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Introduction

In the last few years the amount of available data on protein-protein interaction (PPI) networks have increased rapidly, spanning different species such as yeast, bacteria, fly, worm and Human. The rapid growth
is shown in Figure 1. Besides the availability of the data, other incentives to analyze several PPI networks
at once are validation of our conclusions over several networks and prediction of unknown protein function
and interactions.
The main challenges in the filed of biological network alignment are:
• Local - detect conserved networks across two or more networks.
• Global - find 1 : 1 mapping between networks.
• Network Query - given a query subnetwork in species A, find similar instances in the network of
species B.
• Multiple network alignment (performing alignment of more than 2 networks).
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Sequence alignment

In bioinformatics, a sequence alignment is a way of arranging the sequences of DNA, RNA, or protein
to identify regions of similarity that may be a consequence of functional, structural, or evolutionary relationships between the sequences. Aligned sequences of nucleotide or amino acid residues are typically
represented as rows within a matrix. Gaps are inserted between the residues so that identical or similar
characters are aligned in successive columns.
Example:
• GCGCATGGATTGAGCGA
• TGCGCCATTGATGACCA
A possible alignment:
• -GCGC-ATGGATTGAGCGA
• TGCGCCATTGAT-GACC-A
∗

Based on scribes by Ofer Lavi and Lev Ferdinskoif

1

Figure 1: This graph shows the amount of species that their PPI network has been measured. We can clearly
see a rapid growth in the number of species since 2003.

2.1

Global and local sequence alignments

Global alignments, which attempt to align every residue in every sequence, are most useful when the sequences in the query set are similar and of roughly equal size. (This does not mean global alignments
cannot end in gaps.) A general global alignment technique is the based on dynamic programming. Local
alignments are more useful for dissimilar sequences that are suspected to contain regions of similarity or
similar sequence motifs within their larger sequence context. The general local alignment method is also
based on dynamic programming. With sufficiently similar sequences, there is no difference between local
and global alignments.
If two sequences in an alignment share a common ancestor, mismatches can be interpreted as point
mutations and gaps as ”indels” (that is, insertion or deletion mutations) introduced in one or both lineages in
the time since they diverged from one another. In sequence alignments of proteins, the degree of similarity
between amino acids occupying a particular position in the sequence can be interpreted as a rough measure
of how conserved a particular region or sequence motif is among lineages. The absence of substitutions, or
the presence of only very conservative substitutions in a particular region of the sequence, may suggest that
this region has structural or functional importance.

2.2

BLAST

Proteins that have a significant biological relationship to one another often share only isolated regions of
sequence similarity. For identifying relationships of this nature, the ability to find local regions of optimal similarity is advantageous over global alignments that optimize the overall alignment of two entire
sequences. BLAST, or Basic Local Alignment Search Tool citeALT90 is an alignment tool that uses a
measure of local similarity to score sequence alignments in such a way as to identify regions of good local
alignment.
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Figure 2: This figure illustrates an alignment graph of two species. Nodes are constructed of pairs of
proteins, one per species, which present a high level of sequence-similarity. Edges represent interactions between proteins in the original networks which are conserved, meaning they exist in a high level of confidence
in both original networks.
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Network Alignment

A fundamental problem in molecular biology is the identification of cellular machinery, that is, protein pathways and complexes. PPI data present a valuable resource for this task. But there is a considerable challenge
to interpret it due to the high noise levels in the data and the fact that no good models are available to pathways and complexes. Comparative analysis is used to tackle these problems, and improve the accuracy of
the predictions.
The main paradigm behind comparison of PPI networks is that evolutionary conservation implies functional significance. Conservation of protein subnetworks is measured both in terms of protein sequence
similarity, and in terms of similarity in interaction topology.
This section describes some basic notions that appear in many previous works that find conserved pathways and complexes in the PPI networks of different organisms.

3.1

Local Network Alignment

A PPI network is conveniently modeled by an undirected graph G(V, E), where V denotes the set of proteins, and (u, v) ∈ E denotes an interaction between proteins u ∈ V and v ∈ V .
The network alignment problem: Given k different PPI networks belonging to different species, we
wish to find conserved subnetworks within these networks. In order to find these conserved subnetworks an
alignment graph is built. This graph consists of nodes representing sets of k sequence-similar proteins (one
per species), and edges representing conserved interactions between the the species. Illustration of such
alignment is shown in Figure 2. This concept was first introduced and used by Ogata et al. [17] and Kelley
et al. [13].
Creating an alignment graph from a set of k original networks is one heuristic that enables us to search in
all k PPI networks simultaneously. A heuristic approach is required here since the problem of finding conserved subnetworks in a group of networks is NP-Hard, because we can reduce it to subgraph-isomorphism
(which is known to be NP-Hard). Other heuristics, or approximation methods are applicable as well.
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Figure 3: This figure show a gene that diverged after a speciation to a mouse gene and a rat gene. Within the
mouse and the rat species the gene has been duplicated to two different genes rat gene 1 and rat gene 2 in
the rat, and mouse gene 1 mouse gene 2 and in the mouse. Each pair of genes are homologous. Each pair
of genes that consists of a rat gene and a mouse gene are orthologous, and each pair that consists of genes
in the same species are paralogous.

3.2

Protein Similarity

In order to build an alignment graph we need to define similarity measure between proteins. First, let us
define Homology of proteins (Figure 3 illustrates the speciation and duplication events, and the described
below protein relations):
• Orthologous proteins - two proteins from different species that diverged after a speciation event. In a
speciation event one species evolves into a different species (anagenesis) or one species diverges to
become two or more species (cladogenesis).
• Paralogous proteins - two proteins from the same species that diverged after a duplication event, in
which part of the genome is duplicated.
• Homologous proteins - two proteins that have common ancestry. This is often detected by checking
the sequence similarity between these proteins. The proteins can be either from the same species, or
from different species (either orthologous or paralogous).
We define similar proteins as potentially homologous proteins, i.e. proteins whose sequences maintain
a certain degree of similarity.
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Pairwise Alignment

In this section we take a closer look on the network alignment problem of two PPI networks.

4.1

Alignment Graph

An alignment graph is a merged representation of the networks being compared, facilitating the search for
conserved subnetworks. In a network alignment graph, the nodes represent sets of proteins, one from each
species, and the edges represent conserved PPIs across the investigated species.
The network alignment paradigm has been applied successfully by a number of authors to search for
conserved pathways [13] and complexes [14] [23].
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Figure 4: Source [13]. This figure show an example of pathway alignment and merged representation. (a)
Vertical solid lines indicate direct proteinprotein interactions within a single pathway, and horizontal dotted
lines link proteins with significant sequence similarity(Evalue ≤ Ecutof f ). An interaction in one pathway
may skip over a protein in the other (protein C), introducing a ”gap”. Proteins at a particular position that are
dissimilar in sequence(Evalue > Ecutof f , proteins E and g) introduce a ”mismatch”. The same protein pair
may not occur more than once per pathway, and neither gaps nor mismatches may occur consecutively. (b)
Pathways are combined as a global alignment graph in which each node represents a homologous protein pair
and links represent protein interaction relationships of three types: direct interaction, gap (one interaction is
indirect), and mismatch (both interactions are indirect).

4.2

Identifying Conserved Pathways of Proteins

Kelley et al. [13] introduced an efficient computational procedure for aligning two PPI networks and identify
their conserved interaction pathways, called PathBLAST. This method searches for high-scoring pathway
alignments involving two paths, one from each network, in which proteins of the first path are paired with
putative homolog proteins occurring in the same order in the second path (Figure 4). Since PPI data are
noisy, and in order to overcome evolutionary variations in module structures, both gaps and mismatches
were allowed:
• Gaps - A gap occurs when a protein interaction in one path skips over a protein in the other path.
In the global alignment graph this is shown by one direct protein interaction edge and one indirect
protein interaction edge.
• Mismatches - A mismatch occurs when aligned proteins do not share sequence similarity, and thus are
not a pair in the alignment graph. In the global alignment graph this is shown by two indirect protein
interaction edges.
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4.2.1

Alignment Graph and Scoring

In order to build the global alignment graph we need to measure the similarity between proteins in the PPI
networks. This similarity is measured using BLAST [2], which quantifies the similarity and assigns it with
a p-value, indicating the probability of observing such similarity at random. Protein sequence alignments
were computed using BLAST 2.0 with parameters b = 0, e = 1 × 106 , f = ”C; S”, and v = 6 × 105 .
BLAST 2.0 also computes an E-value, or Expectation Value, associated with each blast hit, which is the
number of different sequence pairs with score equivalent or better than this hit’s score that are expected to
result by a random search. Unalignable proteins were assigned a maximum E-value of 5. A path through
this combined graph represents a conserved pathway between the two networks. A log probability score
S(P ) for linear paths in the combined graph was formulated as follows:
S(P ) =

X
v∈P

log10

p(v)
prandom

+

X
e∈P

log10

q(e)
qrandom

(1)

where p(v) is the probability of true homology within the protein pair represented by v, and q(e) is the
probability that protein-protein interactions represented by e are indeed real, i.e., not false-positive. The
background probabilities prandom and qrandom are the expected values of p(v) and q(e) over all possible
vertices and edges in the combined graph.
4.2.2

