
ANALYSIS OF MOTIFS IN MICRORNA-TRANSCRIPTION FACTOR GENE
REGULATORY NETWORKS

A THESIS SUBMITTED TO
THE GRADUATE SCHOOL OF INFORMATICS

OF
MIDDLE EAST TECHNICAL UNIVERSITY

B�LGE SÜRÜN

IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR

THE DEGREE OF MASTER OF SCIENCE
IN

BIOINFORMATICS

AUGUST 2014



Approval of the thesis:

ANALYSIS OF MOTIFS IN MICRORNA-TRANSCRIPTION FACTOR
GENE REGULATORY NETWORKS

submitted by B�LGE SÜRÜN in partial ful�llment of the requirements for the degree
of Master of Science in Bioinformatics, Middle East Technical University by,

Prof. Dr. Nazife Baykal
Director, Graduate School of Informatics

Assist. Prof. Dr. Ye³im Ayd�n Son
Head of Department, Health Informatics, METU

Assist. Prof. Dr. Aybar Can Acar
Supervisor, Health Informatics, METU

Assoc. Prof. Dr. Vilda Purutçuo§lu
Co-supervisor, Statistics, METU

Examining Committee Members:

Assoc. Prof. Dr. Tolga Can
Computer Engineering, METU

Assist. Prof. Dr. Aybar Can Acar
Health Informatics, METU

Assoc. Prof. Dr. Vilda Purutçuo§lu
Statistics, METU

Assist. Prof. Dr. Bala Gür Dedeo§lu
Biotechnology, Ankara University

Assist. Prof. Dr. Ye³im Ayd�n Son
Health Informatics, METU

Date:



I hereby declare that all information in this document has been obtained
and presented in accordance with academic rules and ethical conduct. I
also declare that, as required by these rules and conduct, I have fully cited
and referenced all material and results that are not original to this work.

Name, Last Name: B�LGE SÜRÜN

Signature :

iii



ABSTRACT

ANALYSIS OF MOTIFS IN MICRORNA-TRANSCRIPTION FACTOR GENE
REGULATORY NETWORKS

Sürün, Bilge

M.S., Department of Bioinformatics

Supervisor : Assist. Prof. Dr. Aybar Can Acar

Co-Supervisor : Assoc. Prof. Dr. Vilda Purutçuo§lu

August 2014, 106 pages

MicroRNAs are small non-coding RNA molecules which contain 21-25 nucleotides,
and function in post transcriptional regulation by inhibiting the translation of mRNA
targets. miRNAs typically a�ect gene regulation by forming composite feed forward
circuits (cFFCs) which also comprise a transcription factor (TF) and a target gene.
By analyzing these cFFCs, the contribution of miRNAs in altering TF networks can
be revealed. These contributions could either be the de-escalation of the target gene
repertoire or to increase the redundancy through cFFC formation. To conduct the
analysis, the connections between genes, miRNAs, and TFs are obtained using two
datasets one of which is obtained from human myeloid leukemia cell line. These two
datasets are also di�erent from each other in terms of the numbers of TFs and miRNAs
that are included in the networks and the signi�cance of the predicted connections.
The �rst dataset which contains connectivity information of a normal cell involves
83 TFs, 564 miRNAs and 5169 genes which construct 124,740 and 34,298 human-
mouse conserved TF and miRNA regulatory connections, respectively. The second
dataset which contains 137 miRNAs, 274 TFs and 6749 genes which are compiled from
the FANTOM 4 database from which the total number of human-mouse conserved
regulatory connections is identi�ed as 6631 for miRNAs and 60969 for TFs. Then, in
order to reveal the signi�cance on a statistical level, the randomization tests are applied
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to the connectivity matrix. Obtaining the signi�cance of miRNA-based cFFCs lead
us to conclusions about the e�ect of miRNAs in �ne-tuning gene regulatory networks
and the evolutionary role of miRNAs in the cell regulation.

Keywords: microRNA, transcription factor, composite feedforward circuits, regulatory
network
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ÖZ

M�KRORNA-TRANSKR�PS�YON FAKTÖRÜ GEN REGÜLASYON A�LARINDA
MOT�F ANAL�Z�

Sürün, Bilge

Yüksek Lisans, Biyoenformatik Program�

Tez Yöneticisi : Yrd. Doç. Dr. Aybar Can Acar

Ortak Tez Yöneticisi : Doç. Dr. Vilda Purutçuo§lu

A§ustos 2014 , 106 sayfa

MikroRNAlar kendileri protein kodlamas� yapmayan, fakat di§er genlerin ifade sonras�
de§i³ik oranlarda susturulmalar�n� sa§layan yakla³�k 22 nükleotid uzunlu§unda ufak
RNA molekülleridir. miRNAlar tipik olarak transkripsiyon faktörleri (TF) ile karma
önbesleme devreleri (kÖBD - cFFC) olu³turarak gen regülasyonunu etkilerler. Bu cFF-
Clerin incelenmesi, miRNAlar�n TF-gen a§lar�nda regülasyon de§i³ikli§ine neden olan
katk�lar�n� ortaya ç�kart�labilir. Bu katk�lar, TF hedef gen repertuar�n�n daralt�lmas�
veya cFFCler yoluyla regülasyonda yedeklilik sa§lanmas� olarak özetlenebilir. Anal-
izi gerçekle³tirmek için TF, miRNA ve hedef genler aras�ndaki ba§lant�lar, bir tanesi
miyeloid lösemi hücre dizisine ait olmak üzere iki farkl� veri kümesi kullan�larak elde
edilmi³tir. Veri kümelerinin elde edildi§i hücre dizileri tipinin farkl�l�§�n�n yan�nda, bu
iki veri kümesi, içerdikleri TF ve miRNA say�lar� ve tahmin edilen ba§lant�lar�n is-
tatistiksel anlaml�l�§� aç�lar�ndan da farkl�l�k göstermektedir. Ba§lant� bilgisi sa§l�kl�
hücreden al�nan veri kümesi toplam 124,740 korunmu³ insan-fare TF ve 34,298 miRNA
düzenleyici ba§lant�lar�n� olu³turan 83 TF, 564 miRNA ve 5169 gen içermektedir. �k-
inci veri kümesi ise FANTOM4 veritaban�ndan elde edilen 173 miRNA, 274 TF ve
6749 genden olu³makta olup toplam 6631 miRNA ve 60969 TF korunmu³ insan-fare
düzenleyici ba§lant�lar�n� içermektedir. Bu ba§lant� matrisine randomizasyon testleri
uygulanarak miRNA-tabanl� cFFClerin istatistiki olarak ne kadar anlaml� olduklar�
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ölçülmü³tür. Bu ölçümler ise miRNAlar�n gen regülasyonundaki ince ayar etkileri ve
evrimsel rolleri hakk�nda ç�kar�m yapabilmeyi sa§lam�³t�r.

Anahtar Kelimeler: mikroRNA, transkripsiyon faktör, karma önbesleme devreleri, regülasyon

a§�
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CHAPTER 1

INTRODUCTION

1.1 Motivation

With the completion of the Human Genome Project, revealing the genetic causes
under the phenotypic characteristics of organisms has become the main goal of the
genomic revolution. In order to achieve this goal, analysing complex biological net-
works, �nding the interactions between the network components and understanding
their biological functions are essential. By focusing on simple patterns, called net-
work motifs, that are highly recurrent in real networks when compared with random
networks, the characteristics of complex systems and their structure can be better un-
derstood. The motifs are generally shared among di�erent organisms, implying that
these mechanisms are favored by evolution. The signi�cant biological network motifs,
such as auto regulation, feed-forward loops, single input modules and bi-fans help to
transfer process information by slowing or accelerating the response time, creating a
pulse-like dynamics, generating temporal activation etc.

In gene regulatory networks, the information process is carried out to adjust the ex-
pression levels of genes by two distinct mechanisms; transcriptional regulation and
post-transcriptional regulation. The two main players which have an important role in
these mechanisms are Transcription Factors (TFs) and microRNAs (miRNAs). TFs are
a group of proteins which control the system of expression by binding to cis-regulator
DNA sequences and control the extent to which a speci�c gene will be transcribed.
miRNAs are small RNA molecules that consist of ' 22 nucleotides which bind to
the 3′-untranslated regions (3′-UTRs) of target transcripts in order to change their
expression level by the repression or the degradation. Since they both are included
in the gene regulation mechanisms, it was proposed that there is a strong possibility
of an interplay between TFs and miRNAs by formation of FFLs which will prevent
the production of mRNA in high concentrations by repressing its regulator TF and
thus it provides a "quick-OFF-slow-ON" mechanism [48]. According to the research
conducted in this �eld, this particular type of FFL in which the TF activates its target
gene, and miRNA represses both the TF and its target is found signi�cant and most
abundant in gene regulatory networks. These can be called as "the composite feed
forward circuits" (cFFCs). Although the signi�cance of the FFLs has been discov-
ered, the di�erence between the TFs and miRNAs in contribution to the GRNs, the
redundancy adding role of miRNAs and the stability of TF networks to the alterations
caused by miRNAs had remained unclear till the study conducted by Iwama et. al.
(2010). However, the increase in the regulator-target information poses new research
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questions, such as whether the revealed characteristics of miRNAs show variations
in larger networks obtained from cancer lines with more signi�cant regulator-target
interactions, and how these structures and motifs are a�ected by disorders such as
cancer.

1.2 Scope and Goal

The main objective of this study is to analyse gene regulatory networks (GRNs) based
on cFFCs and cFFC dependent terms with the concern of �nding the di�erences of TFs
and miRNAs in contribution to GRNs and to see whether the evolutionary distinctions
of TFs and miRNAs a�ect the GRNs by changing its conformation. It is also aimed
to provide an insight of the behaviour of miRNAs in the GRNs that are obtained from
myeloid leukemia cell line. As a �rst step of the analysis, the study conducted by Iwama
et. al. (2010) with the same research �ndings needed to be veri�ed by using the same
TF-target and miRNA-target connections which consist of 83 TFs, 564 miRNAs and
5169 genes including the 83 TFs. Secondly, in order to prove that the results are not
a attributable to the employed network and the �ndings are the true characteristics of
miRNAs, and to reveal the behaviour of miRNAs in the network obtained from cancer
line, the imbalance between the total number of TFs and miRNAs that are included
in the network should be eliminated, and the analysis should be re-conducted with
regulator-target predictions that have high occurrence rate in biological processes.

In accordance with these purposes the research questions are tested using two dif-
ferent GRNs. One of them is retrieved from the previous study of Iwama et. al.
(2010), whereas the other one is obtained from the FANTOM EdgeExpress database
that does not constitute a class imbalance problem and provides a weight parame-
ter indicating the strength of the connections for every regulator-target prediction,
thus it enables obtaining more signi�cant interactions by setting a threshold value for
the weight parameter [19]. More importantly,the FANTOM data originate from the
myleoid leukemia cell line; and will thus, allow the investigation of di�erences between
healthy cells and cancer.

1.3 Contribution

The main contribution of the proposed study is to provide a framework that is applica-
ble to di�erent GRNs and enable the researcher to compare the behaviours of network
motifs obtained from di�erent cell lines. Using this framework, the results of a previous
study, conducted by Iwama et. al. (2010), were reproduced and the code developed
was veri�ed. Subsequently, the framework is implemented to another dataset obtained
from the FANTOM4 database, and it was revealed that adding redundancy role of
miRNAs by forming cFFCs is not attributable to the network, thus it is a distinctive
property of miRNAs. It is also uncovered that the myeloid leukemia cancer mechanism
changes the behaviour of miRNAs within the network in a such way that they started
to regulate their target genes directly instead of showing a tendency of being a part
of cFFCs. Another minor contribution is the correction of a logic error in the basis
study (Iwama et al. 2010) where self-loops were mistakenly counted as cFFCs.
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1.4 Outline

This document which provides an understanding in the di�erences between miRNAs
and TFs in terms of their contribution to the GRNs and their evolutionary behaviour,
is composed of 7 chapters, including Introduction and Conclusion, that are outlined
as given below.

The �rst chapter gives an insight to the related research �eld with the explanation of
the motivation, scope and the goal of this study. In the second chapter, the transfer of
the sequential information biological processes is summarized and the role of miRNA
and TF as main players in gene regulation are explained. Additionally, signi�cant
biological network motifs are explained focusing mainly on FFLs, since this study is
centered around FFLs. The related studies, based on �nding signi�cant motifs using
random networks that are conducted in the similar manner of this research are also
presented in the second chapter. Moreover, this chapter includes a detailed summary
of the study published by Iwama et. al. (2010), which provides a basis for this thesis.
Besides including a brief description of the data sources and the explanation of the
properties of datasets, the third chapter also covers the simulation procedures with
the corresponding pseudocode and statistical analysis methods that were used on the
randomization results. In the fourth chapter, the results obtained from randomization
experiments are presented and discussed for both datasets. Lastly, in the �fth chapter
the conclusions are expressed and the future studies that could be an extension for
this thesis are sketched out.
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CHAPTER 2

BACKGROUND AND RELATED WORKS

2.1 Biological Information Transfer and Gene Regulation

2.1.1 The Central Dogma

The term, Central Dogma, was �rst expressed by Nobel Laureate Francis Crick in 1958
with the words "Once information has got into a protein it can't get out again" [10].
The arrows given in the Figure 2.1a show the �ow of the sequential information and
point out that the reverse transfer of the information from protein to DNA or RNA is
not possible.

The unidirectional Central Dogma described by Francis Crick suggests that the transfer
can be divided into three groups according to the evidence of existence. First group
which has strong evidence of occurrence in all cells, consists of the information �ow
from

• DNA −→ DNA,

• DNA −→ RNA,

• RNA −→ Protein,

and shown with the solid line in the Figure 2.1a [9].

The second group contains the transfers, which may occur in special circumstances,
from

• RNA −→ RNA,

• RNA −→ DNA,

• DNA −→ Protein,

and shown with the dash line in the Figure 2.1a.

Third group, which central dogma claims to be not possible, consists of unknown
transfers from

5



• Protein −→ Protein,

• Protein −→ DNA,

• Protein −→ RNA.

As a summary, the information �ow seen in all cells follows a path such that self-
replicating deoxyribonucleic acid (DNA) is used as a template the synthesis of ribonu-
cleic acid (RNA) and protein, RNA is synthesized through transcription, and proteins
are synthesized by the translation of RNA. Although most of the parts of the Central
Dogma de�ned by Francis Crick are valid today, it is manifested that the procedure of
information �ow is more perplexing and the concept has evolved in time. Studies have
shown that the transfers mentioned in the third group as unknown are now known
facts such as post-transcriptional regulation, methylation, and inteins [3, 11, 20].

(a) Central Dogma (re-printed from [9]) (b) Central Dogma with

Enzymes

Figure 2.1: Central Dogma

2.1.2 Gene Regulation

2.1.2.1 Transcriptional Regulation

Even though the expression of eukaryotic protein coding genes are regulated at various
steps such as transcription initiation, mRNA processing and translation, the main step
that most of the regulation occurs is the transcription initiation. Cis-regulatory DNA
elements included in genes transcribed by RNA polymerase II involve two main parts
which are promotor consisting of a core promoter and proximal regulatory elements,
and distal regulatory elements composed of enhancers, silencers, insulators and locus
control regions [27].

Trans-regulatory transcription factors (TFs) are proteins which regulate gene expres-
sion by controlling the transfer of the genetic information from DNA to mRNA.
Through recognition sites within the cis-regulatory DNA elements, transcription fac-
tors bind to transcription factor binding sites (TFBS), by which they either promote
or block the recruitment of RNA polymerase [16, 33] and mediate the initiation of
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transcription by forming transcription initiation complex along with RNA polymerase
II [32].

With the completion of Human Genome Project, it is revealed that there exist ∼20,000
- 25,000 genes with unique expression pattern, in human genome [27], whereas the total
number of TFs is ∼2000, far less then the total number of genes [6]. The di�erence
is explained with the fact that promoters contain multiple regulatory elements which
enable combinatorial control of gene regulation, leading to high numbers of distinct
expression patterns [27].

2.1.2.1.1 Transcription Factors Transcription factors can be divided into three
categories such as general transcription factors, activators and coactivators. General
transcription factors which are of vital importance for the transcription of all protein
coding genes, can identify the TATA box which consists of ∼ 25 nucleotides of TATA
sequence located on the core promoter, upstream of the transcriptional start site. Af-
ter recognition of the TATA box, one TF binds to the gene that is being regulated
from the DNA upstream, before RNA polymerase II can bind. In order to form the
transcription initiation complex which unbinds the DNA double helix for initiation of
the transcription, additional TFs and RNA polymerase II are added to the DNA. As
a result of this protein-protein interaction between TFs and RNA polymerase II, the
initiation complex starts to read the DNA template strand and the complementary
strand of RNA is produced. However, this interaction generally causes the initiation
at a low level and the RNA transcripts are produced with a limited number. In eu-
karyotes, the mechanism that is needed for high level transcription and which controls
the expression time, amount and a place of speci�c genes relies on the interaction
of control elements which are referred as speci�c transcription factors that contain
activators and coactivators.

Speci�c transcription factors which function as activators bind to enhancer regions of
DNA which are located distant to the promoter and upstream, downstream or within
the introns of the genes they regulates. However, in many instances, the relevant
activator can also bind to a recognition site which is upstream of the core promoter
in di�erent genes. For the case that the activator binds to enhancer elements, by
courtesy of DNA bending proteins, the bound activator comes close to the promoter
region where it interacts with the mediator proteins, general transcription factors and
RNA polymerase in order to form an active transcription initiation complex. The
protein-protein interaction between the speci�c transcription factors and the mediator
complex assists the orientation of the complete complex on the promoter and activates
the initiation of RNA synthesis [32].

