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ABSTRACT
Network alignment (NA) aims to find a node mapping between
compared networks that uncovers highly similar (i.e., conserved)
network regions. Existing NA methods are homogeneous, i.e., they
can deal only with networks containing nodes and edges of one
type. However, due to increasing amounts of heterogeneous realworld network data with nodes and edges of different types, we
extend three recent state-of-the-art homogeneous NA methods,
WAVE, MAGNA++, and SANA, to allow for heterogeneous NA
for the first time. We introduce several algorithmic novelties to
achieve this. Namely, these existing NA methods compute homogeneous graphlet-based node similarities and then find high-scoring
alignments with respect to these similarities, while simultaneously
maximizing the number of conserved edges. Instead, we generalize homogeneous graphlets to their heterogeneous counterparts,
which we then use to develop a new measure of heterogeneous
node similarity. Also, we generalize S 3 , a state-of-the-art measure of
edge conservation for homogeneous NA, to its heterogeneous counterpart. Then, we find high-scoring alignments with respect to our
heterogeneous node similarity and edge conservation measures.
In evaluations on synthetic networks and real-world biological
network data, our proposed heterogeneous NA methods lead to
higher-quality alignments and better robustness to noise in the data
than their homogeneous counterparts.
Note: This is a short, work-in-progress submission for a poster
presentation at the HeteroNAM 2018 workshop that is not considered archival for resubmission purposes. The full paper version of
this work is currently under review in a journal. After the full paper
is published, the software implementing this work will be made
publicly available. In the meanwhile, the software is available via
email request.
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INTRODUCTION

Traditional research about biological networks has focused on analyzing homogeneous networks containing a single node type and
single edge type. For example, in protein-protein interaction (PPI)
networks, nodes are proteins and edges are their interactions. Biological networks are important to study because they give a more
complete picture of cellular functioning compared to looking at individual protein sequences: proteins carry out biological processes
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by interacting with each other, which is exactly what biological networks model. However, biological network data of different types
are becoming available due to advancements of biotechnologies
for their collection [4]. Integrating such data into a heterogeneous
network, where nodes, edges, or both can be of different types
(colors), and analyzing the heterogeneous data can lead to deeper
biological insights compared to traditional analyses of homogeneous data (single node type and single edge type) [8]. For example,
data have been collected on how proteins are related to diseases,
and how drugs interact with proteins. When creating a heterogeneous network from these data, nodes would be proteins, diseases,
or drugs, and edges would be protein-protein, disease-disease, drugdrug, protein-disease, protein-drug, or disease-drug interactions.
Of course, there exist other entities and their associations that can
be used as additional node and edge types.
Despite the potential improvements that heterogeneous network
analysis can provide, many analyses only deal with homogeneous
networks. This includes the task of network alignment (NA, described below). Therefore, if we want to study heterogeneous network data in this context, advances are needed to allow for heterogeneous NA (HNA). We first describe NA and its importance,
and then introduce our modifications that allow three recent and
thus state-of-the-art NA methods, WAVE [15], MAGNA++ [16], and
SANA [9], to deal with heterogeneous networks. That is, our work
enables HNA for the first time.
Biological NA aims to find a node mapping between the compared networks that uncovers regions of high similarity [10]. This
allows for the transfer of functional knowledge between the similar
(i.e., aligned) network regions. For example, if we align the PPI
network of baker’s yeast, a well-studied species, to the PPI network
of human, a poorly-studied species, we can infer the function of
human proteins based the function of their aligned partners in
the yeast network. One important application of NA is the study
of human aging, which is difficult to do experimentally due to
long life span and ethical constraints. So, the current knowledge
about human aging has been obtained mostly via computational
analyses, namely genomic sequence alignment-based transfer of
aging-related knowledge from well-studied model species to poorlystudied human. Recently we demonstrated that biological NA can
be used for this same purpose, thus further deepening our currently
limited knowledge about human aging [7].
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2

