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Computer Science and Engineering -
Molecular Biology, Genetics and
Bioengineering
Sabanci University

Date Approved: 07 April 2023



To my Family, Friends, and Cafés And Teashops I Constantly and

Obsessively Regulared at Nights.

iii



ABSTRACT

Gene expression and regulation with or without alternative splicing are crucial for

tissues and cells to properly function. They have been studied from three almost

independent perspectives at the genome level: 1- Recognition of splicing quantita-

tive trait loci (sQTLs), 2- Expression quantitative trait loci (eQTLs) recognition,

and 3- Recognition of longer-range physical chromatin interactions between genome

segments which model 3D dynamics of cells and tissues. Even though the associa-

tions between eQTLs and longer range chromatin interactions have been previously

studied, similar relationship between sQTLs and chromatin interactions has not been

previously analyzed. In this case, it is crucial to analyze whether sQTLs control the

alternative splicing of their target genes mRNA via physically-interacting genome

segments. Even though chromatin interactions are part of the principal processes

governing eQTLs functioning, similar analysis is missing from sQTLs perspective.

We have jointly analyzed high-throughput chromatin conformation capture (Hi-

C) and sQTL datasets over 8 different human cancer tissues. We have discovered

the existence of positive association between the number of genes having sQTLs

and chromatin interaction frequency. Such positive association still exists when we

also control for eQTLs. Additionally, sQTLs and their target genes generally exist

inside identical topologically associating domain (TAD). Those findings are observed

over the whole set of analyzed cancer types and over different functional subsets of

sQTL dataset such as survival-related sQTLs. Furthermore, tissue-specific sQTLs

are statistically enriched in tissue-specific frequently interacting regions (FIREs) in 6

out of 8 human cancer tissues (Chronic Myeloid Leukemia, Colon Adenocarcinoma,

Acute Myeloid Leukemia, Lung Adenocarcinoma, Prostate Cancer, Sarcoma).
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Our sQTL and Hi-C datasets have shown the existence of closer spatial distance

between sQTLs and their target genes with possible alternative splicing across a

number of different cancer types in human. Such closer spatial distance also exists

independent of whether we integrate eQTLs into the analysis. We found that sQTLs

regulate the alternative splicing through chromatin interactions.
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ÖZETÇE

Gen ifadesi ve alternatif splicing ile birlikte gen ifadesi ve düzenlemesi, dokuların

ve hücrelerin düzgün bir şekilde işlev görmesi için önemlidir. Genom düzeyinde, bu

konular genellikle üç ayrı perspektiften incelenir: 1- Splicing niceliksel özellik lokus-

larının (sQTL’lerin) tanınması, 2- İfade niceliksel özellik lokuslarının (eQTL’lerin)

tanınması, ve 3- Genom segmentleri arasındaki daha uzun mesafeli fiziksel kromatin

etkileşimlerinin (Hi-C verileriyle modellediği) hücre ve dokuların üç boyutlu dinamik-

lerini tanımlama. Daha önce eQTL’ler ile daha uzun mesafeli kromatin etkileşimleri

arasındaki ilişkiler çalışılmış olsa da, sQTL’ler ile kromatin etkileşimleri arasındaki

benzer ilişki henüz analiz edilmemiştir. Bu durumda, sQTL’lerin hedef genlerinin

mRNA’sının splicingini fiziksel olarak etkileşen genom segmentleri aracılığıyla kontrol

edip etmediğini analiz etmek önemlidir. Kromatin etkileşimleri, eQTL’lerin işleyişini

yöneten temel süreçlerin bir parçası olmasına rağmen, benzer bir analiz sQTL’lerin

perspektifinden eksiktir.

Biz 8 farklı insan kanser dokusunda yüksek çıktılı kromatin konformasyon

yakalama (Hi-C) ve sQTL veri setlerini birlikte analiz ettik. SQTL’lere sahip gen

sayısı ile kromatin etkileşim sıklığı arasında pozitif bir ilişkinin varlığını keşfettik. Bu

pozitif ilişki, eQTL’leri de kontrol ettiğimizde hala mevcuttur. Ayrıca, sQTL’ler

ve hedef genler genellikle aynı topolojik ilişkili alanlarda (TAD) bulunmaktadır.

Bu bulgular, analiz edilen kanser tiplerinin tüm kümesi ve hayatta kalım ile il-

gili sQTL’ler gibi farklı fonksiyonel alt kümeleri üzerinde gözlenmektedir. Ayrıca,

doku özgü sQTL’ler, 8 insan kanser dokusunun 6’sında (Kronik Myeloid Lösemi,

Kolon Adenokarsinomu, Akut Myeloid Lösemi, Akciğer Adenokarsinomu, Prostat

Kanseri, Sarkom) doku özgü sık etkileşen bölgelerde (FIRE’lar) istatistiksel olarak
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zenginleştirilmiştir.

sQTL ve Hi-C veri setlerimiz, insanlarda farklı kanser tiplerinde splicing olasılığına

sahip sQTL’lerin ve hedef genlerin daha yakın bir mekansal mesafede bulunduğunu

göstermektedir. Bu daha yakın mekansal mesafe, eQTL’leri analize dahil edip et-

mememize bağlı olarak da mevcuttur. sQTL’lerin alternatif splicing’i kromatin etk-

ileşimleri aracılığıyla düzenlediğini bulduk.
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CHAPTER I

INTRODUCTION

Gene expression, gene regulation, and alternative splicing (AS) of mRNA for protein

synthesis are crucial for proper functioning of tissues and cells. Gene regulation and

gene expression differ between multiple tissues over a given species, which are mainly

accountable for morphological and cellular differences. Similarly, alternative splicing

is also accountable for gene expression differences and resultingly for many cellular

differences, where AS is defined as the alternative splicing of mRNA throughout gene

expression by which each gene can encode different proteins [1]. Alternative splicing,

as a molecular process, creates a number of different transcript isoforms over a unique

gene, which as a result increases the diversity of the proteome and the diversity of

transcripts in terms of structure. The transcript frequency over human transcriptome

greatly surpasses the frequency of genes which encode for proteins [2]. As an average,

every protein-encoding gene encodes for 7 transcript variants [3]. Across human,

alternative splicing occurs over greater than 90% of the overall genes in a species-,

condition-, or cell type-specific fashion. Such splicing is considered to significantly

expand the possible proteins count over the available set of genes throughout the

genome [4].

