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Abstract:

There has been considerable interest in defining the complete set of human protein complexes.

Currently, a comprehensive dataset of human protein complexes, hu.MAP

(http://proteincomplexes.org) gives us a valuable source for a better understanding of the core
cellular functions of human proteins and helping to know which proteins will work
together(Drew et al., 2017). Recently, techniques allowing prediction of three-dimensional (3-
D) chromosome and genome structures have become more mature. In particular, Hi-C data,
which stores the interaction strength of different sites of each human chromosome, has become
increasingly available. Therefore, based on hu.MAP and Hi-C data, we have information both
about which genes are found in protein complexes, and the strength of interaction of each pair of
genes in those human protein complexes at the level of their encoding DNA. In this work, we
hypothesize that no matter whether each pair of interacting genes is located on the same
chromosome or not, and no matter how far apart they are genome sequence-wise, when they
encode proteins that ends up in the same protein complex, they will be physically closely located
in 3-D space. Most of the genes that encode proteins that from the same complex were found to
be not on the same chromosome, so we divided them into two groups: occurring either on the
same chromosome or occurring on different chromosomes. For each pair of genes in a human
protein complex, we randomly generated 100 pairs as a control group, then observed the
distributions of the interaction strength of the experimental data and control group for the same
chromosome, and the experimental data and control group for the different chromosomes. After
that, for the gene pairs located on the same chromosome, we compared those gene pairs with the

topologically associating domain (TAD). We found that TAD is the most critical factor affecting



the interaction between genes. Whether the interaction between proteins has an effect on the

folding of chromosomes in the 3-D space requires a further in-depth study.
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1. INTRODUCTION

Two or more associated polypeptide chains with different functions formed the protein complex.
Within a protein complex, proteins link with non-covalent protein-protein interactions. Different
protein complexes perform different functions, and the same complex can perform very different
functions depending on many factors. The physical interaction of proteins is responsible for
performing many of the essential functions of cells and organisms; mutations that destroy protein
interactions can lead to loss of function and hence genetic diseases. Technical advances in the
field of proteomics have witnessed the partial reconstruction of the protein interaction networks
in humans and other animals. Moreover, with the first ongoing efforts made on the map of the
human protein complex, we can better understand the composition, formation, and function of
the majority of human protein complexes. (Drew, et al., 2017) Currently, there is a great interest
in defining the relationship between the construction of the human protein complex and the

chromosome in the 3-D space.

In eukaryotes, the genomes are not formed as a linear molecule entity but hierarchically located
inside the nucleus which provide a confined space for folding DNA and enable genes to express
at the right time and in the right place. The three-dimensional configuration of the chromosome
modulates biological processes such as transcription, DNA replication, cell division, meiosis,
protein expression (Oluwadare et al., 2019), which are crucial for cell differentiation and animal
development. The three-dimensional folding of chromosomes compartmentalizes the genome and
can bring distant functional elements, such as promoters and enhancers, into close spatial
proximity(van Berkum et al., Cell, 2010). In this paper, we are trying to determine whether genes

that express the same protein complex are located in the close physical proximity in their 3-D



chromosome folded structure, even though they may be located relatively far apart in the linear
structure of a chromosome, or on different chromosomes. In addition, we are also interested in
whether the presence of topologically associating domains(TADs) will impact the result (Figure
1.). As a self-interacting genomic region, DNA sequences within a TAD physically interact with
each other more frequently than with sequences outside TAD. And TADs were discovered using

chromosome conformation capture techniques including Hi-C.

Hi-C is a genome-wide sequencing technique that can be used in investigating 3D chromatin
conformation inside the nucleus. Hi-C measures pairwise contacts between virtually any pair of
genomic loci and finds the nucleotide sequence of interacting fragments using high- throughput
sequencing. Based on the Hi-C data, there is a contact matrix with the value of interaction
strength of each pair. The range of values is from -infinity to 0; the smaller the value, the weaker
the interaction of a pair. Through paired end sequencing, the Hi-C technique can retrieve a short
sequence from the end of each ligated fragment. Since the 3-D chromosome structure is fixed,
and then fragments that are close together in the 3-D structure are ligated together. In this way,
each obtained ligated fragment, the two sequences represent two different restriction fragments,
which are ligated together in the proximity ligation step (Hakim O et al., Cell, 2012). The pair of
sequences are individually aligned to the genome. Thus, the fragments involved can be
determined in this process. Thus, the Hi-C technique allowed all possible pairwise interactions
between fragments to be tested. And we used a result of a Hi-C experiment test, from 4DN data
portal (https://data.4dnucleome.org/) which contains all values of the interaction strength of each
fragment pair and the interaction strength correspond to how close together the gene pairs are in

the 3-D structure. Computational methods analyze Hi-C data and identify genome interactions



and topologically associating domains from genome-wide contact probability maps. The purpose
of our research was to use Hi-C data to explore whether genes that express the same protein

complex have strong interaction, and location relationship in 3-D structure.
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Figure 1. Topologically associating domains within chromosome territories, their borders
and interactions (Source: https://en.wikipedia.org/wiki/Topologically associating_domain)




2. METHODS

2.1 Problem Formulation

The goal of this project is to determine the extent to which the proteins that are functionally
connected through participating in molecular assemblies are also geographically connected
through their location proximity on a genome sequence and in 3-D space. Specifically, we
hypothesize that when there is an interaction between proteins, the genes that encode these
proteins, even if they are located on different chromosomes or at a greater distance on the same
chromosome, these genes will also in close physical proximity due to the folding of

chromosomes in the 3-D space.

