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ABSTRACT

The  analysis and interpretation of biomolecular data touches on many 
general issues in biology as  well as  the  sciences as  a  whole, most notably 
the  issues of big data and sustainable research practices. Among these issues 
is the continually increasing complexity of biological data sets, including both 
the scale of individual data sets, the variety of methodologies and the escalating 
difficulty of reliable and robust comparison when attempting to integrate 
disparate data. This thesis employs the  familiar paradigm of graph theory and 
network biology to generate novel methods of analyzing biomolecular data. It 
is formatted as a collection of five published papers by the author, one of them 
in the  established field of gene regulatory network comparison and modeling, 
while the  remaining four turn to the  emerging field of chromatin interaction 
network models based on high-throughput chromatin conformation capture 
data. Alongside these is a brief review of key concepts in network biology, gene 
regulatory network modeling and chromatin conformation capture in order to 
give proper context to the  work accomplished over the  course of the  author’s 
studies. The results obtained over the course of the scientific work undertaken 
show plentiful potential in chromatin interaction network models as  a  way 
of comparing and parsing chromatin interaction data. Also demonstrated are 
several novel graph-based methods for both gene regulatory network analysis 
and development as  well as  a  framework for analyzing processed chromatin 
conformation capture data and matching up network topology to other 
biological data for validation purposes.

Keywords: network biology, gene regulatory network, Hi-C, network 
topology, integrative biology.
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INTRODUCTION

Relevance of the thesis

The  introduction of graph-based methodologies to molecular biology 
at the  turn of the  century has led to the  rise of the  field of network biology. 
Network biology, as distinct from systems biology which focuses on functional 
mechanisms, is concerned with the concept of interactions and networks formed 
out of such interactions. These networks are generally represented as  graphs 
which can be used to model a  large number of biomolecule interactions such 
as protein-protein interactions, genetic interactions, gene regulation events and 
chromatin architecture. A benefit of this approach is the ability of researchers to 
use graph theory concepts in representing biological processes and consequently 
employ approaches from topology and related fields to construct elaborate 
models of biological function that may produce a more in-depth understanding 
of how biological interactions might add up to a  larger whole (Barabási and 
Oltvai 2004; Sorrells and Johnson 2015).

Owing to the  large and specialized field of molecular biology producing 
a wide variety of datasets, there is a wealth of publicly available data that may 
be used to develop, test and refine network models of biological phenomena. In 
addition to sequence databases and repositories of full experiments, there are 
additional resources that provide examples of networks and supplementary data 
to perform a wide range of analyses and validate findings from network biology 
models. However, while there has been substantial work in bridging gaps in 
knowledge using network models, the newness of network biology as a field and 
the development of ever-newer data gathering methods mean that graph theory 
methods as  well as  datasets are heterogeneous and difficult to conclusively 
evaluate for optimal performance. This is the case for gene regulatory networks 
(Sorrells and Johnson 2015), but especially so for fields such as  chromatin 
spatial organization where the  methods of integrating and cross-validating 
data in an efficient manner remain an open question and the  development of 
new methods may well allow for deeper understanding of the structures being 
studied (Pancaldi 2021; 2023).

Due to an overabundance of data and the  relative paucity of steady 
conclusions, reliable methodologies for mapping graph topology and similar 
concepts to biological function remain relevant, especially with increasing 
opportunities for integrative data analysis with the  advent of multi-omics 
datasets alongside exhaustive single-cell assays (Vandereyken et al. 2023) that 
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may make it simpler to derive reliable conclusions about how, if at all, the basic 
rules dictating the topology of biomolecule interactions may work.

Research goals and objectives

The  goal of the  research undertaken as  part of this thesis was to establish 
novel methods of graph-based analysis for biomolecular networks that utilize 
graph topology as their primary metric. This can be subdivided into the following 
key objectives:
1.	 To extend existing topological methods used for studying network motifs 

and graphlets to survey topological similarity between gene pairs in gene 
regulatory networks.

2.	 To develop new topological approaches to studying chromatin interaction 
networks through the use of connected components and derived concepts.

3.	 To discover functionally relevant subgraphs such as gene regulatory modules 
within larger chromatin interaction networks via topological means.

4.	 To use graph-based methods in conjunction with additional biomolecular 
data to validate our findings.

5.	 To refine and select the  most effective topological criterion for isolating 
functionally relevant subgraphs within a chromatin interaction network.

Primary theses

With the  above objectives in mind, the  primary hypothesis of the  present 
work is that biological properties can be identified in biomolecular data using 
purely topological graph-based means (such as  the  presence of a  particular 
network motif or divergent counts of types of subgraph such as  cliques). 
Working from this hypothesis, the  following theses encompass the  primary 
outcomes of this work:
•	 The  bi-fan motif, when generalized as  the  bi-fan unit, is a  modular, easy-

to-embed tool for capturing patterns of gene regulatory network symmetry 
between paralogous gene pairs in various organisms that do not exist in 
non-paralogous genes.

•	 High-throughput chromatin conformation capture (Hi-C) data can be 
topologically characterized by identifying, separating and analyzing 
connected components in-depth to discover functional modules in them 
even in the absence of other biological information.

•	 Through narrower applications of specific topological elements, we can 
identify functionally relevant subgraphs in chromatin interaction networks 
that are enriched in features such as active gene expression and epigenetic 
regulatory marks.
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•	 Graph-based models for chromatin conformation capture are helpful in 
pulling together and integrating information about combinations of features 
such as  positional gene expression data, chromatin annotation data and 
others.

•	 Of the graph-theoretical features most promising to examine, the foremost 
are cliques, which map not only to hotspots of regulation but also constitute 
formations of chromatin that are most valuable to characterize.

Overview of literature

The  scope of this thesis encompasses both the  study of network motifs, 
a  phenomenon historically observed in gene regulatory networks, and 
the  similar but distinct field of chromatin interaction networks. Both fields 
involve topological analyses in their essential methods, though the treatment of 
topology in gene regulatory networks is more extensive.

While network motifs were not novel to biology as a whole owing to their 
historic use in ecological models, they began to be used to describe interaction 
networks with the seminal research of the Alon lab at the turn of the 21st century 
(Babu et al. 2004; Alon 2007; Stone, Simberloff, and Artzy-Randrup 2019). They 
defined network motifs as  subgraphs within a  larger network of transcription 
factors and their regulatory targets (genes, which could also be transcription 
factors themselves) that were overrepresented in that network compared to 
what would be expected in a  mathematically modeled network with a  similar 
overall topology. Many of these were likewise assigned putative functions in 
the  biochemical signaling network, such as  delaying or modulating responses 
to particular stimuli. Since that time a  substantial amount of work has been 
invested in developing and testing this assertion, and though similar network 
biology theories such as  the  prevalence of scale-free networks in nature have 
since been strongly disputed (Lima-Mendez and van Helden 2009; Broido and 
Clauset 2019), network motif-like concepts continue to see use in concepts such 
as graphlet-based analyses (Pržulj 2007; Sarajlić et al. 2016).