As shown by the accumulating evidence, alternative splicing events can be modu-

lated by sequence variants throughout the genome. In this case, splicing quantitative

trait loci (sQTLs), which are genetic variants affecting the possible alternative splicing

events, are crucial towards complete comprehension of gene expression and regula-

tion, as a result have an impact on response to drugs and susceptibility to diseases [5].
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sQTLs can be caused by single-nucleotide polymorphisms (SNPs) which change al-

ternative splicing patterns, such as via modifying the splicing factor’s binding affinity

to pre-mRNA which is specific to the splicing factor sequence. Previous studies

have found that no less than 20% of disease-originating SNPs impact the splicing [6].

sQTLs are crucial to completely understand the impact of genetic variants over disease

progression. For instance, alternative splicing is frequently modified across cancer tis-

sues to generate both functional and non-functional abnormal proteins which have an

impact on cancer development. We often observe abnormal splicing motifs in cancer

beginning, progression, and prognosis, and these aberrant motifs have a significant

impact on metastasis, dedifferentiation and carcinogenesis [7]. In particular, the gene

which encodes spleen tyrosine kinase protein has a different alternatively-spliced tran-

script isoform over breast cancer tissues which is not expressed in normal cells [8]. In

this case, a superior comprehension of AS misregulation will be important in devel-

oping specific gene targets to pharmacologically intervene in cancer progression.

Recent development of high-throughput sequencing techniques enables us to ana-

lyze gene expression, gene regulation, and alternative splicing at genome level across

various standpoints. Some examples of these high-throughput techniques are SNP

chips which are DNA microarrays testing genetic variation around more than 100,000

specific locations simultaneously throughout the genome, DNA sequencing, and RNA

sequencing techniques [1, 9, 10]. Capturing expression quantitative trait loci (eQTLs)

has been investigated by many studies [11, 12], where eQTLs represent variants at

the genome that are related with gene expression levels among individuals accord-

ing to robust statistics. Similarly, as defined previously, splicing quantitative trait

loci (sQTLs) are genome loci which control pre-mRNA’s alternative splicing that

might be identified over RNA-seq datasets [1, 9]. A number of computational ap-

proaches have been introduced to extract sQTLs from RNA-seq data [13, 14]. As a

result, the inference of sQTLs, in particular over cancer cells, may be crucial step in
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complete comprehension of the impact of genetic variants in cancer progression and

tumorigenesis.

The significance of the identified genomic variants across gene regulation and func-

tioning motivates many of the sQTL studies. Cis-regulatory modules (CRMs) are

non-coding DNA regions regulating the next-door genes transcription. By modifying

cis-regulatory modules (CRMs) across the genome, these sQTLs modulate their target

genes expression. There are a number of examples of cis-regulatory elements, some

of which are mediators, insulators, promoters, and enhancers [15, 16]. Meanwhile,

the studies on three-dimensional spatial chromatin shape have shown the significance

of interactions between different chromatin segments for regulation of genes [17, 18].

For instance, cis-regulatory elements could regulate the expression of genes that are

further away from the regulatory element, via making up longer range interactions be-

tween corresponding chromatin segments [19, 20]. Widely-adopted high-throughput

chromatin conformation capture technique like Hi-C provides interactions between

chromatin segments at a genome-wide scale [21, 22, 23]. Such Hi-C interaction dataset

is generally composed of interaction frequencies between different chromatin segments,

and it is in general represented as a contact matrix where genome is partitioned into

equal size bins. In this case, each matrix entry shows chromatin interaction fre-

quency (CIF), which is the read pair count aligned to a given bin pairs.

Further analysis of Hi-C experiments have revealed A and B compartments which

correspond to the partition of spatial genome into open and closed chromatin respec-

tively [22]. Among these compartments, A compartment is related to easily acces-

sible, transcriptionally active euchromatin. Similarly, B compartment is related to

condense, transcriptionally inactive heterochromatin. Resulting analysis of the Hi-C

interaction matrix at a higher resolution has discovered topologically associating do-

mains (TADs) which are frequently-interacting, sequential, closely-located interaction

matrix areas [24, 25, 26, 27]. TADs are pervasive genome organization unit which are
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stable attributes of Hi-C matrices. TADs match greatly with cellular differentiation

and long-range transcriptional control [28, 29].

sQTL and Hi-C studies are complementary methods focusing on non-identical

characteristics of gene expression and regulation. sQTL studies require a linked

single-nucleotide polymorphism (SNP) which is the variation at one position in a

DNA sequence among individuals. As a result, sQTL results are statistically defined

among individuals. On the other hand, for a given sample, chromatin interactions

are instead physical interactions and polymorphism does not need to exist in the

dataset. Integrating the outcome from both of these methods will be useful to prop-

erly understand the connection between them. In this case, one open question will

be how important the chromatin interactions become while sQTLs regulating target

genes. To our best knowledge, this question has still not been answered, but simi-

lar question on the relationship between chromatin interactions and eQTLs instead

of sQTLs have been answered. As an example, Duggal et al. [30] has found that

eQTLs are statistically near their target genes in 3D over human IMR90 fibroblasts

and ESCs Hi-C datasets. Such statistical closeness is more important for eQTLs that

are detected overlapping withs CRMs and eQTLs that are detected inside the same

topologically associating domain (TAD). According to their study, genomic segments

with eQTLs in general have a greater chromatin interaction frequency (CIF). Similar

to the findings by Duggal et al., another research [11] has found that CRM enriched

eQTLs are spatially close to target gene promoters over Hi-C datasets. Hi-C datasets

in both research are solely for cell lines, whereas eQTL conclusions were derived over

both cell line and tissue datasets. Lastly, [31] has analyzed the proximity between

Hi-C and eQTL datasets, and their results have shown the spatial closeness between

eQTLs and their corresponding genes among multiple human primary tissues. The

remaining studies accepted the association between eQTL and Hi-C data results apri-

ori, without providing any evidence, to show their results correctness. For instance,
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some of these studies focus on detecting regulatory SNPs [32], while the others focus

on predicting enhancer-promoter interactions [33, 34].

