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Abstract

CASC20 encodes a long noncoding RNA (IncRNA) and is hypothesised to be a novel regulator
of bone formation through promotion of osteogenesis and a reduction in chondrogenesis.
Understanding the role CASC20 plays could help uncover novel therapeutic approaches for
treatment and/or prevention of diseases such as heterotopic ossification (HO), where GWAS
has shown CASC20 is associated with susceptibility. This thesis describes the work done to
investigate the role of CASC20 in musculoskeletal development and its mechanism of action.
IncRNAs can act via decoy, scaffold or guide mechanisms and evidence was gathered to

determine which of these is responsible for the actions of CASC20.

An RNA-sequencing analysis of murine cells expressing CAS20 during osteogenic
differentiation was performed to observe changes in gene expression and identify CASC20
micro (mi)RNA targets. This work was then repeated in primary, adipose-derived human
mesenchymal stromal cells (hMSCs), isolated from the stromal vascular fraction (SVF) in
knee fat pads obtained from patients undergoing joint replacement surgery. The hMSCs
were transduced with a CASC20 overexpressing (OE) or control (CTRL) lentivirus and
differentiated to observe the effects of CASC20 on osteogenesis and chondrogenesis.
However, whilst these cells were able to differentiate, the process of lentiviral transduction
with CASC20 caused them to lose their differentiative capacity. Pilots with adenoviral
transduction demonstrated this was a viable alternative to be used going forward for

CASC20 overexpression in primary hMSCs.

Future work is ongoing to investigate whether the action of CASC20 is through BMP2, a
neighbouring gene critical to osteogenesis, by clustered regularly interspaced palindromic
repeats (CRISPR) deletion of CASC20 regions. This work alongside that described in this
thesis helps provide further insight into the action of CASC20 and its role as a potential novel

regulator of bone formation.
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Chapter 1: Introduction

1.1 Bone formation and regulation
Bone tissue is made up of various cell types: osteoblasts, bone lining cells, osteocytes and
osteoclasts (Florencio-Silva et al., 2015) (figure 1.1). Osteoblasts are cuboidal cells
responsible for bone formation and make up 4-6% of bone resident cells (Capulli et al.,
2014). Bone lining cells are thin, flat, inactive osteoblasts that play roles in linking bone
resorption and formation (Miller et al., 1989). Osteocytes are dendritic cells, making up the
majority of total bone cells (90-95%) (Capulli et al., 2014). They act as overall
mechanosensors of the bone remodelling process (Florencio-Silva et al., 2015). Finally,
osteoclasts are multinucleated, terminally differentiated cells, responsible for bone
resorption (Florencio-Silva et al., 2015). Bone cells and matrix are formed through the
differentiation of various stem cells, notably mesenchymal stromal cells (MSCs), which are
multi lineage cells capable of becoming osteoblasts, chondrocytes or adipocytes (Pittenger
et al., 1999), and hematopoietic stem cells (HSCs) that differentiate into osteoclasts (figure
1.1). The bone matrix, the extracellular mineralised component of bone, is mainly made up
of collagen and hydroxyapatite, and supports bone cells whilst regulating their activity

(Florencio-Silva et al., 2015, Ma et al., 2022a).

Transforming growth factor-beta (TGFB) and bone morphogenic protein 2 (BMP2) play
critical roles in regulating MSC differentiation during skeletal development, bone formation
and homeostasis (Wu et al., 2016) (figure 1.2). TGFB and BMP2 both transduce signals to the
canonical Smad-dependent and non-canonical p38 Mitogen-activated protein kinase (MAPK)
signalling pathways, to promote expression of various transcription factors and crosstalk

with cytokine signalling pathways (Wu et al., 2016).

Bone formation and regulation is controlled by local factors, such as growth factors and
cytokines, as well as systemic factors, including calcitonin and oestrogens (Florencio-Silva et
al., 2015). Bone is highly dynamic, and bone resorption (the breakdown of existing bone
tissue) by osteoclasts, is balanced with bone formation by osteoblasts, in healthy individuals
(Florencio-Silva et al., 2015). Bone remodelling, a process critical to fracture healing and

skeleton adaptation, involves osteoclasts initiating bone resorption, a transition from



resorption to formation of new bone, then osteoblasts forming new bone (Sims and Gooi,
2008). Imbalances between resorption and formation result in disease, such as osteoporosis
when resorption outweighs formation and osteopetrosis caused by the opposite (Florencio-

Silva et al., 2015).

Mesenchymal Hematopoietic
stem cell (MSC) stem cell (HSC)

N

N

Osteoblast Chondrocyte Adipocyte Osteoclast Monocyte

RN

Osteocyte Bone lining cell

Figure 1.1: Lineage of bone cells. Mesenchymal stem cells (MSCs) and haematopoietic
stem cells (HSCs) are both important progenitor cells in the formation of various cells
important to bone formation and function. MSCs differentiate into osteoblasts,
chondrocytes and adipocytes. Osteoblasts then can further differentiate to osteocytes, or
form bone lining cells. HSCs differentiate into osteoclasts or monocytes, which then
become macrophages or dendritic cells.



BMP2 TGFB3 tbiny;
— w osteoclast
wm S

canonical | __ | non-canonical | _crosstalk | canonical | ___| non-canonical
Smad pathways p38K pathways Smad pathways ( p38K pathways
v\°5«\
o :
C R expression of target genes expression of target genes
“\)o\e e.g. Runx2, DIX5, Osx e.g. Osx

immatur
osteoblast

MSC = osteoprogenitor = osteoblast =¥ osteocyte

Figure 1.2: Key pathways of bone formation and turnover. BMP2 and TGFB3 bind to
receptors in the cell membrane, activating canonical Smad pathways and non-canonical
p38 kinase pathways. All pathways lead to the expression of respective target genes in the
nucleus, which act on different parts of the differentiation process of an MSC to an
osteocyte. The green arrows indicate promotion of specific parts of this process and red
lines show inhibition of the pathways. TGF83 can also act directly on osteoclasts through
binding to their receptors. Osteocytes can also influence osteoclast activity through
signalling molecules which may promote their differentiation.

Chondrogenesis is another important process in musculoskeletal development and involves
the formation of cartilage (Jing et al., 2017). This involves expression of cartilage-specific
collagens during the differentiation of MSCs, to form chondrocytes, which form the cartilage
at the end of bones in limb development (Jing et al., 2017). Furthermore, osteogenesis and
chondrogenesis are both critical processes interlinked in endochondral bone formation in
fetal development (Jing et al., 2017). Chondrocytes contribute to bone modelling, through
transformation into bone cells, to determine the skeletons shape and size (Jing et al., 2017).,
or proliferate until they become hypertrophic and undergo terminal differentiation, then this

hypertrophic cartilage is resorbed and replaced by bone (Jing et al., 2017).



1.2 The role of CASC20

One disease resulting from problems during bone formation and regulation is heterotopic
ossification (HO), defined as the presence of bone in soft tissues where it should not be
present and caused by pathological bone formation (Meyers et al., 2019). HO is commonly
observed as a result of trauma or surgery (trauma-induced HO), or more rarely can have
genetic causes (Meyers et al., 2019). Genetic HO occurs in fibrodysplasia ossificans
progressiva (FOP), where heterotopic bone forms sporadically or in response to external
trauma (Dey et al., 2017). In both trauma-induced and genetic HO the bone forms at sites
where connective tissue cells and entheses are prevalent (Dey et al., 2017). The wider
clinical features and biological features of HO are reviewed in depth in (Meyers et al., 2019).
A genome-wide association study (GWAS) of HO patients after total hip arthroplasty (THA)
found that cancer susceptibility 20 (CASC20), which encodes a long noncoding RNA
(IncRNA), is strongly associated with HO susceptibility (Konstantinos Hatzikotoulas et al.,
2019). The CASC20 gene located on chromosome 20p12.3, is 286,079 bases in length
(GFCh38/hg38) and has its highest level of expression in prostate and testis tissue, although
its role here is unknown (Health, 2023). At least four alternate transcripts of CASC20 have
been identified, ranging from 1484 to 2242 nucleotides in length, and with varying states of
polyadenylation and splicing. The most frequently identified transcript,
URSO000075ACC6_9606, was used experimentally in this project.

CASC20 is also expressed in human bone and is upregulated in BMP2-induced osteogenic
differentiation (Felix-llemhenbhio, 2023). Whilst the neighbouring gene of CASC20 is BMP2,
there are no HO associating variants within BMP2 or any BMP2 variant in significant linkage
disequilibrium with the CASC20 signal, suggesting CASC20 is the origin of the signal (Felix-
llemhenbhio, 2023).

Furthermore, CASC20 has been shown to play an important role in the early stages of
osteogenesis and chondrogenesis (Felix-lemhenbhio, 2023). In osteogenic differentiation
CASC20 is upregulated, resulting in increased mineralisation and promotion of osteogenic
gene expression (Felix-llemhenbhio, 2023). This was tested in human multipotent adipose-

derived stem cells (hMADs), murine MSCs and ASC52telo human Telomerase Reverse



Transcriptase (hTERT) immortalised adipose-derived human MSCs. Conversely, in
chondrogenic differentiation CASC20 is a negative regulator and slows chondrogenesis (Felix-
llemhenbhio, 2023). This was evidenced by the inhibition of glycosaminoglycan (GAG)
deposition in differentiated ASC52telo cells overexpressing SOX9 and murine MSCs (Felix-
llemhenbhio, 2023).

IncRNAs, such as CASC20, can act through a variety of mechanisms, including as a scaffold, a
guide or as a decoy to modulate micro RNAs (miRNAs). Decoy IncRNAs are also known as
competing endogenous RNAs (ceRNAs) or ‘sponges’, which function by competing with
other RNAs for a limited pool of miRNAs, thus co-regulating each other’s binding; IncRNAs in
particular have been observed to function in this manner (Salmena et al., 2011, Tay et al.,
2014). These mechanisms are discussed in further detail in chapter 2. The CASC20 transcript
has a 3’ poly-A tail, so has the ability to undergo cytoplasmic export, thus meaning it could
act as a ceRNA to modulate osteo- and chondrogenesis (Felix-llemhenbhio, 2023). In gastric
cancer cells, CASC20 acts as a ceRNA to bind miR-143-5p and regulate the expression of
Mediator Of Cell Motility 1 (MEMO1). Here CASC20 promotes tumorigenesis by regulating
metastasis through the miR-143-5p/MEMOL1 axis, with its high expression in gastric cancer
tumours and cells correlating with lymphatic metastasis and a poor prognosis. This indicates
the potential to target CASC20 in gastric cancer, as its silencing reduced proliferation,
migration and invasion of gastric cancer cells. It is possible that further research could
elucidate a similarly targetable role for CASC20 in stromal cells. However, IncRNAs can act
through multiple mechanisms and further evidence is required to elucidate CASC20s exact
mechanism of action. RNA-seq will help elucidate any interacting miRNAs, whilst knockdown
and overexpression studies will provide further information into how it acts. Although it falls
beyond the experimental scope of this thesis there are further methodologies that could
provide evidence for the mechanism of action of CASC20, which will be discussed in the
future plans. Thirteen genes were found that are commonly targeted by CASC20-interacting
miRNAs, which included established osteogenic and chondrogenic markers, such as MAPK1
(Felix-llemhenbhio, 2023). This evidence suggests CASC20 could play a key role in the
process of bone formation and thus could be a potential target for treatment of HO and

other related diseases.
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1.3 miRNAs

As one putative mechanism of action of CASC20 is to act on miRNAs, it is important to
understand how the interactions of miRNAs with their gene targets and non-coding
(nc)RNAs could occur. miRNAs are a class of small non-coding RNAs, of 18-24 nucleotides in
length, which act on genes at post-transcriptional and translational levels to perform various
regulatory roles in physiology and disease pathologies (Baek et al., 2008, Miska, 2005).
Precursor miRNAs have two arms: miR-5p and miR-3p, which produce two different mature
miRNAs when processed (Kozomara and Griffiths-Jones, 2014). Whilst it was originally
believed that only one arm was incorporated into the RNA induced silencing complex (RISC)
to become functional and the other was degraded, it has since been found that in certain
cell types both arms can be functional (Mitra et al., 2015). miRNAs typically act by
associating with the Argonaute (AGO) effector protein, which is directed to target mRNAs
with complimentary sequences to the miRNA. Here, miRNAs bind to the 3’ untranslated
regions (UTRs) of mRNAs, and the AGO-miRNA complex leads to translational repression
and/or destabilisation of the mRNA, causing downregulation; this mechanism is known as
miRNA-mediated target repression (Lee et al., 1993, Wightman et al., 1993, Wilczynska and
Bushell, 2015). Without AGO, the miRNA is rapidly degraded (Han et al., 2020). For
interaction with their target mRNAs, miRNAs have ~8 nucleotide seed sequences at their 5’
ends, which are important for binding (Grimson et al., 2007). These nucleotides can have
between 6 and 8 bps of similarity with their target, determining how the miRNA binding is
categorised (figure 1.3). miRNA binding sites are often predicted by these seed sequences,
but seed sequences are not solely responsible for effective targeting; the sequence context
around the seed is also of importance (Grimson et al., 2007). Also, whilst canonical seed
pairing is one of the most important factors in miRNA target recognition, it is not present in
the majority of miRNA target sites (Wang, 2014). This however, is just in locations where
miRNAs have been shown to bind, and not necessarily where they may be having a

regulatory role.

