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I. Introduction

During the last year the main focus of my research was the application of kernel methods in different
fields of bioinformatics. In this report I will present the background of this work with the evaluation
of the used methods in miRNA prioritization. This part of the research is submitted to the BIOSTEC
Bioinformatics conference [1].

The growing number of available measurement sources and the enormous data produced by them
created a huge need of different data analysis methods like prioritization. Since gene sequencing
become cheaper and a routine in diagnostics gene prioritization emerged as a standalone task. Using
gene prioritization and fusion of multiple information sources one can define new gene–phenotype
pairs which can lead to the discovery new drug targets. Although plenty of gene prioritization tools
exist to our knowledge nobody used microRNAs (miRNAs) as a separate data source to extend the
todays gene centric prioritization methods [2, 3, 4, 5].

Genetic regulation is an extensively studied field in biology and biostatistics. The process under
which a cell produces a protein is modulated at multiple levels. Basically the regularizer methods can
be classified into two groups cis and trans regulation. cis regulatory elements like miRNAs acts after
transcription while trans regulation (e.g. transcription factors, histone modifications) effects the gene
transcription directly.

The main goal of my research was to find new ways of constructing graphs and graphs kernels for
genetic regulators. Moreover I used these kernels e.g to find new candidates in breast cancer.

II. Graph kernels

The constraints on a kernel (symmetric, positive definite) make the application of kernel methods in
non-Euclidean spaces more difficult. In this section I’ll describe a method to transform a graph to a
kernel.

A. Diffusion kernels
Diffusion kernels [6] are exponential kernels which are symmetric and positive definite by definition.

eβH = lim
n→∞
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The limit in Eq. (1) always exists and is equivalent with the summation below:

eβH = I +H +
1

2!
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1
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H3 + ... (2)

Replacing n with 2n and choosing H to be symmetric the matrix exponential above will results in a
positive semidefinite symmetric matrix.

∗ This paper is not an independent one, it is the summary of the PhD work of the last year presented in the minisym-
posium. It may contain parts of previously published documents or parts to be published later.
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Hij =





1 i ∼ j
−di i = j
0 otherwise

(3)

where di is the degree of the ith node is a good choice. This way we can define kernels to undirected
graphs. With the β parameter we can modulate how wide should the heat spread on the graph. These
kernels define similarity between two nodes. If β = 0 hence K = I every node is connected or similar
to itself only. With increasing β the heat will spread out more and more. If there is a path between two
nodes i, j, Kij could be higher than 0 depending on the length of the path.

III. Diffusion kernels on protein–protein interaction networks

Protein–protein interaction (PPIN) networks usually are highly connected networks and can contain
isolated subnetworks. Diffusion kernels could be a good choice for the kernel characterization of these
kind of networks with choosing appropriate β values. I wrote a MATLAB script to build diffusion
kernels on the String PPIN and used them in an asthma prioritization task to smooth the gene expression
array based kernel. I compared the results to a normalized Laplace based PPIN kernel. However
the results were similar the normalized Laplace kernel performed better based on leave-one-out cross
validation.

IV. Applying graph kernels for miRNA prioritization

However, the available in silico miRNA–target prediction tools extend the set of miRNA–target gene
pairs it introduces a bias since an extensive evaluation of these methods is still necessary. For this
reason I used miRTarBase [7] (downloaded 11/14/2013 Release: 4.5) and filtered out the non-human
target genes. This way I had only experimentally supported miRNA–target pairs which were validated
by different experiments. These experiments allow the classification of the validation as e.g. gene
expression studies provide indirect evidence for miRNA regulation which results in a “weak” evidence.
On the other hand reporter genes attached to the target gene give direct proof of the reaction as a
“strong” evidence. The database contained 596 different miRNAs.