Even though interactions between chromatin segments are considered as one of

the fundamental processes defining eQTLs and sQTLs, any direct proof for the ex-

istence of such relationship for sQTLs does not exist for tissues. sQTLs are tissue-

specific [14, 35]. Furthermore, [36] has extracted frequently interacting special regions

called Frequently Interacting Regions (FIREs) that are also hotspots of local interac-

tions between chromatin segments over Hi-C dataset. The existence and distribution

of those FIREs are strongly tissue-specific, and they are defined as bins which often

interact with the closeby segments that are less than 200 kb apart. In this case, the

degree of overlap between tissue-specific sQTLs and FIREs is also not known.

sQTL and Hi-C datasets have recently and systematically become available for

a number of human cell lines and primary tissues, especially cancer tissues. For in-

stance, [35] come up with a database called CancerSplicingQTL which has sQTL

datasets for 33 cancer types. Hi-C interaction datasets for many cancer tissues have

also been generated by various experiments [21, 37, 38, 39, 40, 41, 42]. Similarly, [43]

has systematically mapped eQTLs at a genome-wide scale over 33 cancer tissues.

Among these cancer resources, 8 cancer tissues overlap as seen in Table 1, which

facilitates a robust assessment of the connection between sQTLs and chromatin in-

teractions over a number of cancer tissues, while also controlling for eQTLs. Table 1

in Results section summarizes these datasets.

In this paper, we have jointly analyzed the relationship between sQTLs and Hi-C

datasets across 8 different cancer tissues while also taking into account eQTLs. We

have identified that there is a positive association between the frequency of sGenes

and CIF, where sGene is a gene which expression is significantly related to an sQTL.

Such positive association still exists when we also control for eGenes, that represent
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genes which expression is significantly related to an eQTL instead of an sQTL. Ad-

ditionally, sQTLs colocalize with their target genes more frequently inside the same

TAD, compared to randomly created control dataset. This colocalization result is also

valid when we consider subset of sQTLs, such as GWAS sQTLs [35] which overlap

with the identified GWAS (Genome-wide association study) regions that are associ-

ated with linkage disequilibrium regions, and survival sQTLs [35] which are impactful

in patient’s survival time for a given cancer. All our results are compatible over all

the evaluated cancer types and tissues. Due to tissue specificity of both FIREs and

sQTLs [36], we have analyzed the degree of association between tissue-specific FIREs

and tissue-specific sQTLs, and identified a positive relationship between them across

most of the cancer tissues.

To our best knowledge, this is the first study to analyze the relation between

sQTLs and chromatin interactions over a number of human cancer types, and to an-

alyze the association between tissue-specific FIREs and tissue-specific sQTLs. Our

results are important to enhance our comprehension of the roles of sQTLs and chro-

matin interactions on gene expression and regulation through alternative splicing.
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CHAPTER II

MATERIALS AND METHODS

2.1 Data Description

We utilized sQTL, eQTL, and Hi-C datasets over 8 human cancer tissues;

Chronic Myeloid Leukemia (CML), Colon Adenocarcinoma (COAD), Glioblastoma

(GBM), Acute Myeloid Leukemia (LAML), Lung Adenocarcinoma (LUAD), Multi-

ple Myeloma (MM), Prostate Cancer (PRAD), Sarcoma (SARC) [35, 43, 44, 21, 37,

38, 39, 40, 41, 42]. More details about these datasets can be found in Tables 1-2.

In our study, we only analyze autosomal chromosomes where hg19 is the reference

genome. Similarly, Figure 1 shows log-transformed Hi-C interaction matrix at 10 Kb

for GBM’s chromosome 20.

Table 1: Data summary for all analyzed cancer types.
Cancer Type Description sQTL Dataset eQTL Dataset Hi-C Dataset

CML Chronic
Myeloid
Leukemia

[35] [43] GSE63525 [21]

COAD Colon Adeno-
carcinoma

[35] [43] GSE133928 [37]

GBM Glioblastoma [35] [43] GSE121601 [38]
LAML Acute Myeloid

Leukemia
[35] [43] GSE63525 [21]

LUAD Lung Adeno-
carcinoma

[35] [43] GSE92819 [39]

MM Multiple
Myeloma

[35] [44] GSE87585 [40]

PRAD Prostate
Cancer

[35] [43] GSE118629 [41]

SARC Sarcoma [35] [43] GSE117582 [42]

The number of raw intra-chromosomal unique read pairs on 8 human cancer tis-

sues is over 3 billion, where over 800 million pairs have a distance greater than 15
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Table 2: Data characteristics for all analyzed cancer types.
Cancer Type Number

of interac-
tions

Number
of TADs

Number
of
FIREs

Number
of genes
with
FPKM
> 1

Number
of tested
genes

Number
of
sGenes

CML 30,731,911 8,205 3,444 15,257 23,244 4,903
COAD 22,823,424 8,210 3,471 15,679 23,567 3,680
GBM 145,013,101 8,101 2,892 14,075 20,155 7,177
LAML 106,069,045 8,075 3,359 14,349 22,366 8.918
LUAD 25,773,838 7,834 3,961 16,371 24,470 11,005
MM 34,430,763 7,922 3,616 15,.052 22,953 3,157

PRAD 25,843,694 7,687 3,407 15,221 22,376 6,233
SARC 134,867,731 8,656 3,296 13,733 21,053 3,886

Figure 1: Log-transformed Hi-C interaction matrix of GBM at 10 kb resolution, for
chromosome 20

kb between their endpoints. We have analyzed Hi-C datasets by binning at 10 kb

resolution. Figures 2 show the distribution of distance between gene and sQTL over

all autosomal chromosomes for all the considered cancer tissues. We have mainly

used Armatus [45] by setting g = 0.5 to infer TAD boundaries over the analyzed

cancer tissues. We have also inferred TADs by Arrowhead [21] via using its default

parameter and MrTADFinder [46] by setting res = 1.5 parameter in order to test

the robustness of results. Similarly, we have used FIREcaller [47] to infer FIREs over

cancer tissues. 2070 TADs and 3682 FIREs exist on average per cancer tissue sample.
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2.2 Regression analysis of the association between interac-
tion frequencies and sQTLs

First of all, we have used regression methods to analyze the association between sQTL

results and chromatin interaction frequency (CIF) similar to the previous analysis on

eQTLs [31]. Every SNP-splicing gene pair in CancerSplicingQTL [35] database is

mapped to a single bin pair. We remove the SNP-gene pairs mapped to the same

interaction matrix bin from the analysis. In this case, if a tested gene maps in

one interaction matrix bin, such gene should have a corresponding sQTL and SNP

in one of the remaining bins. For every bin pair (i, j) where i < j, we have the

following attributes: 1- FHi-C: Chromatin interaction frequency (CIF) between bins i

and j, 2- GsGene: sGenes (splicing genes) frequency with transcription start site (TSS)

located in bin i or bin j, 3- Gs
i : the count of tested genes over sQTL dataset where

transcription start site is located in bin i, 4- Gs
j : the count of tested genes over sQTL

dataset where transcription start site is located in bin j, 5- GeGene: eGenes (eQTL-

gene associations) frequency with transcription start site (TSS) located in bin i or

bin j, 6- D = |i− j|: genomic distance between bins i and j. In our analysis, we add

the constraint Gs
i +Gs

j > 0 which focuses on bin pairs containing at least one tested

gene.