Path Search in PathBLAST

After the alignment graph is built, simple paths of length 4 are searched for. A simple path is one with
no repeated nodes, but since the original networks, and the alignment graph are undirected, finding simple
paths using DFS and backtracking would be very costly.
In order to efficiently find simple paths, random acyclic orientation technique [1] is used, in which
acyclic subgraphs are generated by randomly assigning an orientation for each edge. Searching for a
maximal-score simple path of length L in a directed acyclic graph can be done in linear time using dynamic programming, and by generating a sufficient number, 5L!, of acyclic subgraphs, the maximal-score
path of length L can be found in linear time.
Every directed path of length L in the acyclic subgraph is simple and corresponds to two paths, one from
each of the two original networks. Although the acyclic orientation technique detects only simple paths in
the alignment graph, it is possible that the corresponding paths in the original networks are actually not
simple, due to one of the following:
1. If a path is not simple in only one of the PPI networks then this path may also not be simple in the
alignment graph, due to the use of gaps.
2. Even if a path is simple in both PPI networks, it may not be simple in the alignment graph, due to the
use of mismatches.
2
1
The probability that a path of length L in the original graph will appear in the acyclic subgraph is L!
( L!
in each direction), thus by generating 5L! acyclic subgraphs we expect to find the optimal path in one them.
Conserved regions of the network could be highly interconnected (e.g., a conserved protein complex),
thus it was sometimes possible to identify a large number of distinct paths involving the same small set of
proteins. Rather than enumerating each of these, they were iteratively filtered in PathBLAST. Denote by
Si the average score in the i-th iteration. Thus, for each iteration k, the set of 50 highest-scoring pathway
alignments were recorded (with average score < Sk >) and then removed their vertices and edges from the
alignment graph before the next stage. The p-value of each stage was assessed by comparing < Sk > to the
distribution of average scores < S1 > observed over 100 random global alignment graphs (constructed as
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per the data in Figure 7) and assigned to every conserved network region resulting from that stage (Figures
8 and 5). The p-values for pathway queries (Figure 6) were computed individually, by comparing each
pathway-alignment score to the best scores achieved over 100 random alignment graphs involving the query
and target (yeast) network.
4.2.3

Experimental Results

The authors performed three experiments:
1. Yeast (S. cerevisiae) vs. Bacteria (H. pylori): orthologous pathways between the networks of two
species.
2. Yeast vs. Yeast: paralogous pathways within the network of a single species, by aligning the yeast
PPI network versus itself.
3. Yeast vs. Yeast: interrogating the protein network with pathway queries, by aligning the yeast PPI
network versus simpe pathways.
4.2.4

Yeast vs. Bacteria: Orthologous Pathways Between the Networks of Two Species

Through this experiment a global alignment between the PPI network of the yeast and Bacteria was performed. The yeast network was constructed using the Database of interacting proteins ([30]), as of November 2002, that included interactions from different data sets derived through systematic co-immunoprecipitation
and two-hybrid studies. The Bacteria network was also constructed using the Database of interacting proteins and represented a single two-hybrid study (Rain et al. [7]).
Figure 7 shows a comparison between the yeast and bacteria global alignment graphs to the corresponding randomized networks obtained by permuting the protein names. As shown, both the graph size,
and the best pathway-alignment scores were significantly larger for the real aligned networks than for the
randomized ones. This suggests that both species indeed share conserved interaction pathways, because the
alignment results were significantly better compared to randomized networks. Surprisingly, the conservation
of a single direct interaction between both networks was rare (but their number was higher in real networks
than in randomized networks). However, the fact that ”mismatches” and ”gaps” were permitted, allowed
to find much larger regions that were conserved. The use in gaps and mismatches allowed PathBLAST to
overcome false negatives in the PPI data.
The top-scoring pathway alignments between bacteria and yeast are described in Figure 8. As validation
that the pathway segments found indeed correspond to specific conserved cellular functions, it was observed
that the network regions were significantly functionally enriched for particular protein functional categories
from the Munich Information Center for Protein Sequences (MIPS - http://mips.gsf.de) for yeast, and the
Institute for Genomic Research (TIGR - www.tigr.org) for bacteria.
In addition to recognition of conserved pathways between the two PPI networks, other insights can
be observed from the results of this work. For example, due to the certain degree of freedom allowed in
the alignment process, a conserved pathway can be found even though it includes a node corresponding two
proteins from the original network which are not known to be similar. This might imply that the functionality
of these two proteins might be similar, using only their location in the pathway topology, thus we can deduct
from the functionality of the protein we know of to the one we don’t, a fact that can be also biologically
validated.
Another insight we can deduct, is relation between seemingly unrelated processes, corresponding an
aligned pathway of the two processes which are performed by aligned proteins in conserved structures.
Figure 8.
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Figure 5: Source [13]. This figure shows paralogous pathways within the yeast, by merging the yeast
network with itself, and searching pathways. Each side pathway is drawn in a different color(green/blue).
The different regions in the figure shows top scoring alignments, their functional annotation, and their pvalue. (a) RNA polymerase II vs. I/III. (b) Protein transport. (c+i+j) Paralogous kinase signaling cascades:
mating, osmolarity, and nutrient control of cell growth. (d) Establishment of cell polarity. (e) Nuclear
transport. (f) Chromatin remodeling in osmoreg vs. DNA damage. (g) Glucose vs. phosphate signaling.
(h) Sporulation: cell wall vs. recombination. (k) Cytoplasmic vs. mitochondrial and peroxisomal proteases.
(l) Kinase pathways regulating nutrient response. (m) Mismatch repair vs. crossing-over machinery. (n)
Regulation of mitosis. (o) Cell polarity control.
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Figure 6: Source [13]. This figure shows the results of querying the yeast network with specific pathways.
The different regions in the figure shows top scoring alignments (each sub-figure for each pathway queried).
The high-scoring alignments are indicated in red. The p-value is also shows for each alignment. (a) Filamentation response (b) Skp1-Cdc53/cullin-F-Box (SCF) complex. (c) Anaphase Promoting Complex (APC). (d)
SUMO-conjunction.

Figure 7: Source [13]. This figure shows a summary of the results of testing yeast vs. bacteria networks,
and the yeast network vs. itself. The results were compared against random graphs that were constructed
by permuting the protein names on each network before the creating the alignment graph. The first column
presents the number of vertices (homologs) between the two tested networks. The second column presents
the amount of different edges constructed by the alignment algorithm. The third column presents the CPU
time that was needed to create the alignment graph. The last column presents the average of all the scores
vs. the average of top 50 scores.
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Figure 8: Source [13]. This figure shows the top scoring alignments between yeast (green vertices) vs.
bacteria (orange vertices) networks, their functional annotation and their p-value. (a) Both PPI networks. (b)
Protein synthesis and cell rescue functionality. (c) Protein fate (chaperoning and heat shock) functionality.
(d) Cytoplasmic and nuclear membrane transport. (e) Protein degradation / DNA replication. (f) RNA
polymerase and associated transcriptional machinery.
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Figure 9: This figure shows two pairs of aligned paths from two networks on the left side, and the way they
are joined into aligned complexes on the right.

4.3

Identifying Conserved Protein Complexes

The previous section handled the problem of finding conserved linear pathways. It is not uncommon for such
pathways to overlap, the following heuristic deals with those overlaps ending up identifying more complex
conserved structures. First, and PathBLAST is used to find conserved paths and then overlapping paths are
merged into complexes. An example of this is shows in Figure 9, where a conserved complex is found using
two conserved intersecting pathways.
4.3.1

A Probabilistic Model for Protein Complexes

To measure how good a complex is, a likelihood ratio is used. The measure looks at the ratio between the
likelihood of the complex to exist assuming all its proteins interact with each other, and the likelihood of the
complex to exist assuming a random distribution of the protein interactions in the graph.
The two models are defined as follows:
1. The protein-complex model, Mc - assumes that every two proteins in a complex interact with some
high probability p (0.8 is used in this work). In terms of the graph, the assumption is that two vertices
that belong to the same complex are connected by an edge with probability p, independently of all
other information.
2. The random model, Mn assumes that each edge is present with the probability that one would expect if
the edges of G were randomly distributed but respected the degrees of the vertices. More precisely, let
F G represent the family of all graphs having the same vertex set as G and the same degree sequence.
The probability of observing the edge (u, v), p(u, v), is defined to be the fraction of graphs in F G that
include this edge. Note that in this way, edges incident on vertices with higher degrees have higher
probability. We assume that all pairwise relations are independent.
Given a protein complex C = (V 0 , E 0 ), a naive approach could be to define this complex score as
follows:
Y
Y
p
1−p
L(C) =
×
(2)
p(u,
v)
1
−
p(u, v)
0
0
(u,v)6∈E

