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Biomolecular Network Components
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Accumulation of Network Components
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(Statistics downloaded March 18, 2008)
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(Statistics downloaded March 18, 2008)
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How do we make sense of all this data?
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Nothing in Biology Makes Sense 
Except in the Light of Evolution

Theodosius Dobzhansky (1900-1975)
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• Work over the past 50 years has revealed that molecular 
mechanisms underlying fundamental biological processes 
are conserved in evolution and that models worked out 
from experiments carried out in simple organisms can 
often be extended to more complex organisms

• This observation forms the basis for using interaction 
networks derived from experiments in model organisms 
to obtain information about interactions that may occur 
between the ortholog proteins in different organisms

• Further the observation allows for identifying 
“functional” modules based on conservation of network 
components
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Comparative Interactomics

9



10



Evolutionary Models for PPI and 
Metabolic Networks
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Evolutionary Models for PPI and 
Metabolic Networks
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The Network Alignment Problem

Given a set {N1,N2,...,Nk} of PPI networks from 
k organisms, find subnetworks that are 
conserved across all k networks

The problem in general is NP-hard (even for 
k=2), generalizing subgraph isomorphism  

Several heuristics have been developed
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The Network Alignment Problem

• In general, the output of the network 
alignment problem is a “conserved 
subnetwork”

• In particular:

• a conserved linear path may correspond to 
a signaling pathway

• a conserved cluster of interactions may 
correspond to a protein complex 
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Matching proteins are linked by dotted lines, and yellow, 
green or blue links represent measured protein-protein 
interactions between yeast, worm or fly proteins, respectively.
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Evolutionary Processes Shaping Protein 
Interaction Networks

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). Empirical 
data shows that attachment occurs preferentially towards partners of high connectivity. (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.
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Challenges in Comparative Interactomics
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Pairwise network alignment

Multiple network alignment

The Rest of This Lecture
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Pairwise Network Alignment
One heuristic approach creates a merged representation of the two networks being 
compared, called a network alignment graph, and then applies a greedy algorithm for 

identifying the conserved subnetworks embedded in the merged representation  
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The source code (Perl) and data are available at:
http://kanehisa.kuicr.kyoto-u.ac.jp/Paper/fclust/

They searched for correspondence between
reactions of specific metabolic pathways and
the genomic locations of the genes encoding
the enzymes catalyzing those reactions

Their network alignment graph combined the 
genome ordering information (network of 
genes arranged in a path) with a network of 
successive enzymes in metabolic pathways
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PathBLAST

Kelley et al. applied the concept of network alignment to 
the study of PPI networks. They translated the problem

of finding conserved pathways to that of finding high-
scoring paths in the alignment graph

The algorithm, PathBLAST, identified five regions that
were conserved across the PPI networks of S. cerevisiae

and H. pylori

http://www.pathblast.org
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Gaps and Mismatches
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Global Alignment and Scoring
• To perform the alignment of two PPI networks, the two networks are 

combined into a global alignment graph (figure on previous slide), in 
which each vertex represents a pair of proteins (one from each network) 
having at least weak sequence similarity (BLAST E value ≤10-2) and each 
edge represents a conserved interaction, gap, or mismatch

• A path through this graph represents a pathway alignment between the 
two networks

• A log probability score S(P) is formulated 

where p(v) is the probability of true homology within the protein pair 
represented by v, given its pairwise protein sequence similarity expressed 
as BLAST E value, and q(e) is the probability that the PPIs represented by 
e are real 

• Protein sequence alignments and associated E values were computed by 
using BLAST 2.0 with parameters b=0, e=1x106, f=”C;S”, and v=6x105. 
Unalignable proteins were assigned a maximum E value of 5 

23



Optimal Pathway Alignment and Significance

• Once the alignment graph was built, optimal pathway alignment were 
searched for

• The authors considered simple paths of length 4, and used a dynamic 
programming algorithm that finds the highest-scoring path of length L in 
linear time (in acyclic graphs)

• Because the global alignment graph may contain cycles, the authors 
generated a sufficient number, 5L!, of acyclic subgraphs by random 
removal of edges from the global alignment graph and then aggregated 
the results of running dynamic programming on each 
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Optimal Pathway Alignment and Significance

• Because conserved regions of the network could be highly 
interconnected, it was sometimes possible to identify a large number of 
distinct paths involving the same small set of proteins