There is a high level of conservation between human and murine miRNAs, both in the
sequence of the miRNAs and of their binding sites (Altuvia et al., 2005, Friedman et al.,

2009). This has been seen generally and more specifically in small RNA-sequencing of cell
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lines overexpressing CASC20, where >90% of miRNA reads were found to map to multiple
species genomes. Furthermore, the names of miRNAs are consistent between species, with
highly similar miRNAs (i.e. one differing base) that are found in different species given the
same name (Ambros et al., 2003). However, conservation is dependent on the interaction
between a miRNA and mRNA, so even if miRNAs have the same names between species,
they may regulate different genes and thus not be truly conserved. Within species, identical
or similar miRNA sequences can be given the same number with letters or numbers added

as suffixes to distinguish them, according to the relevant organism convention.

e\ N N N N N e———— mRNA

6mer

e e e eeeeeeeeees . NNNNNNN 5° miRNA
87654321

1 mRNA

e e e eeeeeeeeees . NNNNNNN 5° miRNA
87654321

s\ NN N N N N A s mRNA 7mer-m8

e e e eeeeeeeeee o NNNNNNN. 5° miRNA ————
87654321

e\ N N N N N N A = M RNA 8mer

ceeeeeeeeeee. . NNNNNNNN 5° miRNA
87654321

Figure 1.3: Different seed sequences of miRNAs. The number of complimentary bases that
a miRNA has with its target mRNA and the context of this sequence determines the level of
binding. The number of bases that are complimentary defines whether the seed sequence
is known as 6mer, 7mer or 8mer, with a greater number signifying greater binding. N
represents G/C/A/T, with yellow highlights showing the bases that are binding. The
numbering shows which base of the miRNA is binding to the mRNA, with those positions
where binding is taking place in red. The mRNA is shown with the polyA tail to the right-
hand side and the open reading frame to the left.
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1.3 Project hypothesis and aims

Hypothesis: CASC20 is a novel regulator of bone formation acting independently of BMP2.

Aims:
1) To discuss the potential of targeting IncRNAs such as CASC20 therapeutically
through a review publication.
Other ncRNAs, such as miRNAs, have been successfully targeted therapeutically and are
currently undergoing clinical trials. However, there are currently no treatments on the
market targeting IncRNAs. The likelihood of this becoming possible in the near future was

assessed through evaluation of the current literature on IncRNA mechanisms in disease.

2) To identify potential miRNA targets of CASC20.
The work described in this thesis aimed to identify potential miRNAs of interest through
analysis of RNA-seq data for murine MSCs, where cells were transduced with a lentivirus
containing either CASC20 or an empty control vector. Analysis of mRNA- and miRNA-
sequencing data was carried out to observe changes in gene expression between the control
and CASC20 expression. This was used to identify any genes and miRNAs differentially
expressed (DE) with CASC20 expression and provide evidence of potential miRNA targets of
CASC20. DE miRNAs were compared to a list of miRNAs predicted to have a binding

sequence within CASC20 to determine any miRNAs of interest.

This work can then be validated in human MSCs, isolated from the stromal vascular fraction
(SVF) of patient samples. Through analysis of genes and miRNAs DE with CASC20
overexpression, the miRNAs that are enriched within the differentially expressed genes
(DEGS) can be uncovered. Identification of miRNAs of interest and looking at how many
binding sites exist for them within CASC20 provides in silico evidence for a potential

mechanism of action of CASC20.

3) To develop and optimise a methodology to validate findings that CASC20
upregulates osteogenesis and downregulates chondrogenesis in human

mesenchymal stromal cells (hMSCs).
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This required overexpression of CASC20 in hMSCs with a CASC20 expressing vector. Alizarin
Red Staining (ARS) for calcification and a 1,9-Dimethyl-Methylene Blue Dye (DMMB) assay
for GAG were used as endpoints for osteogenesis and chondrogenesis, respectively. The
original observations of these effects of CASC20 were made in human multipotent adipose-
derived stem cells (hnMADs) and ASC52telo human Telomerase Reverse Transcriptase (hTERT)
immortalised adipose-derived hMSCs, as well as murine MSCs, but required validation in

primary human cells.
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Chapter 2: The Potential Therapeutic Applications of long non-coding
RNAs

Whilst IncRNAs, such as CASC20 have not yet been clinically targeted, it is a rapidly evolving
field and is becoming an increasingly possible likelihood. The therapeutic potential of
IncRNAs is reviewed in a paper entitled ‘The potential therapeutic applications of long non-
coding RNAs’, originally written to fulfil the requirements of my literature review and further

adapted for publication in the Journal of Translational Genetics and Genomics.
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2.1 Abstract

The field of RNA-based therapeutics is rapidly evolving and targeting non-coding RNAs
(ncRNAs) associated with disease is becoming increasingly feasible. MicroRNAs (miRNAs) are
a class of small ncRNAs (sncRNAs) and the first anti-miRNA drugs, e.g., Miravirsen and
Cobomarsen, have successfully completed phase Il clinical trials. Long ncRNAs (IncRNAs) are
another class of ncRNAs that are commonly dysregulated in disease. Thus, they hold
potential as putative therapeutic targets or agents. LncRNAs can function through a variety
of mechanisms, including as guide, scaffold or decoy molecules, and understanding of these
actions is critical to devising effective targeting strategies. LncRNA expression can be
modulated with small interfering RNAs (siRNAs), antisense oligonucleotides (ASOs), CRISPR-
Cas9, or small molecule inhibitors. These approaches have been employed to target a
number of IncRNAs and tested in animal models of disease, including targeting ANRIL for
non-small cell lung cancer and H19 for pancreatitis. However, there are currently no clinical
trials registered in the ClinicalTrials.gov database that target IncRNAs as a therapeutic
intervention. In order to translate IncRNA targeting into clinical use, several limitations must
be overcome, such as potential toxicity and off-target effects. Overall, while significant
progress has been made in the field, further development is required before the clinical
application of the first therapeutics targeting IncRNAs. In this review, we discuss recent
advances in our understanding of the mechanisms of action of IncRNAs that present avenues
for clinical therapeutic targeting and consider off-target effects as a limiting factor in their

application.

Keywords: IncRNAs, mechanism of action, therapeutics, ASO, siRNA, CRISPR-Cas9

2.2 Introduction

Non-coding RNAs (ncRNAs) are RNAs that do not encode protein but may possess important
regulatory functions (Derrien et al., 2012, Mattick and Makunin, 2006). In this review, we
discuss the potential application of long non-coding RNAs (IncRNAs) as therapeutic targets.
Examples of IncRNAs that are dysregulated and causative in disease pathologies will be
discussed in relation to their mechanism of action, together with how their roles in disease
can make them suitable therapeutic targets, as well as examples of successfully targeting

them. Targeting IncRNAs therapeutically has been hailed as an exciting field for some time
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and is rapidly expanding, but to date, we have found no registered clinical trials for this
application. In this review, we explore the real potential of IncRNA targeting and where they
provide a unique therapeutic opportunity. This will be achieved by looking at some of the
best examples where there is genuine evidence for modulation of IncRNA expression in
treating disease. Furthermore, while studies have linked many IncRNAs to a variety of
diseases, not all of them are robust and many of their applications have limitations that are

also considered in the review.

2.2.1 Non-coding RNAs

Regulatory ncRNAs are largely split into two classes: small non-coding (sncRNAs) RNAs of <
200 nucleotides in length and IncRNAs of > 200 nucleotides [Figure 2.1] (Kapranov et al.,
2007, Yao et al., 2019). Some classes of ncRNAs are of variable length, so they can belong to
either classification. These include enhancer RNAs (eRNAs) (Arnold et al., 2019) and circular

RNAs (circRNAs) (Lasda and Parker, 2014).

There are numerous IncRNAs, with the GENCODE database annotating over 20,000 to date
in humans (GENCODE, 2024), but other resources estimate over 90,000 (lyer et al., 2015, Li
et al., 2023). IncRNAs are found throughout the cell, but are most commonly in the nucleus
(Cabili et al., 2015) or cytoplasm (Benoit Bouvrette et al., 2018, Carlevaro-Fita et al., 2016).
The subcellular localisation of IncRNAs is highly regulated and is important in deciphering
their functions (Bridges et al., 2021). Nuclear IncRNAs are generally less stable (Clark et al.,
2012), but only a minority of IncRNAs are deemed unstable enough to make them
unsuitable for therapeutic targeting (Clark et al., 2012). In the nucleus, IncRNAs function in
chromatin remodelling, transcriptional regulation, and as scaffolds for spatial organisation,
whereas cytoplasmic IncRNAs are involved in translational control, post-transcriptional
control of gene expression, and protein localisation (Bridges et al., 2021, Ma et al., 2013).
The factors controlling their localisation have been reviewed in depth elsewhere (Bridges et

al., 2021).
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Figure 2.1. Classification of RNAs. RNA can be classified as coding or non-coding RNA.
Non-coding RNA can be separated into housekeeping ncRNAs and regulatory ncRNAs,
which are the subject of this review. Regulatory ncRNAs can be separated according to
their length, with small non-coding RNAs being less than 200 nucleotides and long non-
coding RNAs greater than 200 nucleotides. snoRNAs and snRNAs are generally classified
as sncRNAs but possess housekeeping functions. IncRNAs can be classified according to
their relative location to protein-coding genes. The main types of small non-coding RNAs
are also further classified here according to their function. Additionally, circRNAs and
eRNAs are ncRNAs that can be of variable length, either greater or less than 200
nucleotides, so they do not fit into either length classification.

2.2.2 Current therapeutics targeting ncRNAs

Due to their ability to regulate gene expression, ncRNA targeting offers exciting
opportunities for disease treatment. To date, there are 85 trials listed on the Clinical Trials
database (ClinicalTrials.gov) that contain “IncRNA” when searched in other terms
(ClinicalTrials.gov, 2024). Of these, the majority are testing or have tested the use of IncRNAs
as biomarkers for monitoring disease progression/severity or as diagnostic tools. The few
that are not looking at IncRNAs as biomarkers are concerned with identifying their
mechanisms of action and role in a particular disease, for example, by investigating their
relationship with other elements of the functional pathway (examples include
www.clinicaltrials.gov NCT04937855, NCT06213493, and NCT04767750). None of these

trials test drugs/treatments to target IncRNAs and all are listed as observational studies. This

18



lack of interventional trials suggests an underexploited area or, alternatively, that there are
significant barriers to overcome before treatments targeting IncRNAs can successfully reach

the clinical trial stage.

However, although the field of IncRNA targeting in clinical trials is undeveloped, the
therapeutic targeting of microRNAs (miRNAs) is more advanced. Several anti-miRNA drugs
are currently undergoing clinical trials, including Miravirsen, which has successfully
completed phase Il clinical trials for hepatitis C (Janssen et al., 2013, van der Ree et al.,
2016). Miravirsen is a locked nucleic acid (LNA)-modified antisense oligonucleotide (ASO)
that binds miR-122, inhibiting its action in stabilising hepatitis C RNA (Janssen et al., 2013).
This was one of the first drugs developed to specifically target an ncRNA, but it was

discontinued due to the availability of other effective treatments.