The  particular interest of this thesis is the  existence of motifs known 
as bi-fan motifs (Ward and Thornton 2007) which, unlike motifs such as feed-
forward loops which are implicated in signal modulation and similar functions, 
have been suggested to be a  result of gene duplication events across a  species’ 
evolutionary history. Since there are many traceable gene duplication events that 
have been historically proven, particularly in model organisms such as the baker’s 
yeast Saccharomyces cerevisiae which has undergone at least one whole-genome 
duplication with a  full list of genes annotated and listed in publicly available 
resources alongside a reasonably accurate gene regulatory network (Byrne and 
Wolfe 2005; Teixeira et al. 2023), our objective here was to investigate in more 
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detail the  possibility of a  network motif having a  direct relationship to a  gene 
pair’s phylogenetic history.

By comparison to the  more indirectly observed information depicted in 
a  gene regulatory network, chromatin interaction networks directly depict 
the  spatial organization of chromatin. Chromatin, a  complex of proteins, 
non-coding RNAs and DNA, is both the  result and the  subject of substantial 
genomic regulation, and the  exact conformation of DNA  within the  nucleus 
of a  eukaryotic cell is both vitally important and incompletely understood. 
Much of the currently known details about how DNA is organized to facilitate 
RNA transcription more narrowly and gene regulation more broadly is the result 
of chromatin conformation capture experiments. These experiments, most 
notably high-throughput chromatin conformation capture or Hi-C (Dekker et 
al. 2002; Lieberman-Aiden et al. 2009), produce “contact maps” of chromatin 
interactions that represent regions of the genome coming into close contact, which 
are often indicators of purposeful chromatin architecture such as  topologically 
associating domains, promoter-enhancer interactions, chromatin compartments 
and similar phenomena. Many of these concepts, in fact, were originally defined 
statistically through the application of methods such as PCA performed on Hi-C 
data and later observed through other methods (Lajoie, Dekker, and Kaplan 
2015; Pancaldi 2023). Computational methods are not only vital to interpreting 
Hi-C data, they are also critical to identifying features in the data that may be 
key to discovering novel biological functions and nuances in gene regulation.

Overview of methods

All of the biomolecular data sourced for the papers published was obtained 
from previously completed scientific studies and public repositories. The  wide 
availability of data in the  field of computational biology means that, while 
provenance of an individual data set is still a concern, there was ultimately no 
shortage of either gene regulatory network data that could be sourced from 
public repositories such as YEASTRACT and RegulonDB (Teixeira et al. 2023; 
Tierrafría et al. 2022) or chromatin interaction network data sourced from 
individual experiments (Javierre et al. 2016; Jung et al. 2019; Kim et al. 2021) 
supplemented with publicly available genome annotations from accredited 
databases such as  Ensembl and ENCODE (Harrison et al. 2024; Abascal 
et  al. 2020) to test the  prevalence of biologically significant properties as  well 
as expression data from atlases such as the Genotype Tissue Expression (GTEx) 
or FANTOM5 atlases (Lonsdale et al. 2013; Noguchi et al. 2017) to obtain 
quantifiable differences in gene products depending on regulation.

With this data in hand, we generally implemented a pipeline of rendering 
our original dataset  – either a  set of gene regulatory events or chromatin 
interactions  – into a  graph. In these graphs, genomic loci or genes generally 



9

constitute vertices while interactions between them (should they exist) 
constitute edges. In each case they are generated directly from a given data set, 
usually by filtering the  interactions by a  criterion of statistical reliability such 
as  p-value included in the  data and assessed from the  original experiments 
(for the  exact criteria used in each case, consult the  individual papers). 
Then, using the  graphs generated, we proceeded to find topological features 
of interest in them in the  form of various kinds of subgraphs. These include 
network motifs (Publication I), connected components (Publications II–IV) and 
cliques (Publication V), which can then be analyzed and compared for further 
variation within that category. For the most part we employed counting metrics 
(normalized counts of topological features) for assessing topological difference, 
with some additional refinement and variations as  the  work goes on. There 
are definite algorithmic challenges and refinements employed as  part of this 
process, but these are not the  focus of the  work and will not be addressed in 
detail in the  thesis itself, which is focused more on the viability of topological 
metrics as  a  computational biology technique. Furthermore, a  related corpus 
of visualization and randomization techniques was published separately from 
the main series of publications in this thesis – interested readers are encouraged 
to consult these for details (Sizovs, Silina, et al. 2024; Sizovs, Melkus, et al. 2024).

Using bespoke topological measurement approaches of the kinds described 
above, we developed and tested several approaches of locating interesting 
features via network topology, which was then further tested by testing 
independently gathered biological data such as gene expression in conjunction 
with our categories of interest. These were tested with appropriate statistical 
analysis methods for a  given data set (such as  non-parametric analysis of 
variance) to determine the  statistical significance of differences between our 
selected topological features and known biological features in the  organism 
being studied. The  higher amount of biological features observed within our 
category of interest compared to the data set as a whole was considered evidence 
of “enrichment”, i.e., that the topological features in question are correlated with 
the biological features in some way. This was extended in numerous ways across 
the publications covered, and more of this will be covered in the main chapters 
of the thesis summary.

Overview of results

Owing to the  related but distinct graph-based modeling approaches used 
for different publications in the milieu covered by the present work, the chapters 
of this thesis are divided by publication. The  five publications these results 
appeared in are reproduced in full.

Our work on gene regulatory networks is covered by Publication I, where 
we discuss the application of graph-based modeling to gene regulatory networks 
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and make use of graphlets to analyze symmetrical motifs in paralogous gene 
pairs. We define the concept of the bi-fan unit as well as  introduce the  idea of 
complex motifs that include symmetrical positions that may be doubled. We 
perform this analysis on a  series of organisms  – baker’s yeast, nematode and 
Escherichia coli – and discover that while the  latter does not have a noticeable 
pattern of network symmetry for paralogous genes, the  pattern very clearly 
holds for both yeast and worm networks.

In Publication II we turn to chromatin interaction networks and explore 
the  topology of connected components in blood cell promoter capture high-
throughput chromatin conformation capture data. We introduce an algorithm 
for finding network components within a  graph formed out of a  chromatin 
interaction contact map and suggest an approach for locating components of 
biological significance in a  set of interrelated blood cell types, demonstrating 
some initial results in the  form of enrichment analyses of our selected 
components.

