Bauer and Chan, 1999). In
another study (Dokholyan et al., 2002; Dokholyan, 2005) a protein
domain universe graph (PDUG) was deﬁned. The third type of
application in the network-based representation is the protein–
protein interaction (PPI) networks (see Ciriello and Guerra, 2008
for recent review). In these networks the nodes correspond to
proteins, and undirected edges represent physical interactions
between them. A concept of ‘Functional Flow’, somewhat similar
to the one used in this work, was introduced in these papers
(Nabieva et al., 2005). In another paper with network ﬂow the
directed graph of sequences and structures of proteins from the
Protein Data Bank was computed (Meyerguz et al., 2007). The ﬂow
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in the ‘structural’ graph correlates with the respective number of
matching genomic sequences. The strength of connections
between the nodes was found to reﬂect structural similarity
between the proteins.
There are many indications that natural proteins have a
modular organization (see Trifonov and Frenkel, 2009 for review).
ISS (intermediate sequence search) that uses full-length proteins,
built from several small modules, may relate absolutely different
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proteins. This false-positive prediction can be prevented by
considering protein fragments less than a single module size,
about 15–25 aa as was demonstrated earlier (Frenkel and Trifonov,
2007c). The consecutive small sequence changes along a walk can
link fragments from different protein families and with completely different sequences (illustrated in Fig. 1c) but with the same
structure and/or function (Frenkel and Trifonov, 2007a, c). The
linkage of ‘wrong’ fragments is relatively a rare case (Frenkel and
Trifonov, 2007a) (of course, on condition that all the intermediate
fragments are from real natural proteins). The small number of
independent connections (often only one) of such fragments to
the network usually reveals this ‘mistake’, as we quantitatively
prove in this work.
A series of papers with some relation to our work is ‘kernel’
papers (Eskin and Snir, 2005; Leslie et al., 2002, 2004). In these
works, all k-mer words of a protein sequence, with a relatively
small k, are used and their spectrum in constructed. Proteins are
compared on the basis of similarity of the spectra. Subsequently, a
support vector machine is used to classify protein families.
The presence of such structurally different fragments in
one connected component can be of course interpreted as an
accidental connection between two different components. It also
can reﬂect natural structural variety due to interactions with
other sequences in the protein, ligand associations, etc. For
example, the module Aleph (P-loop) responsible for ATP-binding
may exist in two structurally different forms depending on the
presence of bound ADP (Sobolevsky and Trifonov, 2006). One of
the modules of topoisomerases that is found in two alternative
structures in the crystallized proteins (Sobolevsky and Trifonov,
2006) is another example.
In this work we demonstrate the relationship between
structure similarity of protein fragments and the structural
properties of a graph induced by these fragments. Speciﬁcally,
we show that the connectivity between two vertices in the
induced network deﬁnitely reﬂects the structural similarity
of protein fragments corresponding to these nodes. Moreover,
the level of connectivity also allows predicting such structural
relatedness even for the protein fragments with essentially no
sequence similarity. Importantly, the network considered here
and the objects over which it is deﬁned are principally different
from the networks in the papers mentioned above. Here, vertices
correspond to short protein fragments, and two vertices with prespeciﬁed sequence similarity are connected by an (undirected)
edge.