To test this hypothesis, we selected groups of genes constituting a human protein complex and
compared them with the genes located in random locations. We extracted the proximity of the
genes on a chromosome by automatically retrieving their coordinates from Genome Ensembl and
tested the strength of the interaction between genes using Hi-C data for both the genes located on
the same chromosome or not. Finally, we compared genes encoding proteins that form protein
complexes with the randomly selected gene pairs and for the gene pairs are located on the same
chromosome, we also compared their interaction strength with the interaction strength of gene

pairs within TADs.

2.2 Methodology Overview
To achieve our goal, we develop a fully automated computational pipeline(Fig. 1). The pipeline
consists of five stages. First, we used human protein complex data from hu.MAP to do raw

dataset processes. Next, we calculated distance between genes. At stage three, we calculated



interaction strength of each gene pair from human protein complex based on Hi-C data result. As
the fourth step, we separated those gene pairs into two groups, one is on the same chromosome,
the other is on the different chromosome, and made distributions for each group. Finally, we

randomly generated control groups for each group and made the distributions.

Throughout the whole research process, except for the most commonly used Python libraries for
data analysis (such as NumPy, Scipy, Matplotlib, and pandas), all coding work was performed in
Python. In addition, there are some Python libraries for analyzing biological data (such as
ensembl rest and cooler) that were also be used in this research (Figure 2). The original data set
of this research is derived from hu.MAP. Furthermore, Hi-C data is also important for us to get
the strength of genes interaction. Besides these python libraries, the official website
https://ensembl.org/ and https://data.4dnucleome.org/ also was used when the data is incorrect or

incomplete in python libraries.
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Figure 2. Pipeline of experiment methodology: The original data set of this research was
obtained and extracted from hu.MAP, which contains 4,659 human protein complexes. We then
reduced the dataset to 4,575 for further research, because we excluded some invalid data. Next,
we calculated the distance between genes and interaction strength between gene pairs. Following
this, we divided the data set into two groups, one with gene pairs on different chromosomes, and
one with gene pairs on the same chromosome. For the gene pairs that are located on the same
chromosome, we also compared their interaction strength with the interaction strength of gene
pairs within TADs. As a control, we generated 100-fold more random data than our real data set.

2.3 Integration of Distance Between Genes

The raw dataset for carrying on this research is a set of the NCBI Entrez Genes identifiers and
Ensembl identifiers, which is located in a human protein complex map containing 4,658 human
protein complexes. The number of genes located in each human protein complex varies. All
these genes encode proteins that interact with each other. Most of these gene identifiers are
coded in NCBI Entrez Genes, and only tens of them are coded in the Ensembl. In order to unify
all these gene identifiers, the Ensembl identifiers would be kept intact, with the implementation
of the Python library MyGene, NCBI Entrez Genes identifiers could be retrieved in the library,

and the first step of processing the raw data is to convert all these NCBI Entrez Genes identifiers
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to Ensembl identifiers for further step research. Unfortunately, due to the rapid library update of
the Ensembl identifiers and the python library may not catch up with the official Ensembl library
update. Besides, with the Ensembl identifiers updated, the information could not be retrieved,
some of the NCBI Entrez Genes identifiers is unable to correspond to one Ensembl identifier
exactly, at the same time, some of the NCBI Entrez Genes would correspond to more than one
Ensembl identifiers. In order to solve the above problems, all suspicious data are manually
retrieved and converted according to the latest official library on the official website of
ensembl.org. Formally, the raw data have been rearranged into a two-column data frame, the first
column is the index number of the human protein complex in the raw dataset, this column could
be treated as the index number and would be conveniently for a further step data analyzing, and

the data in the second column is the Ensembl identifiers.

In this research stage, we applied a python library called ensembl rest. By implementing this
library, once the Ensembl identifier and other relevant attributes of the object are determined, the
retrieved information can be derived. For our research purposes, we hope to gain the information
about which chromosome the gene is located on, the start and end positions of the chromosome.
Unfortunately, when searching, sometimes multiple Ensembl identifiers are retrieved, which
means that the retrieved data contains contigs, that is, a group of overlapping DNA fragments
together represent the common region of DNA. In addition, some Ensembl identifiers have been
updated, and all original information has been moved to the new Ensembl identifiers. According
to the statistical results of exception handling, less than 3% of the data have encountered this
problem. We manually solved this problem by querying the Ensembl identifier on the official

website of ensembl.org. After formatting, we finally obtained a 5-column data frame, which

12



contains the human protein complex index, the Ensembl identifier, the index number of the
human chromosome, the starting position on the chromosome, and the ending position on the

chromosome.