In Publications III and IV, which overlap substantially in subject matter and 
continue a course of research from one to the next, we extend our component-
based approach to develop a set of topological metrics we compare within our 
component dataset in order to establish methods of topologically distinguishing 
different cell types by their mutual relatedness (expressed as “distance” between 
different pairings of related cells). We use these metrics on our blood cell pcHiC 
data and successfully find some agreement between some of our proposed 
distance measures. We also additionally validate the  biological significance of 
our components by expression data analysis using the  FANTOM5 promoter-
level expression atlas.

In Publication V we conclude our analyses of chromatin interaction 
network data by narrowing our search down to the analysis of cliques of size 3 (or 
triangles) and aggregations thereof in a several Hi-C datasets, finding significant 
evidence of enrichment in transcription start sites as well as elevated expression 
within clique aggregations, particularly when narrowing the  comparison 
RNA polymerase II binding sites. All of this is generally indicative of the presence 
of “transcription factories”, sites of coordinated transcription around closely 
associated chromatin regions, which our analysis clearly links with localized 
preponderances of cliques. From here we theorize about potential extensions of 
the method listed as well as future directions of research.

Approval of the results

The main findings of this thesis are covered by the following publications:
1.	 Melkus, Gatis, Peteris Rucevskis, Edgars Celms, Kārlis Čerāns, Karlis 

Freivalds, Paulis Kikusts, Lelde Lace, Mārtiņš Opmanis, Darta Rituma, 
and Juris Viksna. “Network Motif-Based Analysis of Regulatory Patterns 
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in Paralogous Gene Pairs.” Journal of Bioinformatics and Computational 
Biology 18, no. 03 (June 18, 2020): 2040008. https://doi.org/10.1142/
S0219720020400089. (author contribution: 75%)

2.	 Viksna, J., G. Melkus, E. Celms, K. Čerāns, K. Freivalds, P. Kikusts, L. Lace, M. 
Opmanis, D. Rituma, and P. Rucevskis. “Topological Structure Analysis 
of Chromatin Interaction Networks.” BMC Bioinformatics 20 (2019). 
https://doi.org/10.1186/s12859-019-3237-z. (author contribution: 55%)

3.	 Lace, Lelde, Gatis Melkus, Peteris Rucevskis, Edgars Celms, Karlis Cerans, 
Paulis Kikusts, Martiņš Opmanis, Darta Rituma, and Juris Viksna. “Graph-
Based Characterisations of Cell Types and Functionally Related Modules 
in Promoter Capture Hi-C Data.” Proceedings of the  12th International 
Joint Conference on Biomedical Engineering Systems and Technologies 
(BIOSTEC 2019), 78–89, 2019. https://doi.org/10.5220/0007390800780089  
(author contribution: 60%)

4.	 Lace, Lelde, Gatis Melkus, Peteris Rucevskis, Edgars Celms, Kārlis Čerāns, 
Paulis Ķikusts, Mārtiņš Opmanis, Darta Rituma, and Juris Viksna. 
“Characteristic Topological Features of Promoter Capture Hi-C Interaction 
Networks.” Communications in Computer and Information Science, vol. 
1211, pp. 192–215, 2020. https://doi.org/10.1007/978-3-030-46970-2_10. 
(author contribution: 65%)

5.	 Melkus, Gatis, Andrejs Sizovs, Peteris Rucevskis, and Sandra Silina. 
“Transcriptional Hubs Within Cliques in Ensemble Hi-C Chromatin 
Interaction Networks.” Journal of Computational Biology 31, no. 6 (June 1, 
2024): 589–96. https://doi.org/10.1089/cmb.2024.0515. (author contribution: 
75%)

In addition to these, several more publications were accepted and released that 
may be referenced in this thesis but are not directly covered.

•	 Gatis Melkus, Pēteris Ručevskis, Edgars Celms, Kārlis Čerans, Karlis 
Freivalds, Paulis Kikusts, Lelde Lāce, Mārtiņš Opmanis, Dārta Rituma, Juris 
Vīksna. Graph-based network analysis of transcriptional regulation pattern 
divergence in duplicated yeast gene pairs. ACM International Conference 
Proceeding Series, 3365954, 2019. https://doi.org/10.1145/3365953.3365954 

•	 Gatis Melkus, Sandra Silina, Andrejs Sizovs, Peteris Rucevskis, Lelde Lace, 
Edgars Celms, and Juris Viksna. “Clique-Based Topological Characterization 
of Chromatin Interaction Hubs,” 476–86, 2023. https://doi.org/10.1007/978-
981-99-7074-2_38. 

•	 Andrejs Sizovs, Gatis Melkus, Peteris Rucevskis, Sandra Silina, Lelde 
Lace, Edgars Celms, and Juris Viksna. “A  Technique for Preserving 
Network Structure in Randomized Hi-C Data.” Journal of Bioinformatics 
and Computational Biology 22, no. 05 (October 24, 2024). https://doi.
org/10.1142/S0219720024400018.

https://doi.org/10.1142/S0219720020400089
https://doi.org/10.1142/S0219720020400089
https://doi.org/10.1186/s12859-019-3237-z
https://doi.org/10.5220/0007390800780089
https://doi.org/10.1007/978-3-030-46970-2_10
https://doi.org/10.1089/cmb.2024.0515
https://doi.org/10.1145/3365953.3365954
https://doi.org/10.1145/3365953.3365954
https://doi.org/10.1007/978-981-99-7074-2_38
https://doi.org/10.1007/978-981-99-7074-2_38
https://doi.org/10.1142/S0219720024400018
https://doi.org/10.1142/S0219720024400018
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•	 Andrejs Sizovs, Sandra Silina, Gatis Melkus, Peteris Rucevskis, Lelde Lace, 
Edgars Celms, and Juris Viksna. “Exploration and Visualization Methods 
for Chromatin Interaction Data.” edited by Wei Peng, Zhipeng Cai, and 
Pavel Skums, 101–13. Singapore: Springer Nature Singapore, 2024.

•	 Melkus, Gatis, Karlis Cerans, Karlis Freivalds, Lelde Lace, Darta Zajakina, 
and Juris Viksna. “Analysis of Dynamics and Stability of Hybrid System 
Models of Gene Regulatory Networks.” In The 12th International Conference 
on Computational Systems-Biology and Bioinformatics, 1–10. New York, 
NY, USA: ACM, 2021. https://doi.org/10.1145/3486713.3486727.

•	 Lace, Lelde, Karlis Cerans, Karlis Freivalds, Gatis Melkus, and Juris Viksna. 
“Hybrid Gene Regulation Models of Mammalian Circadian Cycles.” In 
Proceedings of the  15th International Joint Conference on Biomedical 
Engineering Systems and Technologies, 130–37. SCITEPRESS – Science and 
Technology Publications, 2022. https://doi.org/10.5220/0010834400003123.