The activators that bind to the upstream of core promoter which is also known as
transcription factor binding sites (TFBS) alter the chromatin structure to prevent its
blocking e�ect to transcription [24]. They also provide an increase in the transcription
initiation complex formation [29].

Cofactors are another group of speci�c transcription factors which function to alter the
activators activity by forming a protein-protein interaction with the activators in stead
of binding to a speci�c sequence within DNA. Their roles in regulation are similar to
activators in terms of increasing the rate of transcription initiation complex formation
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and modifying the chromatin structure.

Transcription factors also contain the "repressors" group of transcription factors which
are DNA binding proteins whose recognition sites are silencers within the distal control
elements. Repressors inhibit the gene expression by blocking activator binding [14], or
by binding regulatory DNA elements directly as a result of competition with the acti-
vator for the same binding site [32]. Repressors can also turn o� the transcription by
forming repressive chromatin structure which result in blocking the general transcrip-
tion factors and/or activators access to the promoter region [42]. In some instances,
repressors may interfere the transcription negatively by blocking RNA polymerase II,
TFIIB and TFIIE assembly, even though the activators are already bound to DNA [7].

2.1.2.2 Post Transcriptional Regulation

Even though the transcription is considered to be the main step in the gene regula-
tion, it is observed that the rate of the gene expression deviates from the levels of
the corresponding mRNA implying the role of post transcriptional regulation in gene
expression. Post transcriptional regulation is performed at any step between the tran-
scription and the translation, including procedures such as alternative splicing and
RNA editing by which multiple proteins are produced from a single gene. It also in-
cludes the control of RNA stability and of translation which provides a sudden change
in protein levels when it is needed. Moreover, it has been also veri�ed that microRNAs
play an important role in post transcriptional regulation by distinct mechanisms such
as binding the complementary mRNAs which results in their degradation or inhibition,
regulating TFs, or blocking the gene by an inoperative chromatin structure [22].

2.1.2.2.1 microRNA In a study conducted in 1993 by Victor Ambros, Rosalind
Lee and Rhonda Feinbaum, it was discovered that the lin-4 gene, which is important
in terms of controlling the initiation of larval development of C. elegans, generates two
small RNA in length of 22 nt and 61 nt, instead of coding for a protein [23]. The
RNA consists of 61 nt was identi�ed as a precursor of the 22 nt RNA as a result of its
formation into a stem loop. It is also identi�ed that lin-4 RNAs are complementary
to a sequence in the 3′ UTR of lin-14 gene, and the complementarity plays role in
the repression of lin-14 gene with negligible change in the levels of lin-14 mRNA [45].
These �ndings led to other studies on genes that encodes ∼ 22 nt RNAs, but there was
no evidence of such regulatory small RNAs within or beyond the nematodes till the
discovery that another gene which plays role in the C. elegans heterochronic pathway
named let-7 produces a ∼ 22 nt RNA which acts as regulatory RNA in the same way
of lin-4 RNA [5]. Moreover, the homologue of let-7 RNA was detected in wide range
of species including Homo Sapiens, Mus Musculus, and the two RNAs (lin-4, lin-7 )
classi�ed as small temporal RNA (stRNA) for the reason of their similar functions
on the timing of developmental stages [30]. Eight years after, the discovery of lin-4
RNA, it was reported that there exists more than one hundred genes that produce
small regulatory RNAs which have similar properties with lin-4 and let-7 in terms of
their conservation in evolution, their length, and their production from a stem loop
precursor, identi�ed from �ies, worms and humans. In spite of these similarities, the
term stRNA changed as microRNA (miRNA) because of the fact that the expression
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of newly found ∼22 nt RNAs are more likely to occur in speci�c cell types instead of
being produced in the developmental stages only [5].

Because of the di�culties of �nding new miRNAs experimentally, computational ap-
proaches based on miRNA gene identi�cation with regards to homology searches, prox-
imity search of known miRNA genes for the other stem loops in order to reveal the
additional genes of a cluster, and identi�cation of genomic segments with the potential
of composing stem loops and aligning these with the known miRNA genes pairwisely,
are developed [5]. With the increased number of newly identi�ed miRNA genes, a
catalogue has been constructed for registry and systematic labelling [13].

It is revealed that RNA polymerase II plays a main role in the transcription of most
mammalian miRNAs by producing primary miRNA (pri-miRNA) transcripts which
are 5′-capped, polyadenylated, spliced and folded into a secondary hairpin structure
with a stem and a terminal loop [41].

The reactions are catalysed by the two members of the RNase III family enzymes,
Drosha and Dicer. In the nucleus, Drosha uses folded pri-miRNA as a substrate and
this reaction results in ∼ 70 nt pre-miRNA which is transferred to the cytoplasm
in order to be processed by Drosha into a ∼ 20 bp miRNA/miRNA∗ duplex. After
the separation of two strands of miRNA duplex, one of them which is called the
mature miRNA or the guide strand is included in a miRNA-induced silencing complex
(miRISC) while the other strand is degraded. The complex recognises and targets the
complementary mRNAs which results in the repression or degradation of the mRNAs
[47].

2.2 Biological Network Motifs

To obtain an insight in the characteristics of biological processes, their representation
which includes protein-protein, protein-DNA, and protein-metabolite interactions are
termed as biological networks and "network motifs" are de�ned as recurrent patterns
that occur signi�cantly more frequently than those in �ttingly randomized networks.
The main biological network motifs can be examined into four categories which are
auto-regulation, feed-forward loop, single input module, and dense overlapping regu-
lons.

2.2.1 Autoregulation

Autoregulation is a type of motif where the gene is targeted by its own product and
regulated either negatively or positively.

Negative autoregulation (NAR) is seen when the gene is inhibited by its own product
[35]. It provides an initial increase of the concentration of the targeted gene and then
decreases the rate of production of it after a certain threshold. In other words, the
increase in the concentration of the TF lowers the production rate of the targeted
gene. As a result, the gene reaches its steady state, which is slightly lower than
the related threshold level, and the time between the initial and the steady state
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is shorter than that of a simple regulation. Moreover, the di�erences of the protein
levels in di�erent cells are balanced by negative autocorrelation because of the negative
correlation between the concentration of the gene and the concentration of its TF [2].

Positive autoregulation (PAR) is a type of motif in which the expression of gene is
promoted by its own product [2]. Hence, there exists a positive correlation between
the concentration of the gene and the concentration of its TF until reaching the steady
state. In contrast to the NAR motifs, the response time, which is de�ned as the time
that is required to get halfway to the steady state, is longer than a simple regulation.
In addition, PAR motifs cause an increase in variations of the protein levels between
cells due to the enhancement of the gene by its own product [17] [25].

(a) Simple

Regulation

(b) Neg-

ative

Autoregula-

tion

(c) Positive

Autoregula-

tion

Figure 2.2: Simple regulation and autoregulation. Figure 2.2a shows the simple regula-
tion in which the gene X is regulated by only Y. Figure 2.2b the NAR and Figure 2.2c
shows the PAR.

2.2.2 Feed-Forward Loop Network Motif

The feed-forward loops (FFLs) are strong network motifs because their occurrence is
much more than expected, when compared to random networks. They are 3-node
subgraphs commonly seen in transcription regulation networks, involving 8 possible
edge combinations where the edges indicate either activation or repression interactions.
Figure 2.3 shows the all possible 8 edge combinations and the FFL types which are
di�erentiated according to the sign of the regulation paths. FFLs consist of two parallel
paths which are a direct path and an indirect path. If the overall sign is same with
the sign of direct path, the FFL is considered as coherent type, and if their signs are
opposite, it is termed as incoherent FFL. Among all eight FFL types, type 1 coherent
and type 1 incoherent FFLs have a higher occurrence rate in the transcription networks
which are shown in the Figure 2.3 with respect to the other types of FFLs [2].

Most common input functions for FFLs are an "AND gate" and an "OR gate" meaning
that either both regulators are needed to control the expression of the shared target, or
the binding of one regulator to the gene is enough for the process to work, respectively
[26].
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(a) 8 possible edge combinations of FFLs (b) C1- FFL (c) I1-FFL

Figure 2.3: Types of FFL network motif. In the Figure 2.3a, the coherent and the
incoherent types of FFLs are given. Figure 2.3b and Figure 2.3c demonstrates C1-
FFL and I1-FFL with an AND input function, respectively. The explanations given
in the Section 2.2.2.1 and 2.2.2.2 are based on the assumption of the existence of the
signal SY .

2.2.2.1 Coherent Type 1 FFL

The coherent type I FFL (C1-FFL) type using an "AND" input function causes a
sign-sensitive delay in the activation of the jointly targeted gene. This dynamic pro-
cess starts when the activation of X is triggered by a signal Sx which results in the
accumulation of Y. The production of Z begins after the concentration of Y reaches
the activation threshold for the promoter of Z. Although C1-FFL generates delay in
the activation step, the inactivation process occurs without delay, since the o�-state
of Sx inactivates X which causes a rapid deactivation of Z by the reason of the AND
logic.

By courtesy of the sign sensitive delay, C1-FFL with the AND gate functions as a �lter
for the inconsistent pulses in the �uctuating cell environment.

The C1-FFL type with an "OR" gate function works as the opposite direction with
the "AND" input, i.e. the delay does not occur in the beginning when X is in an active
form but after the removal of the Sx signal, the production of Z does not end rapidly
because of the fact that the accumulated Y is su�cient to continue the process. By this
mechanism, type I coherent FFLs compensate for the short termed loss of signal [1].
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2.2.2.2 The Incoherent Type 1 FFL

In the incoherent type I FFL (I1-FFL), while Z is activated by X directly, it is also
repressed by Y through X, indirectly. That is; when X becomes active, the production
of Z increases but after some time the accumulation of Y passes a threshold for the Z
promoter and starts to repress it. This process results in pulse-like dynamics.

The I1-FFL also functions as a response accelerator such that before Y starts to repress
Z, with a strong initial production, Z can reach the non-zero steady state which results
in shortening the response time. After the shut-down of X, the production of Z rapidly
decreases, and the concentration of Z shows an exponential decay with a speed based
on its degradation rate [2].

2.2.3 Single Input Module

SIMs are larger network motifs where a group of genes are controlled by a superior
regulator which also regulates itself usually. The coordinated regulation of these genes
creates a dynamic process by generating temporal expression as a result of their dif-
ferent activation thresholds which stems from the variations in sequence and position
of binding sites. The temporal activation ensures that a gene is not expressed before
it is needed by activating the gene with the lowest threshold, then the second lowest
and so forth. This kind of a motif is seen frequently in metabolic pathways to form
the desired product and in damage repair systems to produce a response to a stress
such as DNA damage or heat shock [34] [1].

Figure 2.4: SIM network motif in which the regulator X controls three genes,
Z1, Z2, and Z3.

2.2.4 Bi-fans and Dense Overlapping Regulons

Although there are 199 possible interactions in the 4-node subgraphs, only 2 of them,
namely multi output FFL and bi-fan, are signi�cant motifs in transcription regulation
networks. In bi-fan motifs, two regulators combinatorially control the expression of
two genes [1].

On the other hand, there exists a larger signi�cant network motif called the dense
overlapping regulon, which is a complex form of bi-fans where a group of genes are
jointly controlled by a group of regulators. The DORs function as gateways; that the
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multiple inputs are processed to control each output. Although DORs are not fully
connected, i.e. a gene is not targeted by all transcription factors within the motif,
the number of connections is much more than those of patterns found in a random
graph [40].

(a) Bi-fan net-

work motif

(b) DOR network motif

Figure 2.5: Bi-fan motif and dense overlapping regulon.

2.3 Analysis of Regulatory Networks

2.3.1 Analysis of Transcription Regulation Networks

In 2002, a study was conducted by Alon et al. in order to �nd signi�cant motifs in
complex networks [28]. An algorithm was developed in order to reveal the signi�cant
networks within a directed complex network by searching for n-node sub-graphs and
compare the numbers with those obtained from random networks. The randomiza-
tion procedure preserves the number of incoming and outgoing edges for every node
in the real network in order to capture the characteristics caused by a single node
such as target hubs. The randomization code is implemented using complex networks
from di�erent �elds, i.e. biochemistry (transcriptional regulation network), ecology,
neurobiology, and engineering.

The two transcriptional regulation networks from an eukaryote (Saccharomyces cer-
cuisia) and a bacterium (Escherichia coli) are used where the genes are represented
with nodes and the edges are directed from TF to gene that is regulated by that
TF. The results obtained using 1000 randomized networks show that there exist two
signi�cant patterns which are FFL and bi-fan. The related statistical measures and
the number of edges and nodes can be seen from Figure 2.6 which also enables the
comparison of the random networks with the real regulatory network, i.e. while the
number of FFLs are found as 40 in E. coli, the mean of the number of FFLs obtained
from 1,000 generated random networks equals to 7 [28]. Given Z-scores implies the
signi�cance of the network motifs in E. coli and S. cerevisia.
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Figure 2.6: Statistically signi�cant motifs found in transcriptional regulation network
(re-printed from [28]). In the Figure, Nreal and Nrand indicate the number of genes
in real and randomized networks, in order. SD denotes the standard deviation and
Z − score shows its test statistic.

2.3.2 Analysis of Combined Transcriptional - Post Transcriptional Regu-
latory Networks

In a study presented by Zhou et. al. (2007), the coordinated regulation of TFs and
miRNAs are studied using the targets of 168 human miRNAs and 236 human tran-
scription factors that are obtained from PicTar and TRANSFAC, respectively. Var-
ious statistical tests, such as Fisher's exact test, chi-square test are applied to the
dataset with the aim of determining the strength of interplay between the pairs of
miRNA-miRNA, TF-TF, miRNA-TF which leads to the conclusion that TF-TF and
miRNA-miRNA interactions are more frequent than TF-miRNA interplay. Moreover,
it is revealed that within the regulators, at least one of them involves in targeting many
genes and some particular TFs are interacting with nearly every miRNA. As a next
step of the study, it is hypothesized that formation of a feed forward loop where the
TF activates its target and miRNA represses both the TF and its target concurrently
is possible if the interaction between the TF and the miRNA is strong meaning that
if they have many shared targets. To test this hypothesis, Fisher's exact tests were
conducted which resulted in the �nding that such feed forward loops were signi�cant
among the TF-miRNA pairs that are highly interacting [48].

Another study in the area of combinatorial regulation of TFs and miRNAs is conducted
by Shalgi et al.(2007). The analysis is implemented based on the data obtained from
PicTar and TargetScan, which are the two databases for the miRNA target predic-
tion. In this study, evolutionary conserved miRNAs are used, and the orthologous
genes among human, mouse, rat and dog are selected from the targets of miRNAs in
order to eliminate the false positive results of mapping miRNAs to genes. The ad-
jacency matrices described in the Section 3.1.1.1 are constructed for the connection
data obtained from two databases, separately and the degree preserving edge swap-
ping randomization procedure is applied to data. First of all, the di�erences between
original data and the randomized data are examined in terms of degree distributions,
i.e the distribution of the number of targets belonging to each miRNA and the number
of miRNAs belonging the each gene. It is observed that the distributions are di�erent
from each other in terms of their widths and shapes. In spite of the fact that the
original distribution contains many target hubs (which are the genes such that each is
regulated by a vast amount of miRNAs), in the randomized network the genes that are
targeted by more than 10 miRNAs are few in number. In other words, while the distri-
butions of the randomized data look Gaussian, the distribution of the original network
is long-right tailed. These �ndings led to the study in a direction where dense target
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hubs corresponding to the data which are above the 85th percentile of the distribution
are examined using Gene Ontology (GO) and it was revealed that the developmental
processes are highly regulated by these target hubs.

Secondly, it was tested to see whether miRNAs combinatorially regulate gene expres-
sion by interacting other miRNAs using a similar randomization approach applied in
the degree distribution analysis. The connection matrix is randomized 1000 times
in a degree preserving manner with 100,000 swapping steps. After every random-
ization iteration, the "Meet/Min" score given in Equation2.1 is calculated for each
pair of miRNAs by which 107 and 199 signi�cant pairs are detected among the data
obtained from TargetScan and PicTar databases, respectively. Furthermore, a hierar-
chical model which contains a few miRNAs with many allies at the top and miRNAs
with very few allies at the bottom is identi�ed. It is also reported that the degree
distribution of the network is power law.

| Targets(i) ∩ Targets(j) |
min(| Targets(i) |, | Targets(j) |)

(2.1)

Thirdly, since an interplay between miRNAs and TFs in regulating mutual targets
seems to be a strong possibility, a similar randomization procedure described above
is applied to the data to con�rm this possibility by revealing the co-occurrence of
miRNA-TF pairs. In addition to the miRNA-target matrix, an adjacency matrix for
TF connections is created. Both matrices are randomized in order to calculate co-
occurrence rates and p-values. 104 signi�cant TF-miRNA pairs in the TargetScan
dataset and 916 signi�cant pairs in the PicTar dataset are identi�ed and the network
motif analysis is conducted by using these signi�cant pairs.

Finally, after identifying the TF-miRNA pairs that regulate the same target, it is
analysed to determine whether the pairs regulate each other by forming FFLs via
the randomization procedure. It is observed that the regulation of TFs by miRNAs
(type II coherent FFL) and the regulation of miRNAs by TFs (type I incoherent
FFL) are both signi�cant. This conclusion, obtained from the sequence information,
is supported experimentally by using the expression data to calculate the correlation
coe�cients between miRNAs and TFs among all pairs which result in observing high
correlation between these either negatively or positively. Negative correlations are
justi�ed by considering TFs which function as repressors and the inhibitory property
of miRNAs [38].