According to the combination theory, we use the letter n to represent the number of Ensembl
identifiers in the human protein complex. When comparing any two Ensembl identifiers
separately, a size table of n times n can be obtained. In this table, due to the symmetric
relationship, we only fill in the general results. For one gene pair, we used the absolute
difference of two genes’ starting position as the distance difference. In one human protein
complex, the number of gene pairs is a sum of an arithmetic progression. Finally, we can get an
n*(n-1) /2 distance difference of all gene pairs distances in one human protein complex.
Specifically, we want to compare the index numbers of the human chromosomes between a pair
of genes. Once the index numbers of the human chromosomes are the same, the distance
difference between the pair of genes is obtained by calculating the difference between the two
genes. The difference between the two starting positions of a gene on a chromosome. In the
subsequent research, for all calculations of distance difference, we have continued to use the
method of starting position calculation. Also, when the genes are located on different

chromosomes, the letter “I”” will be marked in the table.

2.4 Integration of Interaction Strength Between Genes
In order to calculate the strength of interaction between genes on all human chromosomes, we
used 4DN Data Portal that could provide an accompanying Jupyter Notebook Service for all end-

users so that it is unnecessary for us to download extra-large files. We can select two ranges that
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contains genes’ starting position and ending positions. Then based on a Python library named
cooler that was designed for the storage and manipulation of extremely large Hi-C datasets and
4DNFIB59T7NN.mcool file that contains a contact matrix of Hi-C experimental values, we will
extract specific value that is the interaction strength between a gene pair from the contact matrix.
Next, we calculated the log base 10 this specific value as the interaction strength we will use for
the following step. Because after we take the logarithm, we might reduce skew to assist in
modeling and straighten a nonlinear relationship in a scatterplot, so that we can model the
relationship with simpler methods. We repeated this pipeline, then we can get all strength of
interaction between a pair of genes. Based on the pairs of genes in the human protein complexes,
we can, in turn, retrieve the interaction strength between each pair of genes. Formatting, like the
table we obtained in the previous research phase, there exists several genes on a human protein
complex, in this case, an n times n table was created after calculating the interaction strength
between genes on a chromosome. However, unlike the previous research phase, the comparison
of the index number on the human chromosome is unnecessary during this research phase. In
other words, whether or not these pairs of genes are on the same human chromosome or not, we
can retrieve the strength of their interaction. Then, based on the consideration of whether each
pair of genes are located on the same chromosome or not, we decided to divide it into two

categories for in-depth analysis.

Based on the dataset we obtained from the previous research phase, we separate the gene pairs
tables into two groups, the group contains all the gene pairs which locates on the same human
chromosome, in other words, they have the same index number of the human chromosome. And

the second group contains all the gene pairs which are located on the different human
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chromosomes, that is, they have different chromosome index numbers. Formally, these two data
frames are four-column ones, the first and the third column represent the index number of the
human chromosome, and the second and fourth columns represent the starting positions of the

genes.

2.5 Comparison of Interaction Strength Between Random Gene Pairs and Complex Gene
Pairs

2.5.1 Gene Pairs Located on Different Chromosomes

In this research stage, first, we collected all gene pairs on different chromosomes. Then, we
based on a Python library named cooler and 4DNFIB59T7NN.mcool file to obtain the interaction
strength between a pair of genes that are located on different chromosomes. After that, some
results showed NaN and -Inf. In order to make the results more meaningful, we excluded all
results showing NaN is shown which means there is no experiment test for this pair. After that,
we calculated the reciprocal (because we kept the -Inf values which means really weak strength
of interaction. -Inf values correspond to extremely weak interaction. In order to display and
analyze a distribution of interaction values, we converted these values to reciprocals). We
randomly generated the starting position of a pair of genes on different chromosomes 100 times
and the index of the chromosome is the same with gene pairs in the real data set. Then, we
calculated the interaction strength between the gene pairs for these random data. The data size
was 5,511,300. After excluding all NaNs in the data set, we retained 4,214,000 and then
calculated the reciprocal of all these data. Then we also analyzed the distribution for all data we

gained in the next step. Finally, we randomly create the starting positions of gene pairs on any
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two randomly created chromosomes. As in the previous step, another normal distribution

analysis was performed.

2.5.2 Gene Pairs Located on Same Chromosomes

In this research phase, firstly, we recollected all the gene pairs on the same chromosomes, same
to the previous research step, we have calculated the interaction strength between the gene pairs.
Similar to the results in the previous research phase, we also obtained two distributions, one is
based on the human protein complex, and the other is based on the random data. However, in this
case, for each real gene pair located on a single chromosome, random gene pairs were located on

that same chromosome, at the same distance apart as the real pairs.

As to the gene pairs located on the same chromosome in the human protein complex, we divided
these gene pairs into two groups which locate in TADs(Topologically Associating Domain) or
not separately, then exclude all the data shows NaN and get the reciprocal value, finally

performed the normal distribution for these gene pairs in these two groups separately.
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3. Results

Initially, we hypothesize that genes that encode the same protein complexes will be located in
close physical proximity more frequently than the random data set we generated in 3-D structure.
By using Hi-C data to collect strength of interaction of genes, the outputs indicated that the real
data set was similar to the random data set, which means that genes encoding the same protein

complex do not have a strong physical position relationship.

3.1 Raw Dataset Processing

The original dataset includes the genes that encode human protein complexes. Most of the gene
IDs are encoded in the NCBI Entrez gene identifier, while a small number of gene IDs are
encoded in the Ensembl identifier. Each row in the original data set represents genes contained in
a human protein complex (Figure 3). In order to obtain the position of each gene on the
chromosome, all gene IDs were converted to Ensembl identifiers. While using the Python library
Mygene for conversion, what has been represented by the Ensembl identifier remains intact.
Regarding some exceptions in the original data set, we manually retrieved these data on the
official website ensembl.org. For some data that could not be retrieved, we excluded the entire

human protein complex where the data is located (Figure 4.).

