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Breast cancer has the highest incidence and mortality rates among women. The
etiology of the disease has remained elusive because of complex interactions
among various factors. The somatic mutations are one of such factors that lead
to breast cancer development. Many somatic mutations have been identified in
breast cancer. Unfortunately, in many cases, our knowledge about these muta-
tions is limited to their allele frequencies and their relations to cancer deserve
further investigation. In this thesis, in silico approach was defined to investigate
the impact of somatic mutations in breast cancer by utilizing publicly available
databases, bioinformatics, and computational biophysics tools. Firstly, a gene
network of 67 genes participate in splicing mechanism was constructed. Analysis
of this network reveals that splicing factor 3B subunit 1 (SF3B1) is the central
node having higher network metrics and the highest mutation rate among other
genes. Then, data and network analyses showed i) impact of aberrant splicing on
other biological processes such as regulation of cell proliferation, apoptosis, and
transcription and ii) relations among hematologic malignancies and breast can-
cer that may explain the transformation from one cancer to another. Lastly, the
impact of K700E on dynamics and structure of SF3B1 was investigated by per-
forming classical molecular dynamics simulation. Comparative analysis of wild
type vs. mutant trajectories showed that the mutation i) decreases the stability
of the components of the splicing machinery such as SF3B1, p14, and pre-mRNA,
which consequently weakens the interaction formed between pre-mRNA and both
K700E and p14RRMand ii) distorts the communication among SF3B1 residues.
These changes may lead to alternative branch point selection, aberrant splic-
ing of pre-mRNA, and production of abnormal transcripts. This thesis provided
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i) insights into complex interactions among genes, pathways, and diseases that
may improve the development of new prevention, prognostic and therapeutic ap-
proaches for cancer and ii) molecular details to understand the functional conse-
quences of K700E on the spliceosomal machinery, proposing SF3B1 as a potential
biomarker and therapeutic target for cancer. In light of these findings, the defined
in silico process, which is based on bioinformatics, network analysis, and compu-
tational biophysics tools, can be improved and employed in the identification and
characterization of highly mutated genes that lead to cancer development and/or
prognosis. Consequently, developing new prevention and therapeutic approaches
can be improved to combat cancer.

Keywords: Breast cancer; Somatic mutations; pre-mRNA splicing; SF3B1; Gene
Networks; Protein Association Networks; Network Analysis; Molecular dynamics
simulations.
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BİRLEŞİK AĞ ANALİZİ VE MOLEKÜLER DİNAMİK
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Şubat, 2020

Meme kanseri kadınlar arasında en fazla görünen ve ölüm oranı en yüksek kanset-
r tipidir. Hastalığa neden olan faktörler çok çeşitli ve karmaşık olduğundan,
hastalığa sebep olan gerçek faktörler tam anlaşılamamıştır. Somatik mutasy-
onlar, meme kanserine yol açan bu faktörlerden biridir. Meme kanserinde birçok
somatik mutasyon tespit edilmiştir. Ne yazık ki, birçok durumda, bu mutasyonlar
hakkındaki bilgimiz, bu faktörlerin görülme sıklıkları ile sınırlıdır ve bu nedenle
kanserle ilişkileri için daha fazla araştırılmaları gerekmektedir. Bu tezde, açık veri
tabanları ile biyoinformatik ve hesaplamalı biyofizik araçları kullanılarak somatik
mutasyonların meme kanseri üzerindeki etkilerini araştırmak için bir in-siliko yani
bilgisayar benzetimleri yaklaşımı tanımlanmıştır. İlk olarak, genleri birbirine
ekleyerek 67 genden oluşmuş bir gen ağı oluşturuldu. Bu gen ağının analizleri net-
icesinde, 3B-alt bir-1 eklentili genin (SF3B1), diğer genlere nazaran daha yüksek
ağ metriklerine ve en yüksek mutasyon oranına sahip bir merkezi düğüm noktası
olduğu gözlemlenmiştir. Akabinde, veri ve ağ anailizleri neticesinde i) anormal
uçbirleştirmenin hücre proliferasyonu, apapotozu ve transkripsiyonu gibi diğer
biyolojik süreçleri üzerindeki etkisi, ii) bir kanserden diğerine dönüşümü açıklaya-
bilecek hematolojik maligniteler ile meme kanseri arasında ilişkilerinin olduğu gös-
terilmiştir. Son olarak da, klasik moleküler dinamik simülasyonu gerçekleştirilerek
K700E’nin, SF3B1’in dinamikleri ve yapısı üzerindeki etkisi incelenmiştir. Doğal
fenotip ve mutantların izlediği gezinim yörüngülerinin karşılaştırılmalı analizinde
mutasyonların i) SF3B1, p14 ve pre-mRNA gibi yapıların birbirine ekli bileşen-
lerinin stabilitesini azalttığını ve sonuç olarak aralarındaki etkileşimi zayıflat-
tığını, ve ii) SF3B1 kalıntılarının arasındaki etkileşimi bozduğunu göstermiştir.
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Bu değişimler alternatif dallanma noktası seçimine, anormal pre-mRNA uçbir-
leştirmeye ve anormal transkriptlerin üretilmesine yol açabilir. Bu tez, i) kanser
için yeni önlemlerin geliştirilmesi, prognostik ve terapötik yaklaşımların gelişimini
sağlayacak genler, metotlar ve hastalıklar arasındaki karmaşık etkileşimlere farklı
bir sezgi ve ii) K700E’nin bileşenlerinin birbirine eklenmesi kurgusu üzerindeki
fonksiyonel sonuçlarını anlamak için SF3B1’i potansiyel bir biyobelirteç ve kanser
için terapötik hedef olarak öneren moleküler detayları ortaya çıkarmıştır. Bu
bulgular ışığı altında, biyoenformatik, gen ağı analizleri, ve hesaplamalı biyofizik
tabanlı araçları kullanan in-siliko yani bilgisayar benzetimleri daha da iyi geliştir-
ilebilir ve bunun neticesinde kansere sebep olan mutasyona uğramış genlerin daha
iyi karakterize edilmesine olanak sağlanabilir. Bu şekilde kanserle olan savaşta
daha yeni önlemler ve yeni tedavi yaklaşımları geliştirilebilir.

Anahtar sözcükler : Meme Kanseri; Somatik Mutasyonlar; pre-mRNA Uçbir-
leştirme, SF3B1; Gen Ağı; Protein İlişki Ağı; Ağ Analizi; Moleküler Dinamik
Simülasyonları.
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Chapter 1

INTRODUCTION &

MOTIVATION

In this chapter, an overview about breast cancer will be presented. Then pre-
mRNA splicing mechanism will be emphasized as one of the related biological
processes to breast cancer development and/or prognosis. Lastly, motivation of
this research will be explained.

1.1 Breast Cancer Overview

Breast cancer is a type of cancer in which cells of breast tissue grow abnormally.
In some cases, breast cells go only under uncontrolled growth, leading to a benign
tumor which is not lethal. Unlike other cases when abnormal cells spread out of
breast tissue, invading other tissues and forming a malignant tumor (cancerous
cells). Breast cancer has many types based on different ways of classifications
such as; histological, molecular, and functional [4]. Most common subtypes of
each category are shown in Figure 1.1.1.
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Breast Cancer
Classification

Histological

Carcinoma in situ
(Non-invasive)

Lumina BBasel (Triple
Negative)

HER
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Basel like
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Mammary
Stem Cell
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 Stem Cell

Ductal 

MolecularFunctional 

Lobular Ductal-Lobular 

Carcinoma 
(Invasive)

Ductal  Lobular MedullaryDuctal-Lobular 

Lumina A

Figure 1.1.1: This scheme summarizes three classifications (histological, molec-
ular, and functional) of breast cancer, including the most common subtypes of
each class.

Breast cancer is considered as one of the most frequent and lethal cancer type
among women [5] as it accounts for 25% of all cancer types [6] and contributes
to 15% of the mortality [7]. The Catalogue Of Somatic Mutations In Cancer
(COSMIC) database reported 12,542 samples were diagnosed by breast cancer.
Carcinoma is the most common type as it was diagnosed in 11,294 samples.
2,512 and 1009 samples were diagnosed by invasive ductal carcinoma (IDC) and
invasive lobular carcinoma (ILC), respectively.Somatic mutations associated with
carcinoma are mostly classified as pathogenic mutations. Unfortunately, in many
cases, our knowledge on these mutations is limited to their allele frequencies and
their association with formation of malignant tumors deserve further investiga-
tion.

1.2 Breast Cancer Etiology

The etiology of breast cancer is complicated as it is caused by many factors
such genetic, epigenetic, environmental, lifestyle, and hormonal factors. [6, 8].
Somatic mutations are potentially involved in cancer development and prognosis.
After the development of next-generation sequencing (NGS) technology, mutation
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analysis becomes easy and feasible for clinical studies of breast cancer. The
most common harboring genes of somatic mutations are PIK3CA, TP53, GATA3,
ESR1, and CDH1 [9–11]. Mutation frequency of each gene varies based on the
tissue where breast cancer arises and its hormonal status. For instance, TP53
is the most frequently mutated gene associated with IDC, while CDH1 is the
most associated gene with ILC. PIK3CA gene ranks at the second place for both
IDC and ILC. Based on hormone status of breast cancer, estrogen receptor (ER)
positive is the most common form of breast carcinoma. Additionally, germline
and somatic mutations interact together to stimulate carcinogenesis in the case
of triple-negative breast cancer (TNBC) in which the cancerous cells are tested
negative for ER, progesterone receptors (PR), and hormone epidermal growth
factor receptor 2 (HER-2) [12, 13].

1.3 Breast Cancer Related Biological Processes

A lot of research had been conducted to identify and understand many biological
processes involved in cancer. Cell cycle proliferation and progression, cell com-
munication, ER and HER2 signaling, and impairment of immune response are
considered as main keys for cancer development and progression [14–16]. A pool
of proteins interacts with each other and function in a complex system to accom-
plish a specific mechanism. Disturbing a function of any of them affects other
proteins as well, leading to abnormal pathways as in cancerous cells condition.
Complexity and diversity of the proteome content in a cell come from alterna-
tive splicing mechanism which produces many transcripts from same gene, each
encodes for a different functional protein [17].