To better understand the relationship between sQTL results and CIF, we have

applied linear and negative binomial regression where CIF is regressed against the

sGenes count in each human cancer tissue. As the genomic distance between two loci

affects the CIF between them [22], we have incorporated distance D as an additional

covariate in the following regression models:

ln(FHi-C) ≈ GsGene +D (1)

FHi-C ≈ GsGene +D (2)

where Equations 1-2 define the negative binomial and linear regressions of CIF again
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sGenes count respectively, and ln represents the corresponding log transformation in

negative binomial regression. Moreover, chromatin interactions are observed more

frequently inside the same compartment than between a gene-poor and gene-dense

compartments [22]. Even though the compartments are observed at multi-megabase

scale, gene density might play a critical role in chromatin interactions according to

this observation. As a result, we have further controlled for nonuniformity in the

genes distributions between bins i and j. We have controlled such nonuniformity by

adding gene difference between bins i and j GDiff = |Gs
i −Gs

j| to our regression models

as another feature. In this case, higher GDiff values indicate genes corresponding to

the bin pairs i and j are distributed less uniformly. Below, we define the regression

equation only for nonnegative binomial regression, but the linear regression will be

defined similarly except taking the logarithm:

ln(FHi-C) ≈ GsGene +GDiff +D (3)

We have extended the negative binomial regression equation above by taking into

account the pairwise interaction and confounding effects between the covariates as

seen below in Equation 4. In these scenarios, we did not find the confounding effects

between covariates to be statistically significant. As a result, we mainly report the

results without considering the covariate interactions:

ln(FHi-C) ≈ GsGene +GDiff +D +GsGeneGDiff +GDiffD +GsGeneD (4)

In the results section, we present the estimated coefficients obtained by fitting to

these equations with bar plots, where ”effect” on the y-axis title ”Effect on chromatin

interaction frequency” means the estimated coefficient. We have also applied stratified

analysis to subsets stratified by the distance between sQTL and splicing position of

the genes, where stratification partitions the whole population as subsets which are

called strata. Then, an independent sample is chosen within each of strata. As

discussed in Results section, even after stratification, we have found a significant
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positive relationship between the number of sGenes and CIF. We have also applied a

similar regression analysis for the number of non-sGenes, which is defined as tested

genes without any sQTLs, and compared its coefficient in the regression with the

one from sGenes. By running another regression on non-sGenes, we are primarily

interested in understanding whether such strong associations are primarily due to

sGenes. Let Gnon-sGene be the number of non-sGenes, regression on non-sGenes is as

follows:

ln(FHi-C) ≈ Gnon-sGene +GDiff +D (5)

Lastly, we have also carried out sensitivity analysis via running other regression

models where input variables (independent variables) are either as categorical vari-

ables, or they are defined in logarithmic scale in a linear regression. Such sensitivity

analysis ensures that our conclusions are not mainly impacted by the model choices.

Even with such categorization and logarithmic transformation, we have still identified

a significant positive relationship between CIF and number of sGenes as discussed in

Results section.

2.3 Enrichment study of sQTL-gene relationships in topo-
logically associating and compartment domains

We have also assessed whether TADs are enriched for sQTL-gene associations for

all human cancer tissues. We have carried out such enrichment analysis as follows:

We have generated a matching pseudo-pair as a control for each tested SNP-gene

pair. While keeping the gene’s transcription start site (TSS) position, we flipped

SNP’s direction such that it becomes on the opposite side of transcription start site

without changing the distance from the transcription start site. In this case, if the

actual SNP is 90Kb upstream of the transcription start site, its flipped position in

the control dataset is 90Kb downstream of the transcription start site. As a result

of this procedure, the distribution of SNP-TSS distance and the distribution of gene
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locations will be same across the pseudo SNP-gene pairs and actual SNP-gene pairs.

In case flipped location is no longer belongs to the chromosome, we remove both

actual and matching pseudo pair from our analysis.

We analyzed SNP-gene pairs via 2 attributes: 1- whether TSS of a gene and

SNP belong to the same TAD, 2- whether SNP-gene pair is an actual or pseudo one.

As a result, we obtain a 2 × 2 matrix, and observe if the probability of SNP-gene

pairs switching from locating within the same TAD to locating in different TADs is

significantly greater. We apply McNemar’s test to test this hypothesis. Similarly, we

have also evaluated the relation between those 2 attributes by performing Fisher’s

exact test.

Additionally, we bring distance into the equation via applying logistic regression

Y ≈ X+D, where D defines the distance between the gene’s TSS and SNP, X defines

whether the SNP-gene pair is actual, and Y defines whether the pair locates within

the same TAD. We have also stratified the dataset by genomic distance changing from

10 Kb to 250 Kb, and applied stratified analyses.

We have also applied a similar procedure to compartment domains, and while

analyzing survival-sQTLs and GWAS-sQTLs.

2.4 Analysis of cancer tissue-specific FIREs and cancer
tissue-specific sQTLs

Lastly, we have analyzed whether Hi-C dataset is tissue-specific. We have charac-

terized FIREs that are tissue-specific, if these FIREs are detected only in the spe-

cific cancer tissue but not in the remaining cancer tissues. Then, we have analyzed

whether tissue-specific FIREs are enriched near genes, and analyzed their degree of

relationship with tissue-specific sQTLs. We define tissue-specific sQTLs similarly by

CancerSplicingQTL database results.