(u,v)∈E

It can be easily seen that complexes with higher density will have more edges and thus higher scores.
However, such a score ignores information on the reliability of interactions. A more rigorous scoring would
treat data of interactions as noisy observations of interactions. In other words, we will incorporate the edge
confidence scores into our complex score to deal with noisy data.
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Let Tuv denote the event that two proteins u, v interact, and Fuv denote the event that they do not interact.
Ouv denote the (possibly empty) set of available observations on the proteins u and v , that is, the set of experiments in which u and v were tested for interaction and the outcome of these tests. Using prior biological
information (see Section 4.1 of [22]), one can estimate for each protein pair the probability P r(Ouv |Tuv ) of
the observations on this pair, given that it interacts, and the probability P r(Ouv |Fuv ) of those observations,
given that this pair does not interact. Also, one can estimate the prior probability P r(Tuv ) that two random
proteins interact.
Given a subset U of the vertices, the likelihood of U under a protein-complex model (Mc ) and a random
model (Mn ) is computed. Denoting by OU the collection of all observations on vertex pairs in U, the
probability that this collection of observations will occur under the complex model can be computed as
follows:
Y
(pP r(Ouv |Tuv ) + (1 − p)P r(Ouv |Fuv ))
(3)
P r(OU |Mc ) =
(u,v)∈U ×U

and the probability that this collection of observations will occur in the random model can be computed as
follows:
Y
P r(OU |Mn ) =
(p(u, v)P r(Ouv |Tuv ) + (1 − p(u, v))P r(Ouv |Fuv ))
(4)
(u,v)∈U ×U

therefore, the log likelihood score of a complex C can be calculated as follows:
Y

L(C) =

(u,v)∈U ×U

4.3.2

P r(OU |Mc )
pP r(Ouv |Tuv ) + (1 − p)P r(Ouv |Fuv )
=
P r(OU |Mn )
p(u, v)P r(Ouv |Tuv ) + (1 − p(u, v))P r(Ouv |Fuv )

(5)

Scoring for Two Species
0

Consider C and C two network subsets, one for each species, and a mapping θ between them. Then, we
can compute the likelihood score as follows:
0

0

L(C, C ) = L(C)L(C )

(6)

But, this does not take into account the degree of sequence conservation among the pairs of proteins
mapped by θ. In order to include such information, a conserved complex model and a random model
for pairs of proteins from two species were defined. Let Euv denote the BLAST E-value assigned to the
0
similarity between proteins u and v, and let huv , huv denote the events that u and v are orthologous, or
nonorthologous, respectively. The likelihood ratio corresponding to a pair of proteins (u, v) is therefore:
0

0

L(C, C ) = L(C)L(C )

Y
u,v−matched

P r(Euv |huv )
P r(Euv |huv )P r(huv ) + P r(Euv |h0uv )P r(h0uv )

(7)

A downside of this scoring method is that it treats the aligned complexes independently, meaning that
it ignores the preservation of interactions between the complexes. Nevertheless, because most of currently
available PPI networks originate from evolutionary distant species, this scoring produces similar results as
other, more complex methods, which do incorporate interaction preservation scores.
4.3.3

Searching Conserved Protein Complexes

Using the model explained above, the problem of identifying conserved protein complexes reduces to the
problem of finding heavy sub-graphs in the alignment graph. T

12

4.3.4

The Search Strategy

The problem of searching for heavy induced subgraphs in a graph is NP-hard even when considering a single
species where all edge weights are 1 or -1 and all vertex weights are 0 (Shamir et al. [20]). Thus, heuristic
strategies for searching the alignment graph for conserved complexes were proposed.
A bottom-up search for heavy subgraphs in the alignment graph is performed, by starting from high
weight seeds, refining them by exhaustive enumeration, and then expanding them using local search. An
edge in the alignment graph is defined as strong if the sum of its associated weights (the edge weights within
each species graph) is positive.
For example, the search in the NetworkBLAST-E algorithm is performed as follows: For each node i in
the alignment graph, identify a neighbor j such that the score of this pair is maximum among all neighbors
of i. The algorithm enumerates all 4-node subgraphs which contain i and j and whose weight is above some
threshold. These seeds are then greedily expanded, each time adding or deleting a node whose modification
increases the weight of the current subgraph the most. The output of the search is a subnetwork C of the
network alignment graph along with its corresponding score.
The search proceeds as follows:
1. Compute a seed around each node v, which consists of v and all its neighbors u such that (u, v) is a
strong edge
2. If the size of this set is above a threshold (e.g.,10), iteratively remove from it the node whose contribution to the subgraph score is minimum, until we reach the desired size.
3. Enumerate all subsets of the seed that have size at least 3 and contain v . Each such subset is a refined
seed on which a local search heuristic is applied.
4. Local search: Iteratively add a node, whose contribution to the current seed is maximum, or remove
a node, whose contribution to the current seed is minimum, as long as this operation increases the
overall score of the seed. Throughout the process the original refined seed is preserved and nodes are
not deleted from it.
5. For each node in the alignment graph record up to k (e.g. 5) heaviest subgraphs that were discovered
around that node.
Notice that the resulting subgraphs may overlap considerably. In order to solve that a greedy algorithm
is used to filter subgraphs whose percentage of intersection is above a threshold as follows:
1. Iteratively find the highest weight subgraph.
2. Add that subgraph to the final output list.
3. Remove all other highly intersecting subgraphs (large overlap between two complexes was disallowed
by filtering complex that has 60 percent or more than other complex, and its p-value is worse than the
other complex). This p-value of a complex measures the fraction of random runs in which the output
complex had higher score, as explained next.
4.3.5

Evaluation of Complexes

The statistical significance of identified complexes was tested in two ways:
1. The first is based on the z-scores that are computed for each subgraph and assumes a normal approximation to the likelihood ratio of a subgraph. The approximation relies on the assumption that
the subgraphs nodes and edges contribute independent terms to the score. The latter probability is
Bonferroni ([5]) corrected for multiple testing, according to the size of the subgraph.
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2. The second is based on empirical runs on randomized data. The randomized data are produced by
random shuffling of the input interaction graphs of the two species, preserving their degree sequences,
as well as random shuffling of the orthology relations, preserving the number of orthologs associated
with each protein. For each randomized dataset, a heuristic search is used to find the highest-scoring
conserved complex of a given size. Then a p-value is estimated for a suggested complex of the same
size, as the fraction of random runs in which the output complex had higher score.
4.3.6

Application to Yeast and Bacteria

This method was applied to Yeast and Bacteria species. The resulting alignment graph had the following
properties:
• 3000 sequence similar pairs.
• 866 nodes: 247 bacterial proteins and 527 yeast.
• 12420 edges: 429 represent interactions in both species.
Also see Figure 11.
MIPS complex annotation for yeast contains 18 categories with 3 proteins in the alignment graph; 285
annotated nodes. TIGR functional annotation for bacteria contain 13 broad functional categories; 757 annotated nodes.
To validate the results, these conserved clusters were compared to known complexes in yeast as annotated by the Munich Information Center for Protein Sequences (MIPS - http://mips.gsf.de). They only
considered MIPS complexes that were manually annotated independently from the Database of Interacting
Proteins interaction data (i.e., excluding complexes in MIPS category 550 that are based on high–throughput
experiments).
4.3.7

Complex Identification and Validation

The algorithm was applied to yeast and bacteria networks, identifying 11 nonredundant complexes, with
significant p-value < 0.05 (after the correction for multiple testing). The score was also compared against
empirical runs on randomized data (p < 0.05). The results are listed in Figure 10.
In order to validate these results the MIPS database was used (www.mips.gsf.de) that contains assignment of yeast genes to known complexes. The purity of a complex was defined as follows: denote by x
the highest number of proteins from a single complex category in MIPS. Denote by y all the proteins in the
complex that are categorized members in MIPS; thus, the purity was calculated as x/y.
High purity indicates a conserved complex that corresponds to a known complex in yeast and serves as
a validation for the result. Low purity may indicate either an incorrect complex or a previously unidentified
correct one. Note that most of the predicted complexes also contain proteins that are not known to belong
to any complex in yeast. Thus, the results could be used in order to suggest additional members in known
complexes.
For bacteria, since experimental information on complexes is unavailable, functional annotations were
used in order to calculate the purity of the complex. The functional annotations which were taken from the
TIGR database (www.tigr.org).
The significant complexes that have been identified exhibit a nice correspondence between the protein
complex annotation in yeast and the functional annotation in bacteria, as presented in Figure 10 and further
visualized in Figure 11. For instance, complex 17 contains proteins from both yeast and bacteria that are
involved in protein degradation, complexes 19 and 28 consist predominantly of proteins that are involved in
translation, and complex 30 includes proteins that are involved in membrane transport.
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Figure 10: Source [22]. This figure shows the conserved protein complexes identified between the yeast and
bacteria. Table columns: ID (the ID of the complex), Score (−ln(pvalue ) adjusted for multiple testing), size
(with the number of distinct bacterial and yeast proteins in parentheses), purity and complex category for
the yeast, and purity and functional category for the bacteria.
The conserved protein complexes that were found imply new functions for a variety of uncharacterized
proteins. For instance, complex 17 (Figure 11(a)) defines a set of conserved interactions for the cells protein
degradation machinery. Bacterial proteins HP0849 and HP0879 (emphasized in Figure 11(a)) are uncharacterized, but their appearance within yeast and bacterial complexes involved in proteolysis suggests that
they also play an important role in this process. Another example is the yeast proteins Hsm3 and Rfa1 (with
known functional roles in DNA-damage repair) that may also be associated with the yeast proteasome (see
Figure 11(b,d)).
As another example of protein functional prediction, Figure 11(b) shows a conserved complex which
contains yeast proteins that function in the nuclear pore (NUP) complex. The NUP complex is integral
to the eukaryotic nuclear membrane and serves to selectively recognize and shuttle molecular cargos (e.g.,
proteins) between the nucleus and cytoplasm. Unlike the yeast proteins, the corresponding bacterial proteins
are less well characterized, although three have been associated with the cell envelope due to their predicted
transmembrane domains. The results therefore indicate that the bacterial proteins may function as a coherent
cellular membrane transport system in bacteria, similar to the nuclear pore in eukaryotes, or perhaps are part
of some sort of ancient predecessor of the yeast NUP complex.
4.3.8