1.4 Pre-mRNA Splicing Mechanism

Alternative splicing occurs during pre-mRNA splicing mechanism when noncod-
ing regions (introns) are spliced from pre-messenger RNA (pre-mRNA) sequence
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and coding regions (exons) are joined together to produce mature messenger RNA
(mRNA). Splicing is the first step of processing of Capped Intron-Containing
Pre-mRNA mechanism. It is followed by two more steps: a) 3’-end process-
ing of pre-mRNA, and b) transportation of mature transcripts to the cytoplasm
[18]. Splicing is carried out by a complex ribonucleoprotein (RNP) called spliceo-
some [19, 20] which consists of five small nuclear ribonucleoproteins (snRNPs)
(U1, U2, U4, U5, and U6) and many other related proteins as well [21]. Two
transesterification chemical reactions are necessary to catalyze splicing process
[22]. During the first step, 2’-OH of branch point adenosine (BPA) attacks phos-
phodiester bond at 5’ splice site (SS), generating free 5’ exon. Then, 3’-OH of 5’
exon attacks phosphodiester bond at 3’ splice site (SS) to ligate both exons and
release the intron in between [21]. U2 spliceosomal RNA (U2snRNA) interacts
with branch sequence to facilitate the first attack of BPA. SF3b complex is essen-
tial at this step to reinforce and stabilize the interaction between U2snRNA and
BS by interacting with pre-mRNA near or at BS [23–26]. SF3b complex is the
largest component of U2 small nuclear ribonucleoprotein (U2snRNP). It is com-
posed of seven subunits: (SF3B1/SF3b155, SF3B2/SF3b145, SF3B3/SF3b130,
SF3B4/SF3b49, SF3B5/SF3b10, SF3B6/p14, and PHF5A/SF3b14b) [22]. Splic-
ing factor 3B subunit 1 (SF3B1) is the largest component of the SF3b com-
plex [27, 28]. It is composed of N-terminal helix-loop-helix and C-terminal of
20 HEAT-repeat domain (Huntingtin, Elongation Factor 3, Protein phosphatase
2A, Target of rapamycin 1) [2, 22, 29]. SF3B1 interacts with other subunits
i.e., SF3B3, SF3B7, and SF3B5, all of which maintain the conformation of the
protein and facilitate its binding to pre-mRNA. In addition, SF3B1 also inter-
acts with SF3B6 (also known as p14) [22, 30, 31] forming a complex p14-SF3B1
with U2 auxiliary factor U2AF65 to recognize and select the branch splicing
site [24, 26, 31]. In particular, the superhelical heat domain of SF3B1 increases
accessible surface area of the protein [32], which allows for effective binding of
interacting partners and/or RNAs to the protein.

Most of SF3B1 associated point mutations cluster at the C-terminal of heat
domain. They are frequently detected in patients who have myelodysplastic
syndrome (MDS), chronic lymphocytic leukemia (CLL), acute myeloid leukemia
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(AML) [33], uveal melanoma [34], breast cancer [35] and other cancer types.
The association between these mutations and aberrant splicing at the molecular
level is not fully understood. Aberrant splicing leads to production of abnormal
transcripts. Consequently, these transcripts follow two possible pathways: 1)
translation of mRNA into proteins with truncated or missing domain(s) which
consequently leads to change, loss or gain of function of the protein [36] and 2)
degradation by nonsense-mediated mRNA decay (NMD) mechanism which leads
to reduction in the proteome content of the cell [37].

1.5 Motivation

Breast cancer has the highest frequency among women compared by other can-
cers. Hence, billions of dollars had been spent on breast cancer research around
the world to find more efficient approaches for prevention, diagnosis, and treat-
ment. However, it is still a challenging disease to be diagnosed and treated due to
its complicated etiology. Thousands of somatic mutations had been detected us-
ing sequencing techniques and reported in online accessible databases. However,
our knowledge about these mutations is limited to their allele frequencies and
their relations to cancer deserve further investigation. Somatic mutations, which
cause aberrant splicing, are considered as one of the driving events for cancer
development and prognosis. It was found that point mutations of SF3B1 cause
misrecognition and misselection of branch point splicing via an elusive mechanism,
producing abnormal spliced transcripts. Therefore, splicing factor 3B subunit 1
(SF3B1) was selected to be analyzed. Thus, an overview is provided about SF3B1
and its interactions with other genes in complex systems. At the molecular level,
the impact of SF3B1K700E was assessed to get mechanistic insights into aberrant
splicing. Combined in silico based study in this thesis, though needs valida-
tion by experimental studies, can be improved and applied to characterize other
highly associated somatic mutations with cancer. Consequently, identification of
potential therapeutic targets may be improved.
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1.6 Conclusion

In this chapter, breast cancer was briefly introduced, followed by mRNA splic-
ing mechanism as one of the driven events of cancer development and prognosis.
Next chapter will present a summary of recent experimental and computational
studies about mutations of spliceosome complex’s components and their associa-
tions with aberrant splicing, leading to cancer. It is infeasible to study the whole
spliceosomal machinery due to its complexity as mentioned in Section 1.4. There-
fore, in Chapter 3, bioinformatics tools will be utilized to identify one splicing
factor as a target for this thesis. After that, the target protein was analyzed by
using a combined in silico approach based on i) data and network analysis and ii)
computational biophysics as explained in detail in Chapters 4 & 5, respectively.
In Chapter 4, different biological networks were constructed to study SF3B1 as
a component of complex systems. Besides, connections of SF3B1 with different
genes, pathways, and diseases were investigated. In Chapter 5, by utilizing means
of molecular dynamics simulations, SF3B1 was studied structurally and dynami-
cally in wild type vs. mutant complexes. Chapter 5 findings provided mechanistic
insights into the impact of the K700E mutation on splicing mechanism. Finally,
the thesis will be concluded with the final chapter, stating the summary and the
future work.
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Chapter 2

LITERATURE REVIEW

Many researchers studied some components of spliceosome complex and their
association with cancer development and prognosis. They focused on the mech-
anism of somatic mutations of splicing factors and how it is linked to aberrant
splicing. Here, a summary of some recent experimental and computational based
studies are presented.

2.1 Experimental Studies That Proposed SF3B1

as a Therapeutic Target for Cancer

In 2015, papasaikas et al. used experimental approach to analyze the impact
of knocking down spliceosome components on cell proliferation and apoptosis.
Then they used this information to reconstructed a network of functional in-
teractions among splicing factors to highlight therapeutic targets [38] In 2019,
a research group performed RNA sequencing analysis for MDS patients. They
found that mutant SF3B1 uses 3’ alternative splice site (SS). In addition, the re-
search determined that expression level of splicing factor 4 (SUGP1) was reduced
in cells containing SF3B1K700E mutation. The group studied other mutations of
SF3B1, not only K700E and got similar results of aberrant splicing [39]. In [40],
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Jiménez-Vacas et al. collected samples from Spanish prostate cancer patients to
measure and analyze mRNA and protein expression levels of SF3B1. They found
SF3B1 was highly expressed which is associated with characteristics of cancerous
cells such as metastasis. They confirmed their results by treating prostate cells
by pladienolide-B which inhibits the activity of SF3B1, leading to reduction of
cell proliferation, migration, tumor formation, and apoptosis. In another paper,
the same authors obtained similar results from endocrine-related cancer patients.
They found SF3B1 was overexpressed in cell lines of pituitary tumors, pancre-
atic neuroendocrine tumors, and prostate cancer patients and in silico cohort of
liver cancer. In both studies, reducing SF3B1 activity leads to i) inhibition of
PI3K/AKT and JNK signaling pathways, ii) modulation of a tumor marker and
a splice variant; AR-v7 and In1-ghrelin, respectively, and iii) regulation of ex-
pression levels of complexes’ components such as spliceosome, SURF, and EJC
[41]. Another research group studied the connection between hotspot mutations
of SF3B1 and breast cancer development. They analyzed RNA sequencing data
of breast epithelial cells with CRISPR knock-in of K700E mutation. They found
the same results of using alternative 3’ SS, high expression levels of genes in-
volved in NF-kB pathway that controls transcription of DNA and cell survival.
Also, they found that SF3B1K700E mutation is associated with mutations of other
genes involved in PI3K pathway [42]. All these results propose that SF3B1 can
be a new prognostic biomarker and a therapeutic target in many cancer types.

2.2 Computational Approaches to Investigate the

Impact of Somatic Mutations on Splicing

Thanks to determination of structures of the yeast spliceosome complex and
the human complex in three conformational states using cryogenic electron mi-
croscopy (cryo-EM), computational biophysicists were directed to study the
spliceosome complex at the molecular level by means of MD simulations. In 2019,
Borišek et al. built eight models to the spliceosome Bact from yeast Saccharomyces
cerevisiae (PDB: 5GM6) using MD simulations, along with gene sequencing of
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SF3B1. They included the following components: Prp8 (same for yeast and
Homo sapiens), SF3b components such as Rds3, Ysf3, and Hsh155 (correspond-
ing to PHF5A, SF3B5, and SF3B1 in human, respectively), five RNA sequences
(U2, U5, and U6, intron and exon), four Mg2+, and three Zn2+ ions. For mu-
tant systems, they induced K335E, N295D, and L378V mutations in Hsh155.
Additionally, they induced non-consensus BPS in the pre-mRNA, A at position
-1 with respect to BPA is mutated to C and U at position -2 is mutated to C.
Their findings demonstrated Hsh155 can recognize and bind to both consensus
and non-consensus BPS that could be possible in alternative splicing mecha-
nism. All possible nucleotides that are considered as possible branch points are
recognized by Hsh155 from phosphate group which is the same in all possibil-
ities except BPA (A1) as they found a mismatch in the mutant complex with
BPS (A-1C or U-2C). Consequently, these mutations weaken the interaction be-
tween intron and U2snRNA. Hsh155 mutations (K335E or N295D) change intron
binding in case of non-consensus BPS, while they do not affect in complex with
consensus BPS. Additionally, cross correlation among Hsh155 residues showed
different pattern, indicating that the dynamics of the protein is changed upon
K335E mutation. N295D showed less significant changes but it decreased the
stability of the binding between Rds3 (PHF5A in human) and the intron [43].
Another MD study was performed by Borišek et al. to investigate the impact of
splicing modulators molecules (pladienolides, herboxidienes, and spliceostatins)
on SF3b complex. They performed MD simulations for eight models obtained
from the human structure. These models include SF3b in two forms (apo and in
a complex with splicing modulators), where each of them was represented by wild
type and mutant states. They induced three mutations: Y36C/R38C in PHF5A
and R1074H in SF3B1. Their analysis showed that i) SMs flow and fit in the
narrow region between SF3B1 and PHF5A which is considered as BPA-binding
or recognition site. Consequently, they hinder the opening and closing motions
of SF3B1, trap it in open state, and prevent BPA recognition; ii) Both cross
correlation among SF3B1 residues and its functional plasticity were reduced; and
iii) Pladienolide had a more significant impact on SF3B1 structure and dynamics
than the other two modulators. These results proposed SF3B1 as a target of
these small molecules for cancer therapy [44].
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2.3 Thesis Contribution

Previous studies revealed the significant association of SF3B1 with cancer. How-
ever, most of them focused on only SF3B1 or few components of spliceosome.
Accordingly, in this thesis, SF3B1 was analyzed in different network to get in-
sights into its interactions in complex systems. At the molecular level, the mech-
anism behind aberrant splicing that occurs due to SF3B1-associated mutation
is not fully understood. Therefore, bioinformatics tools were used to provide a
wide-scope analysis of a highly mutated gene in cancer (SF3B1). Additionally,
computational biophysics tools were used to assess the impact of its most hotspot
mutation K700E on the protein’s structure and dynamics. The workflow of our
work is summarized in a block diagram as shown in Figure 2.3.1. As shown in
the diagram, this thesis is mainly divided into three phases as follows:

1. Identification and prioritization of a highly mutated gene that is potentially
related to breast cancer development.

2. Data and network analysis of a highly mutated gene by utilizing available
databases and bioinformatics tools.

3. Assessment of the impact of the most frequent mutation of a highly mutated
gene (SF3B1 K700E) by means of molecular dynamics simulations.
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Figure 2.3.1: The block diagram above summarizes workflow of this thesis.

publicly available databases and open source tools were used to analyze SF3B1
as explained in Chapters 3 & 4:

1. March 2019 release of the Catalogue of Somatic Mutations in Cancer (COS-
MIC) [45]: to collect somatic mutation data including many attributes such
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as; tissue type, nucleotide and amino acid sequence changes, mutation’s
type, PubMed PMID of study reporting each mutation, patient ID where
the tumor sample was taken, etc.