Fig. 1. An example of a walk within the network, containing several 3D structures.
(A) Graphical illustration of the network. Squares appear only next to vertices
whose sequences appear in PDB. Those vertices, for which their corresponding
structure is similar (RMSDo3 Å) to the most common structure of the network, are
presented as red squares, while other as blue squares. The clusters in this ﬁgure
form a ring (clusters 4, 9, 13, 7) with few or only a single bond connection between
neighboring clusters (as between clusters 4 and 9). The clusters correspond to
proteins with different sequences and functions. Nevertheless, they all correspond
to the same 3D structure. Such result was expected, since every two clusters in the
ring are connected by at least two disjoint paths. The clusters 11 and 12 do not
belong to the ring, but as they are connected one to another and by several edges to
the ring (13) it is not surprising, that they have the same 3D structure. Wellisolated clusters 3 and 8 are each connected to the central ring by a single path,
and, indeed, their structures are different. (B) Description of the sequence
fragments composing the ‘walk’ selected in this ﬁgure. Note moderate sequence
dissimilarities (r40%) between consecutive nodes. (C) Sequence comparison of
the initial, central and ﬁnal fragments of the walk (1, 9 and 20, respectively). As can
be seen the sequence similarity for each pair of the fragments are completely
random and therefore cannot serve as a predictor for structure similarity. However,
the ﬁrst two fragments are connected by several disjoint paths and indeed share
the same structure, whereas the last is connected by a single path and is
structurally different. (For interpretation of the references to the color in this ﬁgure
legend, the reader is referred to the web version of this article.)
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Fig. 1a illustrates this idea of the relationship between
structure similarity and the structural properties of a corresponding graph. Clusters of similar structures (red squares: 4, 7, 9,
11–13) are connected to one another through several different
paths versus a single path link to clusters of different structure
(green squares: 3, 8). (We informally denote them as clusters to
indicate the group of nodes linked to one another rather to other
nodes beyond the group.)
According to the above, although any two fragments in a
connected component might be related, it is reasonable to assume
that the higher the connectivity (Thomas et al., 2001) (see section
Deﬁnitions), the higher the relatedness. In this work we
quantitatively establish this relationship. We model the network
as a ﬂow network and apply ﬂow algorithms to measure
relatedness. In addition, once the relationship between connectivity and structure similarity is established, the aim was to reﬁne
the method. For a more realistic picture, the length of a path
connecting two nodes should be also included into the score of
relatedness. For this purpose another representation is proposed
by modeling the network as an electrical conductance network.
Using this model, more accurate results are obtained.

2. Methods
2.1. Deﬁnitions
A word (or a sequence) w is a sequence of letters taken from
some alphabet S. We denote the length of w by |w|. A k-mer is a
word of length k. We will use the term match to signify the event
of an identical letter in both sequences at a certain position, and a
mismatch is the opposite event. We use the normalized Hamming
distance (Hamming 1950) between sequences as a metric over
this space of k-mers, i.e., H(s1,s2) is the relative (percentage)
number of mismatches between the sequences s1 and s2.
Given a set W of sequences wi, the k-spectrum Ok(W) is the set
of all k-mers appearing at some sequence in W. For a threshold
parameter 0rtr1, we deﬁne the threshold graph over Ok(W),
G(W,k,t) ¼ (V,E) where V ¼ Ok(W) and (u,v)AE if the H(u,v) is at
most t.
In this paper we focus on the number of independent, i.e.,
disjoint, paths between two vertices u,vAG(W,k,t). According
to Menger’s theorem (Ravindra et al., 1993), this equals the
minimum number of edges required to remove from G such that u
and v remain in two disconnected components. The latter is
denoted as the local edge connectivity between two nodes u and v.
A directed graph N ¼ (V,E,c) is a ﬂow network if every edge
(u,v)AE is associated with a capacity function c(u,v)Z0 and there
are two distinguished vertices, a source s, and a sink t. A ﬂow is a
real valued function f: E-R satisfying the constraints that no
edge’s ﬂow is greater than its capacity and for every vAV{s,t}, the
sum of ﬂow at the edges incoming v equals the sum of ﬂow at the
edges outgoing v. The ﬂow value is deﬁned as the total ﬂow
outgoing from s. The maximum-ﬂow problem is to ﬁnd a ﬂow
with maximum ﬂow value in a given network.
The local edge connectivity problem in G can be solved by
reducing it to a maximum ﬂow problem in N in which V(N) ¼ V(G)
and every edge in G is replaced by two opposite directed edges in
N, each with a unit capacity (Goodaire and Parmenter, 2005).
A note on notations: Although sequence similarity in the setting
of protein sequences takes into consideration the speciﬁc pair of
aa, since in this work we operate only in the sequence space, we
use the term sequence similarity only for the normalized Hamming
distance.