METHODS

NA is computationally intractable, i.e., NP-hard [5]. So, heuristic
methods need to be sought. These methods typically consist of two
algorithmic parts. First, they measure the topological similarity
between nodes from the networks being aligned. Then, they use
an alignment strategy to quickly identify alignments that maximize the total topological similarity over all aligned nodes (or node
conservation, NC, described below), and the amount of conserved
edges (or edge conservation, EC, described below). As a proof of
concept that HNA is worth studying, we modify the existing homogeneous WAVE, MAGNA++, and SANA methods to allow them to
align heterogeneous networks. We hope that these extensions can
improve alignment quality compared to their current homogeneous
versions. We describe the modifications below.
The idea behind NC is as follows. Intuitively, two nodes from
different networks are topologically similar if their extended neighborhoods are similar. Homogeneous NC of the above three methods
quantifies this idea using graphlets. Graphlets are small, connected,
induced subgraphs of a network (a path, triangle, square, etc.) [12].
For a given node, the graphlet-based NC counts how many times
the node participates in each graphlet with up to n nodes (typically, n is 5). These counts form the node’s graphlet degree vector
(GDV), which contains information on how the neighborhood of the
node looks [11]. Then, GDVs of different nodes can be compared
to quantify how similar the nodes are.
When we have a heterogeneous network, we can modify the
above notion of similarity; now, two nodes from different networks
are topologically similar if they are of the same color and if their
extended neighborhoods are of similar color and structure. To capture this idea, we generalize current homogeneous graphlets to
their heterogeneous (colored) counterparts. Given a homogeneous
graphlet, its colored versions simply involve labeling each node
with one of the possible colors. Then, as before, for a given node,
the now-heterogeneous graphlet-based NC counts how many times
the node participates in each colored graphlet. These counts form
the node’s heterogeneous GDV, the generalization of homogeneous
GDV. These heterogeneous GDVs can be compared to quantify how
similar the nodes are.
The idea behind EC is as follows. Aligning similar nodes is not
enough to produce a good alignment. In addition, edges should
be conserved. That is, if two nodes are connected in one network,
then the nodes they are aligned to should be connected in the other.
Homogeneous EC quantifies this with a measure called S 3 [13],
scoring high if many edges are conserved; by optimizing this measure, NA algorithms can produce alignments with many conserved
edges. With heterogeneous networks, we introduce heterogeneous
EC, which considers the colors of the corresponding nodes to determine the degree to which the edges are conserved, meaning that
matching colors is preferred. So, we modify S 3 to account for colors
of the nodes involved in the conserved edges, resulting in our new
heterogeneous EC.
WAVE. WAVE takes as input two networks and similarities between all pairs of nodes from the two networks. Then, it uses a
“seed-and-extend" algorithm to align the networks. First two highly
similar nodes are aligned, i.e., seeded. Then, the seed’s neighboring nodes (or simply neighbors) that are similar are aligned, the
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seed’s neighbor’s neighbors that are similar are aligned, and so on.
This step of extending around the seed and exploring the seed’s
neighbors is intended to improve both NC and EC of the resulting alignment. The extension step continues until all nodes in the
smaller of the two compared networks are aligned (formally, until a
one-to-one node mapping between the two networks is produced).
So, to modify WAVE to be heterogeneous, we simply give it node
similarities based on heterogeneous graphlets; we want to favor
aligning nodes of the same color, which is captured by our heterogeneous graphlet similarities. Note that because the algorithm
looks at neighbors of the seed, WAVE only implicitly optimizes
EC, so there is no opportunity to use our heterogeneous EC as a
parameter.
MAGNA++ and SANA. MAGNA++ and SANA take as input
two networks and similarities between all pairs of nodes from the
two networks. However, these methods use search algorithms to
find an alignment. That is, instead of aligning networks node by
node as WAVE does, MAGNA++ and SANA explore the space of
possible alignments and find the highest scoring one with respect
to some measure of NC and EC. In the homogeneous case, both
methods perform well when optimizing a combination of a graphletbased NC measure and the S 3 EC measure. So, to modify MAGNA++
and SANA to be heterogeneous, we modify the methods to optimize
our heterogeneous graphlet-based NC and our heterogeneous S 3
measure. Note that MAGNA++ uses a genetic algorithm as its search
strategy, while SANA uses simulated annealing.