• Rather than enumerate each of these, PathBLAST was used in stages

• For each stage k, the authors recorded the set of 50 highest-scoring 
pathway alignments (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 and assigned to every conserved network region 
resulting from that stage 
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Experimental Results

• Yeast vs. Bacteria: orthologous pathways 
between the networks of S. cerevisiae and H. 
pylori

• Yeast vs. Yeast: paralogous pathways within the 
network of S. cerevisiae
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Top-scoring pathway alignments between 
bacteria and yeast
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Paralogous pathways within yeast
(Proteins were not allowed to pair with themselves or their network neighbors)
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Querying the yeast network with specific pathways
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Sharan et al. extended PathBLAST to detect conserved
protein clusters

The extended method identified eleven complexes that
were conserved across the PPI networks of S. cerevisiae

and H. pylori
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• The method defines a probabilistic model for 
protein complexes, and search for conserved 
high probability, high density subgraphs (sub-
networks) 
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• Define two models

• The protein complex model, Mc: assumes that 
every two proteins in a complex interact with 
some high probability β

• The null 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

A Probabilistic Model for 
Protein Complexes
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• A complicating factor in constructing the interaction 
graph is that we do not know the real protein 
interactions, but rather have partial, noisy 
observations of them

• Let Tuv denote the event that two proteins u and v 
interact, and Fuv the event that they do not interact

• Denote by Ouv 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
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• Using prior biological information, one can estimate 
for each protein pair the probability Pr(Ouv|Tuv) of 
the observations on this pair, given that it interacts, 
and the probability Pr(Ouv|Fuv) of those 
observations, given that this pair does not interact

• Further, one can estimate the prior probability      
Pr(Tuv) that two random proteins interact
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• Given a subset U of the vertices, we wish to 
compute the likelihood of U under a protein-
complex model and under a null model

• Denote by OU the collection of all observations on 
vertex pairs in U. Then

[(1) follows from the assumption that all pairwise interactions are independent]

[(2) is obtained from the law of complete probability]

[(3) follows by noting that given the hidden event of whether u and v interact,
Ouv is independent of any model]

Scoring for Single Species
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• Next, Pr(OU|Mn) needs to be computed

• Let d1,d2,...,dn denote the expected degrees of the 
vertices in G, rounded to the closest integer

• In order to compute d1,...,dn, apply Bayes’ rule to 
derive the expectation of Tuv for any pair u,v, given 
the observations on this vertex pair:

• Hence, 
di = [

∑

j

Pr(Tij |Oij)]

where [.] denotes rounding
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• The refined null model assumes that G is drawn 
uniformly at random from the collection of all 
graphs whose degree sequences is d1,...,dn

• This induces a probability puv for every vertex pair 
(u,v), from which we can calculate the probability of 
OU according to the null model

• Finally, the log likelihood ratio that we assign to a 
subset of vertices U is
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• Consider now the case of data on two species 1 and 
2, denoted throughout by an appropriate superscript

• Consider two subsets U1 and V2 of vertices and 
some many-to-many mapping ϴ:U1→V2 between 
them

• Assuming the interaction graphs of the two species 
are independent of each other, the log likelihood 
ratio score for these two sets is simply 

Scoring for Two Species
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• However, this score does not take into account the 
degree of sequence conservation among the pairs of 
proteins associated by ϴ

• In order to include such information, we have to 
define a conserved complex model and a null model 
for pairs of proteins from two species

• The conserved complex model assumes that pairs 
of proteins associated by ϴ are orthologous

• The null model assumes that such pairs consist of 
two independently chosen proteins

39



• Let Euv denote the BLAST E-value assigned to the 
similarity between proteins u and v, and let huv, h̄uv denote 
the events that u and v are orthologous or non-
orthologous, respectively

• The likelihood ratio corresponding to a pair of proteins 
(u,v) is therefore

and the complete score of U1 and V2 under the
mapping ϴ is

(k1 is the number of vertices in U1)

(

=
Pr(huv|Euv)

Pr(h)

)

prior probability that 
two proteins are

orthologous
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• Using the model just described for 
comparative interaction data, the problem of 
identifying conserved protein complexes 
reduces to the problem of identifying a subset 
of proteins in each species, and a 
correspondence between them, such that the 
score of these subsets exceeds a threshold

Searching for Conserved Complexes
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• Define a complete edge- and node-weighted 
orthology graph