2.2. Database preparation
Fig. 2 illustrates the process of preparing our network. Our
ground set of sequences W was a set of about 320,000 protein
sequences taken from 112 complete prokaryotic proteomes. Next,
we constructed O20(W), the set of all 20-mers appearing in some
sequence in this set. Over this set O20(W) of all 20-mers,
we constructed the threshold graph G(W,k,t) with t ¼ 0.6. We
were interested only in connections between nodes in the same
connected component. In this threshold graph, we selected about
61,000 components of magnitude from 11 to 2600 nodes.
All these 20-mers from the set O20(W) were compared with all
20-mers from Astral database (Brenner et al., 2000; Chandonia
et al., 2004) of proteins with known 3D-structure from PDB. A
fragment with a close relative (having a distance of no more than
0.4, i.e., at least 12 matches) in this database was assigned with
this relative’s structure. When several such relatives for the same
fragment were found, only the closest relative was selected.

2.3. Calculation of maximum ﬂow
As described above, we solved the edge connectivity problem
by reducing it to a maximum ﬂow problem where edges have unit
capacity. To calculate the ﬂow in the induced network, we chose
to use an efﬁcient implementation (Cherkassky and Goldberg,
1997) of the Push-Relabel (Goldberg and Tarjan, 1988) algorithm
for maximum ﬂow. This implementation is very fast as it uses a
combination of heuristics to speed up running times (we used the
code taken from http://www.avglab.com/andrew/soft.html).
The maximum ﬂow is analyzed only between the pairs of
nodes such that each has a known structure and their sequences
differ substantially from each other (r50% of similarity). If several
nodes from the same connected component were related to the
same fragment from PDB, only one representative node was
selected for maximum ﬂow calculation, which has the maximal
number of connections.
The networks with t 40.6 are not analyzed because they
contain much less non-similar structures. The distribution of
structures in the network for which maximum ﬂow was
calculated is shown in Fig. 3. One axis shows the amount of
pairs inside the interval of 0.1 Å of RMSD, which is shown on
another axis.

2.4. Calculation of resistance
The calculation of the resistance between two points of the
network was carried out as follows. The source node A and target
node B are considered possessing potentials ‘0’ and ‘1’, respectively. For the network of N nodes and K edges (connections) a
linear system of K+N2 variables was composed: K-currents
through the K edges, and N2 potentials at remaining N2 nodes.
N2 equations were introduced according to Kirchhoff’s law,
which states that the sum of all currents at every point (excluding
two mentioned above) equals zero. Other K variables were
obtained from Ohm’s law Fj–Fi ¼ Iij * Rij, where Fj and Fi are
potentials at nodes i and j, and Iij and Rij are current and
resistance between these nodes respectively. In this work we set
uniformly all Rij to ‘1’ for simplicity (see Discussion). Thus, we
have a linear heterogeneous system of K+N2 equations with
K+N2 variables. From this system one can ﬁnd a total current I,
and total resistance will be 1/I (since the general difference
between potentials is equal to ‘1’).
The system was solved by Gauss’s method. Before this, to save
calculation time, the system was reduced to (N–2)  (N–2) by
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Fig. 2. Scheme of network connected component calculation for the study of ﬂow between different protein fragments. A proteomic database was used for the network
nodes production—all 20 aa fragments (with overlaps) were used. At the selected sequence similarity threshold, connections between the nodes were found and,
consequently, connected component distribution of the network in the sequence space was produced. The nodes of selected components were compared against all 20 aa
fragments from the protein database—Astral SCOP, for which the 3D structure of all fragments is known. Every node that has a similar fragment from Astral (also at selected
threshold—60%) is associated with its respective protein structure (selected by the red or blue square, similar to Fig. 1). (For interpretation of the references to the color in
this ﬁgure legend, the reader is referred to the web version of this article).