We have analyzed whether tissue-specific sQTLs are enriched in tissue-specific
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FIREs for each cancer tissue. As part of this enrichment analysis, we have parti-

tioned all sQTLs according to whether sQTL overlaps with tissue-specific FIRE and

whether the sQTL is tissue-specific. We have also calculated the odds ratio where the

numerator is the proportion of tissue-specific sQTLs mapped to tissue-specific FIREs

and the denominator is the proportion of tissue-specific sQTLs mapped to remaining

FIREs of the same tissue. We have also calculated Bonferroni corrected p-value and

confidence interval at 95% confidence level after Bonferroni correction (i.e. 99.375%

nominal level, where 0.99375 = 1–0.05/8).
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(a) CML (b) COAD

(c) GBM (d) LAML

(e) LUAD (f) MM

(g) PRAD (h) SARC

Figure 2: The distribution of distance between gene and sQTL over all autosomal
chromosomes for (a) CML, (b) COAD, (c) GBM, (d) LAML, (e) LUAD, (f) MM, (g)
PRAD, (h) SARC cancer tissues.
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CHAPTER III

RESULTS

3.1 The number of chromatin interactions is significantly
positively related with the number of splicing genes

We can expect a pair of loci located as an sQTL-gene association to interact more

frequently if 3D chromatin organization impacts the sQTLs regulation of their target

genes. We test this hypothesis by fitting negative binomial and linear regressions,

and evaluating the association between CIF and number of sGenes (splicing gene-

sQTL) associations between two loci over interaction dataset with 10kb resolution

by using these regression models. As discussed in Methods section, we have ignored

the interactions within same bins, and only used sQTL-gene pairs that are located

in different bins. Once we have controlled for genomic distance between any loci

pair, the effect of number of sGenes on CIF become significantly positive (p-value

< 0.001) over all human cancer tissues as seen in Figure 4(a). For instance, in

LAML cancer tissue, according to negative binomial regression, the effect of number

of sGenes on CIF is 0.21 (p-value < 0.001). According to this effect, CIF would

have been 1.23 = e0.21 times greater for each additional sGene in single pair of bin.

This effect coefficient changes across different cancer tissues, taking values between

0.05 and 0.21. Across these experiments, effect sizes are quite similar to each other

for relatively more similar tissues such as CML (Chronic Myeloid Leukemia) and

LAML (Acute Myeloid Leukemia). Furthermore, in the same regression models, the

coefficient between CIF and genomic distance is significantly negative across all cancer

tissues. Such negative coefficient is expected since interaction frequency between two

loci in general decreases as distance between these loci increases [22]. If we change
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the resolution of binning for both interaction and sQTL datasets, we still observe

similar significance results as seen in Figure 4(b) for both 5 kb, 10 kb and 40 kb

resolutions, where we only plot the coefficients of sGenes. Similar to the 10 kb

resolution results above, across different resolutions, effect sizes are quite similar to

each other for relatively more similar tissues such as CML and LAML. We also observe

similar statistical significance results when we run linear regression instead of negative

binomial regression as shown in Supplementary Materials.

(a) The effect of sGenes over multiple
cancer tissues

(b) CIF is related with number of
sGenes, not with the total gene count

Figure 3: (a) The effect of sGenes frequency on chromatin interaction frequency,
estimated by fitting negative binomial regression where we also adjust for gene density
difference and genomic distance covariates. (b) Estimated coefficients while regressing
CIF against the number of genes without sQTLs and controlling for gene density
difference and genomic distance. ± standard errors are represented by the error bars.
(***) stands for p < 0.001, whereas (**) stands for p < 0.01 significance.

[22] has come up with the partition of genome into A and B compartments. These

compartments have been related to higher gene density and lower gene density regions

respectively. They have also discovered that a pair of genome regions with different

compartment types has a lower interaction frequency than regions inside the same

compartment types. According to this result, gene density might have a critical role

in chromatin interactions. To control for gene density’s critical role in our analysis, as

seen in Figure 3(a), we have integrated the absolute difference in tested gene counts
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among the pair of bins as an extra attribute into the regression framework. We have

discovered that the effect of difference in gene density between pair of bins on CIF

is significantly negative in all cancer tissues. The correlation between number of

sGenes and gene density difference is small as well, Pearson correlation ≤ 0.05 in all

cancer tissues. Furthermore, the correlation between number of sGenes and CIF is

still significantly positive where the estimated effects are higher than the previous

model which does not take into account the gene density difference. Moreover, we

have run stratification analysis by stratifying the data via the gene density difference.

Stratification divides the population into subsets (that are called strata) within each

of which an independent sample is selected. In this analysis, gene count difference

differs between 0 and 8, and sample sizes are nearly tiny for the strata with difference

> 5. The results were similar to the ones in Figures 4(a)-3(a) for many of the analyzed

strata. In a few number of strata, the estimated coefficients for sGene count were

negative but without any statistical significance.

We have also analyzed the datasets by incorporating the number of genes without

an associated sQTL into the regression model instead of number of sGenes. According

to Figure 3(b), the coefficients are mostly negative across all cancer tissues. For LAML

tissue, the effect of the number of genes without an associated sQTL on the CIF is

positive. However, such positive coefficient is remarkably smaller than the coefficients

for the number of sGenes. As a result, CIF is related to number of sGenes, not with the

total gene count. We also observe similar statistical significance results when we run

linear regression instead of negative binomial regression as shown in Supplementary

Material.

Previous research [31] have found that number of eGenes (eQTL-gene associa-

tions) is also positively associated with chromatin interaction frequency for a number

of human tissues. We test the robustness of our sQTL results by applying similar

regressions while controlling for eGenes as well. In more detail, we test our sQTL
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(a) The effect of sGenes over multiple
cancer tissues

(b) The effect of sGenes across different
resolutions

Figure 4: The effect of sGenes quantity on chromatin interaction frequency, estimated
by fitting negative binomial regression. While estimating the effect of sGenes on
chromatin interaction frequency, we also control for genomic distance. ± standard
errors are represented by the error bars.

hypothesis by fitting negative binomial and linear regressions, and evaluating the

association between CIF and number of sGenes associations between two loci over

interaction dataset with 10kb resolution while controlling for eGenes and genomic

distance. In this case, the effect of number of sGenes on CIF is also significantly

positive (p-value < 0.0001) over all human cancer tissues as seen in Figure 5(a). For

instance, in CML cancer tissue, according to negative binomial regression, the effect

of number of sGenes on CIF is 0.32 (p-value < 0.0001). According to this effect, CIF

would have been 1.38 = e0.32 times greater for each additional sGene in single pair

of bin. This effect coefficient changes across different cancer tissues, taking values

between 0.24 and 0.32. Across these experiments, similar to the case without eGenes,

effect sizes are quite similar to each other for relatively more similar tissues such as

CML (Chronic Myeloid Leukemia) and LAML (Acute Myeloid Leukemia). Similar to

the case without eGenes above, the coefficient between CIF and genomic distance is

significantly negative across all cancer tissues. If we change the resolution of binning

for both interaction and sQTL datasets, we still observe similar significance results as
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seen in Figure 5(b) for both 5 kb, 10 kb and 40 kb resolutions, where we only plot the

coefficients of sGenes. Similar to the 10 kb resolution results above, across different

resolutions, effect sizes are quite similar to each other for relatively more similar tis-

sues such as CML and LAML. We also observe similar statistical significance results

when we run linear regression instead of negative binomial regression as shown in

Supplementary Material.