• Denote by the superscripts p and y the model 
parameters corresponding to bacteria and yeast, 
respectively

• For two proteins y1 and y2 define

The Orthology Graph

Similarly, for two bacterial proteins p1 and p2 define

• Every pair (y1,p1) of yeast and bacterial proteins is assigned 
a node whose weight reflects the similarity of the proteins:
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• Every two distinct nodes (y1,p1) and (y2,p2) are 
connected by an edge, which is associated with a 
pair of weights

• If y1=y2 (p1=p2), set the first (second) weight to 0 

• By construction, an induced subgraph of the 
orthology graph corresponds to two subsets of 
proteins, one from each species, and many-to-many 
correspondence between them

The Orthology Graph
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• Define the z-score of an induced subgraph with 
vertex sets U1 and V2 and a mapping ϴ between 
them as the log likelihood ratio score Sϴ(U1,V2) for 
the subgraph, normalized by subtracting its mean 
and dividing by its standard deviation

• The node and edge weights are assumed to be 
independent, so the mean and variance of Sϴ(U1,V2) 
are obtained by summing the sample means and 
variances of the corresponding nodes and edges

• In order to reduce the complexity of the graph and 
focus on biologically plausible conserved complexes, 
certain nodes were filtered from the graph

The Orthology Graph
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• The problem of searching heavy subgraphs in a graph 
is NP-hard

• A bottom-up heuristic search is instead performed 
(in the alignment graph), 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 strong if the sum 
of its associated weights (the weights within each 
species graph) is positive

The Search Strategy

45



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 the seed is above a specified threshold, iteratively remove 
from it the node whose contribution to the subgraph score is minimum, 
until a desired size is reached

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 heaviest subgraphs 
that were discovered around that node

The Search Strategy
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• The resulting subgraphs may overlap 
considerably, so the authors used a greedy 
algorithm to filter subgraphs whose 
percentage of intersection is above a 
threshold (60%)

• The algorithm iteratively finds the highest 
weight subgraph, adds it to the final output 
list, and removes all other highly intersecting 
subgraphs

The Search Strategy
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• Compute two kinds of p-values

• 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 subgraph’s nodes ad edges contribute independent terms 
to the score. The latter probability is Bonferroni corrected for 
multiple testing.

• 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, the authors used their heuristic 
search to find the highest-scoring conserved complex of a given 
size. Then, they estimated the p-value of a suggested complex of 
the same size, as the fraction of random runs in which the output 
complex had larger score.

Evaluating the Complexes
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Experimental Setup

• Yeast vs. Bacteria: orthologous complexes between the networks of S. 
cerevisiae and H. pylori

• The yeast network contained 14,848 pairwise interactions among 4,716 
proteins

• The bacterial network contained 1,403 pairwise interactions among 732 
proteins

• All interactions were extracted from the DIP database
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Experimental Setup

• Protein sequences for both species were obtained from PIR

• Alignments and associated E-values were computed using BLAST 2.0, 
with parameters b=0; e=1E6; f=”C;S”; v=6E5

• Unalignable proteins were assigned a maximum E-value of 5

• Altogether, 1,909 protein pairs had E-value below 0.01, out of which 822 
pairs contained proteins with some measured interaction

• Adding 1,242 additional pairs with weak homology and removing nodes 
with no incident strong edges resulted in a final orthology graph G with 
866 nodes and 12,420 edges

• In total, 248 distinct bacterial proteins and 527 yeast proteins 
participated in G
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Experimental Setup

• The authors used a maximum likelihood method to estimate the 
reliability of observed interactions in yeast

• The reliability of the interactions in H. pylori was estimated at 0.53

• For each species, the probabilities of observing each particular edge in a 
random graph with the same degree sequence was computed by Monte 
Carlo simulations

• The authors set β (the probability of observing an interaction in a 
complex model) to 0.95

• The prior probability of a true interaction was set to 0.001

• The prior probability that a pair of proteins are orthologous was 
computed as the frequency of protein pairs from both species that are in 
the same COG cluster, with a value of Pr(h)=0.001611
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Experimental Results

• The algorithm identified 11 nonredundant 
complexes, whose p-values were smaller than 
0.05, after correction for multiple testing

• These complexes were also found to be 
significant when scored against empirical runs 
on randomized data (p < 0.05)
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Experimental Results
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Experimental Results
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MaWISh