3

RESULTS AND DISCUSSION

We evaluate the three HNA methods versus their homogeneous
versions in three tests. First, we align synthetic networks, which
originate from three different network models (geometric/GEO,
scale-free/SF, and Erdős-Rényi/ER) and which have up to four artificially imposed node colors, to their noisy counterparts (defined
below). Second, we align homogeneous (single-node-type) PPI networks, which have up to four node colors imposed according to
proteins’ involvement in a combination of aging [3], [6], cancer
[2], and Alzheimer disease [14], to their noisy counterparts. Here,
node colors originate from gene expression (Expr) [3] or sequence
(Seq) [6] analyses. Also, here, we consider each of three types of
PPIs: only affinity capture coupled to mass spectrometry (APMS),
only two-hybrid (Y2H), and both combined (APMS+Y2H). Third, we
align heterogeneous (two-node-type) biological networks to their
noisy counterparts. Here, the two node types/colors correspond to
proteins and their Gene Ontology (GO) terms [1], and edges exist
between proteins (where we again use each of the three types of
PPIs), between GO terms, and between proteins and GO terms. Note
that we do not test MAGNA++ on the large PPI and protein-GO
networks since MAGNA++ is not as scalable on such large data as
the other two methods.
A noisy counterpart is the original network with x% of its edges
rewired, where we vary x from 0 to 50 in increments of 10. Since
only edges are changed, we know which nodes should be mapped
to which. We can use this true node mapping to accurately evaluate
our methods; a good method should have high node correctness,
which is the percentage of node pairs from the given alignment
that are present in the true node mapping. Varying the percentage
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Figure 1: Node correctness (totaled over all analyzed networks in the given test) vs. noise level/number of colors for synthetic
networks using (a) WAVE and (b) MAGNA++. Note that “1C" corresponds to homogeneous WAVE/MAGNA++, “2C" corresponds
to heterogeneous WAVE/MAGNA++ with two colors, “3C" corresponds to heterogeneous WAVE/MAGNA++ with three colors,
and “4C" corresponds to heterogeneous WAVE/MAGNA++ with four colors. In panel (b), solid bars represent using hetNChomEC, while dashed bars (also marked with *) represent using hetNC-hetEC.
of edges we rewire also lets us test how robust our methods are to
noise, which is useful since biological networks are usually noisy.
We expect that for a given noise level, HNA (2 or more colors)
should improve alignment quality over homogeneous NA (1 color).
Also, we expect that the more colors are used, the better the alignment quality should be, since we are using more information in the
process of producing the alignment. In addition, we predict that
using more colors will make the given method more robust to noise,
meaning that we should see a slower decrease in alignment quality
as noise increases, compared to using fewer colors. Note, however,
that alignment quality should be low at the highest noise levels
regardless of how many colors we use, since we are essentially
aligning two networks with almost random topologies compared
to each other.
In Figure 1 we report a subset of these results, specifically those
for WAVE and MAGNA++ on synthetic networks; these methods’
results for PPI and protein-GO networks, and results of SANA for
all three networks sets are qualitatively similar, and the complete
set of results will be made available in the full journal version of our
paper upon its publication. In particular, for synthetic networks,
across all evaluation tests, using 4 colors performs the best 100% of
the time, using 3 colors performs the best 10% of the time, using 2
colors performs the best 3% of the time, and using 1 color performs
the best 0% of the time. For PPI networks, across all evaluation tests,
using 4 colors performs the best 95% of the time, using 3 colors
performs the best 5% of the time, using 2 colors performs the best
0% of the time, and using 1 color performs the best 0% of the time.
For protein-GO networks, across all evaluation tests, using 2 colors
performs the best 100% of the time, and using 1 color performs the
best 0% of the time. Note that ties can occur for different numbers
of colors. According to the above results, clearly, HNA improves
upon homogeneous NA. Also, the more colors are considered, the
better the alignment quality. Finally, as shown in Figure 1, the more

colors, the more robust the alignments are to noise. In summary,
all of our expectations (see above) have been met.
All of the above results are when modifying homogeneous NC
into heterogeneous NC within the existing methods, while still
using homogeneous EC (call this scenario hetNC-homEC). When
we also modify homogeneous EC into heterogeneous EC (call this
scenario hetNC-hetEC), we observe that hetNC-hetEC performs as
least as good or better than hetNC-homEC 90%, 100%, and 93% of the
time for synthetic, PPI, and protein-GO networks, respectively. That
is, each of heterogeneous NC and heterogeneous EC contributes
to improved alignment quality. In Figure 1b we report raw results
for MAGNA++ on synthetic networks, comparing hetNC-homEC
(solid bars) to hetNC-hetEC (dashed bars). Clearly, in almost all
cases, a given dashed bar is higher than the corresponding solid
bar.
In summary, we modify WAVE, MAGNA++, and SANA to align
heterogeneous networks by extending the existing notions of NC
and EC to their heterogeneous counterparts. Specifically, we extend homogeneous graphlets to their heterogeneous counterparts,
and homogeneous S 3 to heterogeneous S 3 . We evaluate our methods by aligning synthetic, PPI, and protein-GO networks to their
noisy counterparts. We show that using more colors leads to better
alignments, and that using heterogeneous EC over homogeneous
EC (while still using heterogeneous NC) also leads to increases in
alignment quality. Because of these improvements of HNA over
homogeneous NA, it is useful to continue to study and compare
heterogeneous networks.
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