2. The HUGO Gene Nomenclature Committee (HGNC) [46]: to get a list of
gene from same family.

3. Reactome database: to collect all genes participating in mRNA splicing
mechanism [47].

4. STRING database: to build a gene network based on direct (physical) and
indirect (functional) associations [1].

5. DB Browser for SQLite (DB4S): to import tables of COSMIC data and
execute SQL queries for data filtration, processing, and combination [48].

6. Cytoscape: an open source bioinformatics software platform to build and
visualize different networks such gene-gene interactions and genes-diseases
interactions. Also, some available features “plugins" were used [49] such as:

(a) Reactome FI: a Functional Interaction Network to identify common
pathways, biological processes and molecular functions for a set of
genes [50].

(b) DisGeNET: to build gene-diseases associations networks [51]

(c) NetworkAnalyzer: for subnetwork creation and network analysis by
calculating topological parameters and centrality measures [52].

As shown in Figure 2.3.1, work flow has three main phases. Next chapter will
present the first phase which starts by selecting a process drives cancer develop-
ment and ends by identifying the central gene among other genes participating
in the same process.
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Chapter 3

IDENTIFICATION OF A HIGHLY

MUTATED GENE THAT

CONTRIBUTES TO THE

DEVELOPMENT OF BREAST

CANCER

Breast cancer was selected as the first step of the thesis workflow as it is the
most frequent cancer type among women. Since there is a significant number
of somatic mutations associated with the development of breast cancer, it is not
feasible to conduct molecular dynamics simulations to asses the impact of each of
these mutations on the function of the target protein. Hence, the following steps
were performed to identify a central gene among others participating in the same
biological process.

1. Selection of a biological process potentially involved in breast cancer (e.g.
harboring highly mutated genes).

2. Identification of genes participating in this biological process.
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3. Constructing a gene network

4. Identification of a gene having high network centrality and number of mu-
tations.

3.1 Selection of a Biological Process Potentially

Involved in Breast Cancer

Previous studies showed that mutated genes, which are involved in cancer [53],
encode abnormal proteins that interfere with various vital biological processes
such as cell proliferation, transcription, splicing, immune response [15], cell com-
munication, and apoptosis [16]. Among them, aberrant splicing is considered
as one of the most significant driving factors for development of cancer [54], as
it leads to production of proteins with altered function. Therefore, “pre-mRNA
splicing” is selected as the target biological process in this study.

3.2 Identification of Genes Participating in pre-

mRNA Splicing

Reactome database was used [47] to collect all genes participating in pre-mRNA
splicing mechanism. First, 3734 results were obtained without using any filter.
Then, by specifically indicating the species as "homo sapiens" and the type as
"protein", the number of results was decreased down to 86 genes.

3.3 Building a Gene Network

STRING database [1] was used to build a network of genes that code 86 splicing
factors obtained in the previous step. It consists of five connected components
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that have 67 nodes and 12 disconnected nodes along with 397 edges as shown in
Figure 3.3.1, where the nodes and edges represent genes and experimental and/or
coexpression interactions, respectively.

Figure 3.3.1: Depiction of the components of the constructed network. A giant
component of the network consists of 54 nodes and 382 edges. Besides, four
small isolated components consist of 5, 3, 3 and 2 nodes which are connected
by 10, 2, 2 and 1 edges, respectively. The whole network consists of 79 splicing
factor proteins, 67 of them are connected together with 397 edges depending on
coexpression and/or experimental data, while 12 nodes are disconnected. This
network was constructed by STRING web server [1].
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3.4 Identifying a Gene with High Network Cen-

trality and Number of Mutations

In order to analyze the resultant network, NetworkAnalyzer plugin was used
[52] which is provided by Cytoscape software [49]. NetworkAnalyzer computes
topological parameters and centrality measures such as the number of nodes and
edges, degree distribution, clustering coefficient, neighborhood connectivity, be-
tweenness, and closeness regarding the network. In order to select the target
gene, a giant component that contains a majority of network’s nodes was ex-
tracted. Some network metrics were considered for network’s evaluation such as
the degree centrality and measures related to distance such as closeness, radiality,
and eccentricity along with number of mutations associated with each gene found
in the network. Some genes showed high centrality measures but they are not
frequently mutated. Therefore, number of mutations was considered as an es-
sential parameter to identify the hub gene. COSMIC Mutation database (March
2019 release) [45] was used to retrieve corresponding information about each gene
that encode splicing factors. To obtain more significant results, the database was
filtered based on the following criteria:

1. In COSMIC, there are six histology selections for breast cancer. Among
them, the carcinoma was selected as it is the most common histological
type [4, 55].

2. According to COSMIC statistics, 82% of breast carcinoma patients have
somatic mutations of type “Substitution-Missense”.

3. COSMIC uses Functional Analysis through Hidden Markov Models
(FATHMM) as a predictive tool for the mutation’s impact. FATHMM clas-
sifies any mutation as one of the following classes; pathogenic, neutral or
not specified. Only pathogenic mutations were included.

4. FATHMM scores are given in the form of p-value that ranges from 0 to 1.
The pathogenic mutations have scores greater than 0.5. The threshold was
increased to 0.9 and beyond to get the most possible pathogenic mutations.
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From the processed database, the corresponding number of mutations associated
with each gene in the network’s component were retrieved. Then, they were
superimposed on the network’s component which was analyzed by Cytoscape.

Analysis of the resultant subnetwork revealed that SF3B1 is associated with 25
edges correspond to combined interactions of experimental and coexpression. As
distance measures, SF3B1’s closeness, radiality, and eccentricity equal to 0.56,
0.87 and 5, respectively as. As shown in Table 3.1, SF3B1 gene ranked in the fifth
regarding degree and the sixth order regarding closeness, and radiality. Eccen-
tricity values range from 3 to 6 with an average of 4.9. The other genes that had
slightly higher network metrics were splicing factor 3A subunit 2 (SF3A2), DEAH-
Box helicase 15 (DHX15), U2 auxiliary factor 2 (U2AF2), Pre-mRNA-processing
factor 19 (PRPF19), and Serine/arginine-rich splicing factor 1 (SRSF1). SF3A2
is the only component of SF3a complex that detects the U2/BS duplex [2, 56].
DHX15 is required to catalyze the disassembly of spliceosome complex after the
completion of splicing and releasing mature mRNA to cytoplasm [57–59]. U2AF2
recognizes and binds to the polypyrimidine (Py) tract [60]. PRPF19 (also known
as PRP19) interacts with other components of the NineTeen complex (NTC)
which is essential for NTC stability [61]. NTC complex strengthens the inter-
actions between mRNA and snRNAs [62]. SRSF1 (also known as SF2/ASF) is
not a component of spliceosome complex but it regulates pathways of mRNA
metabolism mechanisms such as mRNA splicing [63], export [64] and translation
[63] and many other biological processes.
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Table 3.1: Network centrality metrics of six hub genes of the network

Degree Closeness Radiality Eccentricity

Min 1 0.210744 0.375817 3

Max 33 0.62963 0.901961 6

Average 11.73077 0.458276 0.783308 5.076923

SF3A2 33 0.62962963 0.9019608 5

PRPF19 26 0.57954545 0.879085 5

SF3B1 25 0.56043956 0.8692811 5

U2AF2 22 0.55434783 0.8660131 5

DHX15 21 0.5483871 0.8627451 5

SRSF1 18 0.56666667 0.872549 4

After superimposing number of associated mutations on the network’s compo-
nent, SF3B1 emerged as the most frequently mutated gene (22 highly pathogenic
missense mutations) among the other splicing factors included in the subnet-
work. SF3A2, DHX15, U2AF2, PRPF19, and SRSF1 had 1, 13, 2, 6, and 2
highly pathogenic missense mutations, respectively. By considering both net-
work centrality metrics and number of mutations, the Splicing factor 3B subunit
1 (SF3B1) gene emerged as the central node in the network’s component as shown
in Figure 3.4.1.
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Figure 3.4.1: Depiction of the extracted network’s component. It consists of 54
nodes and 382 edges. In this component, nodes represent splicing factor proteins
that are connected together with 382 edges depending on coexpression and/or
experimental data. Nodes’ color is mapped according to the number of mutations
associated whereas nodes’ size is mapped according to its degree. The edges are
colored depending on the score of experimental interaction. Here, the sizes of the
edges represent the score of the coexpression interaction.