Koyuturk et al. developed an evolution-based scoring
scheme to detect conserved protein clusters, which
takes into account interaction insertion/deletion and

protein duplication events
The algorithm, MaWISh, identified conserved sub-

networks in the PPI networks of human and mouse,
as well as conserved sub-networks across 

S. cerevisiae, C. elegans, and D. melanogaster
http://www.cs.purdue.edu/homes/koyuturk/mawish/
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• The authors propose a framework for 
aligning PPI networks based on the 
duplication/divergence evolutionary model 
that has been shown to be promising in 
explaining the power-law nature of PPI 
networks
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• Like the work of Sharan and colleagues 
(PathBLAST), the authors here construct an 
alignment (or, product) graphs by matching 
pairs of orthologous nodes (proteins)

• Unlike Sharan and colleagues, the authors 
define matches, mismatches, and duplications, 
and weight edges in order to reward or 
penalize these evolutionary events
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• The authors reduce the resulting alignment 
problem to a graph-theoretic optimization 
problem and propose efficient heuristics to 
solve it
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Outline of the Rest of This Part

• Theoretical models for evolution of PPI 
networks

• Pairwise local alignment of PPI networks

• Experimental results
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Theoretical Models for 
Evolution of PPI Networks

• Barabasi and Albert (1999) proposed a 
network growth model based on preferential 
attachment, which is able to generate 
networks with degree distribution similar to 
PPI networks

• According to the BA model, networks expand 
continuously by addition of new nodes, and 
these new nodes prefer to attach to well-
connected nodes when joining the network
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Theoretical Models for 
Evolution of PPI Networks

• A common model of evolution that explains 
preferential attachment is the duplication/
divergence model, which is based on gene 
duplications

• 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
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Theoretical Models for 
Evolution of PPI Networks
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Theoretical Models for 
Evolution of PPI Networks

• 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
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Theoretical Models for 
Evolution of PPI Networks

• Elimination of an interaction in a PPI network 
implies the loss of an interaction between 
two proteins due to structural and/or 
functional changes

• Similarly, emergence of an interaction in a PPI 
network implies the introduction of a new 
interaction between two noninteracting 
proteins caused by mutations that change 
protein surfaces
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Theoretical Models for 
Evolution of PPI Networks

• Since the elimination of interactions is related 
to sequence-level mutations, one can expect a 
positive correlation between similarity of 
interaction profiles and sequence similarity 
for paralogous proteins 

• The interaction profiles of duplicated proteins 
tend to almost totally diverge in about 200 
million years, as estimated on the yeast 
interactome
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Theoretical Models for 
Evolution of PPI Networks

• 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 the 
interactions being conserved for proteins that 
are duplicated less than 50 million yeas back
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Theoretical Models for 
Evolution of PPI Networks

• Consequently, when PPI networks that belong 
to two separate species are considered, the 
in-paralogs are likely to have more common 
interactions than out-paralogs
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Pairwise Local Alignment of PPI 
Networks

• Three items: 

• Define the PPI network alignment 
problem

• Formulate the problem as a graph 
optimization problem

• Describe an efficient heuristic for solving 
the problem
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The PPI Network Alignment 
Problem

• Undirected graph G(U,E)

• The homology between a pair of proteins is 
quantified by a similarity measure S, where S(u,v) 
measures the degree of confidence in u and v being 
orthologous, where 0≤S(u,v)≤1

• If u and v belong to the same species, then S(u,v) 
quantifies the likelihood that the two proteins are in-
paralogs

• S is expected to be sparse (very few orthologs for 
each protein) 
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The PPI Network Alignment 
Problem

• For PPI networks G(U,E) and H(V,F), a protein subset pair                
is defined as a pair of protein subsets            and

• Any protein subset pair P induces a local alignment                          
A(G,H,S,P)={M,N,D} of G and H with respect to S, characterized by a 
set of duplications D, a set of matches M, and a set of mismatches N

• Each duplication is associated with a score that reflects the 
divergence of function between the two proteins, estimated using 
their similarity

• A match corresponds to a conserved interaction between two 
orthologous protein pairs (an interlog), which is rewarded by a match 
score that reflects confidence in both protein pairs being orthologous

70



The PPI Network Alignment 
Problem

• 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

• Mismatches are penalized to account for the divergence from the 
common ancestor  
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The PPI Network Alignment 
Problem
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Scoring Match, Mismatch, and 
Duplications