Another study, which is the primary predecessor for this thesis was conducted by
Iwama et al. (2010) in order to analyse the di�erences between TFs and miRNAs
based on their contributions and the e�ect of their evolutionary distinctions to the
gene regulatory networks through cFFC formation (see Section 3.2.1).

The datasets are obtained from NCBI by using Build 36.3 and Build 37.1 for human
and mouse, respectively. Non-overlapping genes with respect to their 8 kb upstream
sequences are selected and the human-mouse orthologous gene pairs are identi�ed
which result in obtaining 5169 genes.

In order to obtain miRNA-target connections, the mature miRNA sequences were
downloaded by using miRBase and the miRNA target sites of 5169 genes are identi�ed
via the PITA program based on the exact 8 nt or 7 nt match between the miRNA
sequences and the 3′ UTR regions of the genes. The identi�ed human miRNA target
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sites are aligned with the 3′ UTR regions of mouse sequences by using ReAlignerVR
and the identical ones are selected. As a result, 564 mature miRNAs with 34298
connections are obtained.

After the identi�cation of 83 TF and 564 miRNAs, the adjacency matrices are created
with the objective of conducting a partial randomization procedure which includes only
miRNA-connection matrix randomization, only TF-connection matrix randomization
and both TF-miRNA connection matrices randomization. Matrices are randomized
using a swapping step algorithm in a degree preserving manner which is explained
in detail in the Section 3.3.1.1. 1000 matrices are generated by applying 500,000
swapping steps to the original matrices in every iteration and the number of cFFCs,
the number of cFFC targeted genes and the cFFC redundancy are obtained from every
generated matrix in order to make a comparison with the corresponding numbers from
real GRNs.

First of all, the contribution of TFs and miRNAs is analysed in terms of the cFFC
formation based on the results of three randomization procedures. It is observed that
while the number of cFFCs is 44373 in the real GRN, the expected number of cFFCs
equals 44117.3 for only miRNA connection matrix randomization, 44161.3 for only TF
connection matrix randomization and 43766.4 for both TF-miRNA connection matrices
randomization. The Z-scores and p-values which are calculated under the assumption
of normality led to the conclusion that there is no signi�cant deviation in terms of
cFFC formation between the real GRNs and the expectations that are obtained from
all three randomization procedure. In other words, cFFCs are neither excessively
nor inadequately represented in the real GRNs. Besides the number of cFFCs, the
number of cFFC targeted genes are also examined for every generated matrix. The
real GRNs contain 2476 genes that are targeted at least one cFFC. Although there is no
signi�cant deviation in the number of cFFC targeted genes between the real GRNs and
the expectation of the TF connection matrix randomization, miRNA randomization
and both TF-miRNA randomization reveal that the number of targeted genes of real
GRNs is excessively reduced from the expectations and the di�erence is statistically
signi�cant.

Because of the existence of target hubs, cFFC redundancy which is the ratio of the
total number of cFFCs to the number of cFFC targeted genes, is calculated in order to
�nd the average number of cFFCs per gene. It is reported that the cFFC redundancy is
signi�cantly higher in the real GRN with respect to both the miRNA connection ran-
domization and the TF-miRNA connection randomization. The signi�cant deviation
in terms of the number of cFFC targeted genes and the cFFC redundancy implies that
the TF networks stay steady and do not give response to the alterations of miRNA
network structure. Whereas the miRNA networks contribute to the GRNs by caus-
ing de-escalation of the target gene repertoire or increasing the redundancy through
the cFFC formation. However, the excessive representation of the redundancy can
be caused by the sharp reduction of the cFFC targeted genes. Hence, the miRNA
derived redundancy and the TF derived redundancy are examined separately. The
results show that the miRNA derived redundancy is substantially higher than random
expectations in the real GRNs as the TF derived redundancy shows no signi�cant de-
viation from random expectations for the miRNA-connection randomization and the
TF-miRNA connection randomization. This implies that the miRNA derived redun-
dancy is not a consequence of the reduction of the cFFC targeted genes. Although
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the �ndings that imply steadiness of TF networks are consistent with each other, it
is possible that the di�erent number of edges of miRNAs and TFs within cFFC may
exert such an e�ect. Therefore, one edge randomization procedure which is described
in detail in Section 3.3.2 was applied in this study. The results do not only support
the previous �ndings, but also enlighten the signi�cant distinctness of the miRNA
con�guration changing in terms of the miRNA-TF connections and the miRNA-target
connections. It is reported that the number of cFFCs is inadequately represented in the
miRNA target connection and is excessive in the miRNA-TF connection. Moreover,
the miRNA-target connection randomization shows that the miRNA derived redun-
dancy is represented excessively whereas the TF derived redundancy is adequately
presented in the real GRN.
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CHAPTER 3

RANDOMIZATION ALGORITHMS AND ANALYSIS
METHODS

3.1 Data

In this study, the interplay between TFs and miRNAs are analysed in the scope of
cFFCs, cFFC targeted genes, and the cFFC redundancy and TF derived cFFC re-
dundancy, miRNA derived cFFC redundancy using two di�erent datasets that diverge
from each other in terms of the number of edges and nodes that are included in, as well
as the type of cell. The detailed information about the �rst and the second dataset
are given in the Section 3.1.1 and Section 3.1.2, respectively.

3.1.1 Dataset Retrieved from the Study of Iwama et al.

First dataset whose collection procedure is reported in the Section 2.3.2 was obtained
by Iwama et al. for their own study which is conducted to �nd the signi�cance of the
miRNAs in the composite cFFCs. The dataset is available online1 as a two separate
�les in which the TF-target and miRNA-target information given as connectivity ma-
trix. The �rst data �le, is given in plain text format, is the TF-connection matrix of
which the �rst row contains the HGNC symbols of 83 TFs and the �rst column shows
the entrez ids of 5169 genes including the 83 TFs. Second data �le given in PDF
format includes mirBase ids of 564 miRNAs in its �rst row, and entrez ids of 5169
genes in the �rst column. There exist 124740 human-mouse conserved TF regulatory
connections and 34298 human-mouse conserved miRNA regulatory connections.

3.1.1.1 Matrix Representation of the Connection Data

In the graphical view of the network, the nodes are represented with the genes and the
miRNAs and the edges represent the interactions between nodes which are directed
from the TF or miRNA to the gene that is regulated by them. In order to represent the
interactions, the adjacency matrix consisting of zeros and ones is created according to
rule given in the Equation 3.1 and Equation 3.2 [16]. For the TF connectivity matrix:

1 http://mbe.oxfordjournals.org/content/28/1/639/suppl/DC1
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Mij =

{
1, if the gene i is targeted by the TF j.

0, otherwise.
(3.1)

For the miRNA connectivity matrix:

µij =

{
1, if the gene (or TF) i is targeted by the miRNA j.

0, otherwise.
(3.2)

As a result, two connectivity matrices where the existing connections between nodes
are shown with the ones are obtained with the following form:

(a) TF connection

matrix, Mij

(b) miRNA connection

matrix, µij

Figure 3.1: Form of connection matrices [16]

3.1.2 Dataset Retrieved from FANTOM4 EdgeExpress Database

The second dataset, will be called FANTOM network through the document, collected
from the Functional Annotation of the Mammalian Genome 4 (FANTOM4) database
which is an international collaborative project focusing on the transcriptional land-
scape in the mammalian genome with the aim of making the network predictions
accessible [18].

In FANTOM4, the predictions are made based on the expression pro�les and promoter
regions of a human myeloid leukemia cell line which result in obtaining the interactions
of TFs and the genes with the weight parameter which is an indicator of the signi�-
cance of the predicted connections [19] [43]. Additionally, siRNA perturbation edges,
chromatin immunoprecipitation edges, protein-protein interaction edges and miRNA
target gene edges are made available to users [18].

The FANTOM4 EdgeExpress database also o�ers users two types of visualization
options which are the center view showing all the regulatory elements, possible inter-
actions and the expression graphs of the queried gene and the subnet view providing
a graphical network view consisting of nodes and edges for the queried set of genes
(and/ or miRNAs).
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3.1.2.1 FANTOM Network Information According to Di�erent Weight
Thresholds

The target information of TFs and miRNAs given within the FANTOM4 Database
are obtained by downloading XML �les which contain the target information of TFs
and miRNAs, and parsing these �les with the Python script developed (given in Ap-
pendix B.2 for TF connections and B.1 for miRNA connections) according to the
di�erent weight parameters. The target information is transferred to the CSV �les
separately for every resultant network, both of which consist of two columns; the �rst
column contains the HGNC symbol of TFs and mirBase IDs of miRNAs and the second
column contains the HGNC symbols of genes which are targeted by the TF and/or
miRNA given in the �rst column.

The human-mouse orthologs of the genes that are included in the resulting networks
are identi�ed using homologene data which are available online 2, using a Python
script (given in Appendix B.3). The miRNA homologs are retrieved from the miRBase
database and are cross matched with the same Python script to be able to take the
human-mouse ortholog subset of the FANTOM miRNA connection dataset.

The total number of human-mouse conserved connections of miRNAs and TFs are
provided in the Table 3.1 with the total number of miRNAs, TFs and genes that are
included in the network for the given weight parameter. In addition to the network
information, the changes in the original numbers of research interests which are de-
scribed in detail in the Section 3.2 are shown in the Figure 3.2 according to di�erent
weights.

Although it is observed that the number of cFFCs, the number of the cFFC targeted
genes, cFFC redundancy, miRNA derived cFFC and TF derived redundancy which are
given in the Figure 3.2 show little deviation after the 1.2 weight threshold, in order to
obtain the highly signi�cant predictions of connections with minimum number of false
positives, the weight parameter is set to 1.5 as suggested in the study conducted by
Suzuki et. al. (2009) [43]. Hence, the randomization is implemented to the network
which contains 137 miRNAs, 274 TFs and 6749 genes from which the total number
of human-mouse conserved regulatory connections are identi�ed as 6631 for miRNAs
and 60969 for TFs.

3.2 Key Terms Used in the Network Analysis

3.2.1 Composite Feed Forward Circuits

As mentioned in the Section 2.2.2, FFLs are the most abundant and signi�cant network
motifs that found are in biological networks such as transcriptional regulator network
and are initially de�ned as three node subgraphs consisting of one general TF which
is also known as a master regulator, one speci�c TF and their shared target gene [28].
On the other hand, since the aim of this study is to uncover the di�erences between

2 ftp://ftp.ncbi.nlm.nih.gov/pub/HomoloGene/current/
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Table 3.1: Network information for di�erent weights

number of miRNAs number of TFs number of genes number of miRNA connections number of TF connections

weight ≥ 0 197 274 10504 93782 98621

weight ≥ 0.1 197 274 10497 93782 96766

weight ≥ 0.2 197 274 10486 93782 94802

weight ≥ 0.3 197 274 10467 93782 92764

weight ≥ 0.4 197 274 10453 93782 90585

weight ≥ 0.5 197 274 10434 93782 88288

weight ≥ 0.6 192 274 9913 75423 85956

weight ≥ 0.7 184 274 9469 60277 83453

weight ≥ 0.8 173 274 8957 44593 80890

weight ≥ 0.9 167 274 8339 26307 78036

weight ≥ 1.0 160 274 7869 15720 75373

weight ≥ 1.1 156 274 7571 12858 72680

weight ≥ 1.2 153 274 7340 10603 69742

weight ≥ 1.3 141 274 7117 8956 66846

weight ≥ 1.4 139 274 6922 7635 63847

weight ≥ 1.5 137 274 6749 6631 60969

TFs and miRNAs in terms of their contribution to the GRNs, the FFL is speci�ed as
a composite feed-forward circuit (cFFC) which is also a signi�cant biological network
motif that is composed of a miRNA as a master regulator, a TF and a gene in which
both TF and gene are repressed by the miRNA whereas the shared target of the
TF-miRNA pair is stimulated by TF [48].

Figure 3.3: A unitary cFFC. The unitary cFFC involves miRNA, TF and gene. miRNA
represses its targets concurrently, whereas TF functions as an activator for the shared
target.

In this thesis, the real GRNs and the randomized networks are searched for such cFFCs,
and the resulting total number of cFFCs are compared using the methods given in the
Section 3.4.

3.2.2 cFFC Targeted Genes

Because of the fact that a gene can participate in more than one cFFC as illustrated
in the Figure 3.4, the cFFC targeted genes are de�ned as the set of genes that are
included in at least one cFFC [16].
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Figure 3.2: Change in the initial numbers according to di�erent weight thresholds
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Within the scope of this study, the number of the cFFC targeted genes are obtained
for both real GRNs and its random permutations.

3.2.3 cFFC Redundancy

As mentioned before and illustrated in the Figure 3.4, the redundancy of the network
may be increased by forming cFFCs around a shared targeted gene by additional loops
of TFs and miRNAs. In other words, some genes are regulated by more than one cFFC.
Therefore, cFFC redundancy is described as the average number of cFFCs that are
involved in regulating a gene [16]. The cFFC redundancy is calculated by taking the
ratio of total number of cFFCs to the number of cFFC targeted genes.

In order to see the main cause in the formation of cFFC redundancy, it is partitioned
into two factors, namely; "miRNA derived cFFC redundancy" and "TF derived cFFC
redundancy".

3.2.3.1 miRNA Derived cFFC Redundancy

The miRNA derived redundancy, whose pattern is shown in the Figure 3.4b is ob-
tained by taking the ratio of total number of cFFCs to the total number of TF-gene
connections that are included in cFFCs. The aim is to determine the redundancy
which originates from cFFCs that involve the extra miRNA loops that occur around
the same TF-gene edge. For example, in the Figure 3.4b, the miRNA derived cFFC
redundancy equals three because of the fact that it only includes one TF-gene edge,
while there exist three cFFCs that are constituted by extra miRNA loops.

3.2.3.2 TF Derived cFFC Redundancy

In a similar manner with the miRNA derived redundancy, the TF derived redundancy
is de�ned as the ratio of the total number of cFFCs to the total number of miRNA-gene
edges that are involved in cFFCs in order to determine the cFFC redundancy that is
caused by additional TF loopings around the same miRNA-gene edges. In Figure 3.4c,
the TF derived redundancy equals three since the module contains three cFFC with
the one shared miRNA-gene connection.
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(a) (b) (c)

Figure 3.4: Sub-network views for multiple cFFCs [16]. Figure 3.4a, 3.4b, and 3.4c
illustrate the patterns of the genes that are targeted by more than one cFFC. Fig-
ure 3.4b and Figure 3.4c also represent the sub-networks that are made redundant by
miRNAs and TFs, respectively.

3.3 Randomization Procedure

3.3.1 Main Randomization Procedure

In this study, three main randomization procedures are applied to both datasets, which
are; miRNA only connection matrix randomization, TF only connection matrix ran-
domization and both TF and miRNA connection matrix randomization. Randomiza-
tions are conducted using a swapping step algorithm which results in preserving the
degrees of nodes as in the real GRN. This implies that the algorithm enables the TFs
and miRNAs to keep their degrees �xed while changing the destination of their out-
going edges, and genes to keep their number of incoming edges �xed while changing
their regulator. The randomization of the connectivity matrices are conducted 1000
times using 500000 swapping steps for each. In every randomization, the number of
cFFCs, the number of cFFC targeted genes which is de�ned as the number of genes
that are targeted by at least one cFFC, miRNA-gene edges and TF-gene edges that
participates in cFFCs are reported. Besides, the miRNA derived redundancy and the
TF derived redundancy are calculated by dividing the total number of cFFCs to the
total number of the cFFC participant miRNA-gene edges and the TF-gene edges for
each randomization iteration.

3.3.1.1 Pseudocode of the Main Randomization Procedure

The data �les that contain the TF connections and the miRNA connections are con-
verted to hash tables (the dictionary data type) using the Algorithm 1 and 2 for Iwama
et. al. data and FANTOM data, respectively. After creating dictionaries, the count-
forc�c function is used to calculate the number of cFFCs and the cFFC dependent
terms such as cFFC targeted genes, cFFC redundancy etc. It holds the number of
the cFFC targeted genes, the cFFC participant miRNA-gene edge number and the
cFFC participant TF-gene edge number in the dictionaries which are genecountdict,
miredgecountdict and tfedgecountdict, respectively.

The randomization of the connections are conducted using the randomizematrix func-
tion.
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The source codes are provided in Appendix B.4.