3.5 Conclusion

By considering both network centrality measures and number of mutations,
SF3B1 emerges as a central node among other genes participating in mRNA splic-
ing mechanism. Therefore, bioinformatics and computational biophysics tools will
be used in Chapters 4 & 5 to characterize SF3B1 at the phenotypic and molecular
levels, respectively.
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Chapter 4

DATA & NETWORK BASED

ANALYSIS OF SF3B1

This chapter provides a wide-scope analysis of SF3B1 and its association with
two types of cancer: i) breast cancer which is the starting point of this thesis
and ii) hematologic cancer as it the most associated cancer type with SF3B1 mu-
tations, including three histological subtypes; Myelodysplastic syndrome (MDS),
acute myeloid leukemia (AML), and Chronic lymphocytic leukemia (CLL). The
obtained results cover the following aspects:

1. Linking SF3B1 to hematologic and breast cancers from historical perspec-
tive.

2. Investigating mutations associated with SF3B1 and the related diseases.

3. Identifying linked families to SF3B1 and comparing SF3B1-cancer associa-
tion vs. Families-cancer association.

4. Identifying connections between splicing mechanism and other essential
pathways in the cell.

5. Identifying relations among MDS, AML, CLL, and breast cancer.
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4.1 Linking SF3B1 to Cancer: A Historical Per-

spective

In this section, COSMIC SF3B1 data were analyzed from a historical perspective
(spatial and temporal) for two purposes: i) showing the trend of interest for
studying SF3B1 as an associated gene with MDS, AML, CLL, and breast and
ii) listing all countries studied this association. Additionally, count of distinct
“PubMed_PMID" for each gene associated with each disease was retrieved and
ordered descending to compare it with SF3B1. The retrieved data showed that
SF3B1 was reported from year 2007 to 2018 as shown in Figure 4.1.1a. In 2007,
SF3B1 was mentioned in one article with breast cancer, followed by a steady
period with zero articles from 2008 to 2010. In 2011, number of publications
increased gradually, especially for MDS and CLL, and reached its peaks in 2013
at 11 and 9 articles, respectively. Regarding breast cancer and AML, their curves
had peaks in 2016 at 5 and 6 articles, respectively.

By comparison, SF3B1 received the most attention in literature as an associated
MDS gene. It was mentioned in 42 articles from 2011 till 2018, collectively. Then
CLL, breast cancer, and AML are placed by 24, 20 and 15 articles, respectively.
Additionally, 29 countries contributed to SF3B1 studies as shown in Figure 4.1.1b.
Interestingly, only 8 countries (USA, Italy, France, Germany, Japan, China, South
Korea, and The Netherlands) study SF3B1 with all four cancers. Overall, authors
who affiliated with United States published the highest number of articles. East
Asian countries (Japan, China, South Korea, and Taiwan) studied SF3B1 with
hematologic cancer in 24 articles and only 3 articles for breast cancer. On the
other hand, distribution of European countries is consistent among MDS, BS,
and CLL with 31, 30 and 27 articles, while AML-SF3B1 association was studied
in 8 articles, representing the lowest interest
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(a) Time distribution

(b) Countries’ distribution

Figure 4.1.1: Distributions plots of (a) time line of articles that included SF3B1
and one or more associated diseases from 2007 to 2018. (b) all countries performed
these studies in this time period. Breast cancer (BC), MDS, AML, and CLL are
colored in blue, green, red, and orange, respectively

As shown in Table 4.1, among four cancer types, SF3B1 did not receive equally
distributed effort from researchers. Table 4.1 also shows that the overall effort
from researchers to study SF3B1 with MDS and CLL seemed significant enough
in comparison with top genes. On the other hand, it is placed after 10 genes for
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both breast cancer and AML, receiving much less attention in literature. TP53
was studied the most for breast cancer and CLL, showing significant association
to both cancers. Most of articles studied both MDS and AML, therefore there
are 6 common genes (JAK2, NRAS, IDH1, IDH2, DNMT3A, and RUNX1) out
of top 10 between both. However, the highest genes for MDS and AML are JAK2
(Janus Kinase 2) and FLT3 (Receptor-type tyrosine-protein kinase), respectively.
The first controls growth of red blood cells, white blood cells, and platelets [65],
while the latter is involved in regulation of hematopoiesis [66].

Table 4.1: Top 10 genes associated with breast cancer, MDS, AML, and CLL
based on number of PubMed articles

Breast Cancer MDS AML CLL

Gene No of PubMed Articles Gene No of PubMed Articles Gene No of PubMed Articles Gene No of PubMed Articles

TP53 171 JAK2 62 FLT3 469 TP53 32

PIK3CA 118 TET2 46 NPM1 159 NOTCH1 30

PTEN 54 SF3B1 38 NRAS 120 ATM 23

CDH1 48 NRAS 34 IDH2 77 SF3B1 21

AKT1 45 ASXL1 33 CEBPA 74 C11orf65 14

KRAS 45 IDH1 30 KIT 72 BIRC3 12

ESR1 41 DNMT3A 28 IDH1 68 XPO1 12

MED12 41 IDH2 28 DNMT3A 63 BRAF 11

RB1 36 RUNX1 27 JAK2 57 MYD88 9

BRAF 33 TP53 25 RUNX1 54 BTK 6

SF3B1 19 SF3B1 13

4.2 Investigating SF3B1-Associated Mutations

and the Related Diseases

SF3B1 somatic mutations were detected in many cancer types [33]. Accordingly,
COSMIC mutation raw data of SF3B1 were processed and analyzed by DB4S to
i) compare among all affected tissues, ii) list associated mutations with high rates,
and iii) show distribution of hotspots mutations over our target cancers. COSMIC
reports 37 attributes in each table, among them, five attributes were counted
using “COUNT" clause. These returned numbers represent statistical parameters
to evaluate mutations frequencies. These attributes are as the following:

1. AAmutation: the change occurred at the amino acid sequence.
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2. SampleName: the cell line where the tumor was detected.

3. PubmedId: PubMed ID for the paper that the sample was reported.

4. PrimaryTissue: the primary tissue/cancer from which the sample origi-
nated.

5. HistologySubtype1: level 1 of histological classification of the tumor sample.

COSMIC classified all hematologic cancers in one tissue “Haematopoietic and
lymphoid". So, histological classification attribute was used to report specific
data for MDS, AML, and CLL separately. According to COSMIC, 586 somatic
mutations of SF3B1 were detected in 2552 samples, originated in 30 tissues, and
reported in 226 articles. Top 20 tissues were retrieved based on each attribute
(count of mutations, samples, and PMID), separately. By combining all outputs,
soft tissue and pleura were excluded as they have low number of papers. Similarly,
salivary gland and bone excluded as they have high number of papers but low
numbers of mutations and samples. The remaining 18 tissues are listed in Table
4.2. Haematopoietic and lymphoid is the top mutated tissue based on three at-
tributes which is consistent with previous section’s results and literature. Breast,
skin, lung, and large intestine are placed from 2nd and 5th with different order
based on each attribute, separately. Interestingly, eye tissue is ranked second
based on number of samples, but it is only mentioned in 9 articles. Also, urinary
tract and liver have relatively high number of mutations and patients, however
they did not receive enough attention in literature.
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Table 4.2: Top 18 mutated tissues with SF3B1 mutations based on number of
mutations, samples, and PubMed articles, collectively. Data are listed in a de-
scending order based on number of mutations.

Tissue No of mutations No of samples No of PubMed articles

Haematopoietic and lymphoid 133 1659 99

Large intestine 98 97 14

Lung 79 83 17

Skin 66 97 18

Breast 54 97 21

Urinary tract 32 45 4

Endometrium 31 29 4

Liver 30 37 3

Central nervous system 25 22 8

Kidney 23 22 5

Prostate 21 27 11

Biliary tract 18 23 7

Eye 17 116 9

Pancreas 16 31 6

Oesophagus 14 15 8

Stomach 14 14 5

Thyroid 13 18 5

Upper aerodigestive tract 11 10 7

Haematopoietic and lymphoid tissue has 28 histological classifications, among
them, MDS, AML, and CLL are the most common subtypes to be compared
with breast cancer. In Figure 4.2.1, frequency of four cancer types with respect
to numbers of mutations, samples, and PubMed articles.
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Figure 4.2.1: Clustered bar charts show distribution of SF3B1 somatic mutations
in four cancer types (MDS, AML, CLL, and breast cancer), based on numbers
of mutations, samples, and PubMed articles which are colored in blue, red, and
green, respectively

Total number of entries in SF3B1 table is 2938, while number of samples is 2552.
There were 260 samples repeated more than once, making in total 646 entries.
These repeated data showed that all repetition except three patients were due to
more than one article noted them with multiple mutations were found in same
tissue. Haematopoietic and lymphoid was repeat 495 times out of 646, followed by
large intestine, breast, lung, and skin that were repeated 42, 22, 14, and 12 times
respectively. These values indicate that a group of mutations may be needed to
cause hematologic cancer in one patient, while less number of mutations can be
enough to cause other cancer types such as breast, lung and skin. The three
exceptional samples were common among haematopoietic and lymphoid:

• One patient was diagnosed by chronic myelomonocytic leukemia (CMML)
and AML associated with MDS, having p.K700E in both disease.

• One patient was diagnosed by CMML and MDS, having p.K700E and
p.K666N associated with each disease, respectively.

• One patient was diagnosed by MDS and AML, having p.K666R and
p.H738Y associated with each disease, respectively.
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By definition, hotspot mutation means it frequently occurs in tumor samples [67].
Accordingly, 20 hotspot mutations were identified based on number of samples
in Table 4.3. Numbers of tissues and articles were also counted, although they
were not taken into consideration. Over all tissue, p.K700E is the most hotspot
mutated residue (wild type lysine at 700 residue is substituted by mutant glutamic
acid) with respect to three attributes. In addition, K666 is considered as a hotspot
mutated residue with 6 different types of substitutions. Interestingly, p.K141K
ranked second by affecting 114 samples, but it was reported in only 4 articles.

Table 4.3: Top 20 mutations of SF3B1 that are frequently detected in tumor
samples.

Mutation No of samples No of tissues No of PubMed articles

p.K700E 782 14 92

p.K141K 114 5 4

p.K666N 110 6 38

p.V1219V 92 3 3

p.G877G 91 2 2

p.R625H 88 9 19

p.R625C 82 11 34

p.G742D 75 6 26

p.E622D 70 5 34

p.H662Q 66 4 29

p.K666T 37 6 28

p.K666R 33 2 17

p.R625L 33 6 24

p.K666E 28 3 16

p.K666Q 20 3 16

p.H662D 17 1 11

p.K666X 17 1 3

p.G740E 16 4 12

p.Y623C 16 3 11

p.E902K 15 2 5

For detailed results, the first three mutations were analyzed with respect to the
four cancer types. As shown in Figure 4.2.2, among three hotspots, breast tissue
is linked to only K700E mutation. Although K141K, V1219V, and G877G rank
in the second, forth, and fifth orders, respectively in Table 4.3, they were detected
only in 5, 3, 2 tissues, respectively.
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Figure 4.2.2: Clustered bar charts show number of hematologic and breast cancer
patients had any of these mutations K700E, K141K, and K666N which are colored
in blue, red, and green, respectively.