Complexes generated from two stage clustering of fully integrated protein interaction network

Complex Index Gene ID Gene ID Gene ID Gene ID GenelD GenelD Gene ID
12712 23036 6504
2 55623 800 91893
3 138199 94059 4306 23098
4 26190 139067 115290
5 54414 149175
6 342538 ENSG00000141048 10728
7 55607 22853 54976 79834 81566 255057 9627
8 55165 51112
9 163882 255057 81566 5501
10 64651 5499 284352 339804
11 22863 29982 387104
12 2785 26747 23321 253559 5138 9326 192683
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Figure 3. Raw dataset obtained from hu.MAP: This figure shows a partial raw dataset
obtained from hu.MAP; the entire dataset size is 4,659 rows. Each row represents all of the genes
encoding the proteins in a particular complex.

The result of converting gene id to ensemble id

complex gene id gene id score ensemble id

(1 {'out": [{'query": '153129" 'id':'153129' '_score:1.55 'ensembl’: {'gene’: 'ENSG00000177058'}}] ‘dup”: [] ‘missing’: (1})
(1 {'out": [{'query": '10670" *_id": '10670' '_score': 1,55  'ensembl": {'gene’: 'ENSGO0000155876'}}] ‘dup": [] ‘missing": (]})
(1 {'out’; [{'query": '64121" '_id": '64121' '_score':1,55  'ensembl": {'gene’: 'ENSG00000116954'}}] ‘dup': (] ‘missing’: (]})
(2 {'out": [{"query": '441502' 'id':'441502'  '_score:0.5)] 'dup":[] ‘missing": (]})

(2 {'out": [{'query": '3024' '_id': '3024' '_score: 1.55  'ensembl': {'gene’: 'ENSG00000124610'}}] ‘dup": (] ‘missing": []})
3 {'out": [{'query": ‘2648 *_id" '2648' '_score': 1,55  'ensembl": {'gene’: 'ENSG00000108773'}}] ‘dup": [] ‘missing": (1})
(3 {"out": [{'query": '26009" *_id": '26009' '_score':1.55  'ensembl": {'gene’: 'ENSG00000036549'}}] ‘dup': (] ‘missing”: (1})
(3 {'out": [{'query": '10474' 'id" '10474" '_score: 1.55  'ensembl': {'gene": 'ENSG00000171148'}}] ‘dup”: (] ‘missing": (]})
(3 {'out": [{'query": '57325' 'id" '57325" '_score: 1.55  'ensembl': {'gene": 'ENSG00000149474'}}] ‘dup': [] ‘missing": []})
(3 {"out": [{'query": '8850' ' id": '8850' '_score: 1.55  ‘'ensembl': {'gene’: 'ENSG00000114166'}}] ‘dup": (] ‘missing": []})
3 {'out": [{'query": '55689" *_id": '55689' ‘_score': 1.55  'ensembl’: {'gene": 'ENSG00000163872'}}] ‘dup': (] 'missing’: []})
(3 {'out": [{'query": '6871' ' id": '6871' ' score”: 1.55  ‘'ensembl': [{'gene': 'ENSG00000276234'} {'gene’; 'ENSG00000277104'}]}] ‘dup’: [] "missing’: [
(4 {'out": [{'query": 3189' '_id" '3189' '_score': 1.55  'ensembl”: {'gene": 'ENSG00000096746'}}] ‘dup': [ ‘missing": (1})
(4 {'out": [{'query: '144983" ' id':'144983' '_score':1.55 'ensembl": {'gene": 'ENSG00000139675'}}] ‘dup': [] 'missing': []})
(5 {out": [{'query": '22908' '_id": "22908' '_score: 1.55  'ensembl': {'gene": 'ENSG00000211456'}}] ‘dup": (] ‘missing": []})
(5 {'out": [{'query": '9276' '_id" '9276' '_score: 1.55  ‘ensembl': {'gene’: 'ENSG00000184432'}}] ‘dup': [] ‘missing’: []})
(5 {'out"; [{'query": '26958" ' id": 26958 '_score: 1.55  ‘ensembl': {'gene': 'ENSG00000158623'}}] ‘dup": [] ‘missing': []})

Figure 4. Partial table of Ensembl identifiers: The figure represents a partial result of
processed data of Ensembl identifiers converted from the NCBI Entrez Genes identifiers.