Comparison to Previous Methods

The authors performed a comparison between three methods/applications:
• Yeast vs. Bacteria: the algorithm was applied to the yeast bacteria alignment graph in search of
conserved complexes.
• Yeast only: this method is a noncomparative variant of the algorithm that uses the protein-protein
interactions in yeast only. That is, this variant searches for heavy subgraphs in the yeast interaction
graph, where the edges of the graph are weighted according to the log-likelihood ratio model.
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Figure 11: Source [22]. This figure shows conserved protein complexes: (a) proteolysis complexes, (b,d)
protein synthesis complexes, (c) nuclear transport complexes. Conserved complexes are connected subgraphs within the bacteria-yeast alignment graph, whose nodes represent orthologous protein pairs and edges
represent conserved protein interactions of three types: direct interactions in both species (solid edges); direct in bacteria but distance 2 in the yeast interaction graph (dark dashed edges); and distance 2 in the
bacterial interaction graph but direct in yeast (light dashed edges). The number of each complex indicates
the corresponding complex ID listed in figure 10.
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Figure 12: Source [22]. This figure shows a comparison between the three experiments using three comparison measures: the Jaccard measure, the Sensitivity measure and the Specificity measure.
• A variant of the algorithm that relies on the previous probabilistic model for protein interactions by
Kelley et al. [13].
And the following measures were used in order to compare the experiments:
• The Jaccard measure: Two proteins are called mates in a solution if they appear together in at least
one complex in that solution. Given two solutions, let n11 be the number of pairs that are mates in
both, and let n10 (n01 ) be the number of pairs that are mates in the first (second) only. The Jaccard
score is: n11 /(n11 + n10 + n01 ). Hence, it measures the correspondence between protein pairs that
belong to a common complex according to one or both solutions. Two identical solutions would get a
score of 1, and the higher the score the better the correspondence (for more on Jaccard score see [12]).
• The Sensitivity measure - quantifies the extent to which a solution captures complexes from the different yeast categories. It is formally defined as the number of categories for which there was a complex
with at least half its annotated elements being members of that category, divided by the number of
categories with at least three annotated proteins.
• The Specificity measure - quantifies the accuracy of the solution. Formally, it is the fraction of predicted complexes whose purity exceeded 0.5.
A comparison of the performance of the three approaches is shown in Figure 12. Analysis of the results
shows that:
• The Jaccard score is significantly better in the current approach than in Kelley et al. [13].
• The sensitivity is lower, as fewer categories are captured, but the specificity is much higher, so the
predicted complexes are much more accurate.
• Using data on yeast only, Sharan et al. get even higher sensitivity, although again at the cost of
specificity. The Jaccard score of this run is comparable to that of the comparative algorithm. This
shows that the new probabilistic model can be effectively used, even for detecting complexes using
interaction data from a single species.
• The results of the yeast vs. bacteria experiment were evaluated using data on yeast complexes only,
not all of which are expected to be conserved. Still, the use of the bacterial data significantly improved
the specificity of the results.

4.4

Evolutionary Based Scoring

The methods above for scoring and searching for conserved complexes do not take into account the evolutionary process shaping protein interaction. Koyuturk et al. introduce a scoring method which is based on
the duplication/divergence model (see [15]).
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Figure 13: Source [15]. This figure shows duplication, elimination and emergence events on a PPI network.
0
Starting with three interactions between proteins u1 ,u2 and u3 . Then, node u1 is duplicated to node u1 , together with its interactions (dashed circle and lines). Then, node u1 loses its interaction with u3 (elimination
0
- dotted line). Finally, an interaction between u1 and u1 is added to the network (emergence - dashed line).
4.4.1

The Duplication/Divergence Model

The duplication/divergence model is a common model used to explain the evolution of protein interaction
networks via preferential attachment. According to this model, when a gene is duplicated in the genome,
the node corresponding to the product of this gene is also duplicated together with its interactions. An
example of protein duplication is shown in Figure 13. A protein loses many aspects of its functions rapidly
after being duplicated. This translates to divergence of duplicated (paralogous) proteins in the interactome
through elimination and emergence of interactions:
• Elimination of an interaction in a PPI network implies the loss of an interaction between two proteins
due to mutations int their interface.
• Emergence of an interaction in a PPI network implies the introduction of a new interaction between
two non-interacting proteins, again caused by mutations that change protein surfaces.
Examples of elimination and emergence of interactions are also illustrated in Figure 13.
If an elimination or emergence is related to a recently duplicated protein, it is said to be correlated;
otherwise, it is uncorrelated ([18]). Since newly duplicated proteins are more tolerant to interaction loss
because of redundancy, correlated elimination is generally more probable than emergence and uncorrelated
elimination ([25]). In the context of duplication two types of pairs of proteins are defined as follows:
• A pair of proteins from different species will be called in-paralogs, if they are the result of duplication
that occurred before a speciation event.
• A pair of proteins from different species will be called out-paralog, if they are the result of a duplication that occurred after a speciation event.
The interaction profiles of duplicated proteins tend to almost totally diverge in about 200 million years,
as estimated on the yeast interactome. On the other hand, the correlation between interaction profiles of
duplicated proteins is significant for up to 150 million years after duplication, with more than half of interactions being conserved for proteins that are duplicated less than 50 million years back. Thus, while
comparatively analyzing the proteome and interactome, it is important to distinguish in-paralogs from outparalogs since the former are more likely to be functionally related. This, however, is a difficult task since
out-paralogs also show sequence similarity.
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4.4.2

Local Alignment of the PPI Network

Given two PPI networks G(U, E) and H(V, F ), a protein subset pair P = {Ũ , Ṽ } is defined as a pair of
protein subsets Ũ ⊆ U and Ṽ ⊆ V . Any protein subset P induces a local alignment A(G, H, S, P ) =
{M, N, D} of G and H with respect to S, which is the similarity function between each pair of proteins in
U ∪V:
• M - set of matches. A match corresponds to a conserved interaction between two orthologous protein
pairs, which is rewarded by a match score that reflects the confidence in both protein pairs being
orthologous.
• N - set of mismatches. A mismatch is the lack of an interaction in the PPI network of one organism
between a pair of proteins whose orthologs interact in the other organism. A mismatch may correspond to the emergence of a new interaction or the elimination of a previously existing interaction in
one of the species after the split, or an experimental error. Thus, mismatches are penalized to account
for the divergence from the common ancestor.
• D - set of duplications. A duplication is the duplication of a gene in the course of evolution. Each
duplication is associated with a score that reflects the divergence of function between the two proteins,
estimated using their similarity.
0

0

Let functions 4G (u, u ) and 4H (v, v ) denote the distance between two corresponding proteins in the
interaction graphs G and H, respectively. Given a pairwise similarity function S, a distance cutoff 4̄, and
the set P from above, we get:
0

0

0

0

M = {u, u ∈ Ũ , v, v ∈ Ṽ : S(u, v) > 0, S(u , v ) > 0,
0
0
0
0
((uu ∈ E ∧ 4H (v, v ) ≤ 4̄) ∨ (vv ∈ F ∧ 4G (u, u ) ≤ 4̄))}
0

0

0

0

N = {u, u ∈ Ũ , v, v ∈ Ṽ : S(u, v) > 0, S(u , v ) > 0,
0
0
0
0
((uu ∈ E ∧ 4H (v, v ) > 4̄) ∨ (vv ∈ F ∧ 4G (u, u ) > 4̄))}
0

0

0

(8)

0

D = {u, u ∈ Ũ : S(u, u ) > 0} ∪ {v, v ∈ Ṽ : S(v, v ) > 0}

(9)
(10)

Following the definition of match and mismatch we see that not only direct but also indirect interactions
are allowed. If two proteins directly interact with each other in one organism, and their orthologs are
reachable from each other via at most 4̄ interactions in the other (the value 4̄ = 2 is used), it is considered
as a match. Conversely, a mismatch corresponds to the situation in which two proteins are not reachable via
4̄ interactions in one network while their orthologs directly interact in the other.
There are two observations that explain the use of the distance cutoff :
1. Proteins that are linked by a short alternate path are more likely to tolerate interaction loss because of
relaxation of evolutionary pressure ([15]).
2. High-throughput methods such as TAP ([6]) identify complexes that are associated with a single
central protein and these complexes are recorded in the interaction database as star networks with the
central protein serving as a hub.
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4.4.3

Scoring Match, Mismatch and Duplications

For scoring the matches and mismatches, the similarity between two protein pairs is defined as follows:
0

0

0

0

S(uu , vv ) = S(u, v)S(u , v )

(11)