(a) The effect of sGenes over multiple
cancer tissues

(b) The effect of sGenes across different
resolutions

Figure 5: The effect of sGenes quantity on chromatin interaction frequency, estimated
by fitting negative binomial regression. While estimating the effect of sGenes on
chromatin interaction frequency, we also control for eGenes and genomic distance. ±
standard errors are represented by the error bars. (***) stands for p < 0.001, whereas
(**) stands for p < 0.01 significance.

We have also analyzed the significance of positive association between chromatin

interaction frequency and sGenes across individual autosomal chromosomes for lung

and prostate cancer types via negative binomial regression over interaction dataset

with 10kb resolution as seen in Figures 6(a)-6(b) respectively. In terms of lung can-

cer, positive association between CIF and sGenes is statistically significant for all

autosomal chromosomes except 17, 21, 22 (p-value < 0.001) as seen in Figure 6(a).

Similarly, such positive associations are statistically significant for all prostate can-

cer chromosomes except 9, 19 (p-value < 0.001) as seen in Figure 6(b). Detailed
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chromosomal results for the remaining cancer types can be found in Supplementary

Material.

(a) LUAD (b) PRAD

Figure 6: The effect of sGenes quantity on chromatin interaction frequency per
chromosome, estimated by fitting negative binomial regression while controlling for
eGenes and genomic distance as well. Results are in (a) LUAD, (b) PRAD cancer
tissues. ± standard errors are represented by the error bars. (***) stands for p <
0.001, whereas (**) stands for p < 0.01 significance.

We also report the adjusted R2 values for negative binomial regressions seen in

Figures 4(a), 3(a) and 5(a) respectively as seen in Table 3. In general, adding the

covariates to model nonuniformity in the genes distributions between the bins (GDiff)

and eQTL-gene associations frequency with transcription start site (TSS) located in

bin i or bin j (GeGene) to the negative binomial regression leads to a better prediction

results. We have also tested whether taking the confounding effects into account

between covariates improves the performance as seen in Table 4. Here, we have

extended the negative binomial regression equation 3 by taking into account the

pairwise interaction and confounding effects between the covariates as in Eq 4. In

terms of adjusted R2 values, the scores frequently stay the same or decrease as a

result of extending the equation. As a result, we mainly report the results without

considering the covariate interactions.

We have also ensured that our conclusions so far are not impacted by the model

20



Table 3: Adjusted R2 values for negative binomial regressions seen in Fig-
ures 4(a) (ln(FHi-C) ≈ GsGene + D), 3(a) (ln(FHi-C) ≈ GsGene + GDiff + D),
and 5(a) (ln(FHi-C) ≈ GsGene +GeGene +D) respectively.

Cancer ln(FHi-C) ≈ GsGene +D
ln(FHi-C) ≈ GsGene

+GDiff +D

ln(FHi-C) ≈
GsGene +GeGene

+D
CML 0.245 0.254 0.251
COAD 0.232 0.249 0.265
GBM 0.243 0.261 0.266
LAML 0.288 0.299 0.302
LUAD 0.275 0.288 0.291
MM 0.255 0.272 0.274
PRAD 0.297 0.311 0.315
SARC 0.267 0.275 0.283

Table 4: Adjusted R2 values for negative binomial regressions without (Eq. 3) and
with confounding effects (Eq. 4).

Cancer Without confounding effects, Eq 3 With confounding effects, Eq 4
CML 0.254 0.251
COAD 0.249 0.250
GBM 0.261 0.252
LAML 0.299 0.289
LUAD 0.288 0.277
MM 0.272 0.269

PRAD 0.311 0.305
SARC 0.275 0.286

choices, by performing similar analyses over linear regression model, over a log-

transformation model where we also log-transform the independent variables. In all

cases, we have identified a significant positive relationship between CIF and number

of sGenes.

3.2 TADs and compartment domains are enriched in terms
of sQTL-gene associations

Genome regions inside the same TAD tend to interact more frequently than regions

in different TADs [48, 24]. By taking this result into account, we have analyzed

whether TADs are enriched for sQTL-gene associations. Firstly, figure 7 shows the
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Figure 7: Average number of TADs and the mean TAD size in Mb inferred by
Armatus for different cancer types across 5 kb, 10 kb and 40 kb resolutions.

average number of TADs and the mean TAD size in Mb inferred by Armatus for

different cancer types across the resolutions. As discussed in Methods in detail,

we have generated a pseudo SNP-gene pair matching every sQTL-gene pair in the

dataset without modifying the position of TSS of the gene but instead putting SNP

to the opposite side of TSS for all tissues. The higher proportion of sQTL-gene

pairs remained within the same TAD after putting SNP to the opposite side, but a

relatively significant number of sQTL-gene pairs have started to locate across different

TADs, such as between 10% and 15% across all tissues. However, almost none of

the sQTL-gene pair that are located in different TADs has started to locate in the

same TAD according to McNemar’s test with p-value < 1 × 10−16 for all cancer

tissues. Additionally, the number of sQTL-gene pairs locating in the same TAD in

real dataset is statistically significantly higher than the ones in simulated dataset

according to Fisher’s exact test with p-value < 1× 10−16 for all cancer types as seen

in Figure 8(a). For instance, 58.23% pseudo sQTL-gene pairs in CML tissue were

inside TADs, whereas it was 68.45% sQTL-gene pairs in the real dataset.

We have also analyzed the ratio of SNP-gene pairs inside topologically associat-

ing domains per chromosome for pseudo and real LUAD cancer datasets as seen in

Figure 8(b). Similarly, we found the number of sQTL-gene pairs locating in the same
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TAD in real LUAD dataset to be statistically significantly higher than the ones in

simulated dataset according to Fisher’s exact test for all chromosomes. We observe

similar statistically significant enrichment profiles across different chromosomes for

other cancer types as well.

(a) Across cancer types (b) Across LUAD chromosomes

Figure 8: Enrichment of sQTL-gene associations in topologically associating do-
mains. The ratio of SNP-gene pairs inside topologically associating domains for
pseudo and real data, (***) p < 0.001 for Fisher’s exact test, (**) p < 0.01 for
Fisher’s exact test. (a) Over all cancer types, (b) Over all chromosomes of LUAD
cancer type.