calculation between aligned alpha-carbon atoms. The procedure
was taken from the available (http://www.cgl.ucsf.edu/Research/
minrms/) Minrms program (Jewett et al., 2003).
For network visualization the standard program ‘Pajek’
(Batagelj and Mrvar, 2002) was used. Other operations: sequence
comparison, network construction and analysis (e.g., Gauss’s
method realization) were carried out by our original programs
in Microsoft Visual C++. Complete proteomes of 112 Eubacteria
and Archaea were extracted from the SwissProt database, HAMAP
project release 2003 (Gattiker et al., 2003). For sequence space
construction of all 20 aa fragments (with overlapping) were taken
(a total of about 108 fragments) from these proteomes.
3. Results
3.1. Maximum ﬂow
Fig. 3. Distributions of RMSD inside the networks of different thresholds. The
‘occurrence’ means amount of pairs inside the respective interval of 0.1 Å of RMSD.

assigning Kirchhoff’s equations to determine potentials, with the
currents taken from Ohm’s equations: Iij ¼ (Fj–Fi)/Rij.

2.5. Structural comparison of the protein fragments
The structural comparison of the protein fragments was
carried out by the standard root-mean-squared-distance (RMSD)

For the connected components of the network described above,
the ﬂow values were calculated between the nodes, as described
in ‘Methods’. The relationship between ﬂow values and RMSD is
shown in Fig. 4. This curve shows average maximum ﬂow
between pairs of nodes with corresponding RMSD (rounded off
to multiples of 0.1 Å). The numbers of pairs with a given RMSD
value, i.e., on which the average ﬂow was taken, is shown in Fig. 3.
The distribution strongly demonstrates that a higher number of
independent pathways (e.g., maximum ﬂow) between fragments,
indeed, indicates structural relatedness.
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Fig. 6. Correlation of conductance values between nodes with their RMSD.
Fig. 4. Correlation of ﬂow values between nodes with their RMSD. An exponential
decay of the ﬂow value with respect to the RMSD is observed.

Fig. 5. Conﬁdence of ﬂow values as a function of structure similarity
(RMSDo3 Å).

The curve shown in Fig. 5 displays the observed frequency
of similar 3D-structure (RMSDo3 Å) between two sequences, as a
function of the ﬂow between the corresponding nodes. Ie., for
every max ﬂow value, the number of node pairs with similar
structure is indicated (percentage of total node pairs with that
ﬂow). As can be seen for ﬂow values Z2, i.e., two or more
independent paths through the network, the frequency of
structure similarity is more than 60%.

3.2. Electrical network
It is clear that the likelihood of nodes to share similar structure
depends also on several other factors such as the length of
pathways, degree of similarity between neighbors in the pathway,
etc. The speciﬁc properties of the sequence similarity can be taken
into account by introducing different radii of the ‘conducting
tubes’, i.e., edges of the graph. The length of pathways can be
considered by estimations made earlier (Frenkel and Trifonov,
2007a), in which the probability of two 20 aa protein fragments
from different families but with sequence similarity of at least 60%
to have similar structure is about 85%.
Hence, we have applied a more attractive though more
complicated model simultaneously taking into account (in one
parameter) all factors mentioned above (amount of independent

Fig. 7. Conﬁdence of conductance values as a function of structure similarity
(RMSDo3 Å).