Procedure 1 Python Dictionary Creator Function for IwamaEtAl Dataset

function readmatrix(�lename)
open filename
headerline ← �rst row
locs ← �rst line [1 to length of headerline]
mydict ← empty dictionary
for ∀ key ∈ locs do

mydict[key] ← empty dictionary
end for
for ∀ line ∈ �lename do

values ← line entities separated by comma
geneid ← �rst entity of values
interactions ← remaining entities of values
for ∀i ∈ range of interactions' length do

if ith element of interactions equals 1 then
set mydict[locs[i]][geneid] to 1

end if
end for

end for
close filename
return (mydict, locs)

end function

Procedure 2 Python Dictionary Creator Function for FANTOM Dataset

function readmatrix(�lename)
open filename
locs ← empty list
mydict ← empty dictionary
for ∀ line ∈ �lename do

values ← line entities separated by comma
regulator ← �rst entity of the values
geneid ← second entity of the values
if regulator 6∈ locs then

add regulator to locs
end if
if regulator is not a key of mydict then

mydict[regulator] ← empty dictionary
end if
mydict[regulator][geneid] ← 1

end for
close filename
return (mydict, locs)

end function
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Procedure 3 cFFC Count Function
function countforcffc(mirna, mirdict, tfdict, genecountdict, miredgecountdict,
tfedgecountdict)

targets of mir ← mirdict[mirna]
count ← 0
for ∀ t in targets do

if t is a key of tfdict then
for g ∈ tfdict[t] do

if g is a key of targets then
if t is not equal to g then

increase count by 1
if g is a key of genecountdict then

increase genecountdict[g] by 1
else

set genecountdict[g] to 1
end if
if m is not a key of miredgecountdict then

miredgecountdict[m] ← empty dictionary
else

set miredgecountdict[m][g] to 1
end if
if t is not a key of tfedgecountdict then

tfedgecountdict[t] ← empty dictionary
else

set tfedgecountdict[t][g] to 1
end if

end if
end if

end for
end if

end for
return count

end function
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Procedure 4 Connection Randomization Function
function randomizematrix(mydict)

�rstnode ← randomly selected key from mydict
secondnode ← randomly selected key from mydict
while length of mydict[�rstnode] is 0 do

reselect �rstnode
end while
while length of mydict[secondnode] is 0 do

reselect secondnode
end while
�rsttarget ← randomly selected key from mydict[�rstnode]
secondtarget ← randomly selected key from mydict[secondnode]
if mydict[secondnode] has key �rsttarget or mydict[�rstnode]has key secondtar-

get then
return 0

end if
remove �rsttarget from mydict[�rstnode]
add secondtarget to mydict[�rstnode]
set mydict[�rstnode][secondtarget] to 1
remove secondtarget from mydict[secondnode]
add �rsttarget to mydict[secondnode]
set mydict[secondnode][�rsttarget] to 1
return 1

end function
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Procedure 5 Applications of Functions

number of replicates ← 1000
number of swapping steps ← 500000
number of cFFCs ← open writable �le
number of cFFC targeted genes ← open writable �le
mirna derived redundancy ← open writable �le
tf derived redundancy ← open writable �le
(mirdict,mirlist) ← readmatrix("mirna_connection_matrix.csv") . mirdict
holds miRNA-target information
(tfdict,t�ist) ← readmatrix("tf_connection_matrix.csv") . tfdict holds
TF-target information
for i ∈ range 0 to number of replicates do

swaps ← 0
while swaps < number of swapping steps do

swaps ← swaps + randomizematrix(mirdict)
end while
while swaps < number of swapping steps do

swaps ← swaps + randomizematrix(tfdict)
end while
swaps ← 0
swaps 2 ← 0
while swaps < number of swapping steps do

swaps ← swaps + randomizematrix(mirdict)
end while
while swaps 2 < number of swapping steps do

swaps 2 ← swaps 2 + randomizematrix(tfdict)
end while

Only miRNA
connection matrix
randomization

Both miRNA - TF
connection matrices

randomization

Only TF con-
nection matrix
randomization
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Procedure 5 Applications of Functions (Continued)

genecountdict ← empty dictionary . cFFC targeted genes
mirEdgeCountDict ← empty dictionary . cFFC participant miRNA-target

pairs
tfEdgeCountDict ← empty dictionary . cFFC participant TF-target pairs
total ← 0 . total number of cFFCs
mirtargetedgecount ← 0 . cFFC participant miRNA-target edge count
tftargetedgecount ← 0 . cFFC participant TF-target edge count
for mir in mirdict do

count ← count + countforcffc(mir,mirdict, tfdict, genecount-
dict,mirEdgeCountDict,tfEdgeCountDict)

total ← total + count
end for
for ∀ x ∈ keys of mirEdgeCountDict do

mirtargetedgecount← mirtargetedgecount + length of mirEdgeCountDict[x]
end for
for ∀ y ∈ keys of tfEdgeCountDict do

tftargetedgecount ← tftargetedgecount + length of tfEdgeCountDict[y]
end for
mirnaderivedredundancy ← �oat(total) / (mirtargetedgecount)
tfderivedredundancy ← �oat(total) / (tftargetedgecount)
write length of genecountdict to �le "number of cFFC targeted genes"
write total to �le "number of cFFCs"
write mirnaderivedredundancy to �le "mirna derived redundancy"
write tfderivedredundancy to �le "tf derived redundancy"

end for

3.3.2 Partial Randomization Procedure

Partial randomization procedure consists of two sub-processes, which are the miRNA-
TF connections randomization and the miRNA - non-TF connection randomization.
This is done to reveal whether the di�erence between the edge numbers of TFs and
miRNAs in an unitary cFFC a�ects the results, or not. In the miRNA-TF connection
randomization, the edges between miRNAs and the genes that are not TF are kept
unchanged, while in the miRNA - non-TF target randomization, the miRNA - TF
connections are kept �xed. The partial randomization procedure is applied to only
miRNA connection matrix since the procedure corresponds to the TF randomization
in a way that it swaps one edge for miRNA or one edge for TF [16].

In the same way with the main randomization procedure, the degree preserving swap-
ping step algorithm is used to partially randomize the miRNA connection matrix with
500,000 swapping steps to generate 1,000 random networks. In every randomization,
the number of cFFCs, the number of the cFFC targeted genes, the miRNA derived
cFFC redundancy and the TF derived cFFC redundancy is reported.

The partial randomization results obtained from Iwama et. al. data are discussed
in Section 4.2 and the randomization results belonging to the FANTOM data are
discussed in the Section 4.4. The source codes are also provided in Appendix B.5.
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3.3.2.1 Pseudocode of the Partial Randomization Procedure

3.3.2.1.1 miRNA - Gene Connection Only Randomization Procedure 6 and
7 given below are used with the Procedures 1, 2 and 3, 6 in the randomization of the
miRNA - non-TF target connections. The randomizematrix function is modi�ed to
not select miRNA-TF edges for swapping, and the main part in which the functions
are called is revised to randomize only miRNA connections data. The source codes
are presented in Appendix B.5.1.

Procedure 6 Connection Randomization Function
function randomizematrix(mydict,tfnames)

�rstnode ← randomly selected key from mydict
secondnode ← randomly selected key from mydict
while length of mydict[�rstnode] is 0 do

reselect �rstnode
end while
while length of mydict[secondnode] is 0 do

reselect secondnode
end while
�rsttarget ← randomly selected key from mydict[�rstnode]
secondtarget ← randomly selected key from mydict[secondnode]
if �rsttarget ∈ tfnames or secondtarget in tfnames then

return 0
end if
if mydict[secondnode] has key �rsttarget or mydict[�rstnode]has key secondtar-

get then
return 0

end if
remove �rsttarget from mydict[�rstnode]
add secondtarget to mydict[�rstnode]
set mydict[�rstnode][secondtarget] to 1
remove secondtarget from mydict[secondnode]
add �rsttarget to mydict[secondnode]
set mydict[secondnode][�rsttarget] to 1
return 1

end function
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Procedure 7 Applications of Functions

number of replicates ← 1000
number of swapping steps ← 500000
number of cFFCs ← open writable �le
number of cFFC targeted genes ← open writable �le
mirna derived redundancy ← open writable �le
tf derived redundancy ← open writable �le
(mirdict,mirlist) ← readmatrix("mirna_connection_matrix.csv") . mirdict
holds miRNA-target information
(tfdict,t�ist) ← readmatrix("tf_connection_matrix.csv") . tfdict holds
TF-target information
for i ∈ range 0 to number of replicates do

swaps ← 0
while swaps < number of swapping steps do

swaps ← swaps + randomizematrix(mirdict)
end while
genecountdict ← empty dictionary . cFFC targeted genes
mirEdgeCountDict ← empty dictionary . cFFC participant miRNA-target

pairs
tfEdgeCountDict ← empty dictionary . cFFC participant TF-target pairs
total ← 0 . total number of cFFCs
mirtargetedgecount ← 0 . cFFC participant miRNA-target edge count
tftargetedgecount ← 0 . cFFC participant TF-target edge count
for mir in mirdict do

count ← count + countforcffc(mir,mirdict, tfdict, genecount-
dict,mirEdgeCountDict,tfEdgeCountDict)

total ← total + count
end for
for ∀ x ∈ keys of mirEdgeCountDict do

mirtargetedgecount← mirtargetedgecount + length of mirEdgeCountDict[x]
end for
for ∀ y ∈ keys of tfEdgeCountDict do

tftargetedgecount ← tftargetedgecount + length of tfEdgeCountDict[y]
end for
mirnaderivedredundancy ← �oat(total) / (mirtargetedgecount)
tfderivedredundancy ← �oat(total) / (tftargetedgecount)
write length of genecountdict to �le "number of cFFC targeted genes"
write total to �le "number of cFFCs"
write mirnaderivedredundancy to �le "mirna derived redundancy"
write tfderivedredundancy to �le "tf derived redundancy"

end for

3.3.2.1.2 miRNA - TF Connection Only Randomization This, in addition
to the Procedures 1, 2 and 3, and 4, involves functions that create inverse dictio-
naries of the miRNA connection matrix, extracts the non-TF connections from the
miRNA connection matrix and merges the extracted connections with the miRNA-TF
connections in order to count the number of cFFCs, cFFC targeted genes, miRNA de-
rived cFFC redundancy and TF derived cFFC redundancy after randomization. The
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pseudocode of the functions mentioned is given as Procedures 8, 9 and 10, and their
implementation steps are provided in Procedure 11. The source codes are included in
Appendix B.5.2.

Procedure 8 Inverse Dictionary Creator Function

function invertdict(mydict)
inversedict ← empty dictionary
for all key, value pairs in mydict do

for all subkey, subvalue pairs in mydict[key] do
if subkey is not a key of inservedict then

inversedict[subkey] ← empty dictionary
end if
set inversedict[subkey][key] to subvalue

end for
end for
return inversedict

end function

Procedure 9 Function to Extract miRNA - TF Edges from miRNA Connection
Dictionary

function extract(inversedict,locs,mydict)
excludedinteractions ← empty dictionary
allgenes ← keys of inversedict
onlygenes ← allgenes - locs
for all key,value pairs in mydict do

for all subkey,subvalue pairs in mydict[key] do
if subkey ∈ onlygenes then

delete mydict[key][subkey]
if key is not a key of excludedinteractions then

excludedinteractions[key] ← empty dictionary
end if
set excludedinteractions[key][subkey] to 1

end if
end for
if length of mydict[key] equals 0 then

delete mydict[key]
end if

end for
return (mydict,excludedinteractions)

end function
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Procedure 10 Function to Merge Extracted miRNA-gene Edges with the Randomized
miRNA-TF Edges

function merge(mydict, excludedinteractions)
for key in excludedinteractions do

if key in mydict then
if mydict[key] and excludedinteractions[key] is instances of dictionary

then
add entities of excludedinteractions[key] to mydict[key]

end if
else

mydict[key] ← excludedinteractions[key]
end if

end for
return mydict

end function
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Procedure 11 Applications of Functions

number of replicates ← 1000
number of swapping steps ← 500000
number of cFFCs ← open writable �le
number of cFFC targeted genes ← open writable �le
mirna derived redundancy ← open writable �le
tf derived redundancy ← open writable �le
(mirdict,mirlist) ← readmatrix("mirna_connection_matrix.csv") . mirdict
holds miRNA-target information
(tfdict,t�ist) ← readmatrix("tf_connection_matrix.csv") . tfdict holds
TF-target information
mirtargetdict ← invertdict(mirdict) . reverse miRNA connection dictionary in
which keys are miRNA targets
for i ∈ range 0 to number of replicates do

swaps ← 0
mergedmirdict ← empty dictionary
(mirtfdict,mirgenedict) = extract(mirtargetdict, t�ist, mirdict))
while swaps < number of swapping steps do

swaps ← swaps + randomizematrix(mirdict)
end while
genecountdict ← empty dictionary . cFFC targeted genes
mirEdgeCountDict ← empty dictionary . cFFC participant miRNA-target

pairs
tfEdgeCountDict ← empty dictionary . cFFC participant TF-target pairs
total ← 0 . total number of cFFCs
mirtargetedgecount ← 0 . cFFC participant miRNA-target edge count
tftargetedgecount ← 0 . cFFC participant TF-target edge count
mergedmirdict ← merge(mirtfdict,mirgenedict)
for mir in mirdict do

count ← count + countforcffc(mir,mergedmirdict, tfdict, genecount-
dict,mirEdgeCountDict,tfEdgeCountDict)

total ← total + count
end for
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Procedure 11 Applications of Functions (Continued)

for ∀ x ∈ keys of mirEdgeCountDict do
mirtargetedgecount← mirtargetedgecount + length of mirEdgeCountDict[x]

end for
for ∀ y ∈ keys of tfEdgeCountDict do

tftargetedgecount ← tftargetedgecount + length of tfEdgeCountDict[y]
end for
mirnaderivedredundancy ← �oat(total) / (mirtargetedgecount)
tfderivedredundancy ← �oat(total) / (tftargetedgecount)
write length of genecountdict to �le "number of cFFC targeted genes"
write total to �le "number of cFFCs"
write mirnaderivedredundancy to �le "mirna derived redundancy"
write tfderivedredundancy to �le "tf derived redundancy"

end for

3.4 Statistical Analysis

3.4.1 Normality Tests

3.4.1.1 Quantile-Quantile Plots (Q-Q Plots)

The quantile-quantile (Q-Q) plot is a specialized scatter plot of two CDFs in which the
quantiles of a CDF, F (x) are plotted against the corresponding quantiles of a CDF,
G(x) in order to assess the goodness of �t and provide graphical means in estimating
parameters of distributions which belong to the same location-scale family [21]. In
other words, the Q-Q plot gives initial information about the underlying distribution
before conducting further statistical analyses and without specifying the parameters.
Its usefulness also arises from that every entry has a unique position in the plot and
it is possible to represent whole dataset within the plot without the need for arbitrary
categories.

To reveal the underlying distribution, the comparison can be made with two empirical
CDFs, or one theoretical and one empirical CDF. If the compared distributions are
identical, the quantiles are spread on a straight line in y = x axis. When F (x) is a
linear function of G(x), the quantiles still form a straight line but the slope of the line
di�ers from 1 which indicates the distributions are mainly similar except their location
and scale parameters [46].

Because of the fact that the quantiles, also known as plotting positions, are a function
of rank i and the sample size n that shows rapid changes for sparse densities and slow
changes for high densities, it is sensitive to the disparities in the tails of distributions
[12].

The general formula to calculate plotting positions is

p = (i− a)/(n+ 1− a), (3.3)

where a is a distinctive constant within the interval [0, 0.5] based on the distribution
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taken as reference, i.e. for normal distribution, the best suitable formula is the Blom
where the a equals 0.375 [15].

Normal probability plots are a specialized type of Q-Q plots where standard normal
distribution is used as a theoretical distribution in order to test the normality of em-
pirical CDF, visually. The observed values are ranked and the corresponding plotting
positions are calculated. Then, for every plotting position, each quantile from both
distributions are paired to construct a normal probability plot [15]. Note that the
quantiles of standard normal distribution can be obtained from a standard normal
distribution table or from a statistical package which contains computationally ap-
proximated values of the inverse standard normal distribution.

In this study, the normal probability plots are constructed using R for miRNA connec-
tion only randomization, TF connection only randomization, and both TF - miRNA
connection randomization based on Iwama et. al. and the FANTOM dataset to be
able to get an insight of whether the normality assumption holds, or not. The results
are discussed in Section 4.1.1 and 4.3.1.

3.4.1.2 Shapiro-Wilk Test

Besides assessing the goodness of �t of the datasets to the normal distribution using
probability plots, the datasets are also tested to detect if there exists departure from
normality using a powerful parametric approach that is the Shapiro-Wilk'sW statistic
which was originally constructed by Shapiro and Wilk and applicable to the datasets
of which the sample size, n, is within the interval [3, 50] [39]. TheW statistic is de�ned
for a random sample y1 < y2 < ... < yn as

W =
(
∑n

i=1 aiyi)
2∑n

i=1(yi − ȳ)2
, (3.4)

where yi is the ith order statistic and ȳ is the sample mean. The calculation of ai given
in the Equation 3.5 is conducted according to the expected values of the order statistics
of normally and identically distributed independent random variables, denoted by m
and the corresponding covariance matrix, represented as V [31].

ai = (a1, a2, ..., an) =
mTV −1√

mTV −1V −1m
. (3.5)

Since the test has disadvantages such as not being appropriate for the samples larger
than 50, and being ill-suited for computer implementation, Royston introduced an
extension to the W statistic by revising the weight approximation, and assigning a
transformation that normalize the distribution of the W statistic by which the calcu-
lation of the exact p-value for the sample sizes within the interval [3, 5000] becomes
convenient [37].

The value of theW statistic is always between 0 and 1, and the obtaining aW statistic
which is close to 1 indicates that the dataset comes from a normal distribution [31].

In this study, the normality of the datasets which are obtained from the real GRN
by applying randomization procedures is tested using Shapiro and Wilk's W statistic,
and the results are discussed in Section 4.8 and 4.18.
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3.4.2 One Sample Z - Test

One sample Z-test, which is also known as a one sample location test is a hypothe-
sis testing method which is conducted in order to reveal the di�erence between the
population mean from which the observations are randomly sampled and a particular
value which is stated in the null hypothesis, under the assumption of the normality
with known variance [4]. In the case that the variance is unknown, it can be substi-
tuted by its estimator obtained from the sample when it is large enough. Under its
assumptions, the Z-test is more convenient than the t-test because of the fact that it
provides particular signi�cance levels for every Z-statistic that is calculated from the
sample while t-test uses one critical value based on the sample size and speci�ed alpha
level.