•	 Melkus, Gatis, Karlis Cerans, Karlis Freivalds, Lelde Lace, Darta Zajakina, 
and Juris Viksna. “Behavioral Dynamics of Bacteriophage Gene Regulatory 
Networks.” Journal of Bioinformatics and Computational Biology 20, no. 05 
(October 14, 2022). https://doi.org/10.1142/S0219720022500214.

•	 Viksna, Juris, Karlis Cerans, Lelde Lace, and Gatis Melkus. “Characterizing 
Behavioural Differentiation in Gene Regulatory Networks with 
Representation Graphs.” NAR Genomics and Bioinformatics 6, no. 3 (July 2, 
2024). https://doi.org/10.1093/nargab/lqae102.

In relation to the above, two students involved in the above publications addi-
tionally used the results and methods to defend qualifying and bachelor’s theses, 
supervised by the author:
•	 Sandra Siliņa, 2023. “Vizualizācijas hromatīna interakciju datu analīzei”. 

Qualifying thesis.
•	 Andrejs Sizovs, 2023. “Sistēmas izstrāde Hi-C datu analīzei”. Qualifying 

thesis.
•	 Andrejs Sizovs, 2024. “Metodes Hi-C datu randomizācijai, saglabājot to 

topoloģisko struktūru”. Course thesis.
•	 Andrejs Sizovs, 2024. “Metode tīkla struktūras saglabāšanai randomizētajos 

hromatīna interakciju datos”. Bachelor’s thesis.

In addition to the listed publications, the findings in this thesis were presented at 
several international conferences, either as posters or as oral presentations:

•	 “Graph-based network analysis of transcriptional regulation pattern 
divergence in duplicated yeast gene pairs”  – CSBio 2019, Nice, France, 
December 4–7 (oral presentation)

•	 “Topological features of chromatin interaction networks” – RECOMB 2020, 
remote (poster)

https://doi.org/10.1145/3486713.3486727
https://doi.org/10.5220/0010834400003123
https://doi.org/10.1142/S0219720022500214
https://doi.org/10.1093/nargab/lqae102
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•	 “Structural comparison of chromatin interaction networks generated from 
Hi-C data” – ECCB 2022, Sitges, Spain (poster)

•	 “Clique-based identification of functional modules in Hi-C graphs”  – 
RECOMB 2023, Istanbul, Türkiye (poster)

•	 “The utility of cliques in topological characterization of Hi-C data” – ISMB/
ECCB 2023, Lyon, France (poster)

•	 “Clique-based topological characterization of chromatin interaction hubs” – 
ISBRA 2023, Wroclaw, Poland (oral presentation)

•	 “Gene Expression Variability Linked to Chromatin Clique Configurations 
and cis-Regulatory Elements” – ICCBB 2024, Kyoto, Japan (oral presentation)

The  main publications covered are included in full in the  doctoral thesis 
as  separate chapters, and this summary as  well as  the  thesis itself are both 
organized around this fact. The  thesis is 146 pages long and includes 
183  references, excluding references in the  text of Publications I–V which are 
preserved as they originally appeared in the articles in question for clarity.
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1. PUBLICATION I – NETWORK MOTIF-BASED 

ANALYSIS OF PARALOGOUS GENE PAIRS

In this section we discuss the  first publication featured in this thesis on 
the prevalence and topological study of bi-fan motifs as seen in gene regulatory 
networks. The  basic idea of network motifs originates early on in the  nascent 
discipline of network biology, and involves establishing certain topological 
patterns in gene regulation as overrepresented in a biological network compared 
to a  basic mathematical model (Milo et al. 2002). Several of these such 
as  feedback and feed-forward loops have a  large body of literature devoted to 
them, but in this case we look into the  prevalence of the  bi-fan motif and its 
relationship to whole-genome duplications.

Along with more obvious traces of whole genome duplication such as gene 
synteny (Kellis, Birren, and Lander 2004), the  existence of symmetrical bi-fan 
motifs within gene regulatory networks has been previously linked to gene 
relatedness (Ward and Thornton 2007). The  mechanism at the  basis of this is 
thought to be gene duplication  – a  freshly duplicated pair of genes obviously 
should have both the same set of regulators and the same set of regulatory targets. 
As these genes diverge over the  course of evolution, this set of interactions is 
lost as the sequence of the gene and the structure of the gene product changes 
accordingly. Hypothetically, this means that interactions in paralogs should 
ideally show some kind of overlap, not just within the scope of an individual bi-
fan motif but also within other graphlets that a gene regulatory network could 
potentially contain.

To obtain gene regulatory networks suitable for our purposes we employed 
data from the  YEASTRACT dataset of regulators and their targets (Teixeira 
et al. 2023). From this we constructed a graph where each node is a gene (and its 
corresponding protein) and each edge is a regulatory interaction. No distinction 
was drawn between activation and repression here due to longstanding issues 
with the  sign-consistency model (Larsen et al. 2019). To further confirm our 
results we also assembled the regulatory networks of the bacterium Escherichia 
coli (Tierrafría et al. 2022) as well as  the worm Caenorhabditis elegans (Reece-
Hoyes et al. 2013) from publicly available datasets due to both regulatory 
networks being reasonably well-known as  well as  of a  manageable size for 
the  construction of graphs. All of these, it should be noted, also have well-
established sets of within-species paralogs (genes that originate from duplication 
within the  particular species’ history), genes within the  same protein family 
(genes that originate from duplication from before the species came to be) and 
ohnologs (genes that are preserved from a  whole-genome duplication event 
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sometime in the species’ history), which we use as our frame of comparison for 
how interactions might reflect a given set of genes’ evolutionary history.

In order to investigate the  basic idea of symmetry within gene regulatory 
networks we introduce the concept of the bi-fan unit, a simple directed graphlet 
made up of 3 nodes that contains either a  single sink node into which two 
source nodes direct their path, or two sink nodes with a single source node. This 
graphlet makes it simpler to reckon the exact size of a bi-fan array, a complex 
motif that involves an expanding set of source or sink nodes tied to a  single 
pair of nodes they regulate. By integrating the  bi-fan unit into a  series of 
classically recognized network motifs, we further develop the idea of symmetry 
within motifs. Motifs can possess symmetry as  a  result of particular genes 
being duplicated, leading to certain positions in these motifs being “twinned”, 
as seen in fig. 1, resulting in complex graphlets with several potentially twinned 
positions (as opposed to “simple” motifs where these positions are not twinned). 
This means that bi-fan-based symmetry can be evaluated for a given gene pair 
by calculating how many of their motifs tend to overlap in this way.

Figure 1. All possible variations of basic graphlets (network motifs) in gene regulatory 
networks as counted in the design of the study. The gray and black positions indicate 
the relation of the graphlet to a pair of genes being studied.