3.2 Retrieving Ensembl Identifiers

By using the python library ensembl rest, once the Ensembl identifier and other related attributes
of the object were determined, we retrieved the relevant information of the gene, such as the first
column with the same number belongs to one complex, the chromosome where the gene is
located, and the start and end positions of the gene (Figure 5.). Regarding some exceptional
genes, we cannot retrieve the Ensembl identifier, so we marked the “not found” symbol in its
position; if the human protein complex contained at least one “not found” mark, this human

protein complex was excluded from analysis.
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The result of gene location

complex ensemble id chr position

80,('ENSG00000156017', 'chromosome:GRCh38:9:74980790:75028423:-1")
80,('ENSG00000275183', 'chromosome:GRCh38:19:54461732:54463778:-1')
80,('ENSG00000151623', 'chromosome:GRCh38:4:148078762:148444698:-1')
80,('ENSG00000004139', 'chromosome:GRCh38:17:28364356:28404049:1')
81,('ENSG00000119402', 'chromosome:GRCh38:9:120751978:120793416:-1')
81,('ENSG00000189252', 'chromosome:GRCh38:X:143508735:143517475:-1')
81,('ENSG00000269190', 'chromosome:GRCh38:19:38941401:38975742:-1')
82,('ENSG00000110013', 'chromosome:GRCh38:11:124633113:124695707:-1")
82,('ENSG00000185090', ‘chromosome:GRCh38:1:37793802:37801137:1')
83,('ENSG00000253506', 'chromosome:GRCh38:17:61590421:61591219:-1")
83,not found

83,('ENSG00000110958', 'chromosome:GRCh38:12:56663341:56688408:-1')
84,('ENSG00000158528', 'chromosome:GRCh38:7:94907202:95296415:1")
84,('ENSG00000164715', 'chromosome:GRCh38:7:98106862:98209638:1')
84,('ENSG00000101220', 'chromosome:GRCh38:20:3753508:3768387:-1')
84,('ENSG00000173517', 'chromosome:GRCh38:15:77100656:77420144:-1")
84,('ENSG00000110925', 'chromosome:GRCh38:12:51061205:51083664:-1')
84,('ENSG00000099625', 'chromosome:GRCh38:19:1228287:1238027:-1')
84,('ENSG00000064692', 'chromosome:GRCh38:5:122311354:122464219:1')
84,('ENSG00000167615', 'chromosome:GRCh38:19:54448887:54462037:1')
84,('ENSG00000186298', 'chromosome:GRCh38:12:110719680:110742939:-1")

Figure 5. Partial table of Location of each gene: This figure shows a partial table of genes’
location on a chromosome, with their beginning and ending base pairs. Human protein
complexes were excluded from analysis manually if it contained at least one “not found” tag.

3.3 Calculating Distance Between Genes

When we use the alphabet n to indicate the number of Ensembl identifiers used to encode human
protein complexes, we can plot an n times n table to show the difference in distance between any
two genes that encode human protein complexes (Figure 6). First, we compared the index
numbers of human chromosomes. When the index numbers of human chromosomes were the
same (genes are found on the same chromosome), the distance difference between the two
starting positions was calculated and recorded in the intersection table. When the index numbers
of the human chromosome were different, we recorded an "I" mark in the intersection table. As a

result, we calculated n*(n-1) /2 number of distance differences in a human protein complex,
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where 7 is. In this table, because the two groups of genes are compared separately, there will be
symmetry. The diagonal position, where genes are compared with themselves, are marked with
“0”, and the half of the table below the diagonal is left blank to avoid redundancy. Finally, we

also conducted statistics to calculate how many "I" tags have been marked and how many "non-

I" tags have been marked.

Complex0001 ENSG00000177058 ENSG00000155876 ENSG00000116954
ENSG00000177058 [l !

ENSG00000155876 01

ENSG00000116954 0

Complex0002 ENSG00000196933  ENSG00000124610
ENSG00000196933 01
ENSG00000124610 0

Complex0003 ENSG00000108773  ENSG00000036549 ENSG00000171148 ENSG00000149474  ENSG00000114166 ENSG00000163872 ENSG00000276234
ENSG00000108773 ol ! | | I 4706225
ENSG00000036549 ol | | I |

ENSG00000171148 ol 10260586 173917937 |

ENSG00000149474 01 | |

ENSG00000114166 0 163657351 |

ENSG00000163872 [N

ENSG00000276234 0

Complex0004 ENSG00000096746  ENSG00000139675
ENSG00000096746 01
ENSG00000139675 0

Complex0005 ENSG00000211456 ENSG00000184432 ENSG00000158623
ENSG00000211456 0 93666544 |

ENSG00000184432 01

ENSG00000158623 0

Figure 6. Partial table of distance differences of gene pairs in each complex: Each complex
contains a number of genes ranging from 2 to 149. "I" indicates that the pair of genes are located
on different chromosomes. The numbers indicate that the pair of genes are located on the same
chromosome and represent the difference between the starting sites.

3.4 Calculating Interaction Strength

Similar to the previous research phase, we annotate n as the number of Ensembl identifiers for
encoding a human protein complex, an n times n table could be drawn to show the interaction

strength value obtained by using Jupyter Hub based on the implementation of the 4DN Data

Portal between any two genes mutually for encoding a human protein complex (Figure 7.).
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From the observation of Figure 6., we would like to have a deeper comprehension on the
distribution situation of gene pairs’ interaction strength, so we have created a histogram and
compared it with a normal distribution (Figure 8a.). From this graph, we are able to observe that
more than 75% of the data falls at -4 or below; more negative numbers indicate weaker
interaction strength. Because the distribution of interaction strengths seemed to cluster into a
group with very strong interactions and a group with very weak interactions, we hypothesized
that these groups might correspond to genes located on the same and different chromosomes,
respectively, with genes located on the same chromosome having a closer physical distance in 3-
D structure. To test this hypothesis, we divided the gene pairs into two groups by a filtering

condition that determined whether they are located on the same chromosome.