In this study, the Z-test is conducted to test whether there exists signi�cant deviation
between the numbers obtained from real GRNs and the randomized networks based on
the number of cFFCs, the number of the cFFC targeted genes, the cFFC redundancy,
the miRNA derived cFFC redundancy and the TF derived redundancy and its formula
is given in Equation 3.6.

Z =
(value obtained from real GRNs−mean)

standard deviation
, (3.6)

where the mean and the standard deviation obtained from random networks which
are provided in Table 4.2, 4.9 and Table 4.14, 4.20 and the results of the Z-test are
discussed in Section 4.1.2.2, 4.2.2.2 and Section 4.3.2.2, 4.4.2.2 for Iwama et. al. and
the FANTOM datasets, respectively.

3.4.3 Two-Sample t-Test

The two-sample t-test is a hypothesis test which is conducted under several assump-
tions to reveal whether there exists a di�erence between the means of the populations
from which the samples consisting of the randomly selected and independent observa-
tions are drawn. Besides the requisite of randomness and independence of the observa-
tions, the normality assumption must be satis�ed in order to compare the equality of
means using the two-sample t-test. In other words the distribution of the populations
that is samples are selected from should be normal density. Homogeneity of variance
implying the equality of the variances of the populations is an another assumption
that is required to conduct two-sample t-test [8]. The usage of the two-sample t-test
in the case of the violation of the homogeneity of variance assumption is introduced by
Welch with an approximation method that considers degrees of freedom, ν as a random
variable and estimates its distribution from the Pearsonian Type III Curve [44].

The calculation of the t-statistic depending on the conditions related to the population
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variances are given in Equation 3.7 by [36]

t =



X̄1 − X̄2√
σ21
n1

+
σ22
n2

, for known variances.

X̄1 − X̄2√
(n1 − 1)S2

1 + (n2 − 1)S2
2

n1 + n2 − 2

√
1

n1
+

1

n2

, for equal and unknown variances.

X̄1 − X̄2√
S2
1

n1
+
S2
2

n2

, for unequal and unknown variances.

(3.7)
In this study, the samples consisting of independent and random observations are tested
for the normality and the homogeneity of variances assumptions using the Shapiro-
Wilk test and the Variance Ratio F-test, respectively. Then, the two-sample t-test
for unequal variances, also known as Welch's t-test, is conducted in order to reveal
the di�erences between the population means of the miRNA derived redundancy and
the TF derived redundancy obtained from the same randomization procedure and the
results are discussed in Section 4.1.2.5, 4.2.2.3, 4.3.2.3 and 4.4.2.3.
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CHAPTER 4

EXPERIMENTAL RESULTS AND THE ANALYSIS OF
SIMULATED NETWORKS

4.1 Analysis of the Main Randomization Results Based on Iwama

et. al. Data

4.1.1 Q-Q Plots and Normality Tests

In order to conclude whether the data come from a normal distribution, the quantiles
of the data are scaled as the ratio of the values to the maximum value of the data
set, and are plotted against the quantiles of the normal distribution. Getting a plot in
which the data points are spread through a straight line on the y = x axis is a strong
indicator of the normality. According to the graphs, there exist deviations in the tails,
and the datasets do not perfectly spread through the y = x axis which is a sign of
non-normality.

The Q-Q plot belonging to the number of cFFCs obtained after the miRNA connection
randomization is given in Figure 4.1. Q-Q plots belonging to the number of cFFCs, the
number of the cFFC targeted genes, the cFFC redundancy, the miRNA derived cFFC
redundancy and the TF derived cFFC redundancy after the randomization procedure
can be seen in Appendix A.
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As an alternative of Q-Q plot, a parametric test can be used to test normality and the
Shapiro-Wilk test is the most well known test for this purpose. Thereby, this test is
conducted in order to verify that the data of the number of cFFCs, the number of the
cFFC-targeted genes, the cFFC redundancies, the miRNA derived cFFC redundancy
and the TF derived cFFC redundancy obtained after the randomization step, are
normally distributed. The results are given in Table 4.8.

Table 4.1: Shapiro-Wilk Test Results - Iwama et. al. Data

mir connection randomization tf connection randomization tf-mir both connection randomization

W p-value W p-value W p-value

No. of cFFCs 0.9986 0.6264 0.9988 0.7451 0.999 0.862

No. of cFFC-targeted genes 0.9981 0.3354 0.9982 0.397 0.9981 0.3047

cFFC redundancy 0.9985 0.5873 0.9988 0.7287 0.9986 0.5897

miRNA derived redundancy 0.999 0.8609 0.9974 0.1084 0.9979 0.2451

TF derived redundancy 0.9991 0.9019 0.998 0.2683 0.9988 0.7254

According to the Shapiro-Wilk test results, all p-values are greater than 0.01 indicat-
ing that the normality assumption holds. The following analyses are based on this
assumption.

4.1.2 Comparison of the Simulated Data via Real Gene Regulatory Net-
work

4.1.2.1 Random Expectations

The comparison of the simulated data with the real gene regulatory network is con-
ducted in three main aspects, which are the number of cFFCs, the number of cFFC
targeted genes and the cFFC redundancy. The results obtained after each random-
ization procedure are given in Table 4.2. The numbers given in the �rst column are
obtained from real GRN. The rest of the columns shows the numbers which belong to
simulated data after the miRNA connection only randomization, the TF connection
only randomization and both the miRNA-TF connection randomization, respectively.
The mean and the standard deviations of the simulated data are also provided in
Table 4.2.

Table 4.2: Randomization Results of Iwama et. al. Data

Real GNR Observed miRNA Connection Randomized TF Connection Randomized Both miRNA and TF Connection Randomized

Expected ± Standard Deviation Expected ± Standard Deviation Expected ± Standard Deviation

Number of cFFCs 43481 42997.65 ± 872.0966 43544.15 ± 232.0001 43094.92 ± 871.8188

Number of genes targeted by cFFCs 2497 2687.458 ± 14.47494 2500.146 ± 11.69853 2684.651 ± 15.56006

cFFCs redundancy 17.41 15.99948 ± 0.3180161 17.41698 ± 0.1177703 16.05251 ± 0.3197785
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4.1.2.2 Comparison of Random Expectations with Real GRN via Z-test

To be able to compare the simulated data with the real GRN, and make inferences
about research questions, Z-statistics are calculated according to mean and standard
deviation, and the corresponding p-values are obtained, under the assumption of nor-
mality (Table 4.3).

Table 4.3: Comparison of Z and P Values - Iwama et. al. Data

mir randomization tf randomization tf-mir randomization

Z p-value Z p-value Z p-value

Number of cFFCs 0.5542333 0.2897096 -0.2722024 0.3927332 0.442842 0.32894

Number of cFFC-targeted genes -13.15778 7.676671 ∗ 10−40 -0.2689227 0.3939946 -12.05979 8.611052 ∗ 10−34

cFFC redundancy 4.445757 4.379151 ∗ 10−6 -0.03128567 0.4875209 4.255421 1.043278 ∗ 10−5

The calculated Z-statistics and corresponding p-values are used to test whether there
exist signi�cant deviations between the numbers obtained from real GRN and the
random expectations which are given in Table 4.2. The values in the columns are
related to the miRNA-connection randomization, the TF-connection randomization
and both TF-miRNA connection randomization, respectively.

Firstly, the hypothesis that whether the number of cFFCs belonging to real GRN is
equal to the number of cFFCs of that random expectations is tested. These values
indicate that there is no signi�cant deviation between the number of cFFCs of simu-
lated data and the real GRN meaning that the number of cFFCs in the real GRN are
neither over-represented nor under-represented.

Secondly, the hypothesis mentioned above is examined in terms of the number of
the cFFC targeted genes. The second row contains the Z-statistics and p-values which
belong to the number of cFFC targeted genes calculated from simulated data. Small p-
values, regarding miRNA-connection and both TF-miRNA connection randomization
results point out that there is a signi�cant deviation between the number of the cFFC
targeted genes of the real GRN and the simulated data which implies that the number
of cFFC targeted genes decreases sharply from the random expectations of the miRNA-
connection randomization and both TF-miRNA connection randomization.

Thirdly, the mentioned hypothesis is tested regarding the cFFC redundancy. Since
the p-values of the cFFC redundancy calculated after miRNA-connection randomiza-
tion and both TF-miRNA connection randomization are very small, it leads to the
conclusion that there exists a signi�cant deviation between the cFFC redundancy of
simulated data and the real GRN. It is also concluded that the cFFC redundancy
in the real GRN is represented excessively according to the miRNA-connection ran-
domization and the TF-miRNA connection both randomization. This conclusion puts
forward another research question because of the fact that the increased cFFC re-
dundancy might be an after-e�ect of the sharp decrease in the cFFC targeted gene
numbers.
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4.1.2.3 Random Expectations of TF Derived and miRNA Derived Redun-
dancy

In order to reveal the e�ect of miRNAs and TFs in the increase of the cFFC redundancy
and to prove that the over-representation of the cFFC redundancy in real GRN is
not caused by the sharp reduction of the cFFC targeted genes, the miRNA derived
redundancy and the TF derived redundancy are analysed separately. By that, it
is tested that whether the redundancy adding role is a distinguishing property of
miRNAs.

As mentioned in Section 3.2.3, the miRNA derived cFFC redundancy is de�ned as the
ratio of the total number of cFFCs to the total number of the TF-gene edges that is
included in cFFCs. In a similar manner, the TF derived cFFC redundancy is described
as the ratio of the total number of cFFCs to the total number of miRNA-gene edges
that participates in cFFCs. The miRNA derived cFFC redundancy and the TF derived
cFFC redundancy obtained from real GRN are given in Table 4.4 with the means and
standard deviations of the simulated data obtained from three di�erent randomization
procedures.

Table 4.4: Randomization Results of miRNA and TF Derived Redundancy Obtained
from Iwama et. al. Data

Real GNRs Observed miRNA Connection Randomized TF Connection Randomized Both miRNA and TF Connection Randomized

Expected ± Standard Deviation Expected ± Standard Deviation Expected ± Standard Deviation

miRNA derived redundancy 3.12 2.13 ± 0.027 3.13 ± 0.014 2.14 ± 0.027

TF derived redundancy 2.03 1.98 ± 0.046 2.02 ± 0.009 1.99 ± 0.046

4.1.2.4 Comparison of Redundancies with respect to Real GRN via Z-test

To be able to compare the random expectations given in the Table 4.4 with the real
GRN statistically, the Z-scores and the corresponding p-values which are shown in the
Table 4.5, are calculated.

Table 4.5: Comparison of Real GRN with Random Networks in terms of miRNA
Derived and TF Derived Redundancy - Iwama et. al. Data

mir randomization tf randomization tf-mir randomization

Z p-value Z p-value Z p-value

miRNA derived cFFC redundancy 36.40619 1.698901 ∗ 10−290 -0.5866912 0.2787055 35.61502 4.101235 ∗ 10−278

TF derived cFFC redundancy 0.8839155 0.1883709 0.1814938 0.42799 0.7814491 0.2172692

According to the Z-test results given in Table 4.5, it is clearly seen that the miRNA de-
rived cFFC redundancy in real GRN shows signi�cant deviation from random networks
that are created by the miRNA connection randomization (p-value = 1.698901∗10−290)
and the TF-miRNA connection both randomization (p-value = 4.101235 ∗ 10−278) im-
plying that the real GRN is made redundant by miRNAs, while there is no signi�cant
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di�erence between real GRN and random networks of all three randomization proce-
dures in terms of the TF derived cFFC redundancy. Concordant with the previous
results, TF networks again remain steady by showing no alterations to the conforma-
tional changes in the miRNA networks.

4.1.2.5 Comparison of Redundancies via the t-test

Besides the comparison of the results which are produced from randomization with that
of real GRN, the TF derived redundancy and the miRNA derived redundancy that
are obtained from the same randomization procedure are also compared by conducting
the Welch's t-test because of the fact that the assumption of homogeneity of variance
which is a requirement of the two-sample t-test is not satis�ed according to the variance
ratio F-test of which the results are given in Table 4.6.

Table 4.6: Results of Variance Ratio F-test

miRNA Connection Randomization TF Connection Randomization Both TF-miRNA Connection Randomization

F-statistic p-value F-statistic p-value F-statistic p-value

miRNA Derived cFFC Redundancy

TF Derived cFFC Redundancy

0.351 < 2.2 ∗ 10−16 2.3605 < 2.2 ∗ 10−16 0.3535 < 2.2 ∗ 10−16

Table 4.7: Results of Welch's t-test

miRNA Connection Randomization TF Connection Randomization Both TF-miRNA Connection Randomization

t-statistic p-value t-statistic p-value t-statistic p-value

miRNA Derived cFFC Redundancy

TF Derived cFFC Redundancy

84.0665 < 2.2 ∗ 10−16 2076.938 < 2.2 ∗ 10−16 88.7143 < 2.2 ∗ 10−16

The hypothesis that there exists no signi�cant di�erence between the means of the
miRNA derived redundancy and the TF derived redundancy is tested for the miRNA
connection only randomization, the TF connection only randomization and both the
TF-miRNA connection randomization, separately, and the results are given in Table
4.7. Although the result of the t-test between miRNA derived redundancy and TF
derived redundancy is reported as non-signi�cant for the dataset obtained from only TF
randomization procedure in the study conducted with the same real GRNs by Iwama
et. al. (2010), the test statistics obtained in this thesis are large and the corresponding
p-values are smaller than 0.01 for all three randomization procedures. Hence, the null
hypothesis is rejected and it is concluded that the population means of the miRNA
derived redundancy and the TF derived redundancy are di�erent for only miRNA
connection randomization, only TF connection randomization and both TF-miRNA
connection randomization. It is also revealed that the miRNA derived redundancy is
more frequent than TF derived redundancy which leads to the conclusion that causing
redundancy is a distinct property of miRNAs.

Although the results that are obtained so far revealed the di�erences of miRNAs and
TFs in terms of their contribution to the GRNs, there is a possibility that the results
could be a�ected by the di�erence between the out-degrees of miRNAs and TFs that
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is included in an unitary cFFC. In other words, since a unitary cFFC contains two
miRNA edges and one TF edge and accordingly the miRNA connection matrix includes
both genes and TF as its targets, the randomization procedure shu�es two edges in
miRNA randomization. Thereby, the partial randomization procedures miRNA-TF
targets only randomization and miRNA-gene targets only randomization are applied
to dataset in order to control whether the imbalance between the edge numbers in a
unitary cFFC creates biased results while randomizing the real GRN.

4.2 Analysis of Partial Randomization Results Based on Iwama et.

al. Data

4.2.1 Q-Q Plots and Normality Tests

The Q-Q plots of the number of cFFCs, the number of the cFFC targeted genes, cFFC
redundancies, miRNA derived cFFC redundancies and TF derived cFFC redundan-
cies which are obtained from the simulated data as a result of partial randomization
procedures which is conducted to the miRNA connection matrix by randomizing only
miRNA-gene edges and only miRNA - TF edges, separately, are provided in Appendix
A.

The plots share similarities with the Q-Q plots of simulations which are generated by
using main randomization procedure in terms of the deviations from the straight line
in tails. In order to conclude that whether this deviations cause non-normality, the
Shapiro - Wilk test is conducted and the test statistics are given in Table 4.8 with the
corresponding p-values.

The Q-Q plot of the number of the cFFC targeted genes from the miRNA-gene con-
nection randomization and the miRNA-TF connection randomization are given in Fig-
ure 4.2 and Figure 4.3, respectively, as an example of the departure from the normality
line at the tails.
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Table 4.8: Shapiro-Wilk Test Results of Partial Randomization - Iwama et. al. Data

mir-gene connection randomization mir-tf connection randomization

W p-value W p-value

No. of cFFCs 0.9985 0.5464 0.9989 0.8295

No. of cFFC-targeted genes 0.9973 0.09949 0.9973 0.09224

cFFC redundancy 0.998 0.2963 0.9983 0.4133

miRNA derived redundancy 0.9991 0.9019 0.9986 0.5891

TF derived redundancy 0.9985 0.5543 0.9972 0.07987

According to the Shapiro - Wilk test results, the datasets are distributed normally
since all the p-values are greater than 0.01 which enables the usage of parametric
approaches such as the Z-test.

4.2.2 Comparison of the Simulated Data via Real Gene Regulatory Net-
work

4.2.2.1 Random Expectations

The numbers observed from real GRN are provided in the �rst column of the Ta-
ble 4.9. The second and third columns contain the random expectations and the
corresponding standard deviations belonging to the number of cFFCs, the number of
cFFC targeted genes, the cFFC redundancies, the miRNA derived redundancy and the
TF derived redundancy which are calculated from the simulated data that are gener-
ated from the miRNA-gene connection randomization and the miRNA-TF connection
randomization. To be able to make statistical inferences about the di�erence between
the observed values and the random expectations, the Z-test is conducted, for which
results are discussed in the next section.