To confirm these outcomes, DisGeNET was used to identify the highly associated
diseases. Two parameters were used to evaluate DisGeNET data:

1. Gene-diseases association (GDA) score which is computed by DisGeNET
database [68] based on number and type of sources (level of curation, or-
ganisms), and number of studies reported that association. It ranges from
0 to 1.

2. Similarity, variant-diseases association (VDA) score was considered for vari-
ant node, but it is computed based on only numbers of sources and publi-
cations.

3. Disease’s degree which is calculated by NetworkAnalyzer. Higher degree
means higher number of edges connects gene or variant node to disease node,
indicating higher number of evidences reporting the association between
gene/variant and disease.

In the constructed gene-disease association network, 131 pink nodes (131 dis-
ease) are connected to SF3B1 by 472 edges based on: association type, number
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of associated SNPs and studies that support each association as shown in Figure
4.2.3a. For more relevant network representation, all diseases that have one edge,
non-cancer or hemic, and lymphatic diseases were excluded as shown in Figure
4.2.3b. Then, the remaining list of diseases was sorted based on degree metric.
MDS, AML, and CLL have the highest degree values as 84, 58, and 33 and their
association scores equal to 0.7, 0.5, and 0.5, respectively. Then, uveal melanoma
is connected by 15 edges and 0.6 association score, followed by six hemic and
lymphatic diseases. After that, malignant neoplasm of breast and breast carci-
noma are placed by 6 edges for each with an association score equals to 0.01.
In addition, variants-diseases association network was constructed as shown in
Figure 4.2.4. In comparison with COSMIC, some results are consistent, while
others are different. K700E (dbSNP: rs559063155) is ranked first by 8 connected
diseases including MDS, AML, and breast cancer. Its association score with AML
equals 0.7, while it is 0.01 for MDS and breast. K666N (dbSNP: rs377023736) is
connected to MDS and AML with 0.7 association score for each. Interestingly,
K141 does not exist in DisGeNET database which may indicate that it is not a
pathogenic mutation or not reported with clinical impact.
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(a) A full network

(b) A filtered network

Figure 4.2.3: (a) The constructed network consists of 131 diseases are linked to
SF3B1 by 472 edges, this list of diseases are reported from 1985 to 2018. (b) A
filtered network including 44 diseases that are connected to SF3B1 by 349 edges.
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Figure 4.2.4: The constructed network shows one cyan node represents SF3B1
gene. It is connected to 9 purple nodes represent variants and each of them is
connected to one or more pink nodes representing disease. Overall, the network
has 25 noes and 37 edges.

4.3 Identifying Association of SF3B1 Families

With Cancer

Each gene belongs to at least one family which contains group of genes produced
from a common ancestral gene. Genes share same family usually have common
structural properties and/or functions [69]. Hence, their relations with a specific
disease may be similar. Accordingly, the association of SF3B1 families with hema-
tologic vs. breast cancer was investigated, separately. Then, the obtained results
were compared with those obtained from including only SF3B1. As reported in
HGNC database, SF3B1 is a member of three families:

1. Armadillo-like helical domain containing (ARMH): 244 genes have a com-
mon superhelical structure, but they have different functions [70].

31



2. SF3b complex: consists of 7 genes, a member of “U2 small nuclear ribonu-
cleoprotein” which is considered as a subgroup of five families. All of these
subfamilies have “Major spliceosome” as a root family which contains 145
genes. Major spliceosome is a machinery complex splices introns from pre
mature mRNA.

3. B-WICH chromatin-remodelling complex subunits (B-WICH): 8 genes pos-
itively regulate rRNA expression.

Two approaches were used to test the effect of including other genes from same
family on the association with cancer. First, lists of genes for ARMH and B-
WICH families were downloaded from HGNC. For major spliceosome, not all
genes were included. As cryo-EM study showed that SF3b complex is disassoci-
ated after the late Bact state [2]. Spliceosomal C and spliceosomal P complexes
formed after Bact state. In addition, spliceosomal E complex is a superfamily
of “U1 small nuclear ribonucleoprotein". Therefore, they were not included in
the input list. The final list included 244 ARMH genes, 8 genes from B-WICH
complex, and 70 spliceosome components. Then each family list was inner joined
with each of MDS, AML, CLL, and breast cancer data separately. The reported
values of each family in 4.4 were counted after excluding SF3B1 entries. Overall,
number of breast cancer patients is always the highest with respect to any family.
Breast cancer patients carried the largest number of mutated genes as well. Com-
paring four cancer types with respect to same family pointed out that ARMH
genes affect the most number of patients breast cancer, CLL, and AML except
MDS which is associated with spliceosome families the most. For B-WICH fam-
ily, it contributes the least to all of them as it is the smallest family containing 7
genes and SF3B1. Interestingly, only 6 mutated genes were detected in 242 MDS
patient, while 46 mutated genes were detected in 248 AML patient. These data
may reveal that few number of mutated genes are enough to develop MDS, while
more mutated genes are needed to transform MDS into AML or develop AML
without prior MDS.
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Table 4.4: The association between each of the four diseases and SF3B1 or its
family separately based on COSMIC database

Breast Cancer

SF3B1 ARMH (243) Subcomplex of Major spliceosome (69) B-WICH (7)

No of Genes 1 235 65 7

No of Mutations 51 49330 532 105

No of Samples 113 2534 821 232

MDS

No of Genes 1 38 6 1

No of Mutations 44 76 21 1

No of Samples 89 91 242 2

AML

No of Genes 1 218 46 7

No of Mutations 44 450 68 9

No of Samples 135 593 248 16

CLL

No of Genes 1 215 47 7

No of Mutations 57 500 34 5

No of Samples 378 597 108 18

For the other approach, Reactome FI app was used to derive a network containing
genes of each family separately to find common pathways. Then, a gene-disease
network was derived using DisGeNET app for each gene network. Based on
number of associated genes and disease’s degree parameters, impact of including
genes from any of the three families on their association with cancer was tested.
As explained in detail in the results section, adding genes have same origin affects
the association with specific cancer types.

Interactions of SF3B1 with other genes from each of the three families are the
following:

1. Armadillo-like helical domain containing: as shown in Figure 4.3.1a, SF3B1
has only 4 edges out of 188 edges of the whole network. It is linked to
CTNNBL1, SYMPK, MYBBP1A, and SF3B2.

2. Subcomplex of Major spliceosome: It is a dense network in which SF3B1
has 50 edges and the maximum degree value is 53 as shown in Figure 4.3.1b.
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3. B-WICH chromatin-remodelling complex subunits: SF3B1 has 7 edges as
all other nodes as shown in Figure 4.3.1c.

(a) 103 genes of ARMH

(b) 65 genes of Subfamilies of Major
spliceosome

(c) 8 genes of B-WICH

Figure 4.3.1: (a) The gene network contains 103 genes of ARMH family and 188
edges. They compose 16 components where the giant one has 56 genes and the
second has 7 genes including SF3B1 are linked to 10 genes including SF3B1. (b)
One component of 65 genes of some subfamilies of major spliceosome root family
and 1321 edges. (c) One component of 8 genes of B-WICH family and 28 edges.
All networks were built using Reactome FI plugin in Cytoscape.

DisGeNET analysis showed similar results to COSMIC as reported in Table 4.5.
Breast carcinoma has the highest number of associated genes in each family’s
network. However, it is connected to highest number of edges only in ARMH
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network and lowest number in B-WICH and spliceosome networks. Numbers of
edges that connect ARMH genes to breast cancer, CLL, and AML are the highest
among other families. Unlike the mentioned diseases, MDS has the highest degree
with spliceosome family. B-WICH family ranks second for breast cancer and AML
based on number of edges, while ranks the lowest for MDS and CLL with 2 edges
for each of them.

Table 4.5: The association between each of the four diseases and SF3B1 or its
family separately based on DisGeNET and NetworkAnalyzer plugins

Breast Cancer

SF3B1 ARMH Subcomplex of Major spliceosome B-WICH

No of associated genes 1 36 9 5

Degree 6 402 16 17

MDS

No of associated genes 1 9 3 1

Degree 84 21 37 2

AML

No of associated genes 1 15 5 2

Degree 58 55 18 29

CLL

No of associated genes 1 9 3 1

Degree 33 118 4 2

As it is mentioned before, “Major spliceosome" family has six subgroups, five
of them have “U2 small nuclear ribonucleoprotein" as a subgroup that contains
“SF3b complex". The following groups were included: spliceosomal A complex,
spliceosomal B complex, spliceosomal Bact complex, U2 small nuclear ribonu-
cleoprotein, and SF3b complex. For more detailed analysis, number of patients
carried by each subfamily was reported and compared by SF3B1 individual among
four diseases as shown in Figure 4.3.2. By comparing SF3B1 with other SF3b
complex’s components, SF3B1 is the most frequently mutated gene in four dis-
eases, however, SF3b complex is not the highest mutated subgroup in all diseases.
For instance, spliceosome Bact complex is the most frequent subgroup associated
with breast cancer, while spliceosome A complex is the most associated family
with AML. These data pointed out which mutated genes are more crucial for
each cancer type development.
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Figure 4.3.2: A clustered bar chart shows the number of patients who carried
mutant genes from each subgroup of major spliceosome family. Breast cancer
(BC), MDS, AML, and CLL that are colored in blue, green, red, and yellow,
respectively.

4.4 Identifying Interactions Between SF3B1 and

Different Pathways

Aberrant splicing has functional consequences in the cell by disturbing other
vital pathways and leading to cancer development [36]. First, some queries were
executed to find matching patients from any two/three/all cancers by using i)
“INNER JOIN" clause to select the common “sample_name" attribute between
two tables and ii) ‘WHERE" clause to specify that “gene_name" attribute is
SF3B1 in one of the two tables. DB4S queries resulted in the following:

1. When SF3B1 is mutant in MDS:

• There are 6 common patients with AML.

• No common patients with CLL.
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• There are 9 common patients with breast cancer.

2. When SF3B1 is mutant in AML:

• No common patients with MDS, CLL, or breast cancer.

3. When SF3B1 is mutant in CLL:

• There are 2 common patients with MDS.

• No common patients with AML.

• There are 5 common patients with breast cancer.

4. When SF3B1 is mutant in breast cancer:

• No common patients among MDS, AML, and CLL.