Complex0001 ENSG00000177058 ENSG00000155876 ENSG00000116954

ENSG00000177058 -0.745387602 -4.626067204 -4.431186732

ENSG00000155876 -0.830909415 -4.825142443

ENSG00000116954 -0.84733911

Complex0002 ENSG00000196933 ENSG00000124610

ENSG00000196933 -0.368386636 -4.642569001

ENSG00000124610 -0.637726984

Complex0003 ENSG00000108773 ENSG00000036549 ENSG00000171148 ENSG00000149474 ENSG00000114166 ENSG00000163872 ENSG00000276234
ENSG00000108773 -0.61775377 -4.544818984 -4.357402335 -4.626041398 -4.539036886 -4.333419872 -3.507991897
ENSG00000036549 -0.71716935 -4.548360008 -4.515969075 -4.747723326 -4.688234347 -4.43268168
ENSG00000171148 -0.64245205 -4.930612417 -3.517272045 -3.8203311 -4.52856626
ENSG00000149474 -0.731880193 -5.209156982 -4.547608012 -4.59308534
ENSG00000114166 -0.772059585 -4.256483517 -4.301960846
ENSG00000163872 -0.691234262 -5.145561854
ENSG00000276234 -0.674781529
Complex0004 ENSG00000096746 ENSG00000139675

ENSG00000096746 -0.697390037 -4.527763569

ENSG00000139675 -0.753961137

Complex0005 ENSG00000211456 ENSG00000184432 ENSG00000158623

ENSG00000211456 -0.708655223 -4.670647307 -4.359580051

ENSG00000184432 -0.756757063 -4.668939066

ENSG00000158623 -0.590732441

Figure 7. Partial table of interaction strength: The number corresponding to each pair of
genes is the strength of its interaction extracted from the Hi-C data. More negative numbers
indicate weaker interaction strengths.

3.5 Separating Table of Interaction Strength into Two Groups
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According to the observation of Figure 5., we concluded that the number of marked as "I" tags is
55,113 and the number of marked as "non-1" tags is 3,362. In this case, we filtered out all the
gene pairs which have been marked as "I" tags, and calculated the interaction strength between
the gene pairs individually, we excluded all data marked as NaN and -inf, and then compared to

a distribution for all the rest of the data. Similarly, we have performed a distribution for all gene
pairs marked as "non-I" (Figure 8b, c.). These two sets of distributions are very different, so we
think this phenomenon is very important for explaining the folding of the 3-D space of
chromosomes. In this case, we have categorized the gene pairs into two groups for the further
research phases, which are gene pairs located on the same chromosome and gene pairs located on

the different chromosomes separately.
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Figure 8. Distributions of interaction strength for all gene pairs and Gene Pairs on the
same (b) or different chromosome (c): a) The distribution for all gene pairs is polarized, with
interaction strengths mostly between -5.5 and -4.25. The distribution of interaction strength for
gene pairs on the same chromosome (b) differs that of gene pairs on the different chromosomes

().
3.6 Testing Interaction Strength of Gene Pairs Located on the Same Chromosome
After dividing all real data set into two groups, one with genes located on same chromosome, the

other with genes located on the different chromosomes, we focused on testing interaction
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strength of gene pairs located on same chromosome and compare real data set with random data

set on the same chromosome in this section.

Firstly, we have recollected all the gene pairs located on the same chromosome, and we have
calculated the distance difference of the starting positions on the gene pairs. Then we calculated
the interact strength between each gene pair, excluded all the data with NaN, and used the
reciprocal value to calculate a distribution (Figure 9a.). Then we randomly generated 100 gene
pairs at the same distance apart as the real pair. For each gene pair, we repeated the same
protocol; finally, the distribution was calculated (Figure 9b.). We observed that the distribution
based on the real data, and the randomized data differed slightly, so we have considered the TAD
regions. Many studies have shown that DNA sequences within a TAD physically interact with
each other more frequently than with sequences outside the TAD, therefore we considered all the
TAD distribution of the chromosomes (Samantha et al., 2019). We divided the gene pairs located
on the chromosomes inside the human protein complex into two groups; the ones that which
located on the TAD and not located on the TAD. For each group we then calculated the
interaction strength, repeated the previous protocol, and created distribution for each
group(Figure 10a. & 10b.). We observed that these two groups’ normal distributions differ
obviously. In order to test the relationship between the interaction strength and TAD. We
hypothesized that if gene pairs are not within a TAD, as long as the distance between them is
close enough, they will have strong interaction strength. Throughout our observation, a TAD
always extends across at least 80,000 base pairs. So as to the gene pairs which are not located on
TAD, we defined the gene pairs whose distance is less than 80,000 as the gene pairs with a

shorter distance, the rest of the gene pairs were defined as the gene pairs with longer distance.
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Then we performed distribution (Figure 10c. & 10d.) for these two groups’ gene pairs based on
the above-stated methods. As to the gene pairs with longer distance, we randomly generated 50
pairs of gene pairs with same-length distance and performed distribution (Figure 10e.). These

results suggest that gene pairs within TADs have strong interaction strength. And for gene pairs
that not in TADs with smaller distance, they still have strong interaction strength, even stronger

than gene pairs within TADs.
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Figure 9 The histogram and distribution of real data and random data (using reciprocal)
on same chromosome. a) The histogram and distribution of complex data on the same
chromosome: All these figures were originated from normalizations, the value on the top of each
bin can represent the probability in each range. b) The histogram and distribution of random data
on the same chromosome.
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Figure 10 The histogram and distribution of complex random data in or not in TAD
region. a) The histogram and distribution of complex data in TAD region. b) The histogram and
distribution of complex data not in TAD region. ¢) The histogram and distribution of complex
data not in TAD region and their distance less than 80,000. d) The histogram and distribution of
complex data not in TAD region and their distance more than 80,000. e) The histogram and
distribution of random data not in TAD region and their distance more than 80,000.