In the basic formulation of network motifs, their biological significance is 
justified by their overrepresentation within a  regulatory network compared to 
what could be explained merely by the  connectivity of individual node (Alon 
2007). This means that, for example, there should be more feed-forward loops 
within a yeast regulatory network than can be found within a random network 
with the same node degrees and overall properties (often modeled as an Erdos-
Renyi randomized network, though other options also exist). In our case, we 
tested whether both simple and complex motifs were significantly depleted 
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when different proportions of noise (that is, certain proportions of edges were 
swapped in accordance with the basic properties of the graph).

Results

In analyzing our complex network motif counts, we could readily discern 
immediate differences in the complex motif count dynamics compared to simple 
motifs when applying noise to the data. Firstly, the number of complex motifs 
was an order of magnitude lower than the number of simpler motifs in the yeast 
data, and certain twinned positions in complex motifs showed substantially 
larger motif counts than others, most noticeably target gene positions (or Z 
positions, which have only incoming links and no outgoing ones), which makes 
sense because genes without regulatory products form the  vast majority of 
the datasets. Secondly, the complex motifs showed substantially higher rates of 
depletion compared to simple motifs, rapidly declining in number compared 
to the  simple motifs measured in the  same dataset. Since the basic concept of 
the network motif is rooted in these subgraphs being overrepresented in a given 
biological network, we considered this a solid indication that our complex motifs, 
rather than simply arising from essential graph properties, did in fact have some 
kind of biological significance that explained their presence in the  network. 
Thirdly, we noticed none of our paired metrics showed a noteworthy correlation 
with gene, protein or promoter sequence dissimilarity, which was not strictly 
surprising given that gene relatedness is often difficult to measure in terms of 
sequence similarity in general.

By and large, the  metrics for particular motifs tended to be closely 
interlinked, most notably within the confines of a given gene pair where the set 
of 2-metrics, i.e. the number of motifs featuring the second member of the gene 
pair, were essentially the bottleneck that determined the number on 12-metrics, 
i.e. the complex motif featuring both members of the pair. This let us refine our 
approach and introduce a  derived simple measure we called symmetry, which 
is the  ratio of 2-metrics to 12-metrics within a  given gene pair. This not only 
helped us evaluate the overall (ostensibly preserved) network topology but also 
handily scaled the motif counts into a more easily comparable form. We analyzed 
symmetry between gene pairs (ohnolog, within-species paralog, and other) in 
yeast, worm and E. coli and discovered that in both yeast and worm networks 
the  symmetry between ohnologs as  well as  within-species paralogs easily and 
noticeably exceeded that which we observed in proteins from the same family, 
demonstrating that there is indeed likely to be some preservation in network 
structure in such paralogs in line with the  model outlined in the  bi-fan motif 
concept. The  E. coli network showed no such thing, however, which could 
be explained in a  number of ways but likely has a  lot to do with the  relative 
sparseness, different annotation and less obvious frame of comparison within 
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a  bacterium compared to a  eukaryotic organism. This does mean that our 
results were indeed likely dependent on the specific format of the network, and 
that future research would be required to properly make general conclusions 
about the behavior of biological networks.

In any case, this publication was a  successful effort in more systematically 
surveying the  bi-fan motif as  a  measure of gene relatedness, and a  good first 
step in analyzing the prevalence of particular graphlets in networks as a whole. 
The overall research direction, while promising, ultimately was redirected toward 
chromatin interaction networks which, as  we’ll see in the  next few chapters, 
had substantially different considerations structurally as  well as  topologically 
compared to the gene regulatory networks examined here.
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2. PUBLICATION II – TOPOLOGICAL STRUCTURE 

ANALYSIS OF CHROMATIN INTERACTION 
NETWORKS

Chromatin conformation capture technologies present an attractive avenue 
for the application of graph-based methods, and so the rest of the publications 
covered in this thesis will focus in on the  use cases of topological studies in 
interpreting tissue-based Hi-C (high-throughput chromatin conformation 
capture) data. Compared to gene regulatory networks, chromatin interaction 
networks are substantially larger, denser and more directly tied into the observed 
behavior of biomolecules, and so the  layer of abstraction that network biology 
offers works very well here, as adjacency matrices can be more or less formed 
1-to-1 out of processed Hi-C datasets.

Our work on chromatin interaction networks begins with the  Javierre 
dataset of tissue-based Hi-C interaction networks in 17 different blood cell types 
(Javierre et al. 2016). This well-annotated, readily available public dataset was 
highly suitable for our purposes due to being easily interpreted, fully processed 
and usable almost directly due to its modest size (by the standards of molecular 
biology experiments) and convenient format (interactions are handily marked 
by their CHiCAGO (Cairns et al. 2016) scores in accordance with the capture 
Hi-C processing pipeline used by the original authors). Furthermore, since all 
the  cell types sourced in the  data are sampled from healthy human subjects 
and are mutually interrelated according to the  hematopoietic tree (the lineage 
of all blood cells in the  human body, starting with hematopoietic stem cells 
that differentiate into all blood cells covered here), we had no issue obtaining 
a ground truth of relatedness to compare our computational results to.

The  essential thrust of our work in this publication was focused on 
the identification of modules (connected components in the interaction graph) 
that are specific to particular sub-branches of the  hematopoietic lineage, in 
contradistinction to modules that are specific to only one cell type or modules 
that are common in all cell types. The purpose of this was to hopefully identify 
particular chromatin structures involved in cell type differentiation. Because 
most of the  tissue interaction maps contain in excess of 150 000 interactions, 
both finding components and deciding their significance needed to be achieved 
algorithmically.

As implied previously, quite a  few interactions between cell types overlap 
in the  Javierre dataset (for a  total of ~700,000 unique interactions). Therefore 
we constructed a  large graph for each chromosome (there were relatively few 
interchromosomal interactions and we followed the  literature at the  time 
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(Lajoie, Dekker, and Kaplan 2015) in excluding them as  likely insignificant to 
our analysis) where we labeled the edges and vertices depending on which cell 
types they constitute a  sufficiently significant (that is, possessing a  CHiCAGO 
score (Cairns et al. 2016) of 5 or higher) interaction. Then we implemented 
an algorithm for finding network components (FindNetworkComponents) 
in these graphs by using a  breadth-first search of a  binomial tree of all cell 
type combinations, a  tractable enough solution for our purposes. In addition 
to this, we searched for components that were not too large or too small for 
a  sensible analysis (between 10 and 100 vertices in size) and preserved more 
than 75% of their edges in a  small subset of our cell types while failing to 
retain them in the  broader dataset. To facilitate selection of such components 
for further analysis, we created the  SignificanceScore which ranked all 
components found in our data according to these criteria (for an example of 
such a component see Fig. 2) and identified components of particular interest 
that we then could employ further analysis methods on. Our chosen algorithm 
performed adequately at this task, albeit it should be said that the exponential 
time complexity of finding network components depending on cell type count 
may mean it would not be efficient for much larger datasets.