However, its development demonstrates the potential of this therapeutic approach. Other
methods have also been developed and miRNA mimics, synthetic copies of endogenous
miRNAs, such as MRX34 to augment in vivo miR-34a levels, are being tested clinically (Hong
et al., 2020). Despite immune-related severe adverse events causing early termination of
this study, it demonstrates a method of exploration for ncRNA therapeutics (Hong et al.,
2020). These effects included sepsis, hypoxia, cytokine release syndrome and hepatic failure,
ultimately resulting in four patient deaths (Hong et al., 2020). Remlarsen, another miRNA
mimic, is undergoing clinical trials for restricting fibrous scar tissue formation
(ClinicalTrials.gov, 2021). For a comprehensive overview of therapeutics that have completed
or are currently undergoing clinical trials for targeting miRNAs and other ncRNAs, see Winkle

et al. (2021) (Winkle et al., 2021).

ncRNA-targeted therapeutics offer significant potential, but they do have several limitations,
many of which are also relevant to the development of therapeutics targeting IncRNAs. One
problem is successfully delivering RNA-based therapeutics to target tissues other than the
liver. To this end, chemical modification of various parts of the nucleotide has enabled the
successful delivery of ASOs to multiple tissues without a delivery agent (Zhu et al., 2022).
Furthermore, novel polymer and peptide-based nanoparticle delivery systems have reduced

issues with charge and electrostatic interactions to improve miRNA delivery (Babar et al.,
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2012, Woodrow et al., 2009). The addition of surface peptides also improves cellular uptake
(Babar et al., 2012). These methods are safe and biodegradable and, thus, could be
applicable to developing other ncRNA therapeutics (Adams et al., 2017). However, other
significant issues include sequence and tissue specificity, leading to off-target binding
(Kamola et al., 2015), as well as tolerability, leading to toxicity, particularly hepatotoxicity
(Grimm et al., 2006). The Phase | MRX34 study encountered immunity-related toxicity,
despite no problems being observed in animal studies (Hong et al., 2020), indicating that
preclinical models do not consistently predict human responses. These issues must be

thoroughly assessed before further clinical studies can be carried out safely and successfully.

2.2.3 The rationale for targeting IncRNAs

IncRNAs are present in a wide range of animals, plants, prokaryotes, yeast, and viruses, but
their sequence is not well conserved between species (Ma et al., 2013). They face less
selection pressure than mRNAs, since they do not need to maintain a specific open reading
frame (Chodroff et al., 2010). Some IncRNAs, for example, X-inactive Specific Transcript
(XIST), possess short regions with high conservation, suggesting a lack of evolutionary
selection pressure on other regions, such that only the target binding sequences are
conserved (Pang et al., 2006, Nesterova et al., 2001). Thus, IncRNAs can evolve rapidly.
IncRNAs have specific spatio-temporal expression, i.e. they are activated in specific tissues at
specific times during development, and this expression often affects the expression of
nearby protein-coding genes (PCGs) and contributes to the lineage-specific expression of
PCGs (Kutter et al., 2012). Furthermore, even conserved IncRNAs often function differently
between species due to alternate processing and localisation (Guo et al., 2020). This initially
led to questions over their importance and functionality, but subsequent research has
uncovered diverse functions in the regulation of transcription, splicing, translation,
differentiation, the cell cycle, nuclear bodies, and chromatin (Bridges et al., 2021, Ma et al.,
2013). In fact, IncRNA promoters are conserved at a similar rate to PCG promoters (Derrien
et al., 2012), suggesting IncRNA expression is important for fitness, and even those with
rapidly changing sequences often have orthologous functions between species and are

expressed from syntenic locations (Ulitsky et al., 2012, Hezroni et al., 2015).
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The ubiquity of ncRNAs and their ability to target multiple genes within a pathway makes
them excellent therapeutic targets (Winkle et al., 2021). A transcriptome-wide association
study (TWAS) found that of 14,100 IncRNA genes, expression of 800 was associated with
genetic traits of disease where the association was not due to any effects of neighbouring
PCGs, making it less likely that the effects were due to alterations of cis-regulatory
sequences overlapping the IncRNA (de Goede et al., 2021). This represents a large number
of potential therapeutic targeting opportunities by modulating IncRNA expression. However,
their ability to target multiple genes does raise the issue of off-target effects in other genes,
as has been seen in therapeutics targeting other ncRNAs. IncRNAs, in particular, have high
organ, tissue, and cell type specificity (Derrien et al., 2012, Sarropoulos et al., 2019). This
spatial and temporal expression makes them excellent targets for lineage-specific gene
therapy (Nguyen and Carninci, 2015). IncRNA dysregulation has been linked to cancer
(Huarte, 2015), e.g., MEG3 downregulation in multiple cancers (Zhou et al., 2007),
cardiovascular diseases (Boon et al., 2016), e.g., MALAT1 in diabetic retinopathy and
angiogenesis (Liu et al., 2014), neurological disorders (Bhan and Mandal, 2014), e.g., BASE1-
AS in Alzheimer’s Disease (Faghihi et al., 2008), musculoskeletal disorders (Mishra et al.,
2023), e.g., ANRIL in osteoarthritis (Li et al., 2019), and many other diseases. In cancer,
IncRNAs have been identified as oncogenes, e.g., HOTAIR (Gupta et al., 2010) and MALAT1 (Ji
et al., 2003) or tumour suppressors, e.g., MEG3 (Chen et al., 2021a); therefore, they are
ideal targets for new cancer therapeutics (Huarte, 2015). IncRNAs also play key roles in
tumour microenvironments. For example, in influencing immune cell function, LNMAT1
recruits macrophages into tumour cells to enhance lymphatic metastasis (Chen et al., 2018)
and LINCO0301 increases levels of regulatory T cells while decreasing CD8+ T cells, in non-

small cell lung cancer (NSCLC) (Sun et al., 2020).

2.3 Strategies to target IncRNAs

There have been several well-documented methods used to target IncRNAs and modulate
their expression, including siRNAs, ASOs, and CRISPR-Cas9. ASOs and siRNAs have been used
in many studies of IncRNA knockdown. Typically, siRNA silencing is most effective for
cytoplasmic IncRNAs, whereas ASOs are considered most effective for nuclear IncRNAs, but

can also act in the cytoplasm (Chen et al., 2021b, Liang et al., 2017).
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siRNAs are short oligonucleotides complementary to target ncRNAs and work by recruiting

the RNA induced silencing complex (RISC) to degrade IncRNAs [Figure 2.2A] (Berezhna et al.,

2006). To date, six siRNA-based drugs are approved by the Food and Drug Administration

(FDA) and/or the European Medicines Agency (EMA), and all target mRNA in the liver [Table

1] (EMA, 2023, FDA, 2024), demonstrating the efficacy of this approach for targeting RNA.

This method has also been successful in several IncRNA preclinical models, but concerns

remain over the potential adverse effects of targeting molecules other than the intended

IncRNA (Chen et al., 2021b).

Table 1. Currently approved siRNA/ASO-based drugs (as of May 1, 2024). This shows the
type of sequence targeted by these drugs and which condition they are approved to treat.
Two ASO drugs have recently been discontinued by the FDA and are highlighted in grey.

Active Brand name Target Condition treated Licensed by
substance sequence (EMA and/or
(drug name) FDA)
Givosiran Givlaari MRNA Acute hepatic porphyria EMA, FDA
Inclisiran Leqgvio MRNA High cholesterol (primary EMA, FDA
hypercholesterolaemia,
mixed dyslipidaemia)
Lumasiran Oxlumo MRNA Primary hyperoxaluria type 1 EMA, FDA
siRNA  Nedosiran Rivfloza mRNA Primary hyperoxaluriatype 1 EMA, FDA
Patisiran Onpattro MRNA Polyneuropathy in hereditary =~ EMA, FDA
tranthyretin-mediated
amyloidosis
Vutrisiran Amvuttra MRNA Polyneuropathy in hereditary =~ EMA, FDA
tranthyretin-mediated
amyloidosis
Aganirsen Olisens MRNA Ocular neovascularisation EMA
Casimersen Amondys 45 exon Duchenne muscular FDA
dystrophy
Eteplirsen Exondys 51 exon Duchenne muscular FDA
dystrophy
Fomivirsen Vitravene mRNA CMV infection FDA (now
ASO discontinued)
Golodirsen Vyondys 53 pre- Duchenne muscular FDA
MRNA dystrophy
Inotersen Tegsedi MRNA Homozygous familial EMA, FDA
hypercholesterolemia
Mipomersen Kynamro mRNA Homozygous familial FDA (now
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Figure 2.2. Schematic illustration of strategies used to target IncRNA. (A) siRNAs: siRNAs
bind to IncRNA and recruit RISC, resulting in degradation of the IncRNA. (B) ASOs: ASOs
bind to IncRNA and recruit RNaseH, resulting in degradation of the IncRNA and altered
downstream protein expression. (C) CRISPR-Cas9: The inactive Cas9 domain is bound to a
transcriptional activator domain or a transcriptional stop signal, so that when it binds to
the complementary DNA that encodes the IncRNA gene, it results in either transcriptional
activation at the promoter, or repression through blocking RNA polymerase, respectively.
(D) Small molecules: the first small molecules designed for modulating IncRNA expression
can be classified as interaction element blockers (IEBs) or structural element lockers (SELs).
IEBs block the binding of IncRNA to its target, which in some cases can be used to increase
expression levels of IncRNAs that would normally undergo nonsense-mediated decay due
to their normal binding. SELs work by binding to IncRNAs and disrupting secondary (2°)
structures which stabilise the IncRNA, thus resulting in destabilisation and reduced
expression.

Nusinersen Spinraza pre- Spinal muscular atrophy EMA, FDA
mRNA
Vitolarsen Viltepso exon Duchenne muscular FDA
dystrophy

ASOs are 15-25 bp oligonucleotides that can bind complementary IncRNA, and commonly
recruit RNase H to promote RNA degradation and alter downstream protein expression
when coding elements are targeted [Figure 2.2B] (Chen et al., 2021b). ASOs can also act by
binding mRNA to alter splicing that results in exon inclusion where mutations have led to
exon skipping (Hua and Krainer, 2012), or they can be used to cause exon skipping in
diseases such as Duchenne muscular dystrophy where deletion mutations shift the reading

frame and generate premature stop codons (Matsuo, 2021). Additionally, ASOs can alter the
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site of polyadenylation to destabilise RNA (Vickers et al., 2001). To date, seven ASO-based
drugs currently have marketing authorisation, with many more currently undergoing clinical
trials [Table 1] (EMA, 2023, FDA, 2024, Collotta et al., 2023). However, some ASO-based
drugs have been discontinued from the market after their authorisation due to
hepatotoxicity problems (Hawes et al.). The ASO drug Inotersen also contains an FDA
warning for hepatotoxicity on its label (Hawes et al.). These mechanisms, however, are less
applicable to IncRNA targeting. Although these ASOs do not target IncRNAs, their success in
reaching the market demonstrates that they can be effective RNA-targeted drugs. Through
their ongoing development, some initial problems have been overcome - the latest ASOs
designed have high affinity and stability (Chen et al., 2021b). However, toxicity issues
remain, including hepatotoxicity (Chen et al., 2021b) and renal toxicity that can lead to
potentially fatal glomerulonephritis (Wu et al., 2022). Furthermore, the fact that they cannot
be administered orally is a limitation (Chen et al., 2021b). Both ASOs and siRNAs can be used
in conjunction with LNAs to increase potency, but this can also increase hepatotoxicity

(Swayze et al., 2007).

CRISPR/Cas9 is another tool that can be used to target nuclear or cytoplasmic IncRNAs, but
in one study, it was only effective in 38% of ~16,000 IncRNA loci tested (Goyal et al., 2017).
CRISPR/Cas9 may upregulate IncRNA expression by activating the promoter with a fusion
protein of inactive Cas9 with a transcriptional activator domain (Maeder et al., 2013), or
disable the IncRNA gene with a transcriptional stop signal to block RNA polymerase [Figure
2.2C] (Boon et al., 2016, Bassett et al., 2014). Some loci are not readily targeted with CRISPR,
due to their bidirectional, internal, or proximal promoter, or due to off-target effects in

neighbouring genes (Goyal et al., 2017).