Table 4.9: Results of Partial Randomization of Iwama et. al. miRNA Connection
Data

Real GNR Observed Randomization with Fixed miRNA-TF Edges Randomization with Fixed miRNA-Gene Edges

Expected ± Standard Deviation Expected ± Standard Deviation

Number of cFFCs 43481 43807.27 ± 117.2996 42324.5 ± 511.6457

Number of genes targeted by cFFCs 2497 2685.918 ± 12.71436 2577.867 ± 16.04771

cFFCs redundancy 17.41 16.31034 ± 0.08750752 16.41923 ± 0.2356964

miRNA derived cFFCs redundancy 3.12 2.267732 ± 0.008714465 2.217392 ± 0.03349587

TF derived cFFCs redundancy 2.03 2.040665 ± 0.005687421 2.000262 ± 0.03349587

4.2.2.2 Comparison of Random Expectations with Real GRNs via Z-test

Being consistent with the previous results, the partial randomization revealed that
there exists a signi�cant di�erence between the real GRN and the random networks in
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terms of the cFFC targeted genes and the cFFC redundancy for both the miRNA-TF
connection randomization and the miRNA-gene connection randomization. Accord-
ingly, the cFFC targeted genes are represented inadequately whereas the cFFC redun-
dancy is over-represented, in the real GRN. Additionally, it is also observed that the
di�erence between real GRN and the random networks is statistically signi�cant in
terms of the miRNA derived redundancy which is also over-represented in real GRNs
for both partial randomization procedure.

In contrast with the over representation of miRNA derived redundancy, the TF derived
redundancy is inadequately represented in real GRN compared with the random net-
works for miRNA-gene connection randomization and it shows no deviation between
the real GRN and the random networks for miRNA-TF randomization.

As opposed to the previous results, in which the number of cFFCs in random net-
works show no signi�cant deviation from that of real GRN, one sees two di�erent
characteristics in partial randomizations. For the miRNA-TF connection random-
ization, the observed value is signi�cantly di�erent from the random expectation of
the number of cFFC in the favor of real GRN. In contrast to over-representation in
miRNA-TF connection randomization, it shows a decrease from the random expec-
tation in miRNA-gene connection randomization which implies that miRNAs tend to
regulate their targeted gene indirectly through TFs by reducing the cFFC formation
while the cFFC formation is preferred in the direct e�ects of miRNAs on TFs.

Table 4.10: Comparison of Z and P Values of Partial Randomization based on Iwama
et. al. miRNA Connection Data

Randomization with Fixed miRNA-TF Edges Randomization with Fixed miRNA-Gene Edges

Z p-value Z p-value

Number of cFFCs -2.781475 0.002705627 2.260347 0.01189985

Number of cFFC-targeted genes -14.85863 3.058015e-50 -5.039163 2.337862e-07

cFFC redundancy 12.6042 1.000975e-36 4.217594 1.234613e-05

miRNA derived cFFC redundancy 97.57376 0 26.88819 1.509447e-159

TF derived cFFC redundancy -2.586778 0.004843903 0.8112788 0.2086028

4.2.2.3 Comparison of Redundancies via t-test

In order to test the di�erence between the miRNA derived redundancy and the TF
derived redundancy obtained from randomization with �xed miRNA-TF edges, the
Welch's t-test is applied to the results since the equality of variances assumption is not
satis�ed according to the variance ratio F-test whose p-value is given in Table 4.11.
Hence all assumptions which are prerequisite of the two sample t-test are sati�ed,
it is used to test the di�erence between the population means of miRNA derived
redundancy and TF derived redundancy. The variance ratio F-test and the t-test
results are provided in Table 4.11 and Table 4.12, respectively.
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Table 4.11: Results of Variance Ratio F-test - Partial Randomization of Iwama et. al.
Data

Randomization with Fixed miRNA-TF Edges Randomization with Fixed miRNA-Gene Edges

F-statistic p-value F-statistic p-value

miRNA Derived cFFC Redundancy

TF Derived cFFC Redundancy

2.3477 < 2.2 ∗ 10−16 1.1189 0.07608

Table 4.12: Results of two sample t-test - Partial Randomization of Iwama et. al.
Data

Randomization with Fixed miRNA-TF Edges Randomization with Fixed miRNA-Gene Edges

t-statistic p-value t-statistic p-value

miRNA Derived cFFC Redundancy

TF Derived cFFC Redundancy

2.3477 < 2.2 ∗ 10−16 148.958 < 2.2 ∗ 10−16

According to the t-test results, the population means of the miRNA derived redun-
dancy and the TF derived redundancy are not equal and the miRNA derived cFFC
redundancy is greater than the TF derived cFFC redundancy for both partial random-
ization procedure.

Given the fact that the results obtained from the main randomization procedure are
con�rmed with the partial randomization results regarding the under representation
of cFFC targeted genes, over representation of the cFFC redundancy and the miRNA
derived cFFC redundancy, and obtaining lower TF derived redundancy than miRNA
derived redundancy, it is concluded that the di�erent edge numbers of TFs and miRNAs
in a cFFC do not create bias in the results.

4.3 Analysis of the Main Randomization Results Based on FANTOM

Data

4.3.1 Q-Q Plots and Normality Test

The quantiles of the data are plotted against the quantiles of the normal distribution
in order to decide whether the underlying distribution of the datasets �t to a normal
distribution. According to the graphs, all datasets spread through the y = x axis,
which means the compared distributions are almost identical with normal distribution,
although there exist some weak deviations in the tails. The Q-Q plot of number of
cFFCs obtained by randomizing only the TF connection matrix of FANTOM data is
given in Figure 4.4 as an example of the common pattern that is observed in the Q-Q
plots of all other features, which are provided in Appendix A.3.

Besides the visualization method that shows the deviations of the experimental data
from the normal distribution, the Shapiro-Wilk test which is a parametric approach
is used to test whether the deviations in the tails that are observed in the Q-Q plots
cause non-normality. The results of the Shapiro-Wilk test are given in Table 4.18.
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Table 4.13: Shapiro-Wilk Test Results - FANTOM Data Weight 1.5

mir connection randomization tf connection randomization tf-mir both connection randomization

W p-value W p-value W p-value

No. of cFFCs 0.9985 0.5552 0.9989 0.8392 0.9972 0.08425

No. of cFFC-targeted genes 0.9972 0.08628 0.9977 0.1816 0.9983 0.4073

cFFC redundancy 0.9969 0.0453 0.9973 0.09985 0.9976 0.1578

miRNA derived redundancy 0.9976 0.1553 0.998 0.2726 0.9981 0.3499

TF derived redundancy 0.9984 0.5053 0.9984 0.4726 0.997 0.05967

According to the Shapiro-Wilk test results, all p-values are grater than 0.01 which
indicate that the datasets are distributed normally, despite of the fact that there exist
some weak deviations in the tails, and this enables the use of the Z-test and the
two-sample t-test for further analyses.

4.3.2 Comparison of the Simulated Data via Real Gene Regulatory Net-
work

4.3.2.1 Random Expectations

The random expectations and the corresponding standard deviations of the �ve vari-
ables obtained from three di�erent connection randomizations are provided in Ta-
ble 4.14 with the original counts that are observed from the real GRN. These numbers
are used to calculate the Z-statistics and their p-values in order to make statistical
inferences about the signi�cance of the di�erences between the real GRN and the
randomized networks in the next section.

As mentioned in Section 3.1.2, it should be noted that the number of cFFCs and
the number of cFFC targeted genes obtained from original FANTOM network are
far below the numbers observed from the IwamaEtAl network because of the weight
threshold which is set to 1.5 in order to obtain signi�cant regulator-target connections
as suggested in the study conducted by Suzuki et. al. [43].

Table 4.14: Randomization Results of FANTOM Data

Real GNR Observed miRNA Connection Randomized TF Connection Randomized Both miRNA and TF Connection Randomized

Expected ± Standard Deviation Expected ± Standard Deviation Expected ± Standard Deviation

Number of cFFCs 701 682.408 ± 32.11362 656.642 ± 42.3214 680.747 ± 40.58591

Number of genes targeted by cFFCs 221 309.832 ± 12.51121 215.26± 10.17536 313.801 ± 13.4616

cFFCs redundancy 3.17 2.203255 ± 0.07821949 3.051475 ± 0.1558457 2.169462 ± 0.09210835

miRNA derived cFFC redundancy 2.190625 1.308385 ± 0.02740297 2.118064 ± 0.08798926 1.263141 ± 0.02941212

TF derived cFFC redundancy 1.178151 1.176775 ± 0.02399627 1.167871 ± 0.02727139 1.178153 ± 0.0256823
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4.3.2.2 Comparison of Random Expectations with Real GRN via Z-test

The hypothesises that are mentioned in Section 4.1.2.2 and Section 4.1.2.3 are tested
using the initial numbers of the real FANTOM GRN with its random expectations
via Z-test, for which the Z-statistics and the corresponding p-values are given in Ta-
ble 4.15.

Table 4.15: Comparison of Z and P Values - FANTOM Data

mir randomization tf randomization tf-mir randomization

Z p-value Z p-value Z p-value

Number of cFFCs 0.5789443 0.2813134 1.048122 0.1472912 0.4990155 0.3088842

Number of cFFC-targeted genes -7.100194 6.229089e-13 0.5641078 0.2863404 -6.893758 2.716867e-12

cFFC redundancy 12.38426 .589992e-35 0.7730124 0.2197575 10.88374 6.889215e-28

miRNA derived cFFC redundancy 32.19506 1.03463e-227 0.8246546 0.2047839 31.53408 1.482003e-218

TF derived cFFC redundancy 0.05735273 0.4771321 0.3769724 0.3530971 -5.079743e-05 0.4999797

According to Table 4.15, it is clearly seen that the interpretations that are made based
on the Z-test results of the FANTOM data are consistent with that of obtained from
Iwama et. al. data.

The di�erence between the number of cFFCs of the real GRN and the randomized
networks is not statistically signi�cant since the p-values are bigger than 0.01 for
all three di�erent connection randomization implying that the number of cFFCs is
neither over-represented nor under-represented in the real GRN when compared to the
randomized networks.

While the di�erence between the real GRN and the randomized networks in terms of
the number of cFFC targeted genes is insigni�cant in the TF connection only ran-
domization, it is under-represented in the real GRN when compared to the miRNA
connection randomization and both the TF-miRNA connection randomization.

The cFFC redundancy is overly represented in the real GRN when compared to the
randomized networks of miRNA connection only randomization and both TF-miRNA
connection randomization. As expected, the cFFC redundancy obtained after the TF
connection randomization shows no deviation from that of real GRN. The comparison
in terms of the miRNA derived cFFC redundancy has similar behaviour as the cFFC
redundancy that it is represented more highly in the real GRN than random networks
of the miRNA connection only randomization and both the TF-miRNA connection
randomization indicating that the redundancy adding role is attributable to the miR-
NAs and the over representation of the cFFC redundancy is not just a consequence of
the reduction in the number of the cFFC targeted genes. This is because of the fact
that the TF derived redundancy shows no deviation from the random expectations of
three connection randomization procedure. As seen in the previous results, the TF
network preserves its stable nature and remains unchanged to the alterations caused
by miRNAs.
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4.3.2.3 Comparison of Redundancies via the t-test

Since the homogeneity of variances assumption does not hold according to the variance
ratio F-test of which the test statistics and the corresponding p-values are given in
Table 4.16, the Welch's two-sample t-test is conducted to see whether there exists a
signi�cant di�erence between the population means of the miRNA derived redundancy
and the TF derived redundancy for both three types of connection randomization.

Table 4.16: Results of Variance Ratio F-test

miRNA Connection Randomization TF Connection Randomization Both TF-miRNA Connection Randomization

F-statistic p-value F-statistic p-value F-statistic p-value

miRNA Derived cFFC Redundancy

TF Derived cFFC Redundancy

1.3041 2.805e-05 10.4099 < 2.2e− 16 1.3115 1.882e-05

The t-test results which are given in Table 4.17 indicate that the population means
of the miRNA derived cFFC redundancy and the TF derived cFFC redundancy are
signi�cantly di�erent. Moreover, the mean of the miRNA derived cFFC redundancy
exceeds the mean of the TF derived cFFC redundancy which supports the decision
that the increase in the cFFC redundancy is not manipulated by the decrease in the
cFFC targeted genes.

Table 4.17: Results of Welch's t-test

miRNA Connection Randomization TF Connection Randomization Both TF-miRNA Connection Randomization

t-statistic p-value t-statistic p-value t-statistic p-value

miRNA Derived cFFC Redundancy

TF Derived cFFC Redundancy

114.26 < 2.2e− 16 326.1855 < 2.2e− 16 68.8294 < 2.2e− 16

Although the conclusions that are made based on the FANTOM data are compatible
with the Iwama et. al. results heretofore, to see whether the imbalance between the
degrees of miRNAs and TFs in an unitary cFFC reveals di�erent behaviours, partial
randomization procedure is implemented using the FANTOM network and the results
are provided in the following sections.

4.4 Analysis of Partial Randomization Results Based on FANTOM

Data

4.4.1 QQ Plots and Normality Tests

Since parametric tests require normality of the populations from which the samples
are drawn, the datasets are examined visually using Q-Q plots to see if there exist
departures from normality. The Q-Q plots of FANTOM datasets based on partial
randomization procedure, which are provided in Appendix A.4, point out that the
deviations from the straight line in the tails may cause a departure from the normality.
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To obtain more certain results, the Shapiro-Wilk test is conducted and the results are
given in Table 4.18.
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Table 4.18: Shapiro-Wilk Test Results of Partial Randomization - FANTOM Data

mir-gene connection randomization mir-tf connection randomization

W p-value W p-value

No. of cFFCs 0.9981 0.3276 0.998 0.2897

No. of cFFC-targeted genes 0.9981 0.3098 0.9973 0.09895

cFFC redundancy 0.9973 0.08772 0.9977 0.1716

miRNA derived redundancy 0.9986 0.6112 0.9863 4.731e-08

TF derived redundancy 0.9982 0.3898 0.9974 0.1114

According to the Shapiro-Wilk test results that are given in Table 4.18, the p-values
are greater than 0.01 except the one that belongs to the miRNA derived cFFC redun-
dancy obtained from miRNA connection randomization with �xed miRNA-non-TF
gene edges. Since the normality assumption must be satis�ed to be able to conduct
parametric tests such as the Z-test and the two-sample t-test, the dataset is searched
for outliers that may cause a failing Shapiro-Wilk result. It is observed that after the
removal of the outlier that corresponds to the maximum value of the dataset and identi-
�ed using the "outlier" function that is covered in "outliers" package of R, the miRNA
derived cFFC redundancy dataset shows no signi�cant deviation from normality.

The test results after the removal of the outlier of the miRNA derived cFFC redun-
dancy and its corresponding entity in TF derived cFFC redundancy are provided in
Table 4.19.

Table 4.19: Shapiro-Wilk Test Results after Outlier Removal - FANTOM Data

mir-tf connection randomization

W p-value

miRNA derived redundancy 0.9986 0.6353

TF derived redundancy 0.9982 0.3975

4.4.2 Comparison of the Simulated Data with the Real GRN

4.4.2.1 Random Expectations

The initial numbers which are retrieved from the original FANTOM network and the
random expectations that are obtained from one edge randomization of the FANTOM
data are presented in Table 4.20 of which the second column contains the results
obtained by randomizing the only miRNA - non-TF gene edges while third column
involves the results of only miRNA - TF edge randomizations. Both partial random-
ization procedures are applied to only miRNA connection dataset, and the resultants
are compared using the Z-test and the t-test in the following sections.
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Table 4.20: Results of Partial Randomization of FANTOM miRNA Connection Data

Real GNRs Observed Randomization with Fixed miRNA-TF Edges Randomization with Fixed miRNA-Gene Edges

Expected ± Standard Deviation Expected ± Standard Deviation

Number of cFFCs 701 704.516 ± 21.89075 682.483 ± 24.35041

Number of genes targeted by cFFCs 221 302.187 ± 10.02899 303.902 ± 11.63468

cFFCs redundancy 3.17 2.332553 ± 0.06850075 2.247277 ± 0.07721423

miRNA derived cFFCs redundancy 2.190625 1.386886 ± 0.02500251 1.386803 ± 0.02487623

TF derived cFFCs redundancy 1.178151 1.172991 ± 0.016067 1.173009 ± 0.01606435

4.4.2.2 Comparison of Random expectations with Real GRN via Z-test

The real GRN is compared with random expectations via the Z-test of which the
results are provided in the Table 4.21. As observed before, the test results revealed
that the number of cFFC targeted genes are below the random expectations while
the cFFC redundancy is more abundant in the real GRN. Besides, since the miRNA
derived cFFC redundancy is over-represented in the real GRN, it is concluded that the
cFFC redundancy is not a consequence of under representation of the cFFC targeted
genes.

Despite of the fact that the conclusions of the Z-test are the same for two di�erent
datasets in terms of number of the cFFC targeted genes, the cFFC redundancy, the
miRNA derived cFFC redundancy and the TF derived cFFC redundancy, there ex-
ists one important distinction between the results of partial randomization conducted
using the Iwama et. al. network and the FANTOM network: The number of cF-
FCs shows no signi�cant deviations from the random expectations of FANTOM data.
This di�erentiation may be caused by the di�erence in the cell lines from the two
networks which are built from. In other words, it is proposed that since FANTOM
data are obtained from a myeloid leukemia cell line, there is the likely possibility that
the regulator-target information and accordingly the orientation of the network are
di�erentiated from the Iwama et al. network which contains targeting information in
a healthy cell. Thus, while miRNAs are likely to regulate their targeted gene through
TFs indirectly in a normal cell, they show di�erent behaviour in the cancerous cell and
may start regulating the target gene directly.