The similarity value is calculated using Inparanoid ([19]), which is a sequence-based method for finding
orthology relations. It uses clustering in order to derive orthology families, leaving some of the orthology
0
0
0
relations ambiguous. S(uu , vv ) quantifies the likelihood that the interactions between u and v, and u and
0
v are orthologous. Consequently, a match that corresponds to a conserved pair of orthologous interactions
is rewarded as follows:
0
0
0
0
µ(uu , vv ) = µ̄S(uu , vv )
(12)
Here, µ̄ is the match coefficient that is used to tune the relative weight of matches against mismatches and
duplications, based on the evolutionary distance between the species that are being compared.
A mismatch may correspond to the functional divergence of either interacting partner after speciation. It
might also be due to a false positive or negative in one of the networks that is caused by incompleteness of
data or experimental error. However, this problem was already solved by considering indirect interactions
as matches. According to Wagner ([27]), after a duplication event, duplicate proteins that retain similar
functions in terms of being part of similar processes are likely to be part of the same complex. Moreover,
since conservation of proteins in a particular module is correlated with interconnectedness ([29]), we expect
that interacting partners that are part of a common functional module will at least be linked by short alternative paths. Based on these observations, mismatches are penalized for possible divergence in function as
follows:
0
0
0
0
v(uu , vv ) = −v̄S(uu , vv )
(13)
As for match score, mismatch penalty is also normalized by a coefficient v̄, that determines the relative
weight of mismatches w.r.t. matches and duplications.
A duplication has an evolutionary significance. Since duplicated proteins rapidly lose their interactions,
it is more likely that in-paralogs, i.e., the proteins that are duplicated after a speciation event, will share more
interacting partners than out-paralogs do ([27]). Furthermore, sequence similarity is employed as a means
for distinguishing in-paralogs from out-paralogs. This is based on the observation that sequence similarity
provides a crude approximation for the age of duplication ([28]). Moreover, recently duplicated proteins
are more likely to be in-paralogs, and thus show more significant sequence similarity than older paralogs.
Therefore, duplicate score is defined as follows:
0
0
¯
δ(u, u ) = δ̄(S(u, u ) − d)
0

(14)
0

¯ suggesting that u and u are likely
Here d¯ is the cutoff for being considered in-paralogs. If S(u, u ) > d,
0
¯ the
to be in-paralogs, the duplication is rewarded by a positive score. If, on the other hand, S(u, u ) < d,
proteins are considered out-paralogs, thus the duplication is penalized.
4.4.4

Alignment Score and the Optimization Problem

Given PPI networks G and H, the score of alignment A(G, H, S, P ) = M, N, D is defined as:
X
X
X
σ(A) =
µ(m) +
v(n) +
δ(d)
m∈M

n∈N

(15)

d∈D

The PPI network alignment problem is one of finding all maximal protein subset pairs P such that
σ(A(G, H, S, P )) is locally maximal, i.e. the alignment score cannot be improved by adding individual
proteins to or removing proteins from P. The aim is to find local alignments with locally maximal score.
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The information regarding matches, mismatches and duplications of the two PPI networks is represented
using a single weighted alignment graph: Given G(U, E), H(V, F ), and protein similarity function S, the
corresponding weighted alignment graph G(V̄ , Ē) is computed as follows:
V̄ = {v̄ = {u, v} : u ∈ U, v ∈ V and S(u, v) > 0}

(16)

In other words, there is a node in the alignment graph for each pair of putatively ortholog proteins. Each
0
0
0
0
edge v̄v̄ , where v̄ = {u, v} and v̄ = {u , v }, is assigned a weight:
0

0

0

0

0

0

0

w(v̄, v̄ ) = µ(uu , vv ) + v(uu , vv ) + δ(u, u ) + δ(v, v )
0

0

0

(17)

0

Here, µ(uu , vv ) = 0 if (uu , vv ) ∈
/ M and the same for mismatches and duplications.
They used a greedy search heuristic in order to find the conserved complexes in the alignment graph.
For more information on this heuristic refer to section 3.3 in [15].
4.4.5

Significance Evaluation

To evaluate the statistical significance of discovered high-scoring alignments, a comparison is made between the alignments and a reference model generated by a random source. In the reference model, it is
assumed that the interaction networks of the two species are independent of each other. In order to assess
the significance of conservation of interactions between orthologous proteins rather than the conservation
of proteins itself, it is assumed that the orthology relationship between protein is already established, i.e., is
not generated by a random source. Other interactions are generated randomly while preserving the degree
sequence.
0
Given proteins u and u , that are interacting with du and du0 proteins, respectively, then the probability
puu0 can be estimated as:
du d 0
puu0 = P u
(18)
v∈U dv
Recall that the weight of a subgraph of the alignment graph is equal to the score of the corresponding
alignment, therefore, in the reference model, the expected value of the score of an alignment induced by
Ṽ ⊆ V is :
X
0
E[W (Ṽ )] =
E[w(vv )]
(19)
v,v 0 ∈Ṽ

where
0

0

0

0

0

0

0

E[w(vv )] = µ̄S(uu , vv )puu0 pvv0 − v̄S(uu , vv )(puu0 (1 − pvv0 ) + (1 − puu0 )pvv0 ) + δ(u, u ) + δ(v, v )
(20)
is the expected weight of an edge in the alignment graph. With the simplifying assumption of independence
of interactions, they have
X
0
V ar[W (Ṽ )] =
V ar[w(vv )]
(21)
0

v,v ∈Ṽ

enabling them to compute the z-score to evaluate the statistical significance of each discovered high-scoring
alignment, under the normal approximation that is assumed.
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Species
S. Cerevisiae
C. Elegans
D. Melanogaster

No. of proteins
5157
3345
8577

No. of Interactions
18192
5988
28829

Table 1: Source [15]. Number of proteins and interactions for yeast (S. Cerevisiae), worm (C. Elegans) and
fly (D. Melanogaster).

Figure 14: Source [15]. The number of nodes, matched nodes, matches, mismatches and duplications, for
each experiment done: SC vs. CE (yeast vs. worm), SC vs. DM (yeast vs. fly) and CE vs. DM (worm vs.
fly). It shows the data both for 4̄ = 1 and 4̄ = 2.
4.4.6

Experimental Results

The interaction data that was used was downloaded from BIND ([3]) and DIP ([30]) molecular interaction
databases. The statistics for the PPI networks of yeast (S. Cerevisiae), worm (C. Elegans) and fly (D.
Melanogaster) are shown in Table 1.
They performed pairwise alignments of the three pairs of PPI networks, using the following alignment
parameters: µ̄ = 1.0, v̄ = 1.0 and δ̄ = 0.1. The alignment was done between yeast-worm, yeast-fly, and
worm-fly, for both for 4̄ = 1 and 4̄ = 2. The results are shown in Figure 14.
Alignment of yeast PPI network with fly PPI network results in identification of 412 conserved subnetworks. Ten of the conserved subnetworks with highest alignment scores are shown in Figure 15. In
total, 83 conserved subnetworks are identified on yeast-worm alignment, and 146 are identified on worm-fly
alignment.
While most of the conserved subnetworks are dominated by one particular processes and the dominant
processes are generally consistent across species, there also exist different processes in different organisms
that are mapped to each other by the discovered alignments. This illustrates that the comparative analysis of
PPI networks is effective in not only identifying particular functional modules, pathways, and complexes, but
also in discovering relationships between different processes in separate organisms and crosstalk between
known functional modules and pathways. Moreover, alignment results provide a means for discovery of
new functional modules in relatively less studied organisms through mapping of functions at a modular
level rather than at the level of single protein homologies. These significant use of the experiments results
was also noticed by Both Kelley et al. with PathBLAST ([13]), and Sharan et al. ([22]).
A selection of interesting conserved subnetworks is shown in Figure 16. The alignments in the figure
illustrate that the alignment algorithm takes into account the conservation of interactions in addition to
sequence similarity while mapping orthologous proteins to each other. In all of the alignments shown in
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Figure 15: Source [15]. This figure shows the representative top-scoring subnetworks identified by the alignment of yeast and fly. The dominant biological process/functionality for each species, in which the majority
of proteins in the conserved subnetwork participate is also shown in the second raw of each subnetwork. For
each subnetwork we it also show the z-score, number of proteins (for each species in parenthesis), number
of matches, mismatches and duplications (for each species in parenthesis).
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Figure 16: Source [15]. This figure shows a sample of conserved subnetworks identified by the alignment
algorithm. Orthologous and paralogous proteins are either vertically aligned, or connected by blue dotted
lines. Existing interactions are shown by green solid lines, and missing interactions that have an orthologous
counterpart are shown by red dashed lines. The organisms aligned and the rank of the alignment are shown
in the label. (a,b,c) yeast vs. fly. (d,e) worm vs. fly (f) yeast vs. worm.
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Figure 17: Source [23]. This figure shows a schematic illustration of the comparison process in [23]. Raw
data are preprocessed to estimate the reliability of the available protein interactions and identify groups of
sequence-similar proteins, using BLAST. The protein group contains one protein from each species and
it is required that each protein has a significant sequence match to at least one other protein in the group
(BLAST Evalue < 107 ); considering the 10 best matches only). Next, protein networks are combined to
produce a network alignment that connects protein similarity groups whenever the two proteins within each
species directly interact or are connected by a common network neighbor. Conserved paths and clusters
identified within the network alignment are compared to those computed from randomized data, and those
at a significance level of P < 0.01 are retained. A final filtering step removes paths and clusters with more
that 80 percent overlap.
the figure, the interactions of proteins that belong to the same orthologous group are highly conserved,
suggesting relatively recent duplications.
A noticeable issue with this paper is the lack of any comparison with previous approaches.