The returned numbers of samples from each query are low. However these re-
sults may indicate that aberrant splicing due to SF3B1 mutations may lead to
developing i) MDS that could be followed by developing AML or breast cancer,
ii) CLL that could be followed by developing breast cancer or MDS in extremely
rare cases, iii) AML or breast cancer without prior cancer formation. These com-
mon patients had SF3B1 mutations in one disease and other mutant genes in the
other disease. Accordingly, all other genes were collected with removing repeated
ones and mapped to Cytoscape for pathway analysis to investigate the impact
of aberrant splicing on other processes. As shown in Figure 4.4.1, other genes
were shown to be involved in vital processes for the cell. For instance, 9 genes
are involved in the process of negative and positive regulation of transcription by
RNA polymerase II and others listed in Table 4.6.
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Figure 4.4.1: The constructed network by Reactome FI plugin in Cytoscape shows
in total 28 nodes and 15 edges. The network consists of 3 connected components.
The giant one contains 7 nodes and two small components consist of 5 and 2
nodes. There are 14 disconnected nodes. Edge’s size represents FI score, while
the shape represents FI direction. Node’s size reflects its degree and node’s color
is based on FI clustering.

Table 4.6: Reactome FI analysis for the gene network displayed in Figure 4.4.1

Common Pathways No of genes Genes from the network

RNA Polymerase II Transcription(R) 8
FLT3,CDH1,VHL,JAK3,
PIK3CA,RARA,KRAS,TP53

Signaling pathways regulating pluripotency of stem cells(K) 7
GATA3,GATA1,MED12,
PSME4,RARA,KRAS,TP53

Human T-cell leukemia virus 1 infection(K) 5 JAK3,ISL1,TBX3,PIK3CA,KRAS

MAPK signaling pathway(K) 5 JAK3,MAP2K4,PIK3CA,KRAS,TP53

PI3K-Akt signaling pathway(K) 5 FLT3,MAP2K4,KRAS,MAPT,TP53

Common Biological Processes No of genes Genes from the network

Negative regulation of transcription by RNA polymerase II 9
FOXA1,GATA3,GATA1,VHL,ISL1,
TBX3,RARA,TP53,CC2D1A

Positive regulation of transcription by RNA polymerase II 9
FOXA1,GATA3,GATA1,MED12,
TET2,ISL1,ASXL1,RARA,TP53

Positive regulation of transcription, DNA-templated 8
GATA3,GATA1,MED12,CDH1,
VHL,TBX3,RARA,TP53

Cytokine-mediated signaling pathway 6 FLT3,GATA3,JAK3,PIK3CA,KRAS,TP53

Negative regulation of cell proliferation/ trans 5 GATA3,GATA1,VHL,RARA,TP53

Negative regulation of apoptotic process 5 GATA1,VHL,TBX3,RARA,TP53

Positive regulation of cell proliferation 5 FLT3,ISL1,TBX3,RARA,KRAS
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4.5 Relations Among Subtypes of Hematologic

and Breast Cancers

Interactions within hematologic cancer or between any of them and breast cancer
were investigated. Similar queries to the previous section were executed without
specifying gene name. Inner join of each combination resulted in number of
overlapping patients as shown in Figure 4.5.1. These values were relatively higher
than the previous section because all genes were included with any conditions.
Therefore, predicting relations among four cancers can be possible. For instance,
MDS and AML has the most significant relation based on highest number of
common patients (53). Also, relations between each of MDS/AML/CLL and
breast cancer seem to be significant and among three of them as 27 patients
were diagnosed by three cancer types. On the other hand, only one patient was
common among three hematologic cancers and 3 patients were common among
MDS, CLL, and breast. Regarding each two joined tables, number of common
patients between CLL and AML/MDS were low, while it was relatively high for
CLL and breast.
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Figure 4.5.1: Venn diagram shows number of common patients among each pos-
sible combination among four cancer types. All data are reported except number
of patients among AML, CLL, and breast cancer (BC) which equals to zero.
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These patients carried a different set of mutant genes with respect to each disease.
All of them were combined and filtered based on number of repetition to extract
only frequently repeated gene. Then it was mapped into Cytoscape to identify
common pathways if exists by using Reactome FI as shown in Figure 4.5.2. In
Figure 4.4.1, which is constructed in the previous section, SF3B1 was a discon-
nected gene. In contrast to Figure 4.5.2, SF3B1 is connected to 3 genes which
are connected to others, forming one connected component. Relations between
SF3B1 and other genes involving in other pathways can be anticipated from the
network shown in Figure 4.5.2.

Figure 4.5.2: The constructed network by Reactome FI plugin in Cytoscape shows
in total 42 nodes and 92 edges. The network consists of 10 components. The giant
one contains 37 nodes and 9 components each of them is one node. Edge’s size
represents FI score, while the shape represents FI direction. Node’s size reflects
its degree and node’s color is based on FI clustering.
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Pathway enrichment analysis was conducted for this gene network by using Re-
actome FI plugin to obtain common pathways. The most common pathways,
having highest number of genes, are i) RNA Polymerase II transcription, ii) mi-
croRNAs in cancer, and iii) central carbon metabolism in cancer as listed in Table
4.7.

Table 4.7: Reactome FI analysis for the gene network displayed in Figure 4.5.2

Common Pathways No of genes Genes from the network

Pathways in cancer(K) 14
RET,FLT3,CBL,NRAS,CDH1,ERBB2,
JAK2,PDGFRA,CREBBP,RUNX1,
PIK3CA,RARA,KRAS,TP53

RNA Polymerase II Transcription(R) 14
KMT2D,KMT2A,KMT2C,GATA1,
MED12,ERBB2,CREBBP,RUNX1,
RARA,SRSF2,KRAS,ATM,TP53,EZH2

MicroRNAs in cancer(K) 10
NRAS,ERBB2,PDGFRA,CREBBP,DNMT3A,
PIK3CA,KRAS,ATM,TP53,EZH2

Central carbon metabolism in cancer(K) 8
RET,FLT3,NRAS,ERBB2,
PDGFRA,PIK3CA,KRAS,TP53

SUMOylation(R) 8
RAD21,CREBBP,DNMT3A,SMC1A,
STAG2,RARA,NUP98,TP53

RAF/MAP kinase cascade(R) 8
RET,FLT3,NRAS,ERBB2,
JAK2,PDGFRA,NF1,KRAS

MAPK signaling pathway(K) 8
FLT3,NRAS,ERBB2,PDGFRA,
MAP3K1,NF1,KRAS,TP53

PI3K-Akt signaling pathway(K) 8
FLT3,NRAS,ERBB2,JAK2,
PDGFRA,PIK3CA,KRAS,TP53

4.6 Discussion

SF3B1 has a crucial role in splicing mechanism as it recognizes and selects the
branch splice site along with other subunits of splicing machinery. SF3B1 is
commonly mutated in many cancer types. Associated mutations cause aberrant
splicing, production of abnormal transcripts, and cancer development [71–73].
This chapter demonstrated an analytical view about SF3B1 and its association
with hematologic malignancies, represented by (MDS, AML, and CLL) vs. breast
cancer. Although mutations of SF3B1 have crucial functional consequences in the

41



cell, SF3B1 has recently received attention from researchers. The research’s trend
has peaked in 2013 for MDS and CLL articles, while AML and breast cancer lines
peaked in 2016. In comparison with other associated genes with each disease,
SF3B1 has well studied in MDS and CLL only. Therefore, a detailed analysis
was performed to figure out if SF3B1 is worthy to be studied in breast cancer
and AML patients also or not. Mutation analysis pointed out haematopoietic
and lymphoid as the most frequently mutated tissue. In addition, top frequently
mutated residues are located in SF3B1 heat repeats. These mutations may al-
ter heat domain’s conformation, affecting SF3B1 structurally and dynamically.
This may be explain the reason behind not studying p.K141K although it was
detected in 114 samples. As it is located in the N-terminal, it may not have
structural/functional impact on SF3B1. These outcomes matched experimental
findings [22, 33].

Network analysis of SF3B1 families showed that SF3B1 interacts with other genes
from B-WICH and spliceosome complex families, due to functional similarities.
On the other hand, SF3B1 is connected to only four out of 102 genes in ARMH
gene network, because ARMH genes share a structural property with different
function for each gene. Consequently, pathway enrichment analysis revealed
“RNA Polymerase II Transcription" as the most common pathways by involv-
ing only 28 genes out of 103. It is followed by some signaling pathways shared
by 11 genes such as i) the AMP-activated protein kinase (AMPK), ii) PIP3 ac-
tivates AKT signaling, and iii) the phosphatidylinositol 3-kinase (PI3K)/protein
kinase B (AKT) (PI3K-Akt). The reported data in Tables 4.4 & 4.5 indicate that
mutations of SF3B1 can be enough to lead to MDS and CLL as the number of
patients carried mutant SF3B1 is far away higher than number of patients carried
other mutant splicing factors. On the other hand, contribution of other splicing
factors moderately increase number of patients who were diagnosed by AML and
dramatically increase for breast cancer patients. The least affected pathway in
all diseases is RNA polymerase II transcription which is carried out by B-WICH
complex genes followed by splicing mechanism in all diseases except MDS. Bi-
ological mechanisms that involve ARMH genes seem the most driven even for
breast cancer, followed by CLL, AML, and MDS the least.
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Common patients were found between breast cancer and MDS and/or AML.
However, it was impossible to figure out which tumor was formed first. If MDS
is firstly formed due to aberrant splicing which produce abnormal transcripts
leading to AML or breast cancer development. The other possibility is that
formation of breast tumor is prior to MDS or AML. As reported in literature,
this case my occur due to chemo/radio therapies which are commonly used to
treat breast cancer [74]. They may alter or damage DNA content, producing
more mutant genes and consequently leading to MDS or AML development.

Last but not least, investigating the impact of aberrant splicing on other pathways
showed that produced abnormal spliced transcripts encode to proteins involved in
vital pathways; mitogen-activated protein kinase (MAPK) and PI3K-Akt signal-
ing pathways. Associated biological processes are regulation of gene transcription,
cell proliferation, and apoptosis. Misregulation of MAPK and/or PI3K-Akt sig-
naling cause uncontrolled cell proliferation and resistance to apoptosis of tumor
cells [75–77]. Additionally, positive and/or negative regulation of transcription
by RNA polymerase II are also listed in Table 4.6, indicating the connections
between mRNA splicing and transcription by polymerase II as reported before
in an experimental study [78]. Without specifying SF3B1 mutations, more genes
were retrieved from COSMIC and added to the network in Figure 4.5.2, more
interactions among genes were formed. For instance, as shown in Figure 4.5.2,
there are multiple paths connect SF3B1 to TP53 (top associated gene to CLL and
breast cancer), that is connected to another cluster of genes containing JAK2 and
FLT3, the top associated genes to MDS and AML, respectively. These complex
interactions show the associations among different diseases and may explain how
one disease can be developed and transformed to other multiple diseases.