Table 4.21: Comparison of Z and P Values of Partial Randomization based on FAN-
TOM miRNA Connection Data

Randomization with Fixed miRNA-TF Edges Randomization with Fixed miRNA-Gene Edges

Z p-value Z p-value

Number of cFFCs -0.1606158 0.436198 0.7604388 0.2234962

Number of cFFC-targeted genes -8.095233 2.85774e-16 -7.125422 5.188113e-13

cFFC redundancy 7.410697 6.281885e-14 11.97537 2.391638e-33

miRNA derived cFFC redundancy 12.08813 6.101705e-34 32.31284 2.308682e-229

TF derived cFFC redundancy -0.973776 0.1650839 0.3200963 0.3744476
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Table 4.22: Di�erence between Iwama et. al. and FANTOM Resultings

miRNA-TF edges randomization miRNA-gene edges randomization

Z-statistic p-value Z-statistic p-value

Iwama et. al. number of cFFCs 2.260347 0.01189985 -2.781475 0.002705627

FANTOM number of cFFCs 0.7604388 0.2234962 -0.1606158 0.436198

Iwama et. al. TF derived redundancy 0.8112788 0.2086028 -2.586778 0.004843903

FANTOM TF derived redundancy 0.3200963 0.3744476 -0.973776 0.1650839

4.4.2.3 Comparison of Redundancies via t-test

Because of the fact that the homogeneity of the variances assumption is not held
according to the variance ratio F-test whose results are provided in Table 4.23, the
Welch t-test is applied in order see whether the population means of the miRNA
derived cFFC redundancy and the TF derived cFFC redundancy are di�erent. The
Welch's two sample t-test results which are represented in Table 4.24 point out that
there exists a signi�cant di�erence between the compared datasets which supports the
decision that the reduction in the repository of the cFFC targeted genes does not
constitute the increase of the cFFC redundancy. Hence, adding redundancy role is a
distinct property of miRNAs.

Table 4.23: Results of Variance Ratio F-test - Partial Randomization of FANTOM
Data

Randomization with Fixed miRNA-TF Edges Randomization with Fixed miRNA-Gene Edges

F-statistic p-value F-statistic p-value

miRNA Derived cFFC Redundancy

TF Derived cFFC Redundancy

2.4216 < 2.2e− 16 2.398 < 2.2e− 16

Table 4.24: Results of two sample t-test - Partial Randomization of FANTOM Data

Randomization with Fixed miRNA-TF Edges Randomization with Fixed miRNA-Gene Edges

t-statistic p-value t-statistic p-value

miRNA Derived cFFC Redundancy

TF Derived cFFC Redundancy

227.5907 < 2.2e− 16 228.1949 < 2.2e− 16
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CHAPTER 5

CONCLUSION

5.1 Summary

The co-regulation between miRNAs and TFs in gene regulatory networks is analysed
in terms of cFFCs and cFFC dependent terms, namely; cFFC targeted genes, cFFC
redundancy, miRNA derived cFFC redundancy and TF derived cFFC redundancy.
This was done in order to uncover the di�erence between TFs and miRNAs in terms
of their contribution and the e�ect of their evolutionary distinctions to the regulatory
networks. cFFCs are signi�cant network motifs which comprise a miRNA which is a
master regulator, an intermediary TF, and a gene as shared target. A gene within the
network is de�ned as a cFFC targeted gene if it is regulated by at least one cFFC. The
cFFC redundancy is termed as the average number of cFFCs that involves in targeting
one gene. In order to see the e�ects of miRNAs and TFs in cFFC redundancy, it is
divided into two factors which are the miRNA derived cFFC redundancy and the TF
derived cFFC redundancy. The miRNA derived cFFC redundancy are calculated as
a ratio of the total number of cFFCs to the total number of the cFFC participant
TF-gene edges. Similarly, the TF derived cFFC redundancy is obtained by dividing
the total number of cFFCs to the total number of the miRNA-gene edges that are
involved in cFFCs.

The analyses are conducted based on two di�erent GRNs one of which was obtained
from human myeloid leukemia cell line experimentally and provided in the FANTOM4
EdgeExpress database, while the other one contains the human mouse conserved tar-
geting information of a healthy cell which is collected computationally by Iwama et.
al. using miRBase and TRANSFAC databases. These two datasets di�er from each
other in terms of the number of edges and nodes that are involved in the network.
FANTOM4 also provides the weight parameter that indicates the signi�cance of the
regulator-target prediction which is set to 1.5 to obtain more signi�cant connections
with minimum number of false positives [43]. The FANTOM4 dataset is used after the
identi�cation of human-mouse conserved regulatory connections of the network which
is retrieved using 1.5 as the weight threshold.

Two randomization procedures which generate 1,000 random networks, each from the
real GRNs using 500,000 edge swapping steps for each in a degree preserving manner
is implemented to the networks. The �rst one, which is referred to as the main the
randomization procedure throughout the thesis contains three sub-procedures which
are the miRNA connection only randomization, the TF connection only randomization
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and both the miRNA-TF connection randomization. The second one, which is called
as the partial randomization procedure, is conducted to reveal whether the imbalance
between the edge numbers of TFs and miRNAs in unitary cFFCs a�ects the results
that are obtained from main randomization procedure, and it is implemented on only
miRNA connections. The partial randomization procedure contains two sub-processes
which are miRNA - non-TF gene edges randomization and miRNA-TF edges ran-
domization. The cFFC dependent terms are calculated from the randomly generated
networks from both main randomization procedure and partial randomization proce-
dure to be compared with the corresponding values that are obtained from original
networks using the Z-test. Moreover, the miRNA derived cFFC redundancy and the
TF derived cFFC redundancy that are generated from the same sub-process are also
compared with each other by using the t-test in order to reveal the di�erence of the
TFs and miRNAs in contribution to the cFFC redundancy.

The study conducted by Iwama et al.(2010) is reproduced by implementing the ran-
domization procedures to the dataset which is collected for the same study. It should
be mentioned that, the total number of cFFCs obtained from original network during
the reproduction of the results of the study conducted by Iwama et al. is not the same
with the one that is published by them. In the original paper, the total number of
cFFCs is reported as 44,373, while in this study, it is identi�ed as 43,481. The di�er-
ence between these numbers are caused by the elimination of the loops which consist
of one miRNA and one TF in which the miRNA regulates the autoregulatory TF that
clearly does not function as FFLs.

The reproduction of the results of the study enables to verify the randomization code,
and build a framework that is applicable to di�erent GRNs. Moreover, the implemen-
tation of this framework to the FANTOM4 dataset not only provides justi�cation to
the results of Iwama et al. obtained by the main randomization procedure, but also
reveals the di�erent behaviour of miRNAs in the networks of cancerous cells by the
partial randomization procedure.

The results are discussed in detail in the following section.

5.2 Discussion

Network analyses which are conducted with two di�erent datasets revealed that miR-
NAs change the network conformation by forming comprehensive modi�cations in the
GRNs, while the TF networks preserve their stability to the changes that are caused
by miRNAs. The di�erences between TFs and miRNAs in terms of their contribution
to GRNs are examined in four main aspects. Firstly, it is observed that the changes
in the miRNA network revealed an increase in the cFFC redundancy through the
cFFC formation when compared with the random networks. Secondly, the alterations
in the miRNA network also uncovered a sharp decrease in the number of the cFFC
targeted genes from the random expectations, that results in the de-escalation of the
target gene repertoire. Thirdly, by examining the cFFC redundancy in terms of two
factors which are the miRNA derived cFFC redundancy and the TF derived cFFC
redundancy, it is identi�ed that the increase in the cFFC redundancy is caused by
the additional loop formation of miRNAs around the same TF-gene edge. Hence, it is
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concluded that, adding redundancy role is a distinctive property of miRNAs. Lastly,
the contrast between miRNA networks and the TFs networks based on their tendency
to remain indi�erent to the structural changes of the regulatory networks is exposed.
As mentioned before, the TF network remains neutral to conformational changes in
the network.

Partial randomization results are also uncovered that although miRNAs tend to involve
in regulatory connections through the cFFC formation, they exhibit di�erent behaviour
in the network that is obtained from myeloid leukemia cell line and instead of regulating
the targeted gene indirectly by forming cFFCs with TFs, they may start to regulate
their targeted genes directly because of the elimination of the TF-target edge as a
result of the cancer mechanism.

5.3 Future Work

Recently, FANTOM5 which includes the regulatory models of di�erent cell types, can-
cer lines and tissues was released. Implementation of our framework to the updated
target predictions which may obtained from FANTOM5, and comparing the regulatory
networks of di�erent di�erent cell lines may provide a deeper insight in the understand-
ing of the mechanism of miRNAs in cancer, cell di�erentiation, or in developmental
stages.

Additionally, the procedure and steps of analysis described in this study can be gener-
alized for other types of motif structures to investigate their signi�cances and e�ects
of their components in biological framework.

The results based on normality assumption can be also extended for student-t and
long-tailed symmetric distribution family in order to get more robust conclusions. The
reason is that the Q-Q plots of datasets mostly indicate variations in the tail which is
the indication of the long-tailed family.
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APPENDIX A

QQ PLOTS

A.1 QQ Plots of Main Randomization Procedure of Iwama et. al.

Data
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Figure A.1: QQ plot of normality of number of cFFC targeted genes after miRNA
connection randomization - Iwama et. al. Data
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Figure A.2: QQ plot of normality of cFFC redundancies after miRNA connection
randomization - Iwama et. al. Data
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Figure A.3: QQ plot of normality of miRNA derived redundancy after miRNA con-
nection randomization - Iwama et. al. Data
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Figure A.4: QQ plot of normality of TF derived redundancy after miRNA connection
randomization - Iwama et. al. Data
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Figure A.5: QQ plot of normality of number of cFFCs after TF connection random-
ization - Iwama et. al. Data
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Figure A.6: QQ plot of normality of number of cFFC targeted genes after TF connec-
tion randomization - Iwama et. al. Data
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Figure A.7: QQ plot of normality of cFFC redundancies after TF connection random-
ization - Iwama et. al. Data
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Figure A.8: QQ plot of normality of miRNA derived redundancy after TF connection
randomization - Iwama et. al. Data
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Figure A.9: QQ plot of normality of TF derived redundancy after TF connection
randomization - Iwama et. al. Data

−3 −2 −1 0 1 2 3

0.
88

0.
90

0.
92

0.
94

0.
96

0.
98

1.
00

Normal Q−Q Plot

Theoretical Quantiles

S
ca

le
d 

T
F

 C
on

ne
ct

io
n 

R
an

do
m

iz
at

io
n 

D
at

a

Figure A.10: QQ plot of normality of number of cFFCs after TF-miRNA both con-
nection randomization - Iwama et. al. Data
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Figure A.11: QQ plot of normality of number of cFFC targeted genes after TF-miRNA
both connection randomization - Iwama et. al. Data

−3 −2 −1 0 1 2 3

0.
88

0.
90

0.
92

0.
94

0.
96

0.
98

1.
00

Normal Q−Q Plot

Theoretical Quantiles

S
ca

le
d 

T
F

 C
on

ne
ct

io
n 

R
an

do
m

iz
at

io
n 

D
at

a

Figure A.12: QQ plot of normality of cFFC redundancy after TF-miRNA both con-
nection randomization - Iwama et. al. Data
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Figure A.13: QQ plot of normality of miRNA derived cFFC redundancy after TF-
miRNA both connection randomization - Iwama et. al. Data
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Figure A.14: QQ plot of normality of TF derived cFFC redundancy after TF-miRNA
both connection randomization - Iwama et. al. Data
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A.2 QQ plots of Partial Randomization Procedure of Iwama et. al.

Data
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Figure A.15: QQ plot of normality of number of cFFCs after only miRNA-gene con-
nection randomization - Iwama et. al. Data
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Figure A.16: QQ plot of normality of cFFC redundacy after only miRNA-gene con-
nection randomization - Iwama et. al. Data
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Figure A.17: QQ plot of normality of miRNA derived cFFC redundancy after only
miRNA-gene connection randomization - Iwama et. al. Data
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Figure A.18: QQ plot of normality of TF derived redundancy after only miRNA-gene
connection randomization - Iwama et. al. Data
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Figure A.19: QQ plot of normality of number of cFFCs after only miRNA-TF connec-
tion randomization - Iwama et. al. Data
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Figure A.20: QQ plot of normality of cFFC redundancy after only miRNA-TF con-
nection randomization - Iwama et. al. Data
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Figure A.21: QQ plot of normality of miRNA derived cFFC redundancy after only
miRNA-gene connection randomization - Iwama et. al. Data
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Figure A.22: QQ plot of normality of TF derived cFFC redundancy after only miRNA-
gene connection randomization - Iwama et. al. Data
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A.3 QQ Plots of Main Randomization Procedure of FANTOM Data
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Figure A.23: QQ plot of normality of number of cFFC targeted genes after TF con-
nection randomization - FANTOM Data
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Figure A.24: QQ plot of normality of cFFC redundancy after TF connection random-
ization - FANTOM Data
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Figure A.25: QQ plot of normality of miRNA derived cFFC redundancy after TF
connection randomization - FANTOM Data
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Figure A.26: QQ plot of normality of TF derived cFFC redundancy after TF connec-
tion randomization - FANTOM Data
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Figure A.27: QQ plot of normality of number of cFFCs after both TF-miRNA con-
nection randomization - FANTOM Data
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Figure A.28: QQ plot of normality of number of cFFC targeted genes after both
TF-miRNA connection randomization - FANTOM Data
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Figure A.29: QQ plot of normality of cFFC redundancy after both TF-miRNA con-
nection randomization - FANTOM Data
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Figure A.30: QQ plot of normality of miRNA derived cFFC redundancy after both
TF-miRNA connection randomization - FANTOM Data
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Figure A.31: QQ plot of normality of TF derived cFFC redundancy after both TF-
miRNA connection randomization - FANTOM Data
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Figure A.32: QQ plot of normality of number of cFFCs after miRNA connection
randomization - FANTOM Data
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Figure A.33: QQ plot of normality of number of cFFC targeted genes after both
miRNA connection randomization - FANTOM Data
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Figure A.34: QQ plot of normality of cFFC redundancy after both miRNA connection
randomization - FANTOM Data
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Figure A.35: QQ plot of normality of miRNA derived cFFC redundancy after both
miRNA connection randomization - FANTOM Data
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Figure A.36: QQ plot of normality of TF derived cFFC redundancy after both miRNA
connection randomization - FANTOM Data
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A.4 QQ Plots of Partial Randomization Procedure of FANTOM

Data
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Figure A.37: QQ plot of normality of number of cFFC targeted genes after only
miRNA-TF connection randomization - FANTOM Data
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Figure A.38: QQ plot of normality of cFFC redundancy after only miRNA-TF con-
nection randomization - FANTOM Data
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Figure A.39: QQ plot of normality of miRNA derived cFFC redundancy after only
miRNA-TF connection randomization - FANTOM Data
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Figure A.40: QQ plot of normality of TF derived cFFC redundancy after only miRNA-
TF connection randomization - FANTOM Data
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Figure A.41: QQ plot of normality of number of cFFCs after only miRNA-gene con-
nection randomization - FANTOM Data
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Figure A.42: QQ plot of normality of number of cFFC targeted genes after only
miRNA-gene connection randomization - FANTOM Data
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Figure A.43: QQ plot of normality of cFFC redundancy after only miRNA-gene con-
nection randomization - FANTOM Data
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Figure A.44: QQ plot of normality of miRNA derived cFFC redundancy after only
miRNA-gene connection randomization - FANTOM Data
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Figure A.45: QQ plot of normality of TF derived cFFC redundancy after only miRNA-
gene connection randomization - FANTOM Data
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APPENDIX B

SOURCE CODES

B.1 Parser to Retrieve miRNA Connections

import xml.dom.minidom

import sys

filelist = open(sys.argv[1])

weight_limit = -100

if len(sys.argv) > 2:

weight_limit = float(sys.argv[2])

counter = 0

for xmlfile in filelist:

dom = xml.dom.minidom.parse(xmlfile.strip())

counter += 1

if counter % 1000 == 0:

sys.stderr.write('%d \n' % (counter) )

root_element = dom.getElementsByTagName('EEDB')[0]

feature_element = None

mirna_element = None

for node in root_element.childNodes:

if node.nodeName == 'feature':

feature_element = node

if node.nodeName == 'miRNA_edges':

mirna_element = node

from_id = feature_element.getAttribute('desc')

for node in mirna_element.childNodes:

if node.nodeName == 'link_to':

if float(node.getAttribute('weight')) >= weight_limit:

print "%s, %s, %s" % (from_id, node.getAttribute('name'),

node.getAttribute('weight'))

B.2 Parser to Retrieve TF Connections

import xml.dom.minidom

import sys
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filelist = open(sys.argv[1])

weight_limit = -100

if len(sys.argv) > 2:

weight_limit = float(sys.argv[2])

counter = 0

for xmlfile in filelist:

dom = xml.dom.minidom.parse(xmlfile.strip())

counter += 1

if counter % 1000 == 0:

sys.stderr.write('%d \n' % (counter) )

root_element = dom.getElementsByTagName('EEDB')[0]

feature_element = None

tfbs_element = None

for node in root_element.childNodes:

if node.nodeName == 'feature':

feature_element = node

if node.nodeName == 'tfbs_predictions':

tfbs_element = node

from_id = feature_element.getAttribute('desc')

for node in tfbs_element.childNodes:

if node.nodeName == 'link_to':

if float(node.getAttribute('weight')) >= weight_limit:

print "%s, %s, %s" % (from_id, node.getAttribute('name'),

node.getAttribute('weight'))

