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Abstract

Examinations of a common biological reference organism, (E. coli),
demonstrate that NSGA-II is able to provide a series of compressions at
various ratios, allows a biologist to examine the organism’s connective
networks with a measure of certainty of connectiveness. This is due to
a novel method of scoring the similarity of the compressed network to
the origional during the graph’s creation based on the number of false
links added to the graph during the compression method.
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1 Introduction

Nowadays, graphs form the foundation of many real-world datasets: computer
networks, social networks, biological networks. Development of technologies
leads to larger and larger graphs. Some graphs contain millions or even billions
of nodes and edges. Therefore, storing and processing their information has
too high a cost. The interest in graph data is increasing [4], [18], [21] and many
algorithms have been proposed for graph compression. Feder and Motwani [7]
consider transforming a graph into a smaller one (in terms of the number of
vertices and edges) that preserves certain properties of the original graph, such
as connectivity. Adler and Mitzenmacher [3] and Suel and Yuan [19] consider
losslessly compressing the Web Graph for efficient search engine storage and re-
trieval. In [6] there is proposed an query preserving graph compression. Work
[8] a Web graph compression algorithm which can be seen as engineering of
the Boldi and Vigna (2004) method is presented. Graph compression method
based on representing communities with compact data structures is proposed
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in [8]. Many of the ideas are similar to those proposed in [16] and [14]. They
are based on hierarchical, agglomerative clustering and different methods for
efficient implementation.
Comparison of various kinds of biological data is one of the main problems in
bioinformatics and systems biology. The difference between biological graphs
and, for example, web graphs is in weights of connections, which such graphs
as E. coli regulatory network has. In [20] the weighted graph compression
problem is proposed, and some initial solutions are provided, which can be
used for processing biological and social graphs. Due to increased interests
in systems biology, extensive studies have recently been done on comparison
of biological networks. In [17] clustering based method for metabolic net-
works compression in presented. In [12], [15] data compression methods have
been applied to comparison of large sequence data and protein structure data
[13], [22] In [9] CompressEdge and CompressVertices methods for comparing
large biological networks are proposed. [11] introduces a genetic algorithm
for graphs (social and biological) compression that is based on the similarity
of nodes, also, genetic algorithm approach was utilized in order to develop a
compressed graph for a single compression ratio on a number of biological and
non-biological graphs. This paper study the application of the Non-dominated
Sorting Genetic Algorithm (NSGA-II) [5] for biological graph compression. We
target a good compression ratio as well as keeping as much natural biological
information in compressed graph as possible.

2 Materials and Methods

The NSGA-II, see [5], is a Multiple Objective Optimization (MOO) algorithm
and is an instance of an Evolutionary Algorithm from the field of Evolutionary
Computation. NSGA-II is an extension of the Genetic Algorithm for multiple
objective function optimization. The objective of the NSGA algorithm is to
improve the adaptive fit of a population of candidate solutions to a Pareto front
constrained by a set of objective functions. The algorithm uses an evolutionary
process with surrogates for evolutionary operators including selection, genetic
crossover, and genetic mutation. The population is sorted into a hierarchy
of sub-populations based on the ordering of Pareto dominance. Similarity
between members of each sub-group is evaluated on the Pareto front, and the
resulting groups and similarity measures are used to promote a diverse front
of non-dominated solutions.

2.1 Objectives and fitness functions

On problem of biological graph compression we have an objectives of compress-
ing the graph and still save enough information about its origin. The fitness
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Figure 1: Example of fake link appearance after compressing original graph a)
by merging nodes 3 and 4 on b). Fake link 2-4 on c) appears after decompres-
sion

function is based on the notion of similarity of original and compressed graphs.
The similarity definition is related to fake links, that appear after compression
and then decompression of the graph (fig 1). So the similarity is

S = 1 − Fr

FT

where Fr is number of fake links that appears after decompression for tested
graph and FT is total number of all possible fake links in the graph. FT is
calculated from the original graph and its maximum compression in a one
node, which gives as full graph after decompression. Amount of links in this
full graph is n(n − 1)/2 , where n is a number of nodes in graph. Amount
of links in original graph is known. The difference of this two link number
will be FT . We are targeting minimizing the fake links while maximizing the
compression. Minimizing the fake links equals to maximizing the similarity S.
The compression ratio is

C =
Nc

No

where Nc is number of nodes after compression and No is original number of
nodes.

2.2 Dataset

Examining the dataset exampled for the compression of biological networks.
Different biological networks are available at [2]. In this work, we are targeting
the processing of the gene regulatory network of Escherichia coli (E. coli) [1].
This network is a relatively small network, it was cleaned of all duplicate links
(nodes that indicate both activation and inhibition) and all unknown links.
Our final graph consist of 1123 nodes and 2108 edges.
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Figure 2: Results of algorithm after 1 (a), 25 (b) and 100 (c) populations

3 Results and Discussion

As evolution progresses we see a relatively steady increase in the relative fitness
of the compression. As we can see on figure 2 (a) , first population is far away
from the optimal condition. Nevertheless, after 25 generations (b) we can see
how Pareto fronts began to appear and move towards optimum. The last
results - 100 generations - is shown on (c). We run our tests with mutation
rate 0.25 and crossover rate 0.9. This parameters have shown best results in
[11]. Nevertheless, influence of mutation and crossover rates is field for further
researches.
The results show that NSGA-II forms a thigh front to optimum similarity until
a compression ratio of about 0.3. The Similarity degrades with increasing speed
until at about 0.8 we have nearly half of the links in the graph being false.
By developing not just a single good graph at a target compression ratio, such
as in [11], but a series of graphs at many ratios, a biologist can select the
highest amount of compression with minimal loss of information contained in
the graph.

4 Conclusion

Taking into consideration biological background of graph, NSGA-II, as multi-
objective genetic algorithm, provide more natural view of space, than the al-
gorithms focusing only compression ratio as a measurement. We proposed
similarity of original and compressed graph as a second objective. Further
testing on other biological datasets is required in order to demonstrate the
generality of the method.
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