More recently, strategies have been developed to target ncRNAs with small molecules
specifically targeted to their secondary structures [Figure 2.2D] (Winkle et al., 2021). The
ability to predict structures and virtually screen compounds accelerates this process (Winkle
et al., 2021, Zhao et al., 2022). This method has been used for IncRNAs; ACINOD4Q, a
compound targeting the IncRNA homeobox antisense intergenic RNA (HOTAIR), has been
developed to selectively interfere with HOTAIR-EZH2 binding, thus blocking its activity (Ren

et al., 2019). This was achieved by developing 3D models to predict hairpin loop structures
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that could be targeted with small molecules, followed by virtual screening of potential
molecules (Ren et al., 2019). This methodology can be applied to the design of small
molecules to target other IncRNAs, but requires the high-resolution 3D structure of the

respective IncRNAs (Zhao et al., 2022).

2.4 Targeting IncRNAs therapeutically according to their mechanism of action

The mechanisms of action for IncRNAs can be broadly separated into scaffold, guide, or
decoy RNAs (Ma et al., 2013, Dong et al., 2018, Wang and Chang, 2011). These mechanisms
are distinct, but many IncRNAs can act via multiple mechanisms (Wang and Chang, 2011)

and thus there may be multiple ways to exploit their actions therapeutically.

2.4.1 IncRNAs as scaffold molecules

When functioning as scaffolds, IncRNAs act as a platform to assemble different regulatory
proteins together to perform a specific function (Spitale et al., 2011). This is possible through
the presence of different domains that simultaneously bind various effector molecules, such
as transcriptional activators or repressors, which have specific effects when brought
together both spatially and temporally [Figure 2.3] (Wang and Chang, 2011). IncRNAs can act
in a cis manner on neighbouring genes, or a trans manner on distant genes (Guttman and
Rinn, 2012). In transcription, scaffold IncRNAs can activate or silence specific genes by
binding different subunits of chromatin-modifying complexes to facilitate their assembly,
such as the polycomb repressive complex (PRC) 1 and PRC2 (Dong et al., 2018). Therefore,
knockdown of scaffold IncRNAs would inhibit the effector molecules from interacting with
their target and double knockdown of IncRNAs with the effectors should exacerbate these
effects (Wang and Chang, 2011). Understanding how IncRNAs assemble and regulate these

effector molecules is thus crucial to targeting them effectively.
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IncRNA

Figure 2.3. Schematic illustration of the functional mechanism of scaffold IncRNAs.
Scaffold IncRNAs act by using different modules to bring together different proteins
(labelled "p"), such as transcriptional activators and repressors, in time and space to cause
specific effects on target molecules.

The IncRNA HOTAIR can act through a scaffold mechanism. HOTAIR binds PCR2 and LSD1
chromatin remodelling complexes and acts as a platform to target these to HOX loci, to
influence cell epigenetic states (Rinn et al., 2007, Tsai et al., 2010). HOTAIR has four
independently folded domains, with two of them recruiting and interacting with various
transcription factors, nine of which are involved in pan-cancer processes (Wang et al., 2017).
Increased HOTAIR expression in primary tumours strongly predicts metastases and death, for
example, in breast cancer, where it is commonly highly expressed (Gupta et al., 2010,
Sorensen et al., 2013). Consequently, enforced expression in multiple breast cancer cell lines
led to increased cancer invasiveness and PRC2-dependent metastasis, while knockdown by
siRNAs inhibited cancer invasiveness, with a bias for cells with high PRC2 activity (Gupta et
al., 2010). Furthermore, grafting HOTAIR-expressing cells into murine fat pads accelerated
primary tumour growth and promoted lung metastasis (Gupta et al., 2010). HOTAIR led to
selective retargeting of PRC2 across the genome by aiding the localisation of its subunits to
854 genes, which gain PRC2 occupancy and are consequently downregulated in the most
aggressive breast cancer tumours (Gupta et al., 2010). This identifies HOTAIR as a relevant
target for new cancer therapeutics, particularly by exploiting its interactions with PRC2.
However, as HOTAIR acts in trans, validating its role would be more robust if HOTAIR could

be knocked out and then the phenotype rescued by expressing it from an independent
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transgene (Bassett et al., 2014). Furthermore, the study of human HOTAIR in vivo is
challenging, as there is poor sequence conservation between human and murine HOTAIR,
but the orthologs do have similar functions and conserved RNA structures (Somarowthu et
al., 2015, Li et al., 2013). Ma et al. (2022) created a transgenic murine model with inducible
expression of human HOTAIR to study the role of HOTAIR in breast cancer progression (Ma et
al., 2022b). Mice overexpressing HOTAIR were crossed with MMTV-PyMT mice, a commonly
used model of breast cancer. Overexpression of HOTAIR for several months increased the
invasiveness of breast cancer cells, promoting their migration and metastasis to the lungs
(Ma et al., 2022b). Removal of this overexpression abrogated these effects. Mechanistically,
HOTAIR alters chromatin states and the transcriptome to cause changes that result in the
promotion of metastatic pathways, by influencing both repressive and activatory
modifications (Ma et al., 2022b). This demonstrates that HOTAIR could be a target for
downregulation in breast cancer treatment. Although this model did not test potential
therapeutics to knock down HOTAIR, it does represent an important tool that could be used

to test siRNAs, ASOs, or other therapeutics targeting HOTAIR.

Another example of a scaffold IncRNA is the antisense non-coding RNA in the INK4 Locus
(ANRIL) that also recruits and binds to PRC1/2 to modify transcription (Kotake et al., 2011).
High levels of ANRIL expression are associated with increased metastases and tumour size,
leading to poor prognosis in NSCLC patients (Nie et al., 2015). Knockdown of ANRIL through
RNAi in six human NSCLC cell lines resulted in impaired cell proliferation in five of the cell
lines and induced apoptosis, as well as inhibiting tumour growth in vivo when one cell line
was transfected into mice (Nie et al., 2015). The mechanism for this involves ANRIL binding
to EZH2, a core subunit of PRC2, to silence KLF2 and P21 (Nie et al., 2015). Both KLF2 and
P21 play significant roles in cancer, where KLF2 expression is typically reduced and is also
associated with NSCLC cell apoptosis (Nie et al., 2015). Thus, investigating methods to
downregulate ANRIL in NSCLC, through its scaffolding role in binding PRC2, could provide

potential therapeutic options for its treatment.
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2.4.2 IncRNAs as guide molecules

IncRNAs can act as guides by binding proteins and guiding their localisation to specific
targets, causing alterations in gene expression [Figure 2.4] (Khalil et al., 2009). This can affect
transcription by guiding the recruitment of transcriptional activators, e.g., Trithorax group
proteins, or suppressors, e.g., Polycomb group proteins, in a site-specific manner (Wang and
Chang, 2011). Guide IncRNAs can act in cis or trans to their protein-coding targets (Guttman
and Rinn, 2012). Similar to scaffold IncRNAs, the knockdown of guide IncRNAs inhibits the
localisation of the effector molecule to its target, resembling a loss of function phenotype,
while a double knockdown with the effector molecule should augment this effect (Wang and

Chang, 2011).

IncRNA

Target

OR

IncRNA

gene

Target

Figure 2.4. Schematic illustration of the functional mechanism of guide IncRNAs. Guide
IncRNAs function by guiding proteins (labelled “p”) to localise to specific targets in cis or
trans, resulting in changes in gene expression. These effects can include activation or

repression of genes depending on the specific protein.
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XIST is one of the first IncRNAs to be characterised and acts via a cis guide mechanism to
initiate X chromosome inactivation (XCI). XIST assists in recruiting the inactive X
chromosome to the nuclear lamina and binds across it, with greater affinity for the most
gene-dense regions (Engreitz et al., 2013, Chen et al., 2016). XIST recruits PRC2 and
promotes repressive chromatin modifications that cause transcriptional silencing (Engreitz et
al., 2013, Chaumeil et al., 2006). XIST is thus differentially expressed in X-linked diseases, and
plays a critical role in many sex-biased diseases including autoimmune diseases such as
rheumatoid arthritis (Youness et al., 2021, Bost et al., 2022), neurological disorders such as
Alzheimer’s Disease (AD) (Yue et al., 2020, Yan et al., 2022), pulmonary arterial hypertension
(Batton et al., 2018, Qin et al., 2021), and sex-biased cancers, as reviewed in (Li et al., 2022).
In cancer, the role of XIST is complex and can have conflicting effects in protecting against or
promoting cancer progression (Li et al., 2022). In breast cancer, which predominantly affects
females, XIST is abnormally downregulated relative to normal female breast tissue (Zheng et
al., 2018). Additionally, studies in vitro and in mice have successfully altered XIST expression
to slow bladder (Xu et al., 2018), colorectal (Sun et al., 2018), and lung cancer progression
(Fang et al., 2016). In AD, higher levels of XIST are observed, alongside increased
inflammatory cytokines (Yan et al., 2022). In murine models of AD and in vitro, XIST
promotes AB protein accumulation and neuroinflammation by epigenetically silencing
neprilysin (NEP), an AB degrading enzyme, through recruitment of EZH2 (Yan et al., 2022).
Knockdown of XIST in the same murine AD model reduced cell injury and neuronal
inflammation, as NEP levels were increased, suggesting a potential route for therapeutics
could be to downregulate XIST (Yan et al., 2022). However, it is important to consider that
attempts to target XIST for specific diseases could have wider consequences for other
diseases influenced by XCI. Thus, XIST targeting must be approached cautiously and will
require a thorough understanding of its mechanisms. Furthermore, attempts have also been
made to utilise XIST’s chromosome silencing function to target Down’s Syndrome, by
inserting an inducible XIST transgene into chromosome 21 of pluripotent stem cells with
trisomy 21 (Jiang et al., 2013, Chiang et al., 2018). This successfully led to chromosome-wide
silencing and methylation to create a Barr body with the additional chromosome 21 (Jiang et
al., 2013). This approach to chromosome silencing could also be investigated for the

treatment of other trisomy conditions.
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Maternally expressed gene 3 (MEG3) is a IncRNA that also interacts with PRC2, guiding it to
modulate the activity of TGF-B-regulated genes by binding to chromatin in a trans manner,
and is recruited to loci by the formation of RNA-DNA triplex structures (Mondal et al., 2015).
MEG3 is downregulated in many cancers (Zhang et al., 2017b, Xia et al., 2015, Zhang et al.,
2017a), for example, in non-functioning pituitary adenomas (NFA), where MEG3 is silenced
(Chunharojrith et al., 2015). Restoring MEG3 expression in cells derived from human
pituitary tumours significantly slowed tumour growth when grafted into mice in vivo, by
inducing G1 cell cycle arrest. This tumour suppression required the presence of functional
p53. This presents a potential opportunity for therapeutic targeting and could be relevant to

many cancer types if similar mechanisms are found to be at play.

2.4.3 IncRNAs as decoy molecules

IncRNAs can act as molecular decoys by binding proteins, such as transcription factors,
chromatin modifiers, or other regulatory factors, to up- or downregulate transcription
(Wang and Chang, 2011). IncRNAs can sequester these molecules to inhibit their target
binding (frequently to chromatin), thus interfering with transcription [Figure 2.5A] (Dong et
al., 2018). Knockdown or knockout of decoy INcRNAs may increase the expression of their
targeted molecule, thus mimicking the gain of function for the protein (Wang and Chang,

2011).

Similarly, IncRNAs commonly contain miRNA binding sites and act as “molecular sponges”
sequestering miRNAs away from their mRNA targets [Figure 2.5B] (Dong et al., 2018).
miRNAs control the activity of PCGs by binding mRNA transcripts and recruiting protein
complexes to repress translation and/or decrease mRNA stability (Filipowicz et al., 2008). As
miRNAs are also dysregulated in many diseases, understanding these miRNA-IncRNA

interactions could have far-reaching therapeutic potential by altering IncRNA expression.
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Figure 2.5. Schematic illustration of the functional mechanism of decoy IncRNAs.
LncRNAs are shown in blue, target mRNA/molecules in black, miRNA in purple, and
genes/proteins in green. (A) LncRNAs can act as molecular decoys for proteins, such as
those involved in transcription, by binding the protein and stopping binding to their target
molecule, e.g., chromatin. This stops any effects that are a result of the protein binding to
its target. Without IncRNA presence, e.g., through knockout, there is an increase in
circulating protein, so it can bind its target and produce the intended effects. (B) Here,
IncRNAs act as competing endogenous RNAs to bind and sequester miRNAs, making them
unable to bind to their target mRNA. Typically, miRNAs inhibit their target mRNA
sequence, so this sequestering results in an increase in the expression of their target mRNA
(Karagkouni et al., 2021). In the absence of IncRNAs, e.g., through knockout, miRNAs are
free to bind to their target mRNASs, inhibiting their expression.