4.7 Conclusion

In this chapter, data and network analysis shed light on SF3B1 and its interactions
with other components involved in splicing or other vital processes in the cell.
Most of the results were confirmed by two approaches, matched with experimental
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results as well. These findings may guide experimentalists and help them to save
effort, time, and money for studying the relation between aberrant splicing and
cancer development. Consequently, developing therapeutic targets for cancer
can be improved. As explained in Section 4.2, the missense “K700E" mutation
emerged as the most hotspot mutation among others. Accordingly, it was selected
to be studied using molecular dynamics (MD) simulation in the next chapter.
MD approach was used to assess the impact of K700E on SF3B1 structurally and
dynamically which may provide insights into the linking among SF3B1, aberrant
splicing, and cancer development.
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Chapter 5

ASSESSMENT OF THE IMPACT

OF SF3B1-K700E BY MEANS OF

MOLECULAR DYNAMICS

SIMULATIONS

In most cases, experimental research is time and money consuming. Therefore,
scientists were directed to computational based studies and developed new al-
gorithms and software tools, solving biological problems that cannot be solved
by experimental techniques. For instance, molecular dynamics simulation was
developed in the late 1950s. It is a tool that can be used to get insights into
the dynamics of a system at the atomic and molecular level. In the 1970s, bio-
physicist started to apply MD on macromolecules such as proteins. Protein’s
structure is usually obtained from structural biology techniques such as x-ray
crystallography, nuclear magnetic resonance (NMR) spectroscopy or cryogenic
electron microscopy (Cryo-EM) as in our case. Therefore, classical MD simu-
lations were utilized to investigate the impact of a hotspot mutation of SF3B1
on its tertiary structure and dynamics. K700E mutation was selected for our
simulations, as shown in Table 4.3, K700E (lysine ⇒ glutamic acid at position
700) is a common mutation in 14 cancers including breast cancer, myelodysplastic
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syndrome, acute myeloid leukemia, and chronic lymphocytic leukemia. It was se-
lected based three attributes from COSMIC (March release): numbers of samples,
tissues, and PubMed articles where it was reported. Therefore, it was identified to
be such mutation whose impact was studied by using molecular dynamics (MD)
simulations.

5.1 System Setup

Cryogenic electron microscopy (cryo-EM) structure of the human spliceosome
(PDB ID:5Z56) at resolution 5.1 Å [2], which corresponded to Bact state, was
retrieved from Protein Data Bank (PDB). The complex contains 52 proteins,
three snRNAs, and synthetic pre-mRNA with a molecular weight of ca.1.8 mega-
Daltons. Due to the size of the system, not all SF3b complex’s components were
included, instead, five chains, namely, SF3B1, SF3B3, SF3B5, SF3B6, SF3B7,
and pre-mRNA (See Figure 5.1.1) were used in MD simulations since they directly
interact with SF3B1. SF3B2 and SF3B4 were excluded for the following reasons:
i) they did not show any direct interactions with SF3B1, ii) for SF3B2: it lacks
N & C termini with missing gaps in between, only 183 residues are available out
of 895, iii) for SF3B2: it has 424 residues, but only 78 residues are available,
and iv) both subunits interact together and with other splicing factors, not with
SF3b complex components [79]. SF3B1 has 1304 amino acids but the obtained
SF3B1 chain from cryo-EM structure was not complete. First 81 residues and
186 residues in between (90-489) are missing. Therefore, SWISS-MODEL web-
server [80] was used to fill the missing gaps. However, the N-terminal of SF3B1
remained missing in the modeled structure (82-1304).

CHARMM-GUI [81] was exploited to prepare both wild type and the mutant
systems. CHARMM36 force field [82] was used to model protein and RNA,
whereas water molecules were represented by TIP3P water model [83]. After
including water molecules, wild type system has 1089028 and the mutant protein
has 1089281 atoms. The thickness of water layer was set to 16 Å in each direction
to prevent interaction with the periodic images of the system. The system was
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neutralized with 0.15 M KCl.

Figure 5.1.1: The depiction of the 3D structure of five domains of the SF3b
complex included in this study. They were taken from the cryo-EM structure of
human spliceosome complex (PDB:5z56) [2]. Each domain is shown in a different
color. SF3B1, SF3B3, SF3B5, SF3B6, SF3B7, and pre-mRNA are shown in blue,
red, yellow, grey, orange and green, respectively. The image was created using
VMD [3].

5.2 Simulation Protocol

Molecular dynamics simulations were performed by using GROningen MAchine
for Chemical Simulations (GROMACS) [84] package. Equilibration of the system
was performed by using the NVT ensemble, whereas the NPT ensemble was used
in the production step to maintain constant pressure and temperature throughout
the simulation. Nose-Hoover and Parrinello-Rahman coupling algorithms were
used with 1 ps and 5 ps coupling times to maintain the temperature at 310 ◦K
and 1 bar, respectively. LINCS algorithm was used to constrain the bond lengths
in hydrogen atoms [85]. The Particle Mesh Ewald (PME) method was used to
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compute long-range electrostatic interactions [86]. For van der Waals and short-
range electrostatic interactions, the cut off value was set to (12 Å). The time step
for integration was set to 2 femtoseconds. MD simulations were performed for
2 microseconds in total. Three replicates, each of which started with a different
initial velocity, were used for both wild type and the mutant system to check the
reliability of the results. The two replicates were run for 500 nanoseconds (ns),
whereas the last one was run for 100 ns.

5.3 Simulation Analysis Tools

GROMACS package was used for MD trajectories analysis as it provides many
tools and GRaphing and Advanced Computation and Exploration of data (Grace)
tool for data plotting.

5.3.1 Root mean square deviation (RMSD)

Root mean square deviation is the most commonly used similarity measurement
tool [87] which is given by the following equation:

RMSD =

√√√√ 1

n

n∑
i=1

d2i (5.1)

where, n represents pairs of equivalent atoms and di is the distance between the
two atoms in the ith pair. Here, the RMSD is calculated by using the back-
bone atoms of the selected groups. Also, the initial structure in corresponding
trajectories was used as reference [88].

48



5.3.2 Calculation of number of contacts

The number of contacts between pre-determined groups is computed by using
“gmx mindist" module implemented in GROMACS. The cut-off value to calculate
the number of contacts between the mutated residue and pre-mRNA was set to 0.3

nm, while 3 nm was used to calculate the number of contacts between side chain
residues of p14 (residues 20-100) and pre-mRNA as p14 is defined in previous
studies as a marker of branch point [22, 24].

5.3.3 Principal component analysis (PCA)

To determine the dominant motion of a structure, principal component analysis
is computed by obtaining the covariance matrix of Cα atoms with respect to the
reference structure. Covariance matrix is computed using “gmx covar" module in
GROMACS.

Cij = 〈Mij∆ri∆rj〉 (5.2)

where Cij corresponds to covariance matrix of Cα atoms i and j. Mij∆ri∆rj

refers to positional change from time-averaged structure for each coordinate of
all Cα atoms i and j. Diagonalization of covariance matrix is performed using
“gmx covar" module in GROMACS. It results in a set of eigenvalues δ2 and their
corresponding eigenvectors (v).

Cv = δ2v (5.3)

“gmx anaeig" module was used to analyze the first two eigenvectors that represent
the directions and relative magnitudes [89] of more than 50% of the dominant
motion of the system. Additionally, “rmsf" module was used to plot root mean
square fluctuation (RMSF) per atom of the first two eigenvectors. Therefore, a
particular residue that leads to fluctuations of the overall chain can be identified.
RMSF is calculated as the averaging of all frames per each residue referenced to

49



the initial frame [84]. RMSF is expressed as

RMSF =

√√√√ 1

N

N∑
n=1

(Xi(n)−X i) (5.4)

where N is the number of frames obtained from simulation time, Xi(n) is the
coordinates of backbone atom ofXiandX i is the mean coordinate over simulation
time.

5.3.4 Dynamic cross correlation map (DCCM)

Dynamic cross correlation (DCC) among Cα of SF3B1 residues is computed
using “bio3d" package for biological structural analysis written by R programming
language [90]. “bio3d" library contains major functions needed for structural
bioinformatics. For this study, “dccm.xyz" and “plot.dccm" modules were used
to generate dynamical cross correlation matrices and to plot them, respectively.
DCC is expressed as

DCC(i, j) =
< ∆ri(t).∆rj(t) >t√

< ‖ ∆ri(t) ‖2 >t

√
< ‖ ∆rj(t) ‖2 >t

(5.5)

where ri(t) and rj(t) correspond to the coordinates of the ith and jth atoms as a
function of time t, <.> indicates the time ensemble average, ∆ri(t) = ri(t)− (<

ri(t) >)t and ∆rj(t) = rj(t)− (< rj(t) >)t [91–93].

5.4 MD Trajectories Analysis

GROMACS [81] simulation generated 500 ns trajectories of two replicates from
each system. The analysis was done for pre-mRNA and two components of SF3b
complex; SF3B1 as it interacts directly with the pre-mRNA and other SF3b
complex’s components; SF3B6 (p14) as it is defined in previous studies as a
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marker of branch point and has interactions with SF3B1 [22, 24].

5.4.1 K700E mutation decreases the Stability of SF3B1,

pre-mRNA and p14

As shown in 5.1.1, K700E is located in the heat domain of SF3B1 and interacts
directly with pre-mRNA. Therefore, RMSD was computed for pre-mRNA and
backbone atoms of SF3B1 to investigate the impact of the mutation on their
stability. Then, the probability distributions were calculated for combined repli-
cates for each component in wild type vs. mutant. As shown in both Figures
5.4.1a & 5.4.1b, the mutant system is right-skewed, indicating the reduction of
stability. Same analysis was done for p14, which is shown to be in contact with
pre-mRNA and SF3B1 as well. As shown in Figure 5.4.1c, the mutant system is
also relatively right-skewed.
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(a) SF3B1 (b) pre-mRNA

(c) p14

Figure 5.4.1: Probability plots of RMSD distributions of (a) SF3B1wt in blue vs.
SF3B1K700E in red. (b) pre-mRNA in the wild type structure in blue vs. mutant
structure in red. (c) p14 in the wild type structure in blue vs. mutant structure
in red.

5.4.2 K700E mutation weakens the interactions formed

with pre-mRNA

As shown in the above section, K700E decreases the stability of pre-mRNA and
SF3B1, which is probably affects the interactions formed between them as well.
Accordingly, the number of contacts was computed between K700E and pre-
mRNA with cutoff distance ≤ 0.3 as the distance between them is (0.17 nm).
Number of contacts was computed with respect to backbone and side chain of
K700 residue. The results showed that backbone does not contribute to the
interaction, while side chain forms bonds with pre-mRNA. As shown in Figure
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5.4.2a, the mutant residue, Glutamic acid, has very low contact with pre-mRNA
and reached zero contact after around half simulation time (∼ 250ns). On the
other hand, lysine as wild type highly interacts with pre-mRNA through the
whole simulation time.