• For scoring matches and mismatches, define the similarity between 
two protein pairs as 

where quantifies the likelihood that the interactions 
between u and v, and u’ and v’ are orthologous

• Consequently, a match that corresponds to a conserved pair of 
orthologous interactions is rewarded as follows:

• Here,    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
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Scoring Match, Mismatch, and 
Duplications

• 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 the data or experimental 
error

• It has been observed that 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 subnet

• Moreover, since conservation of proteins in a particular module is 
correlated with interconnectedness, it is expected that interacting 
partners that are part of a common functional module will at least be 
linked by short alternative paths
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• Based on the aforementioned observations, mismatches are penalized 
for possible divergence in functions as follows: 

Scoring Match, Mismatch, and 
Duplications

• With the expectation that recently duplicated proteins, which are more 
likely to be in-paralogs, show more significant sequence similarity than 
older paralogs, duplication score is defined as follows:

• As for match score, mismatch penalty is also normalized by a     
coefficient    that determines the relative weight of mismatches w.r.t. 
matches and duplications 

• Here    is the cutoff for being considered in-paralogs
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Scoring Match, Mismatch, and 
Duplications
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• The similarity score S(u,v) quantifies the likelihood that 
proteins u and v are orthologous

• This likelihood is approximated using the BLAST E-value 
taking existing ortholog databases as point of reference 
(similar to the work of Sharan and colleagues)

• Let O be the set of all orthologous protein pairs derived 
from an orthology database (e.g., COG)

• For proteins u and v with BLAST E-value                 , S is 
estimated as  

Estimating Similarity Scores

where Ouv represents that u and v are orthologous
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Alignment Graph and the Maximum-
weight Induced Subgraph Problem
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Alignment Graph and the Maximum-
weight Induced Subgraph Problem

• The construction of the alignment graph allows to 
formulate the alignment problem as a graph 
optimization problem:

• This problem is equivalent to the decision version of  
the local alignment problem defined on previous slides. 
More formally,
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Algorithms for Local Alignment 
of PPI networks

• As in the work of Sharan and colleagues, the authors 
propose a heuristic that greedily grows a subgraph 
seeded at heavy nodes
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Statistical Significance
• To evaluate the statistical significance of discovered high-

scoring alignments, the authors compare them with a 
reference model generated by a random source

• In the reference model, it is assumed that the interaction 
networks of the two organisms are independent of each 
other

• To accurately capture the power-law nature of PPI networks, 
it is assumed that the interactions are generated randomly 
from a distribution characterized by a given degree sequence

• If proteins u and u’ are interacting with du and du’ proteins, 
respectively, then the probability of observing an interaction 
between u and u’ can be estimated as 
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Statistical Significance
• In the reference model, the expected value of the score of an 

alignment induced by           is                                         , 
where   

is the expected weight of an edge in the alignment 
graph

• With the simplifying assumption of independence of 
interactions, we have                                              , which 
enables computing the z-score to evaluate the statistical 
significance of each discovered high-scoring alignment 
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Experimental Results

• Data from BIND and DIP

• Aligned every pair
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Experimental Results
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Experimental Results
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Experimental Results
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Experimental Results
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Multiple Network Alignment
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• The authors considered alignments of three PPI 
networks (C. elegans, D. melanogaster, and S. 
cerevisiae)

• Their method is almost the same as that for aligning 
two networks to identify conserved protein 
complexes, with the only difference that nodes in the 
alignment graph contain one protein from each of the 
three species, and an edge between two nodes 
contains information about interactions among the 
proteins in the families at both endpoints of the edge
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Schematic of the multiple network comparison pipeline. Raw data are preprocessed to estimate the reliability 
of the available protein interactions and identify groups of sequence-similar proteins. A protein group 
contains one protein from each species and requires that each protein has a significant sequence match to 
at least one other protein in the group (BLAST E value < 10-7; 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  >80% overlap.
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Experimental Setup

• Data was downloaded from DIP

• Yeast: 14,319 interactions among 4,389 proteins

• Worm: 3,926 interactions among 2,718 proteins

• Fly: 20,720 interactions among 7,038 proteins

• Protein sequences obtained from the Saccharomyces 
Genome Database, WormBase, and FlyBase were 
combined with the protein interaction data to 
generate a network alignment of 9,011 protein 
similarity groups and 49,688 conserved interactions 
for the three networks
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Experimental Results