One IncRNA that acts through a decoy mechanism is the maternally expressed H19, which
plays a role in the imprinted gene network during embryonic growth (Monnier et al., 2013).

H19 is upregulated in cardiac, pulmonary, hepatic, and renal fibrosis, and can act by
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sponging multiple miRNAs, as reviewed in (Jiang and Ning, 2020). In the pancreas, H19 acts
as a competing endogenous RNA (ceRNA) and sponges miR-138-5p and miR-141-3p (Song et
al., 2020). Knockdown of miR-138-5p and miR-141-3p suppresses autophagy by increasing
the activity of the focal adhesion kinase (FAK) pathway and promoting cell proliferation by
increasing B-catenin levels, respectively (Song et al., 2020). However, in severe acute
pancreatitis (SAP), H19 expression is suppressed, suggesting it could be a potential target for
upregulation in SAP treatment. Rats with SAP were treated with mesenchymal stem cells
(MSCs) transfected with a H19 overexpression plasmid, which increased the MSCs anti-
inflammatory properties, promoted FAK-associated pathways, and increased cell
proliferation (Song et al., 2020). Overall, this use of MSCs demonstrates an effective route to
target and modulate H19 expression for SAP therapeutics. Furthermore, H19 plays a role in
triple-negative breast cancer (TNBC), where it is upregulated and its expression levels are
inversely correlated with IncRNA PTCSC3 (Wang et al., 2019). Overexpression of PTCSC3
inhibits TNBC cell proliferation by downregulating H19, while overexpressing H19 has no
effect on PTCSC3 and promotes TNBC cell proliferation (Wang et al., 2019). However, no
evidence has been presented to indicate a physical interaction between H19 and PTCSC3,
and further evidence is required to establish whether this interaction is causal in TNBC. If
such evidence did come to light, then it is possible that downregulating H19 could provide
therapeutic benefit, and this could be achieved through overexpression of PTCSC3 (Wang et
al., 2019).

In addition to its more well-known roles in transcriptional regulation, HOTAIR also has
sponging functions. In diabetic cardiomyopathy (DCM), HOTAIR is downregulated, while its
target, miR-34a, is upregulated (Gao et al., 2019). Observation of HOTAIR knockdown in a
mouse model of DCM showed increased inflammation, oxidative stress, and cell death in the
heart, which represent the hallmarks of DCM (Gao et al., 2019). Increasing HOTAIR levels in
DCM mice alleviated cardiac dysfunction and inhibited cardiac fibrosis (Gao et al., 2019). The
putative mechanism for this is HOTAIR acting as ceRNA and sponging miR-34a, stopping its
inhibition of SIRT1, an important gene involved in DCM regulation (Gao et al., 2019,
Karbasforooshan and Karimi, 2017). This was evidenced through the knockout of SIRT1 in
mice, which removed the benefits of HOTAIR expression and resembled the effects of

HOTAIR knockout (Gao et al., 2019). Furthermore, only mature miR-34a (and not the primary
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or precursor transcripts) was upregulated in HOTAIR knockout cells, suggesting HOTAIR
downregulates miR-34a post transcriptionally, rather than regulating its transcription (Gao et
al., 2019). Alongside evidence from RNA pull-down assays and luciferase reporter assays,
this strongly supports HOTAIR directly targeting miR-34a (Gao et al., 2019). This evidence

suggests HOTAIR could be targeted for DCM through methods to increase its expression.

Aberrant expression of ANRIL has been identified in osteoarthritis (OA) tissue, as it is
significantly upregulated in synoviocytes of the OA-affected joint (Li et al., 2019).
Downregulation of ANRIL halts cell cycle progression and promotes apoptosis in
synoviocytes, possibly by sponging miR-122-5p, which regulates DUSP4 (Li et al., 2019). As
synoviocyte proliferation is a common component of OA pathology, this suggests ANRIL
downregulation could be a potential therapeutic pathway for OA by influencing the miR-122-
5p/DUSP4 axis. However, this research is limited to an in vitro study of patient OA tissue and
has not examined ANRIL mechanisms in vivo. There may also be potential issues with
reducing DUSP4 expression, as it can have roles as a tumour suppressor, for example, in

breast (Jung et al., 2016) and colorectal cancer (Saigusa et al., 2013) .

The IncRNA dishevelled binding antagonist of beta catenin3 antisensel (DACT3-AS1) is
downregulated in gastric cancer (GC) and plays a role in its chemoresistance (Qu et al.,
2023). DACT3-AS1 aids suppression of cell proliferation, migration, and invasion, as
identified through in vitro and in vivo experiments in a xenograft tumour mouse model (Qu
et al., 2023). This is achieved by targeting the miR-181a-5p/sirtuin 1 axis, which may operate
through a sponging mechanism (Qu et al., 2023). miR-181a-5p levels are increased in GC and
negatively correlated with DACT3-AS1 (Qu et al., 2023). DACT3-AS1 directly targets miR-
181a-5p and inhibits its levels in GC cell lines, whereas DACT3-AS1 silencing enhances miR-
181a-5p levels (Qu et al., 2023). This negative regulation suggests that DACT3-AS1 may play
a role in the transcription of miR-181a-5p, thereby affecting its expression levels, but the
location of DACT3-AS1 in the cytoplasm does support a sponging mechanism (Qu et al.,
2023). miR-181a-50 negatively regulates sirtuin 1 and this DACT3-AS1/ miR-181a-5p/ sirtuin

1 axis was demonstrated to suppress malignant characteristics of GC cells (Qu et al., 2023) .
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2.4.4 Other mechanisms

Acting as signalling molecules has been suggested as an additional mechanism of action,
where IncRNAs act as molecular signals through their spatial and temporal expression (Wang
and Chang, 2011). The initiation, elongation, or termination of these IncRNAs is in itself
regulatory, or they can also harbour additional regulatory functions (Wang and Chang,
2011). One example is lincRNA-p21, activated by p53, which acts as a transcriptional
repressor and promotes apoptosis (Huarte et al., 2010). Its expression is downregulated in
coronary artery disease patients and in murine atherosclerotic plagues in vitro, as it
represses proliferation and is pro-apoptotic in vascular smooth muscle cells and murine
mononuclear macrophages in vitro (Wu et al., 2014). Furthermore, in vivo silencing of
lincRNA-p21 caused neointimal hyperplasia after endothelial injury (Wu et al., 2014).
lincRNA-p21 acts by binding MDM2, to enhance p53 activity (Wu et al., 2014). This presents
an opportunity for therapeutic targeting. However, lincRNA-p21 knockdown caused
upregulation of 331 genes and downregulation of 274 genes, many of which are p53 target
genes (Wu et al., 2014). Thus, altering lincRNA-p21 expression could have serious problems

if off-target effects are produced by targeting it in unintended locations.

MALAT1 can act via a decoy mechanism as previously discussed but has additional functions
in cancer and other diseases. There are several suggested mechanisms, including acting as a
scaffold for nuclear speckles and chromatin, as a guide RNA in signalling pathways, or as a
sponge for miR-200, but the exact mechanism remains unclear (Dhamija and Diederichs,
2016). MALAT1 plays a role in diabetic retinopathy and is upregulated in animal diabetes
models (Liu et al., 2014). Its knockdown improves retinal function in diabetic rats by
alleviating retinal vessel impairment and inflammation (Liu et al., 2014). Elevated MALAT1
levels have also been detected in human retinal endothelial cells (Biswas et al., 2018), as
well as in association with other diabetic complications (Ashjari et al., 2022, Zhou et al.,
2020, Zhang et al., 2018). MALAT1 acts by reducing levels of phosphorylated p38, part of the
MAPK signalling pathway, to regulate endothelial cell function (Liu et al., 2014). Inhibiting
MALAT1 presents a potential therapeutic target for diabetic retinopathy, although p38 MAPK
signalling pathways act in many physiological processes, with the risk of off-target effects in

other locations. Specific knockdown of MALAT1 in retinal tissues would be required by any
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potential therapeutics to avoid impacting MALAT1 throughout the body and, importantly, in
nuclear speckles. MALAT1 is also implicated in angiogenesis, where siRNA silencing of
MALAT1 in mice causes endothelial cell migration instead of proliferation (Michalik et al.,
2014). This implicates MALAT1 in angiogenesis regulation and in controlling the expression
of cell cycle regulators. Thus, inhibiting MALAT1 could be of therapeutic benefit to induce
antiangiogenic effects within tumour environments (Michalik et al., 2014). MALAT1 is
frequently upregulated in cancers and has been successfully knocked down in mice using
ASOs, resulting in differentiation of the primary tumour and a reduction in lung metastasis
(Arun et al., 2016). Knockdown in breast cancer organoids also inhibited branching
morphogenesis and altered expression of pro-tumourigenic and differentiation-related
genes (Arun et al., 2016). This demonstrates the potential of ASO-based therapeutics in
breast cancer, and, as MALAT1 plays a role in a large number of cancers, the potential for
therapeutic targeting, although further studies with physiologically relevant in vivo models

will be necessary.

The IncRNA nuclear enriched abundant transcript 1 (NEAT1) also has multiple suggested
mechanisms of action. Importantly, it plays an essential role in the structure of nuclear
paraspeckles by interacting with EZH2 and acting as a scaffold (Clemson et al., 2009).
However, there is also evidence that it could act through sponging mechanisms to contribute
to fibrosis development (Jiang, 2023). Knockdown of NEAT1 successfully reduces fibrosis in
vitro and in various in vivo mouse models (Jiang, 2023). This identifies NEAT1 as a potential
therapeutic target to prevent fibrosis of the liver (Yu et al., 2017), kidney (Chen et al.,
2023a), heart (Ge et al., 2022), and lung (Fukushima et al., 2020) that are implicated in the
progression of the diseases (Jiang, 2023). Evidence suggests that the mechanisms may differ
somewhat between tissues. In the heart, NEAT1 recruits the PRC2 subunit EZH2 to Smad7,
appearing to act as a scaffold, resulting in Smad7 inhibition and accelerating cardiac fibrosis
(Ge et al., 2022). NEAT1 knockdown reduced cardiac fibrosis and dysfunction in mice (Ge et
al., 2022). In the liver, NEAT1 upregulation with subsequent downregulation of miR-506 is
associated with nonalcoholic fatty liver disease (NAFLD) (Jin et al., 2019). NEAT1 knockdown
increases miR-506 expression, and inhibits GLI3, a miR-506 target, resulting in reduced
fibrosis and inflammatory response (Jin et al., 2019). As luciferase assays identified miR-506

binding NEAT1 and GLI3, it is possible that this interaction is a sponging mechanism, but
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further evidence would be required to rule out NEAT1 regulating miR-506 transcription as a
mechanism. As NEAT1 is known to act via interactions with PRC2 in other tissues, the latter
may be more likely. Regardless of the exact mechanism, it is possible that NEAT1 knockdown

could be used therapeutically to treat fibrosis in various tissues.

LINC00301 is upregulated in NSCLC tumours and promotes cell proliferation, invasion, and
tumourigenesis, while suppressing cell cycle arrest and apoptosis (Sun et al., 2020). This was
demonstrated both in vitro and in vivo in a mouse model of human disease (Sun et al.,
2020). LINC00301 is regulated by the transcription factor FOXC1, but there is evidence of it
displaying multiple mechanisms of action. In the nucleus, it was found to interact with the
PRC2 component, EZH2, suggesting either a guide or scaffold mechanism to affect
transcription (Sun et al., 2020). However, LINC00301 is also present in the cytoplasm, and
here, it may act as a ceRNA to sponge miR-1276 (Sun et al., 2020). Regardless of which
mechanism is most significant to the role of LINCO0301 in NSCLC pathogenesis, this

represents an opportunity for therapeutic targeting.