A. Kernel computation
Similarity between miRNAs is defined by the common targets so two miRNAs are more similar if
they have more common target genes. The similarity matrix were squared which means that two
miRNAs are more similar not only in that case if they share more target genes but also if they have
common similar miRNAs. Squaring the symmetric similarity matrix also ensures positive definiteness
which is required for a kernel. I tested two methods: First I created a kernel from the full set of
miRNA–target pairs. Beside this I created four different kernels based on the weak or strong classes
and the functional and nonfunctional miRNA target pairs. These kernels were used with Multiple
Kernel Learning [8, 9, 10, 11].

B. Results
I used breast cancer as a test dataset as it is a well studied type of cancer. I used multiple queries
based on the miRNAs connected to breast cancer by Samantarrai et. al [12]. These queries could be
divided into two categories. The first type of miRNA training sets are subsets of BRCA subtype ductal
carcinoma in situ upregulated miRNAs. With these queries I investigated whether the prioritization
gives a lower rank to the left out miRNAs from the same subtype and regulation type. The other
category contained queries with miRNAs connected to more BRCA subtype to build a whole BRCA
kernel and examine the rank of other BRCA connected miRNAs. Query1 falls into the first category
while Query3 in the second one.
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microRNA
Query1 Query3

Full MKL Full MKL
hsa-miR-106b 11 51 12 79
hsa-miR-141 51 27 375 386
hsa-miR-15b 26 11 47 30
hsa-miR-17 41 20 85 41

hsa-miR-19b 13 24 34 36
hsa-miR-200c 6* 5* 280 95
hsa-miR-20a 43 28 92 88
hsa-miR-21 2* 2* 14* 3*
hsa-miR-92a 16 31 3 18
hsa-miR-140 61 22 121 80
hsa-miR-182 3* 6* 16* 2*
hsa-miR-183 1* 1* 15* 1*
hsa-miR-186 76 18 68 34
hsa-miR-25 10 25 9 37

hsa-miR-320a 107 87 32 43

Table 1: The miRNAs ranked below 50 from the Jacobsen dataset. *The miRNA was part of the
query. [1]

I validated the results with leave-one-out cross validation (results not shown here). With the MKL
method the average rank fall below 10% while for the full kernel it was between 15% and 20%. The
full kernel gave only in one case higher rank to the left out miRNA (hsa-miR-374a). On the other
hand the MKL method performed better in all other cases and sometimes the difference is pretty high
(hsa-miR-200c, hsa-miR-361-5p).

In prioritization tasks the measure of success is often computed based on the data used for the kernel
computation which introduces a bias. To avoid this I used prospective evaluation as well. I compared
the results computed based on Samantarrai et. al [12] from May 2013 to a paper published later in
2013 by Jacobsen et. al [13]. Results can be seen in Table 1.

The MKL method gives a weight to every used kernel. In my study the kernel weights was in all
cases similar. The weak-functional kernel had ~0.4 and all the others ~0.2.

C. Discussion and Conclusions

The two validation method showed that in case of better studied diseases it is possible to find newer
miRNAs which can be connected to the disease with laboratory experiments. Despite the promising
results I have to deal with the following questions:

• There are other possible similarity definitions which will make the dataset truly heterogeneous;

• The validation of the in silico prediction methods can extend the dataset;

• Finally I should extend the available prioritization methods with this new source which can lead
to a better descriptions of genetic regulatory networks.

The MKL method performed better in all cases with all queries. The distribution of the weights
are possibly caused by the different number of connections available for the different kernels. Both
methods ranked most of the genes from the Jacobsen paper to the top 10%. Beside the statistical
importance of this it has biological relevance also. In a real study the researcher cannot validate all the
miRNAs even with this small number because of budget limitations. Trying to find new candidates in
the top 10% is a common method.
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V. Future work

First I will define other miRNA–miRNA similarities based on sequence distance, miRNA family clus-
ters and build miRNA kernels based on these definitions. Beside this I will extend the miRNA database
with different information sources with experimentally supported new miRNA–target pairs. After I
have a complete set of published miRNAs I will examine the possibility of using different kernel com-
putation methods like diffusion kernels and compare the results. Later I am planning to create a whole
kernel library for bioinformatics. In addition I will continue my Bayesian Feature Selection research
to extend the kernel methods and make use of continuous variables.
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