• 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
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yeast       worm        fly
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yeast       worm        fly
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yeast       worm        fly
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yeast       worm        fly
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• In addition to the three-way comparison, the 
authors performed all possible pairwise alignments: 
yeast/worm, yeast/fly, and worm/fly

• The process identified 220 significant conserved 
clusters for yeast/worm, 835 for yeast/fly, and 132 
for worm/fly
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• Work described so far is limited to two (or three) PPI 
networks 

• Graemlin is capable of multiple alignment of an arbitrary 
number of networks, searches for conserved functional 
modules, and provides a probabilistic formulation of the 
topology-matching problem

• Available from: http://graemlin.stanford.edu
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• Multiple alignment

• Local and global

• Network-to-network alignment (an 
exhaustive list of conserved modules) and 
query-to-network alignment (matches to a 
particular module within a database of 
interaction networks)

Graemlin’s Features
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The Alignment Problem

• Each interaction network is represented as a weighted graph 
Gi=(Vi,Ei), where nodes correspond to proteins and each 
weighted edge specifies the probability that two proteins 
interact

• A network alignment is a set of subgraphs chosen from the 
interaction networks of different species, together with a 
mapping between aligned proteins

• The mapping is required to be transitive (if protein A is aligned 
to proteins B and C, then protein B must also be aligned to 
protein C)

• It follows that the groups of aligned proteins are disjoint, and 
are referred to as equivalence classes
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The Alignment Problem

• It is also required that all aligned proteins be homologous, 
hence all proteins in the same equivalence class are in general 
members of the same protein family

• In other words, an alignment is a collection of protein families 
whose interactions are conserved across a given set of species 

• Because the members of a protein family descend from a 
common ancestor, this allows to reconstruct the evolutionary 
events leading from each ancestral protein to its extant 
descendants

105



The Alignment Problem

• Two elements are needed:

• A scoring framework that captures the knowledge about 
module evolution

• An algorithm to rapidly identify high-scoring alignments
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Scoring an Alignment

• Define two models that assign probabilities to the 
evolutionary events leading from the hypothesized ancestral 
module to modules in the extant species

• The alignment model, M, posits that the module is subject 
to evolutionary constraint

• The random model, R, assumes that the proteins are under 
no constraints 

• The score of an alignment is the log-ratio of the two 
probabilities
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An Overview of the Scoring Scheme
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Node Scoring

• To score an equivalence class, Graemlin uses a scheme that 
reconstructs the most parsimonious ancestral history of an 
equivalence class, based on five types of evolutionary events: 
protein sequence mutations, proteins insertions and deletions, 
protein duplications, and protein divergences

• The models M and R give each of these events a different 
probability 

• Graemlin uses weighted sum-of-pairs scoring to determine the 
probabilities for sequence mutations
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Node Scoring
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Edge Scoring

• Each edge e is assigned a score Se=log(PrM(e)/PrR(e))

• The random model R assigns each edge a probability 
parametrized by its weight and degrees of its endpoints 
(captures the notion that two nodes of high degree are more 
likely to interact by chance than two nodes of low degree)

• The alignment model M is more involved
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Edge Scoring

• The alignment model M uses an Edge Scoring Matrix, or ESM, 
to encapsulate the desired module structure into a symmetric 
matrix

• An ESM has a set of labels by which its rows and columns are 
indexed, and each cell in the matrix contains a probability 
distribution over edge weights

• To score edges in an alignment, Graemlin first assigns to each 
equivalence class one of the labels from the ESM. Then, it 
scores each edge e using the cell in the matrix indexed by the 
labels of the two equivalence classes to which its endpoints 
belong: the function in the cell maps the weight of the edge to 
a probability PrM(e), which is used to compute the score Se 
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Edge Scoring

• To search for conserved protein complexes, Graemlin uses a 
Complex ESM, which consists of a single label with an 
alignment distribution assigning high probabilities to high edge 
weights

• A Pathway ESM has one label for each protein in the pathway 
and rewards high edge weights between adjacent proteins; 
between all other proteins, the alignment and random 
distributions are the same, so that Graemlin neither rewards 
nor penalizes edges connected nonadjacent proteins

• A Module ESM is used for query searching: it has a label for 
each node in the query and generates the alignment 
distribution based on the edges that are present or absent in 
the query 
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Edge Scoring
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Alignment Algorithm