5

Multiple Network Alignment

All the methods we saw in the previous sections of this scribe ([13, 22, 15]) were limited to the alignment of
two networks. Sharan et al. in [23] introduced a method of performing comparison and analysis of multiple
PPI networks.

5.1

The Alignment Graph

The method that Sharan et al. introduce in [23] is similar to the one introduced in [22] (which we described
earlier). The main difference is that instead of aligning only two networks the interactions are integrated
with the sequence information in order to generate a multiple network alignment graph. Each node in this
graph consists of a group of sequence-similar proteins, one from each species. Each link between a pair
of nodes in the alignment graph represent conserved protein interactions between the corresponding protein
group. The sequence-similarity is calculated, as before, using BLAST ([2]). See Figure 17. A search over
the alignment graph is performed to identify two types of conserved subnetworks:
1. Short linear paths of interacting proteins, which model signal transduction pathways.
2. Dense clusters of interactions, which model protein complexes.

5.2

The Search and the Subnetwork Score

The search and scoring methods used here are very similar to the ones used by Sharan et al. in [22], thus we
add a brief explanation of these methods. For further information about the methods see [23].
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The search is guided by reliability estimates for each protein interaction, calculated using a logistic
regression method (see Lecture 7), which are combined into a probabilistic model for scoring candidate
subnetworks. This probabilistic model is similar to the one introduced by Sharan et al. in [22].
As for the way that the complex that was identified is scored, it is similar to that in equation 6. For
0
00
example, given three complexes C, C and C the likelihood score is:
0

00

0

00

L(C, C , C ) = L(C)L(C )L(C )

(22)

and similar to that goes for n complexes.
Note that in [22] the likelihood score was also multiplied by a value that represents the similarity between
pairs of proteins. The reason this part is missing here is that there is no convention about similarity between
0
00
more than two protein sequences. Also note that L(C), L(C ) and L(C ) are calculated as before, using
equation 5. The score of a path is calculated in a similar way.
As before, a log–likelihood ratio score is used in order to compare the fit of a subnetwork to the desired
structure (path or cluster) versus its likelihood given that each species’ interaction map was randomly constructed. The underlying model assumptions are (same as in the statistical model in [22], recall the Complex
model(Mc ) and the Null model(Mn )):
1. In a real subnetwork, each interaction should be present independently with high probability.
2. In a random subnetwork, the probability of an interaction between any two proteins depends on their
degree of interactions in the network.
The significance of the identified subnetworks is evaluated by comparing their scores to those obtained
on randomized data sets, in which each of the PPI networks is shuffled along with the protein similarity
relationships between them.
5.2.1

Experimental Results Visualization

The layout of conserved pathes and clusters between all three networks, as it can be seen in figure 19 were
automatically generated via a plug–in to Cytoscape [21]. The layout was produced using a ”spring” method,
commonly used to present graphs. According to this method, a ”spring” is attached to every edge (a certain
attraction force is applied between every two nodes connected by edges) and a certain rejection force is a
applied between all nodes. Then, all is left to do, is to bring the entire system to equilibrium.
In this case, except the usual attraction force on all PPI edges, other forces were distributed as following:
• Repulsive force was applied between intra–species nodes.
• Attractive force was applied between sequence–similar nodes.
After the system stabilized, the different species networks were separated and placed side by side. A vivid
demonstration can be seen on Figure 18.

5.3

Experimental Results

Sharan et al. applied the multiple network alignment framework (see Figure 17) to three PPI networks:
1. Saccharomyces cerevisiae (yeast), including 14,319 interactions among 4,389 proteins.
2. Caenorhabditis elegans (worm), including 3,926 among 2,718 proteins. (note that this network is a
very partial network).
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Figure 18: Source [23]. Demonstration of the automated layout of the network alignments using a Cytoscape
([21]) software plug–in.
3. Drosophila melanogaster (fly), including 20,720 among 7,038 proteins. interactions among 4,389
proteins.
A search over the network alignment identified 183 protein clusters and 240 paths conserved at a significance level of P < 0.01. These covered a total of 649 proteins among yeast, worm, and fly. Representative
examples of conserved clusters and paths are shown in Figure 19. Figure 20 shows a global map of all
clusters and paths conserved among the three species protein networks, and the biological functions of each
cluster and path. The map shows evidence of modular structure, groups of conserved clusters overlap to
define 71 distinct network regions most enriched for one or more well defined biological functions.
Overall, the network alignment contained 486 annotated yeast proteins spanning 57 categories at level 3
of the MIPS hierarchy. They defined a cluster to be pure if it contained three or more annotated proteins and
at least half of these shared the same annotation. 94% of the conserved clusters were pure, indicating the high
specificity of their approach, compared to a lower percentage (83%) of when applying a noncomparative
variant of our method to data from yeast only (i.e., applying the same methodology to search for high–
scoring clusters within the yeast network only).
Another test was performed to find whether the conserved clusters were biased by spurious interactions,
resulting from proteins that lead to positive two–hybrid tests without interaction (resulting from bait signals).
Of 39 proteins with more than 50 network neighbors, only 10 were included in conserved clusters. These 10
proteins were involved in 60 intracluster interactions, 85% of which were supported by coimmunoprecipitation experiments. This finding indicates that the clusters were not biased because of artifacts of the yeast
two–hybrid assays.
5.3.1

Three-Way vs. Two-Way Network Alignments

In addition to the three–way comparison described above, two–way network alignments were performed
between all three network pairs (yeast/worm, yeast/fly, and worm/fly). The clusters and paths identified by
these comparisons are described in [23].
Interestingly, analysis of the proteins shared among the different pairwise comparisons led to the following findings:
• First, the density and number of conserved clusters found in the yeast/fly comparison were consid27

Figure 19: Source [23]. This figure shows the conserved networks regions identified by the yeast (orange
ovals), worm (green rectangles) and fly (blue hexagons) network comparison. Direct interactions are drawn
by thick line. Indirect interactions (connections via a common neighbor) are drawn by thin line. Horizontal
dotted gray lines show cross-species sequence similarity between the proteins. Each sub-figure indicated
the biological function of the region. Regions (a-k) refer to clusters, and regions (l-m) refer to paths.
28

Figure 20: Source [23]. This figure shows the modular structure of conserved clusters among yeast, worm,
and fly. Multiple network alignment revealed 183 conserved clusters, organized into 71 network regions
represented by colored squares. Regions group together clusters that share more than 15 percent overlap,
with at least one other cluster in the group, and are all enriched for the same GO ([31]) cellular process
(P < 0.05 with the enriched processes indicated by color). Cluster ID numbers are given within each
square;numbers are not sequential because of filtering. Solid links indicate overlaps between different regions, where thickness is proportional to the percentage of shared proteins (intersection size divided by the
union size). Hashed links indicate conserved paths that connect clusters together. Labels a − k and m mark
the network regions exemplified in Figure 19.

29

Figure 21: Source [23]. This figure shows a comparison of two and three-way clusters, via Venn diagrams
depicting the relationships between the computed two and three-way clusters in terms of the number of
distinct proteins that are included in each set of clusters.
erably greater than for the other comparisons, because of the large amounts of interaction data for
these species relative to worm (Recall that the worm data is very partial). A comparison between the
different experiments is given in Figure 21 and in Table 2.
• Second, the worm/fly conserved clusters were largely distinct from the clusters arising from the other
analysis. For example, only 29 percent of the proteins in the worm/fly clusters were assigned to
conserved clusters in the three-way analysis (135 of 462). This observation is consistent with the
closer taxonomic relationship of worm and fly compared to yeast.

5.3.2

Prediction of Protein Functions

As we saw earlier, conserved subnetworks that contain many proteins of the same known function suggest
that their remaining proteins also have that function. Based on this concept, protein functions were predicted
whenever the set of proteins in a conserved cluster or path (combined over all species) was significantly
enriched for a particular Gene Ontology (GO) ([31]) annotation (p < 0.01) and at least half of the annotated
proteins in the cluster or path had that annotation. When these criteria were met, all remaining proteins
in the subnetwork were predicted to have the enriched GO annotation. They estimated the specificity of
these predictions using cross validation, in which one hides part of the data, uses the rest of the data for
prediction, and tests the prediction success by using the held–out data. (For more information on cross–
validation see scribe of Lecture 6.) Results are shown in Table 3 (cellular process prediction), Table 4
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Species
Yeast-worm
Yeast-worm
Yeast-fly
Yeast-fly
Worm-fly
Worm-fly
Yeast-worm-fly
Yeast-worm-fly
Yeast-worm-fly

No. of proteins
765
536
1,494
1,559
852
1,131
801
551
911

No. of proteins in subnetworks
271
204
790
778
246
291
219
190
240

Coverage, %
35
38
53
50
29
26
27
34
26

Table 2: Source [23]. Protein coverage by clusters and paths. In each raw the data refer to the bolded
species.
Species
Yeast
Worm
Fly

No. of correct
114
57
115

No. of predictions
198
95
184

Success rate, %
58
60
63

Table 3: Source [23]. Cross–validation results for protein cellular process prediction, using 10-fold cross–
validation.
(biological processes) and Table 5 (molecular functions).
5.3.3