3.7 Testing Interaction Strength of Gene Pairs Located on Different Chromosomes

For the gene pairs located on different chromosomes, we still adopted the method of normal
distribution analysis (Figure 11a.). Moreover, the research method is the same as the gene pair on
the same chromosome. We randomly generated two sets of starting positions on different
chromosomes and used the same method for normal distribution (Figure 11c.). If the interaction
strengths were related to the fact that the gene pairs encode proteins in a complex, then we would
expect to see the distributions of two random datasets would be left tailed distribution. Instead,
we see the distributions would be right tailed like the real gene pairs distribution. Through our
observations, the two normal distributions are very similar, and it does not explain the conjecture
that different chromosomes fold according to the interaction of proteins encoded in their

chromosomes. Therefore, in order to test whether the interaction strength on different

25



chromosomes, based on the two different chromosomes where each gene pair is located in the
real data, we randomly generated 100 additional pairs for each group, for a total of 5,511,300
gene pairs. Similar to the above method, we performed a normal distribution analysis on
randomly generated gene pairs (Figure 11b.). Our results suggest that the distribution of the three
datasets are similar. The results suggest that the genes encoding proteins that have interaction
wouldn’t in closer physical proximity than the genes encoding proteins that don’t have

interaction.
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Figure 11 The histogram and distribution of complex and random data on different
chromosomes. a) The histogram and distribution of complex data on different chromosomes. b)
The histogram and distribution of random data on different chromosomes: The random data’s
chromosome based on the complex data, the chromosome of these randomly generated gene
pairs located on is the same as complex data. ¢) The histogram and distribution of random data
on different chromosomes: The chromosome of these randomly generated gene pairs located on
are randomly generated.
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4. DISCUSSION

4.1 Overview of Results

In this study, we examined all the genes encoding proteins known to be found in the human
protein complexes. In the distance table between the gene pairs in each complex created in the
first step of our analysis, we observed that most of the interactions between genes still come
from different chromosomes. We were pleasantly surprised to find that the interaction strength
between gene pairs showed a clear polarization when we sorted out the interaction intensity table
of all gene pairs. Our hypothesis at this time is that although different chromosomes may fold in
the 3-D space, the interaction strength between genes on the same chromosome is still
significantly higher. Therefore, in the subsequent analysis, we divided gene pairs into two
groups, on the same chromosome or not. After grouping the gene pairs, we first analyzed the
distribution of the two sets of data. From Figure 10 a and b, we can see that the interaction
intensity distribution of gene pairs located on the same chromosome ranges from -5 to 0, but the
interaction intensity of gene pairs located on different chromosomes is all concentrated between -
5.5 and -4. This result supports our previous conjecture. Although multiple chromosomes are

folded in space, the interactions within a chromosome should have priority.

For these gene pairs located on the same chromosome, we divided the two groups of real data
and random data. If the distributions of these two groups were exactly the same, then there would
be no difference in interaction strength between genes encoding proteins in complexes and
random genes. It can be seen from the analysis that real data genes have the most concentrated
interaction strength distribution between -0.5 and -0.25, while random data genes have the most

intense interaction strength distribution between -0.25 and 0. But the distribution of the two is
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roughly the same, which means that the strength of the interaction between genes encoding these
human protein complexes is not as high as we had expected. Therefore, we consider that there
will be the influence of TAD on the same chromosome. Within TADs, gene pairs would have
much stronger interaction strength, so we want to use the interaction strength of gene pairs
within TADs as a threshold to compare them with the gene pairs encoding proteins in human
protein complexes. Therefore, we decided to divide these gene pairs encoding human protein
complexes and located on the same chromosome into three groups: 1. Very close but not in the
TAD. 2. Located in a TAD. 3. Very far away and not located in a TAD. First, in figure 12, a and
b proved that the interaction between gene pairs located in TAD is significantly stronger than
those not located in a TAD. We were surprised that in the distribution of gene pairs that are very
close and not located in a TAD, we observed that their interaction strength is even higher than
some gene pairs located in a TAD. The d and e diagrams show that the interaction between gene
pairs that are not located in a TAD and are far apart is significantly reduced. In summary, our
data show that when located on the same chromosome, TAD is still the first factor to prove the
strength of gene interaction, and the distance between genes also has a strong influence.
However, based on the small but noticeable difference of distributions of real data and random
data, the gene encoding the interacting protein has an effect on the interaction between the genes,

but it is not obvious, and the specific reason needs to be proved by further experiments.