paths, lengths, and local sequence similarity). Let us consider the
network in the sequence space as an electrical network. The
parameter, reﬂecting relatedness of fragment will be ‘conductivity’ (inverse resistance) between corresponding nodes. According
to well-known laws of resistance: R ¼ R1+R2 for consecutive
connection of R1 and R2, and 1/R ¼ 1/R1+1/R2 for parallel
connection. Thus, this parameter takes into account both the
amount of independent pathways and their lengths, allowing
simple introduction of speciﬁc properties of connections.
We repeated the calculations described in the previous section
using resistance (R) instead of maximum ﬂow, as described in
‘Methods’. The dependence of the conductivity (1/R) on RMSD is
shown in Fig. 6. This curve is very similar to the one shown in
Fig. 4, though of a smoother appearance. The curve of frequency of
the structures from two nodes (at selected conductivity between
them) to have similar 3D-structure (RMSDo3 Å) is shown in Fig. 7.
It should be noted here that the value ‘10’ of frequency at
abscissa corresponds to R ¼ 1, i.e., to pair of neighboring nodes.
Since the node correspondence to a 3D-structure from PDB was
deﬁned also by a 60% similarity threshold, two similar PDB
structures would be connected through three ‘transitions’: from
the ﬁrst PDB-sequence to the ﬁrst node, from the ﬁrst node to the
second, and from the second one to the last PDB-sequence. As it
has been measured earlier (Frenkel and Trifonov, 2007a), at 60%
threshold the probability of 20 aa protein fragments from
different families to have similar structure is about 85%. Thus,
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Fig. 8. Average sequence similarity between the nodes with different maximum
ﬂow.

Table 1
Structure similarity at different sequence similarity levels.a
Sequence
identity (%)

Amount of sequence-wise
similar fragments

Amount of similar

25
30
35
40
45
50
55
60
65
70
75
80
85
90
95
100

301003824
51063933
7064562
826721
93244
17865
7570
5281
3669
2792
1991
1471
1160
1041
829
31250

5281889
1203097
245873
54601
19506
11097
6762
5096
3570
2740
1973
1443
1132
1010
808
31201
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Fig. 9. Comparison of predictions of structure similarity (RMSDo3 Å) via the
network maximum ﬂow and via the sequence similarity (according to Table 1, see
text). The black curve is identical to Fig. 5. The red curve shows the structure
similarity calculated with the sequence similarity value corresponding to this ﬂow
(see Fig. 8). (For interpretation of the references to the color in this ﬁgure legend,
the reader is referred to the web version of this article.)

%

structures (RMSDo3 Å)
1.75476
2.35606
3.48037
6.60453
20.9193
62.1159
89.3263
96.4969
97.3017
98.1375
99.0959
98.0965
97.5862
97.0221
97.4668
99.8432

similarity Z50% implies structural similarity between the
corresponding fragments also.
Fig. 8 shows distribution of sequence similarity as a function of
ﬂow between the fragments used in our calculations. From the
ﬁgure it follows that all pairs with ﬂow 20 and below have
insufﬁcient sequence similarity to allow accurate and straightforward structure similarity prediction. This should be contrasted to
Fig. 5 where pairs with ﬂow 3 and above have high-expected
structure similarity.
Fig. 9 summarizes the difference in prediction between the two
approaches, sequence similarity-based prediction and ﬂow-based
prediction: expected prediction for the average sequence
similarity for the ‘real’ values of the network ﬂow (from 1 to 10)
is o10%, which strongly contrasts the prediction via sequence
ﬂow.

a
Only fragments with the exact level of similarity (as in column 1) are
considered.

4. Discussion
for three connections the probability will be about 100 
(0.85)3 ¼ 61%. As one can see, the curve in Fig. 7 is in a good
agreement with this result.

3.3. Sequence similarity
A natural question to ask is how much similarity based on
‘ﬂow’ or ‘current’ is better than when only a direct pairwise
sequence similarity is used? To check this we calculated the
distribution of sequence similarity as a function of ﬂow (i.e., per a
given ﬂow value f, what is the average sequence similarity
between s and t, taken over all pairs s,t with ﬂow f). As expected,
sequence similarity increases with the network ﬂow (Fig. 8). To
estimate the level of structure similarity expected at the sequence
similarity value obtained, calculations similar to those made
previously in Frenkel and Trifonov (2007a) were carried out
(summarized in Table 1): We measured the level of sequence
similarity between all nodes included in our calculations (‘ﬂow’
and ‘current’) and all other 20 aa protein fragments with known
structure (our multi-set database obtained from Astral SCOP
release rel.71). The distribution of pairs with similar structures
(RMSDo3 Å), as a function of pairwise sequence similarity is
shown in Table 1. As can be seen from the table, only sequence