2.5 Challenges and future directions

Several unresolved issues limit the clinical introduction of IncRNA therapeutic targeting. The
low conservation of IncRNAs between species is a barrier for many research models.
Humanised models or organoid cultures may be required to produce clinically translatable
findings (Boon et al., 2016). Many studies discussed here have used mouse or rat models for
knockout, knockdown, or overexpression studies. Although many have yielded promising
results, it will be a new challenge to replicate these findings in human disease. Furthermore,
human embryonic stem cells (ESCs) and mouse ESCs have different subcellular localisations
of their IncRNAs, and as localisation is closely linked to function, this may affect how findings
in other organisms relate to humans (Guo et al., 2020). IncRNA stability also varies between
mice and humans; for example, MALAT1 and NEAT1 are both highly stable in humans, but
unstable in mice (Clark et al., 2012) . Again, this can mean that findings in other organisms
are not clinically relevant in humans. Another consideration is that IncRNAs are commonly
expressed in multiple isoforms, as they undergo extensive alternative splicing (Bridges et al.,
2021). These variants may have different functions, making mechanistic studies more
challenging and further complicated by the fact that splicing varies between species (Boon
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et al., 2016). Additionally, orthologs for human IncRNAs are only found for 38% and 35% of
transcripts in mice and rats, respectively (Washietl et al., 2014). Many IncRNAs can also be
modified, for example, through methylation, which may further affect their functions (Boon
et al., 2016). Furthermore, the ability of IncRNAs to target multiple genes means attempts to
target them could produce off-target effects and this risk has been highlighted in several of
the examples of IncRNAs provided here. Careful consideration must be given to the
likelihood and extent of these effects so that they can be most safely mitigated. The method
of targeting IncRNAs is also a challenge and potential issues must be noted, particularly the
ongoing problems with toxicity, which may not always be fully understood through animal

studies.

Although much of the IncRNA research is promising, many assumptions are made regarding
their association with particular diseases, as discussed in (Ponting and Haerty, 2022). This
includes assuming that differential expression of a IncRNA in disease is causal and that
interactions between a IncRNA and a protein implicated in disease indicate the IncRNA is
responsible for modulating the disease risk (Ponting and Haerty, 2022). Moreover, the
presence of disease associated single nucleotide polymorphisms (SNPs) within a IncRNA
locus does not inherently imply a causal relationship with the disease (Ponting and Haerty,
2022). It is important to remember that although some IncRNAs have essential functions or
play significant roles in disease phenotypes, not all of them present opportunities for
therapeutic targeting. Going forward, a useful strategy to employ could be TWAS, which was
developed in recent years to complement genome-wide association studies, to detect genes
associated with traits (such as disease) and determine the regulatory relationship between
them. TWAS offers improved gene interpretability, particularly for non-coding regions, and
enables investigation of diseases on a tissue specific basis (Mai et al., 2023). For IncRNAs,
the genetic association signals for transcript abundance in a specific tissue can be compared
with signals for a particular disease, and if colocalisation is seen, then there is evidence of a
causal role in the disease (Ponting and Haerty, 2022). Through such methods, the IncRNAs
most relevant for experimental study can be identified and then tested, ideally with

humanised models, to better understand their mechanism of action.
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Overall, it can be challenging to characterise the functionally-relevant mechanisms of
IncRNAs, particularly in discerning the difference between IncRNAs that sponge miRNAs and
those that affect the transcription of their miRNA targets. However, if there is good evidence
supporting the causal role of IncRNAs in a disease, precise characterisation of the
mechanism may be of less importance and therapeutics targeting the IncRNA can still be
developed. This makes it easier to develop therapeutics, but there are still other problems to
overcome, including toxicity and off-target effects. Off-target effects can be a problem in
several ways: either by affecting the intended target in an unintended location and causing
undesirable effects, by targeting the correct molecule but producing undesired effects in its
other downstream effectors that are unrelated to the disease, or by affecting the expression
of molecules other than the intended target. The small molecule method of targeting
IncRNAs offers an exciting avenue, as this reduces toxicity problems. The development of
RNA-based therapeutics and particularly RNA vaccines in recent years has resulted in much
research into the safety and efficacy of RNA-based therapeutics. There is also a trend for
improvement in the development of ASOs (and other ncRNA-targeting therapeutics) for
targeting PCGs and other ncRNAs. This knowledge is transferable to targeting IncRNAs, and

ideally should make the journey to successful therapeutics somewhat easier.

2.6 Conclusion

There is excellent potential for developing therapeutics targeting IncRNAs for a wide range
of diseases, but these are only currently in early-stage development. There is a long journey
ahead to successfully target these IncRNAs therapeutically, overcome problems such as
delivery efficiency, toxicity, and off-target effects through preclinical testing, then perform

clinical trials, and eventually get approval to bring these treatments to market.

38



DECLARATIONS

Authors’ contributions

Review design: Tamblin-Hopper P, Kiss-Toth E, Sudbery I, Young D, Wilkinson JM
Literature research, manuscript drafting: Tamblin-Hopper P

Manuscript editing and revisions: Tamblin-Hopper P, Kiss-Toth E, Sudbery |, Young D,
Wilkinson JM

Availability of data and materials

Not applicable.

Financial support and sponsorship
Tamblin-Hopper P is supported by a studentship from the MRC Discovery Medicine North
(DiMeN) Doctoral Training Partnership (MR/W006944/1).

Conflicts of interest

All authors declare that there are no conflicts of interest.

Ethical approval and consent to participate

Not applicable.

Consent for publication

Not applicable.

Copyright © The Author(s) 2024.

39



Chapter 3: RNA-seq analysis of murine MSCs during osteogenic

differentiation

3.1 Introduction

Analysis of previously collected RNA-seq data from murine MSCs with a CASC20 knock-in
(Felix-llemhenbhio, 2023) was performed. This experiment involved transduction of murine
MSCs with either a CASC20-expressing lentivirus (referred to as OE) or a control green
fluorescent protein (GFP)-expressing lentivirus (referred to as CTRL). Cells were cultured for
0, 10 or 20 days in Osteogenic Medium (OM), plus BMP2, to induce osteogenic
differentiation. Robust CASC20 expression was confirmed in the OE samples at all time
points through RT-qPCR, with no detectable expression in CTRL cells. After that cells were
harvested to obtain RNA libraries and conduct RNA-sequencing on three biological replicates
for each condition, Control (CTRL) and Over-Expression (OE), and time points Day (D)0, D10
and D20. The analysis aimed to elucidate evidence for the mechanism of action of CASC20
by identifying DEGs and miRNAs. The identification of DEGs which are also targeted by

miRNAs that bind to CASC20 could provide evidence of a ceRNA mechanism.

3.2 Methods
3.2.1 RNA-sequencing Analysis

Sequencing output data, for both mRNA and miRNAs, (Fastq files) was handled in the
University of Sheffield’s High Performance Computing System ‘Stanage’. Pipelines were run
using Python (version 3.8.12). Reads were quality control checked using FastQC (version
0.12.0) and visualised with MultiQC (version 1.11), which looked at the GC content, presence
of adapters and of any duplicated reads, which could indicate sequencing errors or
contamination (Philip Ewels, 2016). Reads were trimmed with Cutadapt (version 3.7), to
remove unwanted sequences such as adapter sequences and primers (Martin, 2011). For
MRNA-seq, Salmon (version 1.7.0) (Patro et al., 2017) was used to quantify mouse
transcripts from Ensembl Version 111 (GRCmm39). The percentage of mapped reads was
checked to ensure sequence accuracy and check for any contaminating sequences.
Differential expression analysis was performed in R (version 2023.09.1+494), with the
DESeq2 package (version 1.42.1) (Love et al., 2014), to obtain the results of genes that have
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a condition specific effect over time. The script for the analysis is shown in section 7.2.1. p-
values were calculated using the Wald test. Principle Component Analysis (PCA) plots and
volcano plots were made in R with the ‘ggplot2’ package (version 3.5.1) and heatmaps with

‘pheatmap’ package (version 1.0.12).

For miRNAs STAR (version 2.7.11a) was used to align sequencing reads to the GRCmm39
version of the mouse genome, with a 16bp minimum match length, allowing for a maximum
of one mismatch. featureCounts (Liao et al., 2014) was used to quantify transcript
expression. The annotations used were miRNA precursor sequences from miRbase and an
80% overlap between the read and precursor location was required. Targets of miRNAs were
found with the dataset miRDB from Molecular Signatures Database (MSigDB) from GSEA
(Chen and Wang, 2020, Liu and Wang, 2019). Analysis was performed in R Studio, using the

script in section 7.2.2.

3.2.2 Pathway Enrichment Analysis

The R package GOseq (version 1.54.0) was used to identify overrepresented gene ontology
(GO) terms amongst the DE gene and miRNA data sets (Young et al., 2010). GOseq uses a
probability weighting function (PWF) based on gene lengths to calculate enrichment without
being influenced by gene length bias. Gene targets for miRNAs were found with the miRDB
dataset from GSEA. Graphs for GOseq were plotted with the ggplot2 package in R. Gene set
enrichment analysis (GSEA) was run in R using the package ‘fgsea’ (version 1.28.0) and was
used to determine miRNA binding sites that were enriched within the DEGs. The scripts for
GOseq analyses are shown in sections 7.2.3 and 7.2.4 for mRNA and miRNA, respectively.

For GSEA analyses the script in section 7.2.5 was used.

3.2.3 Binding analyses

MiRanda (Enright AJ, 2003) was used to predict miRNA target sites within CASC20 and how
many binding sites for these miRNAs were present in CASC20. The list of miRNAs predicted
to bind to CASC20 was compared to the list of miRNAs enriched with GSEA.

Sylamer was used to look for over and under-represented 6-mer, 7-mer and 8-mer miRNA

seed sequences present in genes from RNA-seq (van Dongen et al., 2008), using the R script
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in section 7.2.6. From an inputted ranked gene list of the most up- to most down-regulated
3’ UTRs, it calculates if a sequence is significantly more or less common for each part of the
list. It then plots the most enriched and depleted sequences using hypergeometric p-values

for all six to eight base pair RNA sequences (van Dongen et al., 2008).

3.3 Results
3.3.1 mRNA-sequencing Analysis

To investigate the mechanism by which CASC20 might affect the differentiation of MSCs, a
PCA plot was created to visualise the patterns within the data by reducing it to two
dimensions. This showed that the first component, and greatest variance, of 54% was
between timepoints, i.e. genes up- or downregulated at D10 or 20 compared to DO (figure
3.1A). Additionally, separate clustering was observed between the control and CASC20-
expressing samples. This second component accounted for 18% of the variance on the PCA
plot. The scaled heatmap showed similar overall patterns of expression between replicates,
with some key differences between timepoints and conditions (figure 3.1B). The difference
in expression between DO and D10 in the OE samples is greater than in the CTRL, with
greater expression of many genes occurring in OE D10. This shows the largest change in
expression, as many genes had their lowest relative expression in OE DO and then their
highest relative expression in OE D10. There are also some genes in the bottom section of
the heatmap for which the opposite is true, i.e. highest to lowest relative expression as
differentiation progresses. The most significantly DEGs, when compared to DO, were plotted
in a heatmap and had the greatest difference between DO and D10 in the OE samples (figure
3.1C). OE D10 shows the clearest differences in expression from other conditions and
timepoints. The top three genes are upregulated, whilst they are downregulated in CTRL
samples and less strongly upregulated in OE D20 (figure 3.1C). The remaining genes for OE
D10 are strongly downregulated, whilst showing lesser differential expression and even
upregulation in other timepoints and conditions. The volcano plot shows the most
significantly up- and downregulated genes according to the LFC and p-value (figure 3.1D).
There were 139 genes that showed overall (i.e. at all time points) differential expression
between CTRL and OE conditions. When looking at specific time points 10, 379 and 11 DEGs
were identified for OE versus CTRL on DO, D10 and D20, respectively.
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Figure 3.1: Differential expression analysis of mRNA throughout osteogenesis. (A) PCA
plot showing variance between samples. Each replicate is plotted as a separate point on
the graph, with each timepoint represented with a different colour (day 0 = red, day 10 =
green and day 20 = blue), whilst conditions are represented by different shapes. (B) Overall
scaled heatmap of log2 Fold Changes observed in all genes, showing the relative
expression of genes compared between each timepoint/condition. Variance stabilising
transformation (VST) function was performed on data prior to plotting. The right-hand side
legend shows the colour key for the log2 Fold Changes from -1 to +2.5, this is a relative
number which relates to the relative expression of the gene between different samples, i.e.
blue means the expression of the gene is lower in relation to its expression in other
samples. Clustering of genes is displayed according to their Euclidean distance. (C)
Heatmap of top 20 DEGs at each condition/timepoint. Each column represents a condition
and timepoint when compared to DO. Clustering of these genes is shown according to their
Euclidean distance. (D) Volcano plot of DEGs at D10, when CTRL compared to OE. The
dotted lines show the cut offs for DEGs designated to be significant, with a LFC > +/- 0.5
and a p-value < 0.05. DEGs that reached significance are red and the top 10 most
significant according to their p-value have been labelled.
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GO enrichment was performed to identify biological processes impacted in OE samples
versus CTRL samples over time (figure 3.2). The categories identified in the set of overall
differential genes seemed unrelated to differentiation and bone development (figure 3.2A).
On day 10, the GO analysis suggested a role for CASC20 in splicing (figure 3.2B). The GO
categories ‘U2 snRNP’, ‘U2-type spliceosomal complex’ and ‘spliceosomal complex” were
among the top 10 most significant, with p-adjusted values of 1.3 x10*4, 5.7x10-% and 5.7 x10°
6, respectively. The percentage of hits in these categories were 33.3%, 31.0% and 10.8%,
respectively, indicating these categories were the most upregulated with CASC20 expression

(figure 3.2B).