These associations are also valid if genomic distances are also taken into account.

As discussed in Methods section, we have applied a joint analysis with distance as an

independent variable and applied a stratified analyses where distance is the stratifying

factor. When logistic regression is applied, the odds-ratio for a SNP-gene pair being in

the same TAD is statistically significantly greater for real datasets than for simulated

datasets across all cancer tissues as seen in Table 5. The stratified analyses results

for lung (LUAD) and prostate (PRAD) cancer tissues are shown in Figures 9(a)-9(b)

where we stratify via the distance between sQTL and splicing position of the genes.

All our TAD enrichment results are robust across different TAD callers.

Similar to TAD enrichment analysis, we have also analyzed whether compartment

domains [22] are enriched for sQTL-gene associations. As discussed in Methods in

detail, we have generated a pseudo SNP-gene pair matching every sQTL-gene pair

in the dataset, similar to the generation process for TADs discussed above. We have
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(a) LUAD (b) PRAD

Figure 9: Enrichment of sQTL-gene associations in topologically associating do-
mains. 2 examples, LUAD and PRAD, displaying the results in greater detail after
we stratify via the distance between sQTL and splicing position of the genes (x-axis,
in 10Kb). All comparisons have p < 0.001.

Table 5: Odds ratio and 95% confidence interval (CI) for SNP-gene pairs that map
to the identical topologically associating domain among simulated and real datasets

Cancer Type Odds Ratio %95 CI p-value
CML 1.68 [1.66, 1.70] < 0.001
COAD 1.96 [1.93, 1.99] < 0.001
GBM 1.83 [1.81, 1.85] < 0.001
LAML 2.02 [1.97, 2.07] < 0.001
LUAD 1.77 [1.73, 1.81] < 0.001
MM 1.86 [1.80, 1.92] < 0.001

PRAD 1.61 [1.51, 1.71] < 0.001
SARC 1.73 [1.68, 1.78] < 0.001

found the number of sQTL-gene pairs locating in the same compartment domain in

real dataset to be statistically significantly higher than the ones in simulated dataset

according to Fisher’s exact test with p-value < 1× 10−16 for all cancer types as seen

in Figure 10. For instance, 59.67% pseudo sQTL-gene pairs in CML tissue were inside

TADs, whereas it was 78.25% sQTL-gene pairs in the real dataset.

We have also analyzed the distance distribution between significant Hi-C peaks

and significant sQTL-gene associations. We have utilized Fit-Hi-C [49] to estimate

the distance between the sQTL and the splicing sites for the whole set of significant

sQTL-gene associations and between the significant Hi-C peaks pair of bins. We have

observed quite close resulting distributions across different cancer types.
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Figure 10: Enrichment of sQTL-gene associations in compartment domains over
different cancer types. The ratio of SNP-gene pairs inside compartment domains for
simulated and real data, (***) p < 0.001 for Fisher’s exact test.

3.3 TADs and compartment domains are enriched in terms
of GWAS and cancer survival sQTL-gene associations

Similar to the analysis in the previous section, we have also analyzed whether TADs

are enriched in terms of GWAS and cancer survival sQTL-gene associations [35].

GWAS sQTLs overlap with the identified GWAS regions that are associated with

linkage disequilibrium regions, and they are inferred by integrating the sQTLs with

the correct GWAS risk locations. GWAS sQTLs help us in interpreting the genetic

variants function. On the other hand, survival sQTLs are sQTLs that are associated

with patient’s survival time for a given cancer. Identification of survival sQTLs is

important in prioritizing sQTLs that may be influencing the cancer prognosis. Ac-

cording to Table 6, for both GWAS sQTLs and cancer survival sQTLs, the number of

sQTL-gene pairs locating in the same TAD in real dataset is statistically significantly

higher than the ones in simulated dataset according to Fisher’s exact test with for
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almost all cancer types. Similar to TAD analysis results for the whole set of sQTLs,

the identified sQTL-gene associations over TADs are also valid if genomic distances

are also taken into account. When logistic regression is applied, the odds-ratio for

a SNP-gene pair being in the same TAD is statistically significantly greater for real

datasets than for simulated datasets across all cancer tissues.

Table 6: Enrichment of sQTL-gene associations in topologically associating domains
over GWAS sQTLs and survival sQTLs. The ratio of SNP-gene pairs inside topolog-
ically associating domains for simulated and real data, (***) p < 0.001 for Fisher’s
exact test, (**) p < 0.01 for Fisher’s exact test.

GWAS sQTLs Survival sQTLs

Cancer Type Real Simulated p-value Real Simulated p-value
CML 70.41% 62.83% *** 72.21% 59.25% ***
COAD 71.11% 61.43% *** 69.75% 60.14% ***
GBM 67.71% 60.88% *** 66.42% 62.34% **
LAML 69.33% 65.63% ** 70.85% 66.21% **
LUAD 68.55% 58.95% *** 69.65% 60.07% ***
MM 67.42% 63.39% ** 68.09% 61.12% ***

PRAD 66.41% 59.34% *** 68.19% 61.19% ***
SARC 73.85% 69.48% ** 69.25% 62.66% ***

3.4 Cancer tissue-specific sQTLs are enriched in cancer
tissue-specific FIREs

sQTLs are significantly tissue-specific [35]. By taking this result into account, we have

also analyzed whether tissue-specific sQTLs are enriched in tissue-specific FIREs. The

total number of tissue-specific sQTLs were 443,567 for all 8 cancer tissues we have

analyzed. Calculated odds ratio for 7 out of 8 tissues are > 1, which indicates tissue-

specific sQTLs are enriched in tissue-specific FIREs. Among these tissues, 6 out of

8 tissues (CML, COAD, LAML, LUAD, PRAD, SARC) are statistically significantly

have odds ratio greater than 1 after Bonferroni correction as seen in Table 7, and

GBM has nearly satisfied the criteria. Such statistically significant enrichment of

tissue-specific sQTLs show that those tissue-specific sQTLs might achieve their splic-

ing effects via tissue-specific chromatin interactions, significant in at least 6 tissues.
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However, we have identified a significant negative association in lung cancer tissue.