Our next step in identifying if these components genuinely identified 
any kind of pattern of gene expression or differentiation was to check for 
the  presence of coordinated gene expression via BLUEPRINT RNA-seq data 
(Adams et al. 2012) and FANTOM5 CAGE (Noguchi et al. 2017) data, which 
could feasibly tell us whether there was heightened gene expression within 
the  components, but we could not manage the  relatively low coverage of 
the dataset in comparison to our set of vertices (but would return to this thread 
later in subsequent publications). Instead, we utilized both the Enrichr web tool 
(Kuleshov et al. 2016) to test a subset of our highest scoring components as well 
as  developed a  method to analyze the  variance of ChromHMM (Ernst and 
Kellis 2017) annotations denoting putative chromatin states based on epigenetic 
data to see if our selected components appeared to contain elevated amounts of 
activity that would be consistent with the  decisive role in gene expression we 
intended to locate.

Results

The  component structure of our Hi-C dataset proved amenable to our 
analysis, with some important caveats. Firstly, a substantial portion of the graph 
formed one large connected component containing half or more of the vertices 
overall, with the  mid-size components we are looking for constituting 
a  relative minority of all vertices in the  dataset. This is not necessarily a  flaw, 
as  the remainder that were collected nevertheless constituted several thousand 
components with a somewhat even spread of sizes between 10 and 100 vertices 
in all chromosomes surveyed (the Y chromosome was excluded from the study 
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on account of having almost no interactions) and were entirely suitable for 
further analysis.

Figure 2. Example of a highly significant component under our chosen rubric. Solid 
lines are retained when adding tissue types outside of the main set, dotted lines are lost 
when doing the same.

The  biological validation of our components, which involved examining 
both gene regulator enrichment and chromatin annotation enrichment in 
components compared to the  dataset as  a  whole, overall appeared to show 
modest increases in chromatin annotations of all kinds, including quiescent 
“dead zones” and repressed areas of chromatin as well as some associations with 
particular transcription factors. This seemed to indicate that there was indeed 
activity aggregating within these connected components, but it was less than 
effectively refined by the  particular kind of connected component we were 
examining. Therefore, two prime concerns emerged from this line of analysis. 
The first of these was that the necessity of obtaining a more specific query to sort 
our connected components by, such as a specific kind of subgraph or graphlet. 
Likely candidates for these would be highly interconnected central elements 
to our components, such as  the  starlike aggregations produced by particular 
locations represented by nodes with the  highest node degrees, so a  more 
detailed examination of the topology of our components would be required in 
the future. The second concern was that our selected components would benefit 
from a  broader sphere of comparison to the  rest of the  dataset, to identify 
whether there is not either a broader or narrower category of component that 
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would be more enriched desirable properties such as gene activity. With these 
two concerns in mind, we moved on to more detailed topological analyses of 
this dataset in the following two publications.
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3. PUBLICATIONS III AND IV – GRAPH-BASED 

CHARACTERIZATIONS OF CELL TYPES AND 
FUNCTIONALLY RELATED MODULES IN PROMOTER 

CAPTURE HI-C DATA, CHARACTERISTIC 
TOPOLOGICAL FEATURES OF PROMOTER CAPTURE 

HI-C NETWORKS

Having previously addressed the  basic topology of components in our 
chosen dataset, we then began working on additional strategies for isolating 
interesting topological properties from the large graphs that our Hi-C matrices 
produce across their set of tissues. In the following two publications we explore 
the  possibilities of topological metrics in differentiating tissue types from one 
another, primarily in the form of counting different kinds of graphlets occurring 
in our examined tissue types. Publications III and IV significantly overlap in 
subject matter, and so will be covered here in one chapter.

It is important to outline a  particular property of the  data studied here, 
which is directionality. By default, high-throughput chromatin conformation 
capture data cannot be said to be biologically directional because a chromatin 
contact is by nature reciprocal, that is, if a chromatin region a  is said to be in 
close proximity with chromatin region b, chromatin region b is consequently 
at the  same close proximity to chromatin region a. However, the  Babraham 
Institute dataset we began our work with has an additional property of interest 
in that it is a  promoter capture Hi-C dataset. Promoter capture Hi-C datasets 
are distinct from most Hi-C datasets in that their contact list is constrained 
to only include contacts involving at least one promoter region (pre-selected 
as  part of the  experiment) (Mifsud et al. 2015). These are known as  “baits” 
while the other contact is known as the “other end” (a bait region can connect 
to another bait region, which is what makes larger connected components 
possible. Since contacts always involve at least one bait region (and are listed 
as such in the dataset with the bait region unambiguously marked), they can be 
rendered as directed edges, which opens up potential variations in topology that 
we examined in more detail here.

The  basis of our approach here was the  creation of 57 metrics that 
measured, among other things, the  number of various kinds of connected 
components (connected components, bi-connected components, strongly 
connected components and cliques), the average or maximum edge and vertex 
counts in these components and sub-variations thereof (for a full explanation of 
the different metrics see the publications). These Base57 metrics included most 



23

permutations of these counts for every kind of connected component surveyed, 
which naturally meant that many of these would be mutually redundant 
in terms of predicting differences in tissue types (for example, metrics that 
measure the number of vertices and the number of edges for a particular kind 
of component would naturally be highly correlated compared to other metrics). 
This led to an immediate narrowing of the  Base57 set to a  smaller Base34 set 
of metrics by removing obvious redundancies (with correlation coefficients 
exceeding 0.93 in practice), which were then subjected to further refinement via 
stepwise regression down to a set of 11 (Base11) metrics in Publication III, then 
down to 6 (Base6) in Publication IV to obtain maximal predictive value with 
the  fewest variables (as evaluated by the Akaike information criterion or AIC) 
in comparison with a set of bespoke distance metrics designed for our study.

Plotting out distance between cell types is in itself a  challenge because 
there is no absolute way to gauge how different two types of cells are, which 
means that a certain degree of abstraction is required. In our case we made use 
of several distance measures to compare our metrics to, some of which came 
from the dataset itself (Dcont and Db, both of which are based on a hierarchically 
clustered tree of cell types based on the contact matrices from the study) while 
others were computed based on the  hematopoietic tree (D4, DA, DB, DC). Of 
these, DA, DB, DC and Db are binary measures based on whether two cell types 
are within the same subgroup of cell types or not, D4 is a more complex measure 
wherein cell types are sorted into 5 subgroups with different distances between 
them and Dcont is directly computed from the  cell type hierarchical clustering 
from the original publication the dataset was sourced from as depicted in Fig. 3 
(Javierre et al. 2016). These six distance measures were used to optimize our set 
of metrics in both publications in order to obtain reliable comparisons for how 
they performed in discriminating between cell types.