The demonstration of the fact, that structure similarity, indeed,
depends on amount of independent pathways or, more generally,
on the network structure, attests to the importance of network
approach to the sequence relatedness problem. The proposed
measure of the relatedness via ‘resistance’ provides a new tool for
application of the networks. We believe that this approach can
provide a new, biologically justiﬁed deﬁnition of distances
between sequences, instead of the common ‘statistical’ deﬁnition
(Trifonov and Frenkel, 2009). Usually, speciﬁc weights (or ‘costs’)
for mismatches (substitution matrix) and indels are introduced
and corresponding ‘scores’ are calculated. However, every structurally/functionally speciﬁc site in the protein should allow only
certain correlated types of mutations, which are leveled off when
one averaged substitution matrix is used. Most of modern
‘individual’ approaches consider the existence of a ‘sequence
pattern’ or ‘proﬁle’. In the network approach several connected
clusters can harbor rather different sequences. Indeed, let us
consider two physically interacting protein fragments. When such
physical interaction is the function of the fragments in their
respective proteins, the variety of sequences that would ensure
such interaction (by combinations of, for instance, hydrophobic
and polar residues) is unlimited. In this case, an introduction of
‘average sequences’ for the interacting fragments of the same
interaction pair taken from different organisms does not make any
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sense. The appearance of some ‘consensus’ would have questionable value, reﬂecting, for example, domination of one taxonomic
group over another. However, combination of our network
approach with more traditional pattern/proﬁle analysis, where
the conservation of some residues is a must, can be very fruitful.
In addition to the apparent beneﬁt for sequence annotation,
these parameters (amount of independent pathways and ‘resistance’) can be important in studies on protein evolution. It
becomes possible not only to reveal new evolutionary relatedness
by the networks (Trifonov and Frenkel, 2009), but also to derive a
strict measure of this relatedness. Interestingly, the approach
allows carrying out this measurement for every pair of sequences
by decreasing the sequence similarity threshold, which gathers all
sequence fragments into one huge network.
Further development of this proposed approach could lead to
improvement in the application of this method. The ﬁrst
improvement that could be investigated is in the introduction of
different resistance values between the nodes, depending on
sequence similarity or other parameters of connected fragments.
Another important step would be to take into account all other
known structures of the network. They can be considered
as additional ‘voltage sources’ in the electrical current of the
sequence space. In addition, these ‘known structures’ can reveal
key elements of the basic pattern for the structure. This pattern
can consist of only 1–2 positions, which would make it impossible
for detection by other methods. The closeness of the node
fragments to this pattern should also be reﬂected in the value of
resistance. All of these advantages have become possible only by
using the networks in the sequence space.
In more general terms, the formalism of ﬂow and resistance
provides the sequence space with a frame, organizing it in a
biologically meaningful construction, with identiﬁable and quantitatively measured relations between networks and clusters
therein. Noteworthy is that a manifold of seemingly separate,
dissimilar fragments can be joined together in a concerted way
and partake in outlining functional and structural similarities in
the protein sequence space.

5. Conclusions
The work demonstrates that the amount of independent
pathways in the network in a sequence space reﬂects the
structural similarity of corresponding protein fragments. The use
of a network of short protein fragments of the same length
enables the detection of structure similarity between seemingly
completely unrelated sequences. Moreover, the ﬂow approach
provides an efﬁcient algorithm for the evaluation of structural
similarity thus opening new perspectives for annotations of large
databases. The maximal ﬂow is an appropriate parameter for
reliable quantitative estimation of structural relatedness.
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