Prediction of Protein Interactions

The multiple network alignment, rather than predict functionality, can also be used to predict protein–protein
physical interactions, based on the following strategies:
1. Evidence that proteins with similar sequences interact within other species (directly or by a common
network neighbor)
2. (optionally) Cooccurrence of these proteins in the same conserved cluster or path.
The accuracy of these predictions was evaluated by using 5-fold cross validation. In cross-validation,
strategy 1 achieved 77%-84% specificity and 23%–50% sensitivity, depending on the species for which the
Species
Yeast-worm
Yeast-worm
Yeast-fly
Yeast-fly
Worm-fly
Worm-fly
Yeast-worm-fly
Yeast-worm-fly
Yeast-worm-fly

No. of correct
93
54
280
208
22
34
114
57
115

No. of predictions
216
121
637
517
55
67
198
95
184

Success rate, %
43
45
44
40
40
51
58
60
63

Table 4: Source [23]. Cross–validation results for predicting protein Gene Ontology (GO) biological processes. In each raw the data refer to the bolded species.
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Species
Yeast-worm
Yeast-worm
Yeast-fly
Yeast-fly
Worm-fly
Worm-fly
Yeast-worm-fly
Yeast-worm-fly
Yeast-worm-fly

No. of correct
61
40
171
156
37
31
79
51
77

No. of predictions
179
118
488
402
64
61
162
103
149

Success rate, %
34
33
35
39
58
51
49
49.5
52

Table 5: Source [23]. Cross–validation results for predicting protein Gene Ontology (GO) molecular functions. In each raw the data refer to the bolded species.
Species
Yeast
Worm
Fly
Yeast
Worm
Fly

Sensitivity %
50
43
23
9
10
0.4

Specificity %
77
82
84
99
100
100

P -value
1.1e-25
1e-13
5.3e-5
1.2e-6
6e-4
0.5

Strategy
1
1
1
1+2
1+2
1+2

Table 6: Source [23]. Cross-validation results for protein interaction prediction, using 5-fold crossvalidation.
predictions were made (see Table 6). These results were highly significant for the three species. Combining
both strategies resulted in eliminating virtually all false positive predictions (specificity > 99%), while
greatly reducing the number of true positives, yielding sensitivities of 10% and lower (again, see Table 6).
To further evaluate the utility of protein interaction prediction based on network conservation, 65 of the
interactions that were predicted for yeast were tested by using the combined strategies 1 and 2 from above
(see Figure 22a). The tests were performed by using yeast-two hybrid, using a bait and a prey (see Figure
22b). Five of the tests involved baits that induced reporter activity in the absence of any prey (Figure 22c).
Of the remaining 60 putative interactions, 31 tested positive (more conservatively, 19 of 48, see Figure 22),
yielding an overall success rate in the range of 40%-52%. (For more on yeast-two hybrid see scribe of
lecture 7).
Two hybrid tests of predicted interaction were performed in order to validate the predicted interactions.
Those tests yielded a success range of 40%–52%. These are satisfactory results for three reasons:
1. The performance is clearly significant compared to the chance of identifying protein interactions in
random.
2. Two-hybrid analysis is known to miss a substantial portion of true interactions([26]), especially in this
case, in which the protein pairs were checked in only one orientation of the bait and the pray.
3. Predicting interactions by using a multiple network alignment approach compares favorably to previous approaches based on conservation of individual protein interactions.
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Figure 22: Source [23]. This figure shows verification of predicted interactions by two-hybrid testing. (a)
Sixty-five pairs of yeast proteins were tested for physical interaction based on their co-occurrence within the
same conserved cluster and the presence of orthologous interactions in worm and fly. Each protein pair is
listed along with its position on the agar plates shown in b and c and the outcome of the two-hybrid test. (b)
Raw test results are shown, with each protein pair tested in quadruplicate to ensure reproducibility. Protein
1 vs. 2 of each pair was used as prey vs. bait, respectively. (c) This negative control reveals activating
baits, which can lead to positive tests without interaction. Protein 2 of each pair was used as bait, and an
empty pOAD vector was used as prey. Activating baits are denoted by ”a” in the list of predictions shown
in a. Positive tests with weak signal (e.g., A1) and control colonies with marginal activation are denoted
by ”?” in a; colonies D4, E2, and E5 show evidence of possible contamination and are also marked by a
”?”. Discarding the activating baits, 31 of 60 predictions tested positive overall. A more conservative tally,
disregarding all results marked by a ”?” yields 19 of 48 positive predictions.
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5.3.4

Functional Links Within Conserved Networks

Conserved network regions that are enriched for several functions point to cellular processes that may work
together in a coordinated fashion. But, because of the appreciable error rates inherent in measurements of
protein-protein interactions, an interaction in a single species linking two previously unrelated processes
would typically be ignored as a false positive.
However, an observation that two or three networks reinforce this interaction is considerably more compelling, especially when the interaction is embedded in a densely connected conserved network region. For
example, Figure 19 h links protein degradation to the process of poly(A)RNA elongation. Although these
two processes are not connected in this region of the yeast network, several protein interactions link them in
the networks of worm and fly (e.g., Pros25-Rack1-Msi or Pros25-Rack1-Tbph).
5.3.5

Comparison to Existing Methods

In [22] and in [13], Sharan et al. introduce pairwise network alignment algorithms, which they use to
identify conserved paths and complexes among the PPI networks of yeast and bacteria. In this paper Sharan
et al. extend this approach to handle more than two species, using the multiple alignment graph. Additional
advantages of this approach are:
• It is a unified method to detect both paths and clusters, which generalizes to other network structures.
• It incorporates a refined probabilistic model for protein interaction data.
• It includes an automatic system for laying out and visualizing the resulting conserved subnetworks.
Also, a related method called interolog ([16],[24]) uses cross-species data for predicting protein interactions: a pair of proteins in one species is predicted to interact if their best sequence matches in another
species were reported to interact. In contrast, the approach in [23] can associate proteins that are not necessarily each other’s best sequence match. This advantage confers increased flexibility in detecting conserved
function by allowing for paralogous family expansion and contraction or gene loss.
Another observation is that best BLAST values may not imply functional conservation. Frequently,
the network alignment associates sequence-similar proteins between species even though they are not each
other’s best sequence match. Clearly, in some cases, the best matches are not present within conserved clusters because of missing interactions in the protein networks of one or more species. However, it is unlikely
that true interactions with the best-matching proteins would be missed repeatedly across multiple proteins in
a cluster and across multiple species. These observations suggest that protein network comparisons provide
essential information about function conservation.

5.4
5.4.1

Further Issues
The Scalability Problem

Network alignment for 3 species proved to be very time consuming and may take up to several hours to
complete due to the exponential growth of the alignment graph (exponential as function of the number of
species being aligned). Today there are about 20 species, which calls for a drastic improvement in terms of
running time. One method suggested was to imitate progressive sequence alignment techniques [8]. This
method was successfully applied to align up to 10 microbial networks. However this method is heuristic and
does not guarantee the same results as the regular alignment.
Another method showed by Kalaev, Bafna and Sharan [11] for alignment of several species improved the
running time from order of nk to order of n2k . The intuition is to avoid creating the alignment graph directly
and thus avoid creating a node for every set of potentially orthologous proteins (recall that the alignment
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graph grows exponentially in the order of k - the number of species). In this method the alignment graph is
used implicitly as part of the algorithm. In the original graphs where there are homologous edges between
organisms, a vertical path corresponds to a set of truly orthologous proteins. If we inspect the original
representation of the problem (see Figure 23) we notice that a vertical path in the original graph is translated
into a node in the alignment graph. The algorithm starts from some seed and tries to add the vertical path
that contributes the most to the score by using dynamic programming. The contribution of each protein to
the seed is the sum of weights from it to the nodes of the seed. In the dynamic programming the best path
that ends at v and visits the set of species S is computed recursively. The overall complexity of the algorithm
is O(n2k ).
Given k protein-protein interaction networks, they represent them using a k-layer graph, which we call
a layered alignment graph. Each layer corresponds to a species and contains the corresponding network.
Additional edges connect proteins from different layers if they are sequence similar. The relation between an
alignment graph and a layered alignment graph should be clear: while in the former every set of potentially
orthologous proteins is represented by a vertex; in the latter such a set is represented by a subgraph of size
k which includes a vertex from each of the layers. Such graph is called a k-spine. Key to the algorithmic
approach presented by [11] is the assumption that a k-spine corresponding to a set of truly orthologous
proteins must be connected and, hence, admits a spanning tree. Thus, we can identify all potential vertex
sets inducing k-spines by looking for trees instead.
In details: A collection of (connected) k-spines induces a candidate conserved subnetwork. The scoring
method used is the same as the one described in [23]. The score evaluates the fit of the protein-protein
interactions within this subnetwork to a conserved subnetwork model versus the chance that they arise at
random. The conserved subnetwork model assumes that each pair of proteins from the same species in
the subnetwork should interact, independently of all other pairs, with high probability. The random model
assumes that each species’ network was chosen uniformly at random from the collection of all graphs with
the same vertex degrees as the ones observed. This random model induces a probability of occurrence for
each edge of the graph.
This notion of a conserved subnetwork is extended easily to a layered alignment graph. If we considered
every k-spine to be a (super-)node in a graph, then an m-node subgraph is a subgraph of m k-spines, with a
dense interconnection of PPI edges.
The algorithm looks for high scoring m-subnets, for a fixed m. This problem is computationally hard
even when there is only a single network, and edge-weights are restricted to +1 for all edges, and −1 for all
non-edges [20]. Thus, a greedy heuristic is used. The heuristic starts from high weight seeds and expands
them using local search. Such greedy heuristics have been successfully applied to search for conserved
subnetworks in a network alignment graph [23]. There are two sub-tasks that are handled: (i) computing
high weight seeds; and (ii) extending a seed.
Computing seeds: Starting by computing d-subnets as seeds, where d << m. Notably, even when
d = 2, we do not know of any algorithm better than the naive approach, which involves looking at all
pairs of k-spines. This O(ndk ) time algorithm is intractable for typical sized networks. Two assumptions
on the inter-layer edges are used to reduce the computational complexity while retaining sensitivity. The
first assumption asserts that the k-spines of a seed support the same topology of inter-connections. This
is motivated by the observation that proteins within the same pathway or complex are typically present or
absent in the genome as a group. This allows to consider the problem of computing a set of d k-spines with
identical topologies and maximum score.
A second assumption is based on the phylogeny (described as a rooted, binary tree T ) of the investigated
species. We make the following phylogenetic assumption: if a, b, c are connected via interlayer edges, then
b and c must be connected. This implies that we can restrict our attention to k-spines that are guided by
the phylogeny T in the following sense: any restriction of the k-spine to species that form a clade in T is a
subtree of the k-spine.
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Figure 23: Observe that a vertical path in the original graph is translated into a node in the alignment graph.
Extending a seed: The next phase of the algorithm is performing an iterative expansion of the seed by
adding, in each iteration, the k-spine that contributes the most to the score.
Table 7 compares this algorithm (NetworkBLAST-M) to that of Graemlin [9] on a set of 10 microbial
networks. The algorithm detected a total of 33 conserved network regions.
5.4.2