For those gene pairs located on different chromosomes, we took a similar approach for analysis.
Three sets of distributions were made, corresponding to real data, and two sets of randomly
generated control data. In these three sets of distributions, we can intuitively see that no matter

whether the chromosomes of random data correspond to the real data, there is no effect or
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difference on the interaction strength between the entire genes. Observing the distribution of
gene pairs encoding human protein complexes, we can observe that although the distributions are
similar among those three figures, the number in the interval -0.25 to -0.2 is significantly higher
than that of the other two randomly generated data. This result suggests that we cannot
completely rule out the hypothesis we pointed out before that the genes encoding interacting

proteins will be located in close physical proximity in 3-D space.

4.2 Limitations of the Experiment and Future Work

For our study, we selected the 4ADNFIT3ABRQL dataset in the 4DN data. In all the analyses
performed, we chose 10,000 loci as the resolution. Therefore, we have reason to suspect that the
current conclusion is not obvious. Since the distance between genes’ starting position and ending
position may smaller than the resolution, when we compared the gene pairs interaction strengths,
we used 10,000 loci that contain the between genes’ starting position and ending position rather
than precise distance, which may cause error. In the follow-up work, we will try to use a smaller
resolution as the smallest unit for analysis. Of course, it will take longer to run all the code. With
the development of Hi-C and other technologies and the reduction of high-throughput
sequencing costs, the amount of data for genome-wide interactions has increased rapidly, and the
resolution of interaction maps has continued to increase. This brings opportunities for the
development of 3D genomics but also challenges for computational modeling. At present, the 3D
genomic data analysis methods cover a wide range, including data pre-processing,
standardization, visualization, feature extraction, and 3D modeling. However, how to choose

efficient and accurate methods from them has also become a key factor for our research. But
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based on the results we have obtained so far, we remain optimistic about getting more accurate

and meaningful conclusions.
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Supplementary Materials:

All codes, relevant data, and results of this study have been uploaded to:
https://github.com/Jaylen0401/Graduate-thesis

convert.py: This code is used to convert all NCBI Entrez Gene ID from raw data to Ensembl ID.

location.py: This code is used to retrieve relevant information such as the chromosome, start
site, and end site where each gene is located by searching Ensembl id.

chart.py: This code is used to map all the genes in the complex one by one to get a table about
the distance between the gene pairs.

The following codes were created after connecting to the 4DN server in JupyterHub. Therefore,
it is stored in pdf format, and each pdf contains code and result.

Hi-C.pdf: In this code, we combine complex data with Hi-C data to create a table in the same
format as chart.py. The result of this code is the interaction strength between the genes in the
complex.

test.pdf: In this code, we divided the gene pairs existing in the complex into two groups, which
are located on the same chromosome and different chromosomes. Then the two groups were
analyzed for normal distribution.

distributions_same.pdf: In this code, we analyzed the distribution of gene pairs located on the
same chromosome. After that, the same analysis is performed on the gene pairs randomly
generated at the same distance. And use tad data for in-depth analysis.

distribution_diff.pdf: In this code, we analyzed gene pairs located on different chromosomes
for distribution analysis, and randomly generated gene pairs for analysis in two different ways.

geneid.csv: This CSV file is the id of all genes in all human protein complexes. Each row
represents one complex. 4659 rows are represented in this file.

location0322.csv: This CSV file contains the location of all human protein complex genes.
Some of the data that cannot be retrieved is marked with "not found.". The first column is the
complex where the gene is located, the second column is the Ensembl id of the gene, the third
column is the chromosome where the gene is located, and the fourth column is the starting
position of the gene. All unretrievable and problematic data has been deleted. The scale of this
data setis 17619 * 4.

Distance_chart.csv: This CSV file shows the table of the distance between each pair of genes in

each complex. “I” stands on different chromosomes. The numbers represent the difference
between the start points of two genes located on the same chromosome.
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tad.csv: This CSV file shows the start and end positions of all TADs on the human chromosome.
Each TAD was represented in one line. The first column is the chromosome where the tad is
located, and the second and third columns are the start and stop sites.

Same.csv: This CSV file shows all the gene pairs located on the same chromosome. The data has
a total of 3362 rows. The first column is the index, and the second and third columns are the
chromosome and the start site where one of the genes is located. The fourth and fifth columns are
the chromosome and the starting site where the other gene in the gene pair is located.

diff.csv: This CSV file shows all the gene pairs located on different chromosomes. The meaning
of each column is similar to the Same.csv. The data totals 55,113 rows.

intad.csv: This CSV file shows all the gene pairs in TAD. The data totals 151 rows. The first
column and the second columns are the index of chromosomes and the start site where one of the
genes is located. The third and fourth columns are the index of chromosome and starting site
where another gene in the gene pair is located. The fifth column is the distance between the two
genes.

outtad.csv: This CSV file shows all the gene pairs that are not located in TAD. This data totals
3211 rows. The meaning of each column is the same as the first four columns of intad.csv.

close.csv: This CSV file shows all the gene pairs that are not in the TAD, and the distance is less
than 80,000. There are 71 lines of data in total. The meaning of each column is consistent in
outtad.csv.

faraway.csv: This CSV file shows all the gene pairs that are not in the TAD, and the distance is

larger than 80,000. There are 3140 lines of data in total. The meaning of each column is
consistent in outtad.csv.
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