Such negative significant relation can be due to multiple reasons: 1- The cancer sam-

ple that is used to create interaction and eQTL dataset might have been collected

over different people, or may have not been collected from the same lung cancer tis-

sue locations; 2- A more complex associations could take place between chromatin

organization and sQTLs in lung cancer tissue compared to other issues; 3- These

samples may not be homogeneous, comprising of various cell type ratios. In order to

evaluate the impact of those factors, we need additional experimental datasets. Even

though we have not identified a consistent direction for results over cancer tissues,

many cancer tissues might exhibit a positive relation between tissue-specific sQTLs

and tissue-specific FIREs than a negative relation.

Table 7: sQTLs that are specific to tissues are enriched in tissue-specific FIREs for
most cancer types. Odds ratio, 95% confidence interval, and p-value from Fisher’s ex-
act test are estimated where confidence interval and p-value are Bonferroni corrected.

Cancer Type Odds Ratio %95 CI p-value
CML 1.58 [1.36, 1.80] < 0.001
COAD 1.92 [1.72, 2.12] < 0.001
GBM 1.35 [0.95, 1.75] 0.11
LAML 2.01 [1.83, 2.19] < 0.001
LUAD 1.33 [1.21, 1.45] < 0.001
MM 0.85 [0.36, 1.34] 0.75

PRAD 1.42 [1.37, 1.47] < 0.001
SARC 1.53 [1.44, 1.62] < 0.001
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CHAPTER IV

CONCLUSIONS

Gene regulation is understood to be affected by sQTLs and spatial organization of

chromatin. In this research, we have focused on identifying the association between

spatial chromatin interactions and sQTL-gene associations across 8 human cancer

tissues in a systematic way. We have identified CIF to have positive association with

eGenes count. Furthermore, TADs are enriched for sQTL-gene associations. We

observed these results in all 8 assessed human cancer tissues. To our best knowledge,

this is the first study to come up with well-grounded statistical support for these

results across multiple cancer tissues. Our results indicate that sQTLs could achieve

regulation of corresponding target genes via interactions between chromatin segments.

Tissue-specific sQTLs are statistically significantly enriched in tissue-specific

FIREs in 6 out of 8 human cancer tissues. According to that result, tissue-specific

sQTLs could operate via chromatin interactions which are tissue-specific as well, in

these 6 tissues. But, the association between tissue-specific sQTLs and chromatin

interactions is significantly negative in the lung adenocarcinoma tissue. Such results

can be explained by many factors. More complex functioning in the lung cancer tissue

can be the principal underlying mechanism. Another factor can be tissue cell types,

or sample sources being heterogeneous. Noise may have been presented the possible

heterogeneity into our analysis, and we should have obtained more robust results if

we have run our analysis on more homogeneous datasets.

The degree of association between tissue-specific chromatin interactions and

tissue-specific sQTLs is useful to identify the genes regulated by sQTLs via chro-

matin interactions over the analyzed cancer tissue. For instance, we have analyzed
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3961 tissue-specifc FIREs and 11005 tissue-specific sQTLs in lung cancer tissue.

When we consider both of those factors, we have extracted 534 lung adenocarcinoma-

specific sQTLs revealed in those lung adenocarcinoma-specific FIREs. We found

those sQTLs to be statistically significantly associated with six genes: XPA (DNA

Damage Recognition And Repair Factor), EGFR (Epidermal growth factor receptor),

KRAS (Kirsten rat sarcoma virus), DDR2 (Discoidin domain-containing receptor 2),

ALK (Anaplastic lymphoma kinase), and ADGRB2 (Adhesion G protein-coupled re-

ceptor B2). Among these genes, 4 of them, EGFR, KRAS, DDR2, and ALK have

been found to have significant roles specifically in lung adenocarcinoma [50].

Transmembrane protein EGFR is an epidermal growth factor receptor regulating

the cellular pathways that are involved in cellular proliferation. It is expressed in

more than 50% of lung adenocarcinoma types, and is one of the principal focused

genes for therapeutics of those tumors [51]. KRAS gene proteins carry growth or

differentiate signal from cell exterior to inside cell, especially towards nucleus. Sig-

nificant increase in the expression of KRAS gene by mutation is a well-studied event

in lung adenocarcinoma as well as in different epithelial cancers [52], which is more

resistant to various types of cancer treatments. DDR2 mutations are also responsible

for adenocarcinoma development, and they have been characterized as common target

genes in lung cancer therapy [53]. On the other hand, ALK gene is mainly responsi-

ble for gut development during the embyronic development, but it has also roles in

lung cancer [54]. Similarly, ADGRB2 exhibits tissue-specific gene expression patterns

during the development by encoding a signaling receptor [24], and expression levels

increase as the lung develops further [55]. ADGRB2’s transcription start site is at

32,192,718 on chromosome 1 which is approximately 47 kb away from tissue-specific

FIRE which is between 32,240,000 and 32,320,000 positions of chromosome 1.

We observe similar results for survival-sQTLs and GWAS-sQTLs. We have found

those sQTLs to be statistically significantly associated with the same four genes
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specific to lung adenocarcinoma development; EGFR, KRAS, DDR2, and ALK. Apart

from these four genes, sQTLs are also significantly associated with APC, CASP8, and

TP53 genes for survial-sQTLs. Among these genes, APC and CASP8 are associated

with the metastatis of lung cancer [56]. APC is a tumor suppressor gene that takes

part in cell adhesion, and its mutations are found to exist in lung adenocarcinoma [57].

CASP8 polymorphisms are important in advanced lung cancer prognosis even after

therapy [58]. On the other hand, frequent mutations in TP53 gene are well-known

markers for a great number of human cancer types, not specific to the lung cancer.

We have performed our analyses over Hi-C datasets with 10kb resolution, which

is remarkably higher than the resolution of datasets used in similar joint eQTL and

Hi-C analyses. sQTL analysis strength is mainly impacted by sample size. Due to

sample size in our datasets, we may have overlooked a number of SNP-gene splicing

associations in this study. Additionally, the analysis on topologically associating

domain enrichment have not considered linkage disequilibrium (LD) among sQTLs.

If there is any effects of LD, they have cancelled out between simulated and real

datasets with a very high probability.

As a summary,

• We have discovered sQTLs are located spatially near their target genes with

possible alternative splicing across a number of human cancer tissues. Such

closer spatial distance also exists independent of whether we integrate eQTLs

into the analysis.

• We found that sQTLs regulate the alternative splicing through chromatin in-

teractions.

There results can be used to comprehend the complementary outcomes of sQTLs

and chromatin interactions over gene regulations via alternative splicing in detail.
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