Finally, we also analyzed the  component structure further (continuing 
our work from Publication II) both through the  previously used method of 
Enrichr manual transcription factor enrichment analysis (Kuleshov et al. 2016) 
as  well as  the  incorporation of FANTOM5 expression profiles (Noguchi et al. 
2017) into our components. FANTOM5 expression profiles were a  necessary 
addition to our testing approach in order to discover an actual link between 
our selected chromatin topological patterns and gene expression events, if one 
genuinely exists. The coverage here remained rather low, with a relative minority 
of promoter regions having FANTOM5 expressions attached (covering 18% 
of vertices in 11 of 17 cell types for which data was available), but this was 
enough to make some determinations about the  comparative gene activity in 
the cell types covered by the FANTOM5 data as far as it pertains to differences 
between components in different cell types. To get an idea of whether there 
was substantial coordination of transcription start site activity within cliques 
compared to the dataset as a whole, we calculated correlations between pairs of 
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transcription sites within particular cliques and compared them statistically to 
sites outside of those cliques, also considering transcriptional activities observed 
in closely related vs. unrelated cell types.

4.1. Results

Our chosen approach was moderately successful in unpicking more of 
the complexities in our chosen dataset, as  the metrics used, tested and refined 
showed some ability in distinguishing particular cell types from one another, 
although this was not entirely consistent between chromosomes. Chromosome-
specific patterns of correlation in particular metrics confounded the  analysis, 
and while there were particular patterns observed such as  the  heightened 
significance of bi-connected components, our topological approach did not 
necessarily provide any explanation as  to why these specific patterns would be 
significant, which made validation doubly important as a subsequent step. This 
was complicated further by our chosen distance metrics – while it was possible 
to get fairly exact distances with Dcont, this distance measure in particular was 
derived from the dataset itself and, while it was substantially different enough 
from what our metrics were measuring, it nevertheless had unavoidable bias 
compared to the hematopoietic tree metrics, which were less precise and harder 
to evaluate in concrete terms. This created obvious issues that we would attempt 
to solve in later work and ultimately led to us abandoning the metric approach 
for later work, including Publication V.

Figure 3. The Dcont measure of relatedness visualized as a heatmap, obtained by 
measuring distances across a clustered tree of cell types (Javierre et al. 2016).

Another matter to consider is that our methodology, while theoretically 
suitable for a wide variety of Hi-C datasets, had thus far been tested primarily 
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just on the  single dataset from the  Babraham Institute about the  lineage of 
blood cells. One reason for this was that the  blood cell pcHi-C dataset was 
comprehensive and made up of healthy human cells with a  clearly established 
relation between them, which simplified biological interpretation, unlike many 
other Hi-C datasets that focus on cell lines made up of either cancer cells 
or similar immortal cell cultures that may have additional peculiarities in 
chromatin structure that need accounting for. Additionally, because our method 
was developed for pcHi-C data, the  much larger size and density of other 
Hi-C datasets, including gold-standard high-resolution datasets used widely 
in the  field (Rao et al. 2014), presented difficulties in efficiently computing 
connected components for them in a practical amount of time.

Nevertheless, the information gathered in these publications demonstrated 
the usefulness of focusing in on narrower topological definitions such as cliques, 
which we would continue to explore as potentially likely candidates for significant 
chromosomal structures. Of particular significance is the inclusion of expression 
profiles here, which for the  first time provide a  substantial enough basis by 
which to judge gene expression in our components in a substantial way. While 
the approach used needed additional refinement to be fully suitable to the data, 
it nevertheless provided reasonable evidence of actual gene regulatory events 
occurring within our chosen components. These methodological improvements 
would form the basis of our future work.
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4. PUBLICATION V – TRANSCRIPTIONAL HUBS 

WITHIN CLIQUES IN ENSEMBLE HI-C CHROMATIN 
INTERACTION NETWORKS

With a more elaborate understanding of how to characterize both connected 
components and smaller topological patterns (much of the  intervening work 
on tissue similarity and metrics remains unpublished) we would continue to 
refine and streamline our analytical approach, at last achieving some success 
with a  clique-specific analysis of chromatin conformation data covered in 
Publication  V, which is itself an elaboration on an earlier conference paper 
(Melkus et al. 2023).

Focusing on cliques as  the  primary object of interest has a  number 
of benefits both methodologically and computationally over the  previous 
metric-based approach that used connected components more generally. 
Firstly, methodological concerns about the  soundness of how our connected 
components were selected, calculated and further analyzed were no longer in 
play. Secondly, our selection of the  narrower topological category of cliques 
meant that the  function of connected components in narrowing our search 
down to computationally tractable boundaries was fulfilled more efficiently by 
the  category of cliques of size 3 (C3), a  triangle of vertices fully connected by 
edges, which are a  simple clique that nevertheless fully encompasses all larger 
aggregations of chromatin in the data. Thirdly, cliques are much more specific 
and rarer in the datasets studied, therefore making it easier to identify particular 
modules of regulation by virtue of cliques representing local maximums of 
connectivity (or, biologically speaking, functionally relevant aggregations of 
active loci) within a given cluster of chromatin.

Furthermore, we successfully applied our approach to new datasets 
principally obtained from the 3DIV database which included a number of Hi-C 
datasets for human tissues, notably a reasonably exhaustive set of both promoter 
capture Hi-C (for 27 different tissues) (Jung et al. 2019) and non-capture Hi-C 
experiments (for 20 tissues matching our pcHi-C set) (Kim et al. 2021) that we 
made use of for an efficient comparison of our methods across different types of 
data. Unlike our previous data, these particular tissue samples did not have an 
immediate relatedness comparable to that of the blood cell pcHi-C dataset, and 
while we made some effort to establish tissue similarities based on expression 
profiles (Manatakis, VanDevender, and Manolakos 2021), the  data ultimately 
proved incompatible with a metric-based approach.

Our approach also was changed in terms of graph generation. Whereas 
for our blood cell pcHi-C data we created graphs of directed edges based on 
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the bait-other end dichotomy in the data, the non-capture Hi-C dataset did not 
have any reason to make such a distinction, and to make sure the results would 
be easier to compare, we rendered both datasets as undirected graphs. For each 
chromosome in each tissue we constructed graphs Gt, where vertices Vt are 
genomic regions found in the Hi-C contact matrix and edges Et are contacts that 
met our filtering criteria. Since these datasets were not processed according to 
the CHiCAGO pipeline, we filtered contacts by their assigned p-values instead, 
using cutoff points chosen to optimize the  size of our overall graph, which in 
practice meant a  much higher cutoff point for the  denser Hi-C data than for 
the pcHi-C data. For each data type the resulting graphs were then assembled 
into a  comprehensive graph where each edge was additionally labeled with 
the  tissues that it has been found in. We proceeded to find cliques in these 
graphs, noting their positioning on the  chromosome as  well as  the  edges and 
vertices involved.