The Scoring Function

When devising a scoring function of alignment there are two approaches, probabilistic approach and evolutionary approach. [23] showed a scoring scheme that treated the networks being compared as independent
of one another and did not take into account the correspondence in interaction patterns between them. Another approach called MaWish by Koyuturk et al. [14] applied an evolutionary based scoring scheme, which
takes into account node duplication (between duplicates there is link with high probability) and turnover of
links along time. The idea is that they assume that the two networks evolved from the same network. However, the scoring procedure was empirical with no underlying probabilistic model. The score is assigned to
every two pairs of homologous proteins is proportional to their sequence similarity level. The score is not
influenced by the degree of a node. It should be noted that when applying this method difficulties may arise
in case an interaction exists in one of the compared species but not in the other.
5.4.3

NetworkBLAST-E

A new method called NetworkBLAST-E is shown in [10]. NetworkBLAST-E is an extension of NetworkBLAST that aims at considering the evolutionary events that have led to the observed subnetworks, rather
than scoring them independently. Two types of processes have been invoked to explain the evolution of PPI
networks [27] [4]: link dynamics and gene duplication. The first consists of sequence mutations in a gene
that result in modifications of the interface between interacting proteins. Consequently, the corresponding
protein may gain new connections or lose some of the existing connections to other proteins. The second
consists of gene duplication, followed by either silencing of one of the duplicated genes or by functional
divergence of the duplicates. The corresponding events in the network are the addition of a protein with the
same set of interactions as the original protein, followed by the divergence of their links (Fig. 24 b). Berg
et al. [4] estimated the empirical rates of link dynamics and gene duplication in the yeast protein network,
finding the former to be at least one order of magnitude higher than the latter. Based on this observation, they
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Species
NetworkBLAST-M restricted order
S. coelicolor
E. coli E12
M. tuberculosis
S. typhimurium
C. crescentus
V. cholerae
S. pneumoniae
C. jejuni
H. pylori
Synechocystis
Graemlin
S. coelicolor
E. coli E12
M. tuberculosis
S. typhimurium
C. crescentus
V. cholerae
S. pneumoniae
C. jejuni
H. pylori
Synechocystis

Specificity %

GO categories enriched

100
90
87.9
93.1
84.8
90.6
97.0
96.2
92.3
N/A

17
16
17
14
15
16
14
12
13
N/A

71.4
76.5
76.9
81.3
86.7
80.0
71.4
76.9
56.3
N/A

12
10
8
10
11
9
8
9
8
N/A

Table 7: Source [11]. A comparison of NetworkBLAST-M and Graemlin on 10 microbial networks. Results
are provided for nine of the ten species for which we had gene ontology information .
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Figure 24: Evolutionary processes shaping protein interaction networks. The progression of time is symbolized by arrows. (a) Link attachment and detachment occur through mutations in a gene encoding an existing
protein. These processes affect the connectivity of the protein whose coding sequence undergoes mutation
(shown in black) and of one of its binding partners (shown in white). (b) Gene duplication produces a new
protein (black square) with initially identical binding partners (gray square). Empirical data suggest that
duplications occur at a much lower rate than link attachment/detachment and that redundant links are lost
subsequently (often in an asymmetric fashion), which affects the connectivities of the duplicate pair and of
all its binding partners. Reproduced with permission from Berg et al. [4].
Algorithm
NetworkBLAST-E [10]
NetworkBLAST [23]
MaWish [14]

Complexes#
150
146
97

% Intersection
89
25

% Specificity
76
74
69

% Purity
70
65
55

% Sens.
19
19
13

% Yeast
78
79
67

Table 8: Source [10]. A comparison of NetworkBLAST-E, NetworkBLAST and MaWish when applied to
the yeastfly alignment graph.
proposed a model for the evolution of protein networks in which link dynamics are the major evolutionary
forces shaping the topology of the network, while slower gene duplication processes mainly affect its size.
The difference between NetworkBLAST-E and NetworkBLAST is in the conserved protein complex
model. The former assumes that the subnetworks C0 and C1 have evolved from a common ancestor through
a series of duplication and link turnover events. the probabilistic model of NetworkBLAST-E couples together the two subnetworks C0 and C1 and rewards conserved interactions.
It can be seen in table 8 that the NetworkBLAST-E algorithm outperforms the MaWish algorithm by
a significant margin in all measured parameters and manages to discover 1.5-fold more significant conserved clusters. In comparison with NetworkBLAST, NetworkBLAST-E algorithm has an overall similar
performance, which is reflected also in the high overlap between the two solutions (89%).
Since the algorithms NetworkBLAST and NetworkBLAST-E are very similar , Hirsh et al. [10] conducted a more refined analysis (than the one showed in 8) of the differences between the two approaches.
Intuitively, if we consider two species-specific clusters spanning matching sets of proteins, NetworkBLAST
will not distinguish between the case that the interaction sets of the two clusters identify and the case that the
interactions sets are randomly distributed w.r.t. each other. The key difference between the two approaches
is the way they treat conserved interactions within conserved clusters. While the scoring of NetworkBLAST
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% Fly
43
46
38

Collection
NetworkBLAST-E
NetworkBLAST

No. of complexes
21
19

% Specificity
78
56

% Purity
58
38

% Sensitivity
8
6

% Yeast
76
59

% Fly
95
74

Table 9: Source [10]. A comparison of NetworkBLAST-E and NetworkBLAST with respect to conserved
clusters containing at least 4 conserved interactions.
Collection
NetworkBLAST-E
NetworkBLAST
MaWish

No. of complexes
94
78
30

% Specificity
85
79
77

% Purity
60
56
53

% Sensitivity
13
12
7

% Yeast
82
81
83

% Fly
45
44
52

Table 10: Source [10]. A comparison of NetworkBLAST-E and NetworkBLAST and MaWish with respect
to the conserved core of the yeastfly alignment graph.
depends only on the total number of interactions within each species, NetworkBLAST-E model distinguishes between a conserved interaction and a pair of species-specific interactions with no match in the
other species. Therefore [10] focused the comparison between NetworkBLAST and NetworkBLAST-E on
clusters containing conserved interactions, which is demonstrated in tables 9 and 10.
Table 9 demonstrates the superiority of NetworkBLAST-E when restricting the computations to conserved clusters that contain at least 4 conserved interactions. Such clusters have biological significance
that was showed by empirical observations on the tendency of interaction conservation across species.
NetworkBLAST-E was also applied to a conserved core of the network data, obtained by considering only
proteins that participate in nodes of the alignment graph that are involved in a conserved interaction. Again,
NetworkBLAST-E is shown to outperform NetworkBLAST and MaWish (Table 10).

6

Summary

In this lecture we briefly mentioned sequence alignment. We then moved to pairwise alignment, used for
aligning 2 networks. This method was later generalized to multiple networks alignment methods, capable
of aligning multiple networks.
We have also surveyed some applications for network alignment including: provide better understanding
of how proteins work, predicting protein functionality and predicting protein interactions.

References
[1] N. Alon, R. Yuster, and U. Zwick. Color–coding. J. ACM, 42(4):844–856, 1995.
[2] S.F. Altschul, T.L. Madden, A.A. Schaffer, J. Zhang, Z. Zhang, W. Miller, and D.J. Lipman. Gapped
BLAST and PSI–BLAST: a new generation of protein database search programs. Nucleic Acids Research, 25:3389–3402, 1997.
[3] G.D. Bader, I. Donaldson, C. Wolting, B. Ouellette, T. Pawson, and C. Hogue. Bind–the biomolecular
interaction network database. Nucleic Acids Research, pages 242–245, 2001.
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