Overall, these analyses showed that there was greater variance between timepoints than
between the control and CASC20 expressing cells. However, variance between conditions
was also observed and over 100 genes were DE, with the most DEGs observed at D10, where

they were linked to a role in splicing.
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Figure 3.2: Gene Ontology (GO) terms enrichment analysis of differentially expressed
genes (DEGs) in osteogenesis of CTRL vs OE samples. (A) Overall CTRL vs OE and (B) CTRL
vs OE at D10. GO terms are displayed in order of the most significant adjusted p-value
(Benjamini-Hochberg method), with colours corresponding to negative log 10 of adjusted
p value. The size of the dot corresponds to the number of DEGs in the sample that belong
to a particular GO category and the x axis shows the percentage of DEGs in the GO
category.
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3.3.2 miRNA Differential Expression Analysis

A similar analysis to above was performed for miRNA-seq data, in order to examine how
miRNAs were affected by CASC20 expression. This analysis aimed to identify miRNAs which
could be involved in the mechanism of CASC20, however it may act. A PCA plot showed the
greatest variance of 60% was between timepoints, with a lesser variance of 17% seen
between conditions (figure 3.3A). The 50 most significantly DE miRNAs were plotted in a
heatmap and the greatest difference was observed between CTRL D10 and OE D10 (figure
3.3B). Many of the miRNAs identified here were upregulated at D10 with overexpression of
CASC20, with this reducing by D20. Several miRNAs were also downregulated here, again
with lesser effects seen at D20 (figure 3.3B). Volcano plots were created for DE miRNAs
overall and at D10, with the most significant p-values identified at D10 (figure 3.4). A

number of miRNAs reached significance for both timepoints.

The differential expression of miRNAs overall between the conditions was studied and 8
miRNAs were upregulated, whilst 6 were downregulated (table 3.1). Of these 14 miRNAs
identified, the gene targets of 7 were identified, providing 1522 gene targets in total. There
was some overlap between the gene targets of these miRNAs, but 1290 of the genes were
unique for an individual miRNA. 15 of these were also identified in the overall list of DEGs
identified in the prior analysis (table 7.1, see appendix). For these gene targets, GOseq
analysis identified several GO terms that were associated with development, including
system development, anatomical structure morphogenesis, cell morphogenesis,
developmental process, multicellular organism development and anatomical structure
development (figure 3.5A). At day 10, 21 miRNAs were upregulated and 9 were
downregulated (table 3.2). Of these 30 miRNAs, gene targets were available for 21 and 6292
gene targets for these were identified, of which 4289 were unique to an individual

miRNA. 113 of these were also in the list of DEGs at D10 from the prior analysis, with the
majority of these upregulated (table 7.1). Again, developmental processes were identified in
the top GO categories, all of which were also in the top 10 GO categories overall (figure
3.5B). However, there was a much higher percent of hits (>30%) in each of the categories, as
more of the genes in these categories were targeted by the DE miRNAs (figure 3.5B). The

relationship between the developmental terms identified and more specific bone related
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terms were investigated (figure 3.5C). Skeletal system development was a child terms of
system development, which was identified within the top 10 GO terms, and bone
development was a child term of this (figure 3.5C). Both skeletal system development and

bone development were found to be significant in the GOseq analysis with 337 (p=1.8 x10

12) and 142 (p = 4.7 x10°) genes identified, respectively (figure 3.5C).
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Figure 3.3: Differential expression analysis of miRNA throughout osteogenesis. (A) PCA
plot showing variance between samples. Each replicate is plotted as a separate point on
the graph, with each timepoint represented with a different colour, whilst conditions are
represented by different shapes. (B) Heatmap of top 50 DEGs at each
condition/timepoint. Each column represents a condition and timepoint when compared
to DO. Clustering of these genes is shown according to their Euclidean distance.
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Figure 3.4: Volcano plots of differentially expressed miRNAs throughout osteogenesis.
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Table 3.1: Differentially expressed miRNAs which reached significance overall from miRNA-
seq analysis, when comparing CTRL vs OE. Significance was defined as a log2 fold change
>0.5 or <-0.5 and a p-adjusted value of < 0.05. Upregulated miRNAs are highlighted in green
and downregulated miRNAs in red.

MiRNA name  Ensembl gene ID Base Mean LFC pvalue p-adjusted
Mir-149 ENSMUSG00000065470 7437 -0.637 7.38E-11 3.03E-09
Gm56194 ENSMUSG00002075454 127.7 -0.735 9.67E-10 3.57E-08
Gm54453 ENSMUSG00002076138 1334 -0.595 1.16E-09 3.90E-08
Gm54514 ENSMUSG00002076655 138.7 -0.602 6.65E-09 1.89E-07
Snord43 ENSMUSG00000105167 9274 0.866 4.48E-07 9.71E-06
Gm54521 ENSMUSG00002075625 269.9 1.171 6.25E-07 1.28E-05
Mir19b-2 ENSMUSG00000065473 1311 0.677 8.18E-07 1.51E-05
Gm54587 ENSMUSG00002076451 272.7 1.154 1.09E-06 1.82E-05
Gm54611 ENSMUSG00002075983 272.7 1.154 1.09E-06 1.82E-05
Mir19b-1 ENSMUSG00000076256 125.2 0.626 2.08E-06 3.20E-05
Mir3963 ENSMUSG00000092830 16.20 -0.705 1.50E-04 1.35E-03
Mir677 ENSMUSG00000104755 63.46 0.994 3.16E-04 2.76E-03
Mir19a ENSMUSG00000065416 20.79 1.730 2.94E-03 1.78E-02
Mir-8114 ENSMUSG00000099227 100.1 -0.523 8.29E-03 4.43E-02
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Table 3.2: Differentially expressed miRNAs which reached significance at D10 from miRNA-
seq analysis, when comparing CTRL vs OE. Significance was defined as a log2 fold change
>0.5 or <-0.5 and a p-adjusted value of < 0.05. Upregulated miRNAs are highlighted in green
and downregulated genes in red.

MiRNA name  Ensembl gene ID Base Mean LFC pvalue p-adjusted
Mir1249 ENSMUSG00000080441 5.209E+02 -1.095 1.671E-22 6.669E-20
Mir182 ENSMUSG00000076361 8.581E+04 0.677 8.040E-16 1.604E-13
Mir30a ENSMUSG00000065405 2.207E+05 0.544 1.360E-15 1.808E-13
Mir3535 ENSMUSG00000104627 2.578E+03 0.757 2.180E-11 1.740E-09
Mirl0b ENSMUSG00000065500 3.610E+05 0.660 7.156E-10 4.758E-08
Gm56194 ENSMUSG00002075454 1.277E+02 -1.262 2.522E-09 1.437E-07
Gmb54453 ENSMUSG00002076138 1.334E+02 -1.251 3.658E-09 1.670E-07
Gmb54514 ENSMUSG00002076655 1.387E+02 -1.185 1.002E-08 3.633E-07
Mirl148a ENSMUSG00000065505 1.215E+06 0.540 6.735E-08 1.919E-06
Mir149 ENSMUSG00000065470 7.437E+03 -0.555 1.001E-07 2.663E-06
Mir1981 ENSMUSG00000088559 2.832E+02 0.709 1.254E-06 2.942E-05
Mir217 ENSMUSG00000065415 1.255E+02 1.332 6.406E-06 1.345E-04
Mir6236 ENSMUSG00000098973 1.791E+02 -0.814 1.549E-05 2.943E-04
Mir3963 ENSMUSG00000092830 1.620E+01 -1.997 8.173E-05 1.254E-03
Snord43 ENSMUSG00000105167 9.274E+03 1.326 1.119E-04 1.540E-03
Mir190a ENSMUSG00000076379 6.255E+01 1.151 1.583E-04 1.974E-03
Mir19b-2 ENSMUSG00000065473 1.311E+02 0.998 2.427E-04 2.617E-03
Mir19b-1 ENSMUSG00000076256 1.252E+02 0.969 3.865E-04 3.586E-03
Mir7-1 ENSMUSG00000065434 6.858E+04 0.784 6.266E-04 5.240E-03
Mir7-2 ENSMUSG00000065609 6.671E+04 0.781 6.508E-04 5.252E-03
Mir704 ENSMUSG00000076060 4.403E+01 0.997 2.135E-03 1.444E-02
Mir295 ENSMUSG00000077886 1.430E+02 0.552 2.848E-03 1.804E-02
Mir5114 ENSMUSG00000093315 1.320E+02 -0.547 3.353E-03 1.985E-02
Mir669b ENSMUSG00000076126 1.829E+02 0.516 3.344E-03 1.985E-02
Mir669m-1 ENSMUSG00000089570 1.892E+02 0.512 3.383E-03 1.985E-02
Mir669m-2 ENSMUSG00000088980 1.894E+02 0.508 3.584E-03 2.023E-02
Mir7680 ENSMUSG00000098400 4.555E+01 -0.844 3.666E-03 2.032E-02
Mir294 ENSMUSG00000077903 1.065E+02 0.596 4.260E-03 2.266E-02
Mir1947 ENSMUSG00000088860 9.725E+01 0.565 6.384E-03 3.184E-02
Mir466h ENSMUSG00000077941 1.146E+02 0.512 9.110E-03 4.327E-02
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Figure 3.5: Gene Ontology (GO) terms enrichment analysis of differentially expressed
miRNAs in osteogenesis of CTRL vs OE samples. (A) Overall CTRL vs OE and (B) CTRL vs OE
at D10. GO terms are displayed in order of the most significant adjusted p-value
(Benjamini-Hochberg method), with colours corresponding to negative log 10 of adjusted
p value. The size of the dot corresponds to the number of DEGs in the sample that belong
to a particular GO category and the x axis shows the percentage of DEGs in the GO

category.
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3.3.3 Enriched miRNAs in Differentially Expressed Genes

GSEA was performed to look at miRNA binding sites enriched in the DEGs identified from
MRNA-seq. The aim of this analysis was to look for whether the gene targets of each miRNA
were collectively enriched in up- or downregulated genes, to give an insight into the

regulatory activity of the miRNAs.

Genes with target sites for 331 miRNAs were significantly enriched in the DEGs identified at
day 10. When this list of miRNAs was compared with the list of DE miRNAs at day 10, nine
miRNAs were identified in both, of which eight were upregulated (mi19b-1-5p, mir19b-2-5p,
mir30a-3p, mir30a-5p, mir669b-5p, mir669b-3p, mirl947-3p, mirl48-3p) and one was
downregulated (mir7680-5p) in the miRNA-seq analysis (figure 3.6). These nine miRNAs
were plotted to show how overrepresented the set of target genes for each miRNA were
within the total dataset and where these genes appear in terms of up- or downregulation
(figure 3.6A-1). These plots show mixed patterns but have a general pattern of upregulation
of the gene targets (figure 3.6). Mir-30a-5p, mir-669b-3p and mir-669b-5p had targets in a
large number of genes, but these were somewhat spread out across the x-axis, suggesting
there is not a clearcut pattern of upregulation (figure 3.6D, F, G). For mir-19b-1-5p and mir-
19b-2-5p only a small number of genes were identified, so whilst the peak of the graph is to
the left suggesting upregulation, there are still some genes identified at higher ranks towards
the right of the x-axis, so less confidence can be placed in these having clear upregulation
(figure 3.6A, B). Mir-1947-3p produced the clearest pattern of upregulation with all the
genes identified at low ranks on the left of the x-axis (figure 3.6H). Mir-7680-5p (the only

downregulated miRNA) showed a clearer pattern of upregulation of enriched genes.
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Figure 3.6: Gene set enrichment analysis (GSEA) of differentially expressed miRNAs
during osteogenesis. (A) mi19b-1-5p, (B) mir19b-2-5p, (C) mir30a-3p, (D) mir30a-5p, (E)
mir148A-3p, (F) mir669b-3p, (G) mir669b-5p, (H) mir1947-3p and (I) mir7680-5p. The y-
axis represents the enrichment score or how overrepresented this set of genes is within the
total dataset. Along the x-axis are the genes that are significantly enriched for these
miRNAs binding, where the left of the axis represents the most upregulated and the right
of the axis the most downregulated.