Additionally, the impact of K700E on the interactions formed between pre-mRNA
and side chains of p14 residues (20−100) known as RNA recognition motif (RRM)
[31] was investigated. As shown in Figure 5.4.2b, the number of contacts formed
between p14RRM and pre-mRNA drastically decreased.

(a) pre-mRNA & K700E (b) pre-mRNA & p14

Figure 5.4.2: Probability plots of distributions of number of contacts formed
between (a) pre-mRNA and side chain of amino acid K700 in wild type shown
in blue vs. E700 mutant shown in red, with cutoff distance ≤ 0.3 nm. (b) pre-
mRNA and side chains of p14 residues (20− 100) in wild type shown in blue vs.
mutant shown in red, with cutoff distance ≤ 3 nm.

5.4.3 K700E mutation affects the global dynamics of

SF3B1

According to the obtained results from previous sections, the impact of the mu-
tation on global dynamics of SF3B1 was investigated by performing essential
dynamics analysis. The motion of both wild type and mutant SF3B1 was pro-
jected along with the first and the second eigenvectors of the mutant system as
shown in Figure 5.4.3. The results showed that the second replicate of the mutant
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samples relatively wider conformational space than the wild type with respect to
both eigenvectors. On the other hand, the first replicate of the mutant samples
narrower space than the second replicate, but it is still in a different space than
the wild type.

Figure 5.4.3: 2D projection of SF3B1 trajectories of wild type (blue) and two
replicates of the mutant system (red and green) along the first two eigenvectors
of SF3B1K700E system.

Additionally, RMSF values per Cα atoms of the first and the second eigenvec-
tors of both wild type and mutant SF3B1 were calculated to highlight specific
regions of SF3B1 fluctuate more than the others. The first two eigenvectors cu-
mulatively account for more than 50% of total motion of the system. The results
showed that the first and the second replicate of the mutant system displayed
higher fluctuation for residues between 900-1125 which is revealed by the first
eigenvector of systems as shown in Figure 5.4.4. Moreover, higher fluctuations
for residues between 1125-1300 for the mutant system were observed as revealed
by the second eigenvector.
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Figure 5.4.4: RMSF per Cα atoms of the first two eigenvectors of SF3B1 obtained
for wild type protein (blue) and two replicates of the mutant system (red and
green)

5.4.4 K700E mutation distorts the communication among

SF3B1 residues

In order to investigate the communication among SF3B1 residues in wild type vs.
mutant, dynamic cross correlation was calculated for each system. Red square
refer to the residues from 455 to 832 that show strong positive correlation with
each other and strong negative correlation with another region which is from 932
to 1300 (shown as blue square), in the wild type protein. On the other hand,
both positive and negative correlation patterns that are shown among residues
(455−832) and between (455−832) and (932−1300), respectively are drastically
decreased in the mutant protein.

Mapping the two highlighted regions that are given in Figure 5.4.5a on the 3D
structure of SF3B1 showed that the both highlighted region in the above section
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surround the pre-mRNA from both termini as shown in Figure 5.4.6a. Then, pre-
mRNA and K700E residue were aligned with respect to these two regions in each
system. The positioning of the pre-mRNA within the substructure was compared
by presenting the first (red) and the last frame (blue) taken from the trajectories.
In wild type system as shown in Figure 5.4.6a, both frames of pre-mRNA and
K700 residue are almost superimposed on each other. Unlike the mutant system,
their positions changed significantly with respect to the first frame, as shown
in Figure 5.4.6b. This dynamic change reflects the impact of the mutation on
dynamics and orientation of the pre-mRNA.

(a) Wild type (b) Mutant

Figure 5.4.5: Dynamic cross-correlation map for SF3B1 is shown in (a) for the
wild type system. As can be seen, there is a high positive correlation within the
region 455−832, which is colored in red, and a high negative correlation between
two highlighted regions sequences as 455− 832 in red and 932− 1300 in blue. (b)
For the mutant system, the positive correlation decreased drastically within the
region 455 − 832, which is colored in red, and low negative correlation between
the two regions 455− 832 in red and 932− 1300 in blue.
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(a) Wild type (b) Mutant

Figure 5.4.6: 3D structure of the two highlighted regions surrounding pre-mRNA
in wild type system (a) and mutant system (b). α helical region (455 − 832) in
orange, α helical region (932 − 1300) in green, both of pre-mRNA and K700E
residue are shown in red representing the initial frame of simulation and blue
color representing the last frame. The structural image was created using VMD
[3].

5.5 Discussion

MD simulations analysis results showed that K700E mutation resulted in sta-
bility reduction of SF3b complex’s components, particularly SF3B1 and those
interact directly with mRNA. Thus, number of contacts between pre-mRNA and
side chain of two groups, K700E and p14RRM , were computed separately. Both
plots show significant lower interaction in mutant structure. It was found that
700 residue interacts with mRNA from side chain group. In wild type, side chain
of 700 residue is lysine which is a positive amino acid that causes attraction with
mRNA. On the other hand, side chain of mutant residue is glutamic acid which
is a negative amino acid that tends to repel the negatively charged mRNA, there-
fore, the distance between E700 and pre-mRNA increases leading to decreased
interaction as shown in Figure 5.4.2a.
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Experimental studies found that p14 interacts with SF3B1 and other spliceo-
some complex’s components to act as a marker of branch point adenosine [24, 25].
Cryo-EM study showed that p14 is surrounded by N-terminal of SF3B1HD [2]
which starts at 463 residue. The distorted communication of SF3B1455−832 in
mutant system as shown in Figure 5.4.5b leads to a dynamical change of N-
terminal of SF3B1HD. Therefore, K700E mutation affects the positioning of p14
and its binding to SF3B1.

In addition, K700E mutation has a negative effect on the interaction between
pre-mRNA and p14RRM as shown in Figure5.4.2b. Consequently, the critical role
of p14 in mRNA splicing mechanism may be disturbed, leading to misrecognition
of branch point and aberrant splicing. The mutation K700E does not only affects
the local dynamics of SF3B1, but also the global one. The high fluctuations
seen from RMSF plot affect the conformation of SF3B1 and consequently distort
the communication among SF3B1 residues as shown in DCCM. The combined
sequence of the two highlighted regions in DCCM covers most of heat repeats
as the 22 heat repeats begin from residue 463 until residue 1304 [22], locating
pre-mRNA within its perimeter.

5.6 Conclusion

Comparative analysis of molecular dynamics trajectories of wild type and mu-
tant systems showed that K700E mutation affects the structural and dynamical
properties of SF3b complex’s components as the following:

1. Increasing the motion’s flexibility of SF3b complex’s components such as
SF3B1 and SF3B6 (p14) and pre-mRNA as well.

2. Interactions between pre-mRNA and p14RRM and SF3B1K700 are declined
dramatically in mutant system.

3. Changing the global dynamics of SF3B1, especially C-terminal residues
showed higher fluctuations in mutant SF3B1.
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4. Communication among SF3B1 residues is distorted in the mutant SF3B1

These adverse changes that caused by K700E are probably lead to alternative
branch point selection, hence aberrant splicing of the pre-mRNA. Consequently,
abnormal transcripts are translated into truncated proteins with altered func-
tions that contribute to the development of the disease. Finally, the results of
MD analysis provide molecular details that help to understand the functional
consequences of K700E on the spliceosomal machinery.
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Chapter 6

CONCLUSION & Future Work

In this thesis, publicly available databases, open source tools, and computational
biophysics tools were utilized to analyze SF3B1 from different perspectives. So-
matic mutations of SF3B1 cause aberrant splicing that lead to tumorigenesis
[71–73]. They occur in many cancers such as hematologic cancer which is con-
sidered as the most associated type, uveal melanoma, skin, and breast cancer.
Although this thesis started with breast cancer, hematologic malignancies, in-
cluding MDS, AML, and CLL, were covered in the analyses. Data and network
analyses findings help experimentalists conduct a more efficient and precise re-
search to study the association among mutant SF3B1, aberrant splicing, and
cancer development. It was concluded that SF3B1 can be solely studied as an
associated splicing factor with blood cancer. On the other hand, investigating
the association between splicing mechanism and breast cancer necessitate other
splicing factors to be added in the study to obtain more significant relation be-
tween the mechanism and the disease.In contrast to spliceosome family, ARMH
family has a common structural property instead of a common function. There-
fore, constructing a network that contains ARMH genes including SF3B1 will
give mechanistic insights into different pathways that are associated with breast
cancer development. Additionally, functional consequences of aberrant splicing in
the cell was were analyzed and showed that it promotes defects in other biological
processes such as regulation of cell proliferation, apoptosis, and transcription by
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RNA polymerase II. Besides, relations among different types of cancer (MDS,
AML, CLL, and breast) were investigated. The significant relations were found
between MDS & AML, each of MDS, AML, CLL, and breast separately, and
MDS, AML, and breast, collectively. These results, though need experimental
validations, may help developing i) new therapeutic approaches that target mul-
tiple pathways in cancerous cell and ii) prevention approaches for cancer to be
transformed from one type to another.

Finally, atomistic MD simulations were performed to asses the molecular impact
of SF3B1K700E on pre-mRNA splicing mechanism. Comparative analysis of MD
trajectories showed that the tertiary structure of SF3B1 is essential for its surface
properties and its critical function in the selection of branch site in splicing mech-
anism. The point mutation K700E reduces the stability of SF3B1, distorts its
structure and motion, decreases the interactions between pre-mRNA and both of
K700E and p14RRM . The conformational change due to K700E mutation distorts
the structural integrity of SF3b complex. Consequently, selection of branch point
selection is altered, and this leads to aberrant splicing of mRNA and translation
of non-functional proteins. These adverse effects, considering the abundance of
this mutation in cancer and SF3B1’s critical function, may be contributing to the
development and/or prognosis of cancer.

This thesis strongly proposes SF3B1 as a potential therapeutic target for can-
cer. Additionally, this combined in silico approach can be improved and employed
in the characterization of impact for other cancer somatic mutations. Conse-
quently, development of new diagnostic biomarkers and therapeutic targets in
cancer can be improved. However, further studies are needed to validate this
thesis’s results as the following:

1. More patients data are needed to investigate associations between breast
and blood cancers. Thus, it can be an effective step toward cancer drug
repositioning.

2. Other cancer types can be included to improve the identification of more
significant interactions that occur in the cancerous cell.
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3. Identifying more complex interactions among genes and how they regulate
different pathways will help developing new therapies that target multiple
pathways.

4. MD simulations need experimental work to validate the impact of SF3B1-
K700E mutation on mRNA splicing mechanism, leading to cancer.
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