• Graemlin uses slightly different methodologies for pairwise 
and multiple alignments
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Pairwise Alignment Algorithm

• To search for high-scoring alignments between a pair of 
networks, Graemlin first generates a set of seeds (d-clusters), 
which it uses to restrict the size of the search space

• The seeds consist of d proteins that are close together in a 
network 

• For each network, Greamlin constructs one d-cluster for each 
node by finding the d-1 nearest neighbors of that node, where 
the length of an edge is the negative logarithm of its weight
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Pairwise Alignment Algorithm

• Graemlin compares two d-clusters D1 and D2 by mapping a 
subset of nodes in D1 to a subset of nodes in D2 and 
reporting a score equal to the sum of all pairwise scores 
induced by the mapping; the score of two d-clusters is the 
highest-scoring such mapping

• Graemlin identifies pairs of d-clusters, one from each 
network, that score higher than a threshold T and uses  these 
as seeds 
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Pairwise Alignment Algorithm

• Benefits of using d-clusters:

• Graemlin can compare them rapidly, since the comparison 
neglects edge scores

• The parameters d and T allow for a speed-sensitivity trade-
off

• High-scoring alignments are likely to contain high-scoring  
d-clusters, since a high node score of an alignment is usually 
a prerequisite to a high overall score
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Pairwise Alignment Algorithm

• Given two networks, Graemlin enumerates the set of seeds 
between them and tries to transform each, in turn, into a high-
scoring alignment

• The seed extension phase is greedy and occurs in successive 
rounds

• At each step, all proteins adjacent to some node in the 
alignment constitute the “frontier,” which contains candidates 
to be added to the alignment
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Pairwise Alignment Algorithm

• Graemlin selects from the frontier the pair of proteins that, 
when added to the alignment, yields the maximal increase in 
score

• The extension phase stops when no pair of proteins on the 
frontier can increase the score of the alignment

• Graemlin uses several heuristics to control for the exponential 
increase in the size of the frontier as it adds more nodes to 
the alignment
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Multiple Alignment Algorithm

• Graemlin performs multiple alignment using an analog of the 
progressive alignment technique commonly used in sequence 
alignment

• Using a phylogenetic tree, it successively aligns  the closest 
pair of networks, constructing several new networks from the 
resulting alignments

• Graemlin places each new network at the parent of the pair of 
networks that it just aligned

• The constructed networks contain nodes that are no longer 
proteins but equivalence classes

• Graemlin continues this process until the only remaining 
networks are at the root of the phylogenetic tree
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Multiple Alignment Algorithm

• To enable comparisons of unaligned parts of a network to 
more distant species as it traverses the phylogenetic tree, 
rather than construct a network only from the high-scoring 
alignments, Graemlin also maintains two additional networks 
composed of the unaligned nodes from the two original 
networks

• The end result is that after completion of the entire multiple 
alignment, Graemlin produces multiple alignments of all 
possible subsets of species

• Graemlin avoids exponential running time in practice because 
after each pairwise alignment, the networks it constructs have 
small overlaps (the total number of nodes in all networks 
therefore does not increase significantly)
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Experimental Setup

• Graemlin was tested on a set of 10 microbial protein 
interaction networks constructed via the SRINI algorithm

• They also used PPI networks from S. cerevisiae, C. elegans, 
and D. melanogaster, to compare the performance of the 
method to other methods that had used these three species
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Experimental Setup
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Experimental Setup
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Experimental Setup

• The sensitivity (TP/(TP+FN)) of a method was assessed by 
counting the number of KEGG pathways that it aligned 
between two species (a “hit” occurs if the method aligns at 
least three proteins in the pathway to their counterparts in 
the other species)

• The “coverage” of a pathway is the fraction of proteins 
correctly aligned within that pathway
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Experimental Setup

• To measure the specificity (TN/(FP+TN)) of a method, the 
authors computed the number of  “enriched” alignments

• To calculate enrichment, the authors first assign to each 
protein all of its annotations from level eight or deeper in the 
GO hierarchy 

• Given an alignment, the authors then discarded unannotated 
proteins and calculated its enrichment using the GO 
TermFinder

• They considered an alignment to be enriched if the P-value of 
its enrichment was < 0.01 
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Experimental Setup

• An alternative measure of specificity counts the fraction of 
nodes that have KEGG orthologs but were aligned to any 
nodes other than their KEGG orthologs
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Experimental Results
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