To validate the  functional significance of the  cliques we located we 
employed a wide range of data. Firstly, by adding Ensembl genes to our contact 
map at their appropriate positions in the  genome we were able to perform 
gene ontology enrichment analysis on the  contacts within cliques as  opposed 
to contacts in the  dataset as  a  whole using GOEA  (Klopfenstein et al. 2018). 
Secondly, we obtained a wide range of chromatin state modeling data (derived 
from epigenetic assays and assigned via hidden Markov model to the genome, 
denoting features such as  transcription start sites, enhancers and more) from 
Roadmap Epigenomics (Abascal et al. 2020) covering much of our tissue data 
and were able to use this to analyze enrichment in functional annotations in 
cliques vs. the  genome as  a  whole. Thirdly, we assigned expression profiles 
from the Genotype-Tissue Expression atlas (GTEx) (Lonsdale et al. 2013) and 
FANTOM5 (Noguchi et al. 2017) to our vertices, with the additional refinement 
that we did not require this positional expression to ideally match up with 
the vertex, which is consistent with findings in the literature that gene expression 
and chromatin conformation do not need to match perfectly in coordinates to 
have a functional link (Wurmser and Basu 2022). Finally, to help us narrow down 
the results, we also brought in additional annotations from the Encyclopedia of 
DNA Elements (ENCODE) project (Jou et al. 2019), most notably binding data 
for RNA polymerase II, to help further refine our analysis of gene expression in 
cliques by narrowing it down to specifically active loci. This set of approaches 
allowed us to obtain considerably more reliable and comprehensive results than 
previously.

5.1. Results

The  essential finding with regards to cliques of size 3 in our Hi-C data 
was the  noticeable prevalence of high concentrations of cliques in particular 
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chromosomal locations, which was consistent with observed “chromatin 
hotspots” from the literature indicative of active gene clusters (Liu et al. 2019). 
Isolating cliques in particular proved an effective way to analyze the  densest 
parts of chromatin clusters and identify fairly robust patterns of expression and 
epigenetic markings within them.

Notably, our multi-pronged validation strategy showed promising results 
along a  number of lines. Firstly, our gene ontology enrichment analyses 
demonstrated the  presence of several previously known gene clusters (such 
as the HLA cluster or olfactory receptor protein genes) and several less obvious 
aggregations that may very well fulfill a  similar function. Secondly, we saw 
noticeable enrichment of certain chromatin annotations within our cliques, 
specifically those of transcription start sites and active transcription while 
curiously seeing a much lesser proportion of enhancer annotations (see Fig. 4), 
suggesting that our identified gene modules match up more closely to the concept 
of transcription factories rather than promoter-enhancer interactions. Thirdly, 
our analysis of gene expression produced a surprisingly solid result in the form 
of a clear difference in gene expression in both FANTOM5 and GTEx datasets 
when considering cliques as opposed to contacts in the dataset as a whole, an 
effect that became even more apparent when analyzing only RNA  polymerase 
II binding sites where active transcription is reasonably plausibly occurring in 
the tissues in question. All of these lines of evidence pointed toward our cliques 
somewhat effectively filtering out clusters of coordinated transcription rather 
than other kinds of cis-regulatory elements.

Figure 4.  Enrichment of chromatin annotations in cliques vs. links in our tissue 
data, measured as a ratio in all chromosomes. The red dotted line at ratio 1 indicates 
the border line between enrichment and depletion.

All of this opened further avenues of analysis in terms of characterizing 
these cliques more precisely, as  even with the  narrower selection criteria of 
cliques the  overall clusters found were still challenging to pick out specific 
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elements from. Fortunately, the  system of annotations applied here fit easily 
with positional formatting standards in the  field of computational biology, 
which meant that further information on a variety of genomic features will be 
easy enough to come by in the future. However, to more conclusively establish 
patterns of expression in cells such as these, we will eventually need to move on to 
more granular kinds of chromatin conformation data – most notably single cell 
Hi-C datasets which, unlike ensemble (or bulk) Hi-C data, afford a much more 
immediate, less averaged view of chromatin architecture. However, our current 
use case presents a  successful implementation of a  graph-based topological 
approach in analyzing Hi-C data, finding and successfully identifying chromatin 
hubs within previously known biological categories based on graph topology 
alone. Further innovation along these lines is definitely possible, and topological 
analysis of newer single-cell datasets is likely to bear further novel results.
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CONCLUSION

The  essential implementations of graph-based models for biomolecular 
data featured in this study were successful in their primary aim, which is to 
facilitate a  systematic understanding of how to interpret interactions between 
biomolecules. The  key findings included in this thesis can be summarized 
as follows:
•	 Our topological approach was successful in identifying symmetry in 

paralogous gene pairs via the  use of bi-fan units, showing that overlap 
in motifs was indeed significantly elevated in duplicated genes compared 
to either random genes or out-of-species paralogs. This agrees with 
the  theoretical assertion that duplicated genes retain most of their 
interactions, which are then slowly lost over time as the genes diverge.

•	 Connected components in chromatin interaction networks provide 
numerous avenues for topological investigation, including but not limited 
to possibilities of studying cell differentiation along topological lines, 
identifying functional modules in chromatin and locating hotspots of 
regulatory activity.

•	 Larger topological units of study (such as  sizable connected components 
in chromatin interaction networks) suffer from being overly large and 
non-specific in terms of our ability to categorically identify their true 
composition and biological significance as  well as  challenging to replicate 
in other data sets, so deriving more useful conclusions about the  data 
necessarily requires a  more focused investigation of particular topological 
elements such as cliques.

•	 Genomic datasets such as  Hi-C benefit considerably from positional 
genomic information such as epigenetic markers, positional gene expression 
data, the  locations of cis-regulatory elements as well as genes, all of which 
can be somewhat neatly integrated into a graph-based model and subjected 
to further study.

•	 Cliques, a  topological element that denotes a  strong aggregation of 
chromatin, are the  most promising simple topological element for further 
study, given that they are not only somewhat simple to find and assess in 
both directed and undirected graphs, but also align very well with existing 
molecular biology concepts such as transcription factories and demonstrate 
a  very noticeable increase in transcription, an enrichment in relevant 
epigenetic marks as  well as  related measures such as  RNA  polymerase II 
binding in several unrelated datasets.
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The  findings of this thesis can be built upon in the  future, not just with 
further topological refinements and usage of newer data (such as  single-cell 
high throughput chromatin conformation capture datasets) but also with more 
sophisticated means of integrating biological information. Overall, a substantial 
body of work is available in the  field, particularly with the  development of 
more and more new methods and the  availability of more reliable data, and 
the  conclusions described above can be carried forward into many avenues of 
future research.
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