B.3 Orthology Parser

import csv

file1 = list();

with open('input filename1', 'rb') as f:

reader = csv.reader(f, delimiter=' ')

for row in reader:

file1.append(row);

file2 = list();

with open('input filename2', 'rb') as f:

reader = csv.reader(f, delimiter=',')

for row in reader:

file2.append(row);

with open('output file', 'wb') as csvfile:

writer = csv.writer(csvfile, delimiter=',')

for row1 in file1:

for row2 in file2:

if row1[0].lower().strip() == row2[1].lower().strip():

writer.writerow(row2)
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B.4 Source Codes of Main Randomization Procedure

import random

import csv

def readmatrix(filename):

f = open(filename)

headerline = f.readline().strip().split(',')

locs = headerline[1:]

mydict = $\lbrace \rbrace$

for x in locs:

mydict[x] = \lbrace \rbrace

for line in f:

values = line.strip().split(',')

geneid = values[0];

interactions = values[1:]

for i in range(len(interactions)):

if (interactions[i] == '1'):

mydict[locs[i]][geneid] = 1

f.close()

return mydict

def invertdict(mydict):

inversedict = {}

for key, val in mydict.items():

for subkey, subval in val.items():

if not inversedict.has_key(subkey):

inversedict[subkey] = {}

inversedict[subkey][key] = subval

return inversedict

def countForMir(m, mirdict, tfdict, genecountdict,mirEdgeCountDict,tfEdgeCountDict):

targets = mirdict[m]

count = 0

for t in targets:

if tfdict.has_key(t):

for g in tfdict[t]:

if targets.has_key(g):

if not t == g:

count = count + 1

if genecountdict.has_key(g):

genecountdict[g] = genecountdict[g] + 1

else:

genecountdict[g] = 1

if not mirEdgeCountDict.has_key(m):

mirEdgeCountDict[m] = {}

mirEdgeCountDict[m][g] = 1

if not tfEdgeCountDict.has_key(t):
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tfEdgeCountDict[t] = {}

tfEdgeCountDict[t][g] = 1

return count

def randomizeMatrix (mirdict):

firstmir = random.sample(mirdict,1)[0]

secondmir = random.sample(mirdict,1)[0]

while (len(mirdict[firstmir]) == 0): firstmir = random.sample(mirdict,1)[0]

while (len(mirdict[secondmir]) == 0): secondmir = random.sample(mirdict,1)[0]

firstgene = random.sample(mirdict[firstmir],1)[0]

secondgene = random.sample(mirdict[secondmir],1)[0]

if (mirdict[secondmir].has_key(firstgene) or

mirdict[firstmir].has_key(secondgene)):

return 0

mirdict[firstmir].pop(firstgene)

mirdict[firstmir][secondgene] = 1

mirdict[secondmir].pop(secondgene)

mirdict[secondmir][firstgene] = 1

return 1

mirdict = readmatrix("Final.csv")

tfdict = readmatrix("TF_Numbered.csv")

repcount = 1000

randcount = 500000

cffc = open("number_of_cFFCs.csv", "w")

cffcTargetedGene=open("number_of_cFFC_targeted_genes.csv","w")

mirnaDerivedRedundancy = open("miRNA_derived_redundancy.csv","w")

tfDerivedRedundancy = open("TF_derived_redundancy.csv","w")

genecountdict = {}

mirEdgeCountDict = {}

tfEdgeCountDict = {}

total = 0

mirtargetedgecount = 0

tftargetedgecount = 0

numrandomize = 0

for mir in mirdict:

count = countForMir(mir,mirdict, tfdict, genecountdict,mirEdgeCountDict,

tfEdgeCountDict)

total = total + count

for x in mirEdgeCountDict.keys():

mirtargetedgecount = mirtargetedgecount + len(mirEdgeCountDict[x])

for y in tfEdgeCountDict.keys():

tftargetedgecount = tftargetedgecount + len(tfEdgeCountDict[y])

print "Initial number of cFFCs is:", total

print "Initial number of cFFC targeted genes is:", len(genecountdict)

print "Initial miRNA derived redundancy:", float(total) / (mirtargetedgecount)

print "Initial TF derived redundancy:", float(total) / (tftargetedgecount)

print "Initial mir target edge count", mirtargetedgecount

print "Initial tf target edge count", tftargetedgecount
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for i in range(0,repcount):

genecountdict = {}

mirEdgeCountDict = {}

tfEdgeCountDict = {}

numrandomize=0

while (numrandomize < randcount): #for only miRNA connection matrix randomization

numrandomize = numrandomize + randomizeMatrix(mirdict) #end

while (numrandomize < randcount): # for only TF connection matrix randomization

numrandomize = numrandomize + randomizeMatrix(tfdict) #end

numrandomize = 0 #for both TF-miRNA connection matrices randomization

numrandomize2 = 0

while (numrandomize < randcount):

numrandomize = numrandomize + randomizeMatrix(mirdict)

while (numrandomize2 < randcount):

numrandomize2 = numrandomize2 + randomizeMatrix(tfdict) # end

total=0

mirtargetedgecount = 0

tftargetedgecount = 0

for mir in mirdict:

count = countForMir(mir,mirdict, tfdict, genecountdict,mirEdgeCountDict,

tfEdgeCountDict)

total = total + count

for x in mirEdgeCountDict.keys():

mirtargetedgecount = mirtargetedgecount + len(mirEdgeCountDict[x])

for y in tfEdgeCountDict.keys():

tftargetedgecount = tftargetedgecount + len(tfEdgeCountDict[y])

mirnaderivedredundancy = float(total) / (mirtargetedgecount)

tfderivedredundancy = float(total) / (tftargetedgecount)

cffc.write("list of gene count, %d\n" % (len(genecountdict)))

cffcTargetedGene.write("list of loop count, %d\n" %(total))

mirnaDerivedRedundancy.write("mirna derived redundancy,

%.5f\n" % (mirnaderivedredundancy))

tfDerivedRedundancy .write("tf derived redundancy,

%.5f\n" % (tfderivedredundancy))

print "Replicate is: ", i

print "randomized count is:", total

print "randomized number of targeted genes is:", len(genecountdict)

print "mirna redundacy:", mirnaderivedredundancy

print "tf redundancy:", tfderivedredundancy

B.5 Source Codes of Partial Randomization Procedure

B.5.1 miRNA-Gene Edge Randomization

# -*- coding: utf-8 -*-
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import random

import csv

def readmatrix(filename):

f = open(filename)

mydict = {}

locs = []

for line in f:

values = line.strip().split(',')

keys = values[0].strip()

if keys not in locs:

locs.append(keys)

geneid = values[1].strip()

if not mydict.has_key(keys):

mydict[keys]={}

mydict[keys][geneid]=1

f.close()

return (mydict,locs)

def invertdict(mydict):

inversedict = {}

for key, val in mydict.items():

for subkey, subval in val.items():

if not inversedict.has_key(subkey):

inversedict[subkey] = {}

inversedict[subkey][key] = subval

return inversedict

def writedict(filename, m):

f = open(filename, "w")

for x in m.keys():

f.write(x + ": "+ ", ".join(m[x].keys()))

f.write("\n")

f.close()

def countForMir(m, mirdict, tfdict, genecountdict,mirEdgeCountDict,tfEdgeCountDict):

targets = mirdict[m]

count = 0

for t in targets:

if tfdict.has_key(t):

for g in tfdict[t]:

if targets.has_key(g):

if not t == g:

count = count + 1

if genecountdict.has_key(g):

genecountdict[g] = genecountdict[g] + 1

else:

genecountdict[g] = 1

if not mirEdgeCountDict.has_key(m):

mirEdgeCountDict[m] = {}

mirEdgeCountDict[m][g] = 1

if not tfEdgeCountDict.has_key(t):

tfEdgeCountDict[t] = {}
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tfEdgeCountDict[t][g] = 1

return count

def randomizeMatrixMirGene (mirdict,tfnames):

firstmir = random.sample(mirdict,1)[0]

secondmir = random.sample(mirdict,1)[0]

while (len(mirdict[firstmir]) == 0): firstmir = random.sample(mirdict,1)[0]

while (len(mirdict[secondmir]) == 0): secondmir = random.sample(mirdict,1)[0]

firstgene = random.sample(mirdict[firstmir],1)[0]

secondgene = random.sample(mirdict[secondmir],1)[0]

if (firstgene in tfnames or secondgene in tfnames):

return 0

if (mirdict[secondmir].has_key(firstgene) or

mirdict[firstmir].has_key(secondgene)):

return 0

mirdict[firstmir].pop(firstgene)

mirdict[firstmir][secondgene] = 1

mirdict[secondmir].pop(secondgene)

mirdict[secondmir][firstgene] = 1

return 1

from Counter import *

(mirdict,mirnames) = readmatrix("mirnaConnections.csv")

(tfdict,tfnames) = readmatrix("tfConnections.csv")

repcount = 1000

randcount = 500000

cffc = open("number_of_cFFCs.csv", "w")

cffcTargetedGene=open("number_of_cFFC_targeted_genes.csv","w")

mirnaDerivedRedundancy = open("miRNA_derived_redundancy.csv","w")

tfDerivedRedundancy = open("TF_derived_redundancy.csv","w")

genecountdict = {}

mirEdgeCountDict = {}

tfEdgeCountDict = {}

total = 0

mirtargetedgecount = 0

tftargetedgecount = 0

numrandomize = 0

for mir in mirdict:

count = countForMir(mir,mirdict, tfdict, genecountdict,mirEdgeCountDict,

tfEdgeCountDict)

total = total + count

for x in mirEdgeCountDict.keys():

mirtargetedgecount = mirtargetedgecount + len(mirEdgeCountDict[x])

for y in tfEdgeCountDict.keys():

tftargetedgecount = tftargetedgecount + len(tfEdgeCountDict[y])

print "Inital count is:", total

print "number of targeted genes is:", len(genecountdict)

print "initial mirna redundancy:", float(total) / (mirtargetedgecount)
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print "initial tf redundancy:", float(total) / (tftargetedgecount)

print "initial mir target edge count", mirtargetedgecount

print "initial tf target edge count", tftargetedgecount

for i in range(0,repcount):

genecountdict = {}

mirEdgeCountDict = {}

tfEdgeCountDict = {}

numrandomize=0

while (numrandomize < randcount):

numrandomize = numrandomize + randomizeMatrixMirGene(mirdict,tfnames)

total=0

mirtargetedgecount = 0

tftargetedgecount = 0

for mir in mirdict:

count = countForMir(mir,mirdict, tfdict, genecountdict,mirEdgeCountDict,

tfEdgeCountDict)

total = total + count

for x in mirEdgeCountDict.keys():

mirtargetedgecount = mirtargetedgecount + len(mirEdgeCountDict[x])

for y in tfEdgeCountDict.keys():

tftargetedgecount = tftargetedgecount + len(tfEdgeCountDict[y])

mirnaderivedredundancy = float(total) / (mirtargetedgecount)

tfderivedredundancy = float(total) / (tftargetedgecount)

cffc.write("list of gene count, %d\n" % (len(genecountdict)))

cffcTargetedGene.write("list of loop count, %d\n" %(total))

mirnaDerivedRedundancy.write("mirna derived redundancy,

%.5f\n" % (mirnaderivedredundancy))

tfDerivedRedundancy .write("tf derived redundancy,

%.5f\n" % (tfderivedredundancy))

print "Replicate is: ", i

print "randomized count is:", total

print "randomized number of targeted genes is:", len(genecountdict)

print "mirna redundacy:", mirnaderivedredundancy

print "tf redundancy:", tfderivedredundancy

B.5.2 miRNA-TF Edge Randomization

# -*- coding: utf-8 -*-

import random

import csv

def readmatrix(filename):

f = open(filename)

mydict = {}

locs = []

for line in f:

values = line.strip().split(',')

keys = values[0].strip()
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if keys not in locs:

locs.append(keys)

geneid = values[1].strip()

if not mydict.has_key(keys):

mydict[keys]={}

mydict[keys][geneid]=1

f.close()

return (mydict,locs)

def invertdict(mydict):

inversedict = {}

for key, val in mydict.items():

for subkey, subval in val.items():

if not inversedict.has_key(subkey):

inversedict[subkey] = {}

inversedict[subkey][key] = subval

return inversedict

def mirtfconnectiondict(inversedict, locs, mydict):

excludedinteractions = {}

allgenes = inversedict.keys()

onlygenelist = set(allgenes).difference(locs)

for key, gene in mydict.items():

for subkey,subval in gene.items():

if subkey in onlygenelist:

del mydict[key][subkey]

if not excludedinteractions.has_key(key):

excludedinteractions[key] = {}

excludedinteractions[key][subkey] = 1

if (len(mydict[key]) == 0):

del mydict[key]

return (mydict,excludedinteractions)

def merge(mydict, excludedinteractions, path=None):

if path is None: path = []

for key in excludedinteractions:

if key in mydict:

if isinstance(mydict[key], dict) and

isinstance(excludedinteractions[key], dict):

merge(mydict[key], excludedinteractions[key], path + [str(key)])

elif mydict[key] == excludedinteractions[key]:

pass # same leaf value

else:

raise Exception('Conflict at %s' % '.'.join(path + [str(key)]))

else:

mydict[key] = excludedinteractions[key]

return mydict

def writedict(filename, m):

f = open(filename, "w")

for x in m.keys():

f.write(x + ": "+ ", ".join(m[x].keys()))

f.write("\n")
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f.close()

def countForMir(m, mirdict, tfdict, genecountdict,mirEdgeCountDict,tfEdgeCountDict):

targets = mirdict[m]

count = 0

for t in targets:

if tfdict.has_key(t):

for g in tfdict[t]:

if targets.has_key(g):

if not t == g:

count = count + 1

if genecountdict.has_key(g):

genecountdict[g] = genecountdict[g] + 1

else:

genecountdict[g] = 1

if not mirEdgeCountDict.has_key(m):

mirEdgeCountDict[m] = {}

mirEdgeCountDict[m][g] = 1

if not tfEdgeCountDict.has_key(t):

tfEdgeCountDict[t] = {}

tfEdgeCountDict[t][g] = 1

return count

def randomizeMatrix(mirdict):

firstmir = random.sample(mirdict,1)[0]

secondmir = random.sample(mirdict,1)[0]

while (len(mirdict[firstmir]) == 0): firstmir = random.sample(mirdict,1)[0]

while (len(mirdict[secondmir]) == 0): secondmir = random.sample(mirdict,1)[0]

firstgene = random.sample(mirdict[firstmir],1)[0]

secondgene = random.sample(mirdict[secondmir],1)[0]

if (mirdict[secondmir].has_key(firstgene) or

mirdict[firstmir].has_key(secondgene)):

return 0

mirdict[firstmir].pop(firstgene)

mirdict[firstmir][secondgene] = 1

mirdict[secondmir].pop(secondgene)

mirdict[secondmir][firstgene] = 1

return 1

from Counter import *

(mirdict,mirlist) = readmatrix("mirnaConnections.csv")

(tfdict,tflist) = readmatrix("tfConnections.csv")

repcount = 1000

randcount = 500000

cffc = open("number_of_cFFCs.csv", "w")

cffcTargetedGene=open("number_of_cFFC_targeted_genes.csv","w")

mirnaDerivedRedundancy = open("miRNA_derived_redundancy.csv","w")

tfDerivedRedundancy = open("TF_derived_redundancy.csv","w")

genecountdict = {}

mirEdgeCountDict = {}

tfEdgeCountDict = {}
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total = 0

mirtargetedgecount = 0

tftargetedgecount = 0

numrandomize = 0

for mir in mirdict:

count = countForMir(mir,mirdict, tfdict, genecountdict,mirEdgeCountDict,

tfEdgeCountDict)

total = total + count

for x in mirEdgeCountDict.keys():

mirtargetedgecount = mirtargetedgecount + len(mirEdgeCountDict[x])

for y in tfEdgeCountDict.keys():

tftargetedgecount = tftargetedgecount + len(tfEdgeCountDict[y])

print "Inital count is:", total

print "number of targeted genes is:", len(genecountdict)

print "initial mirna redundancy:", float(total) / (mirtargetedgecount)

print "initial tf redundancy:", float(total) / (tftargetedgecount)

print "initial mir target edge count", mirtargetedgecount

print "initial tf target edge count", tftargetedgecount

mirtargetdict = invertdict(mirdict)

for i in range(0,repcount):

genecountdict = {}

mirEdgeCountDict = {}

tfEdgeCountDict = {}

numrandomize = 0

mergedmirdict = {}

(mirtfdict,mirgenedict) = mirtfconnectiondict(mirtargetdict, tflist, mirdict)

while (numrandomize < randcount):

numrandomize = numrandomize + randomizeMatrix(mirtfdict)

total = 0

mirtargetedgecount = 0

tftargetedgecount = 0

mergedmirdict = merge(mirtfdict,mirgenedict)

for mir in mirdict:

count = countForMir(mir,mergedmirdict, tfdict, genecountdict,

mirEdgeCountDict,tfEdgeCountDict)

total = total + count

for x in mirEdgeCountDict.keys():

mirtargetedgecount = mirtargetedgecount + len(mirEdgeCountDict[x])

for y in tfEdgeCountDict.keys():

tftargetedgecount = tftargetedgecount + len(tfEdgeCountDict[y])

mirnaderivedredundancy = float(total) / (mirtargetedgecount)

tfderivedredundancy = float(total) / (tftargetedgecount)

cffc.write("list of gene count, %d\n" % (len(genecountdict)))

cffcTargetedGene.write("list of loop count, %d\n" %(total))

mirnaDerivedRedundancy.write("mirna derived redundancy,

%.5f\n" % (mirnaderivedredundancy))

tfDerivedRedundancy .write("tf derived redundancy,

%.5f\n" % (tfderivedredundancy))

print "Replicate is: ", i
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print "randomized count is:", total

print "randomized number of targeted genes is:", len(genecountdict)

print "mirna redundacy:", mirnaderivedredundancy

print "tf redundancy:", tfderivedredundancy
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