52



3.3.4 miRNAs targeting CASC20

MiRanda was used to predict miRNAs that may have binding sites within CASC20 and thus
could have regulatory effects or be involved in the mechanisms. MiRanda identified 176
mouse MmiRNAs predicted to target CASC20 (see appendix, table 7.1). Of these most had only
one target site in CASC20, except mmu-miR-694 which had 3 predicted target sites, and 15
others with two sites. When this list was compared to the miRNAs enriched within the DEG
list six miRNAs were identified: mirl81d, mir190a, mir3074-2, mir33, mir466h and mir467d
(table 3.3). None of these six miRNAs were ones that reached significance in the differential

expression analysis (table 3.1, 3.2).

Table 3.3: miRNAs enriched within DEGs predicted to have a binding sequence in CASC20.
miRNAs identified by their name and corresponding ensemble gene ID. No. hits indicates the
number of times the binding sequence of the miRNA is found within the CASC20 sequence.

miRNA No. Hits Ensembl Gene ID Base Mean LFC p-value  p-adjusted
Mir181d 1 ENSMUSG00000076338 2000.566 0.026 0.000 0.001
Mir190a 1 ENSMUSG00000076379 62.551 0.140 0.000 0.001
Mir3074-2 1 ENSMUSG00000105458 7265.324 0.024 0.002 0.014
Mir33 1 ENSMUSG00000065465 271.655 - 0.009 0.050
0.242
Mird66h 1 ENSMUSG00000077941 114.597 0.133 0.003 0.020
Mird67d 1 ENSMUSG00000077021 545.525 0.277 0.007 0.036

Sylamer was used to predict the 6mer, 7mer and 8mer nucleotide sequences most over- and
under-enriched in the DEGs, but most of these did not correspond to known miRNA seed
sequences (figure 3.7A-C). Furthermore, many of the sequences identified were highly

repetitive and very few of them were found within CASC20 (table 3.4).
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Figure 3.7: Sylamer outputs for n length sequences. (A) 6-mer sequences (B) 7-mer
sequences and (C) 8-mer sequences. The x-axis represents the ranked gene list, and the y-
axis shows log p-values, indicating enrichment or depletion of a particular motif.
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Table 3.4: Sequences detected by Sylamer and their presence in CASC20.

Sequence Seed sequence Corresponding miRNA
length

6mer AATAAA
ATTAAA
ATTTAT
TTTTTT
TTTATT
Cccccc
AATAAT
CACACA
AATAAC
ACACAC

7mer AAATAAA
AATAAAG
AATAAAA
TAATAAA
TTTTTTT
CACACAC
Cccccccc
CTCTCTC
GGGGGGG
ACACACA

8mer TCTATCTA
AAAAAAAA
TTAATAAA
TATATATA
CAAATAAA
CACACACA
AGGAAGGA
GGAAGGAA
TAGATAGA
CATACATA

3.4 Discussion
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It was expected that timepoints would show the greatest levels of variance between

samples for both mRNA- and miRNA-seq, due to the large numbers of genes that only

become expressed at specific stages during differentiation in order to drive the process,

regardless of CASC20 expression (figure 3.1A, 3.3A). However, it was interesting to note

there was also a visible difference between conditions, particularly in mRNA, showing that

CASC20 overexpression did cause a difference in gene expression during osteogenesis (figure

3.1A). This is supported by evidence that CASC20 expression speeds up the rate of

osteogenic differentiation, so genes critical to differentiation will be expressed at different
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times between conditions (Felix-llemhenbhio, 2023). The two outliers, D20 CTRL and D10
OE, in the PCA plot could have been due to natural variation in gene expression between
replicates, or a problem with sequencing affecting the quality of these samples (figure 3.1A).
However, there was no visible difference in terms of the number of reads obtained for these

samples, so there was no justification to exclude them based on the sequencing.

Whilst the overall scaled heatmap shows similar patterns of expression, there are areas
where DEGs are seen between conditions and timepoints (figure 3.1B). The difference in OE
D10 from the other samples and the fact that the patterns seen in DO for OE and CTRL look
more similar to each other than at other time points, then deviate more as differentiation
begins, supports the idea that CASC20 is affecting the rate of osteogenic differentiation.
However, it is also possible that CASC20 is driving the expression of genes unrelated to the
differentiation processes. There are no published studies looking at the interactome of
CASC20 in MSCs or similar cells and whilst this analysis is interesting to get a general picture
of expression patterns, it does not allow any specific genes or details to be studied. The
heatmap of the most DEGs gave a more specific insight into the genes that are most
significantly up- or downregulated (figure 3.1C). As OE D10 samples displayed the highest
log2 fold changes in these genes, the combined effect of the OE condition and D10 time
point compared to CTRL DO produces the greatest effects. Whilst most of the top 20 genes
are downregulated in OE D10, there are three that are upregulated: Abcal, Mylip and Sned1
(figure 3.1C). These genes have roles in transporting ATP-binding cassettes (He et al., 2020),
regulating low-density lipoprotein (LDL) receptor degradation (Lindholm et al., 2009) and
mediating cell adhesion (Pally et al., 2025), respectively. The most downregulated genes
include Gart, which encodes a trifunctional polypeptide required for de novo purine
biosynthesis (NIH, 2024a) and Selenoh, which encodes a nucleolar oxidoreductase protein

(NIH, 2024b) (figure 3.1C).

D10 showed the highest number of DEGs, compared to DO, possibly due to the enhanced
rate of osteogenic differentiation caused by CASC20. By D20, it would be expected that cells
under both conditions would have undergone osteogenic differentiation, and consistent
with this, there were fewer genes showing differential expression. Some of these genes have

roles in osteogenesis, with ABCA1 forming part of a pathway with GLP-1R, which reduces
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osteoblast apoptosis (Zhong et al., 2024). PTTG1 has been found to be DE in OA and
enriched in MAPK and Wnt signalling pathways (Wang et al., 2015). TIMP1 has been shown
to suppress growth and differentiation of osteoblasts by targeting the PI3K/AKT pathway (Xi
et al., 2020). EXOSC8 was identified as a key gene essential to osteogenic differentiation
(Yang et al., 2019). UBE2C is critical to osteogenic differentiation of BMSCs, through
stabilisation of SMAD1/5 and knock out of Ube2c impairs bone formation and regeneration
(Zzhang et al., 2024). Furthermore, UBE2C has also been shown to act via the PI3K/AKT
pathway to target miR-140-3p and promote the progression of osteosarcoma (Huang et al.,

2024).

However, GO enrichment analysis of these DEGs overall showed a variety of roles that
appear unrelated to differentiation, such as those that are kidney related, and others that
are very general, large categories, e.g. extracellular space. As there are such a large number
of genes in categories like this, it is difficult to form any conclusions from the results (figure
3.2A). For the D10 comparison, the splicing related categories suggest this may be part of
CASC20s mechanism or role, but there is overlap between the genes identified in the
splicing related categories, i.e. many of the genes identified are the same between all of
these categories (figure 3.2B). Furthermore, whilst a high percentage of hits were seen with
some of these categories this is partly because there are only a very small number of genes

in these GO categories.

When looking at the miRNA-seq, as with the mRNA-seq, the biggest difference being seen at
D10 with CASC20 overexpression supports CASC20 playing a role in osteogenesis through
modulation of miRNAs, as it is at D10 that the greatest difference would be expected

between conditions (figure 3.3B).

It was a limitation that gene targets were only available for 7 of 14 miRNAs and for 21 of 30
miRNAs DE overall and at D10, respectively. If targets had been available for all miRNAs,
then it may have influenced the top processes identified by GOseq. The presence of
developmental related categories indicates the involvement in osteogenesis, as many of the
terms identified within the top 10 were parent terms to bone development (figure 3.5).

Furthermore, 142 mRNAs, targeted by the DE miRNAs, were from the bone development
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category, which strongly supports CASC20s role here, as this forms 66% of the genes in this
category (figure 3.5C). This suggests that as differentiation progresses CASC20 may act on or

through miRNAs that effect more genes involved in the developmental process.

The GSEA analysis primarily aimed to identify if any miRNAs were targeting many of the
DEGs, as this could suggests they might be regulators driving the observed changes in gene
expression. If the gene targets of a particular miRNA were significantly enriched in down-
regulated DEGs then this could suggest the miRNA is functionally active and may suppress
these genes. Conversely, if miRNA target genes are upregulated then it could indicate loss of
miRNA function or ceRNA effects. The GSEA analysis for most of the identified miRNAs
showed a general trend towards upregulation of gene targets, whilst the miRNAs themselves
(except Mir-7680-5p) were also upregulated. Whilst miRNAs typically downregulate genes,
there have been specific cases where they have been noted to lead to upregulation of genes.
Furthermore, differential expression of miRNAs can result from a IncRNAs with a ceRNA
mechanism in specialised cases where target-directed mRNA degradation (TDMD) has been
observed (Hiers et al., 2024). Here, extensive base-pairing between miRNAs and “trigger”
RNAs can cause destabilisation of the miRNA by destruction of its AGO protein, without
repressing the trigger RNA (Hiers et al., 2024). However, this has only been observed in
specific cases, for example Zinc Finger SWIM-Type Containing 8 (ZSWIMS8), a ubiquitin ligase,
causes polyubiquitination of AGO, resulting in its degradation and that of the accompanying
miRNA (Hiers et al., 2024, Han et al., 2020). ZSWIM8-mediated degradation has currently
been observed in 10 human miRNAs and over 70 murine miRNAs, with each of these likely
to have their decay induced by a trigger (Hiers et al., 2024). The trigger RNAs for most of
these are currently unknown, and whilst it has only been observed in limited cases, it is still

an important mechanism to consider in analysis of these results (Hiers et al., 2024).

This could suggest the gene targets are not actually strongly regulated by the miRNA in
these cells or that there may be other factors, such as transcription factors with a greater
regulatory effect. Mir-7680-5p (the only downregulated miRNA) showed upregulation of
enriched genes, suggesting it could act as a regulator for the expression of these genes, and

thus its downregulation increases the levels of expression in these genes (figure 3.6l).
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From the MiRanda analysis of miRNAs that target CASC20, the six miRNAs identified that
were also in the DEG list were of interest, but as they were not significant in the differential
expression analysis it suggests they are not relevant to the action of CASC20 (table 3.1).
However, they are worth noting as if they were identified in RNA-seq following the
overexpression of CASC20 in human cells then it may be valuable to investigate their
interactions with CASC20 further. The fact each of these miRNAs only had one site in CASC20
suggests a ceRNA mechanism is unlikely, as they would need multiple sites in order for
CASC20 to sponge them effectively (Kartha and Subramanian, 2014). Although, it’s possible
they might not have a direct relationship and instead sponge or otherwise interact with
other mRNA/miRNAs that in turn interact with CASC20. miRNAs can regulate hundreds of
mMRNA targets and multiple miRNAs can act on the same mRNA (Kartha and Subramanian,
2014). In future it would be useful to expand this analysis to look at other databases. Whilst
MiRanda uses an algorithm to predict miRNAs binding, there are databases of
experimentally validated miRNA binding that could be used, such as miRTarBase and
starBase (Kariuki et al., 2023). In this case it was more complicated as a human-only gene
was being investigated in mouse cells, rather than looking at the human miRNAs. CASC20
being a ncRNA also limits the databases that can be used, as some such as Target Scan do
not predict against ncRNAs (McGeary et al., 2019). Furthermore, it was a limitation that this
was looking at mouse miRNAs, as although many are conserved there are still differences
between species and it’s possible that there are other interacting miRNAs in humans that

were not seen in this analysis in murine MSCs.

The Sylamer analysis did not identify many miRNAs of note (figure 3.7). Most of the
sequences were likely present due to their repetitive nature and low sequence complexity,
as A and/or T strings are common in mRNA and most were not the seed sequences for any
miRNAs. Some of these were found within CASC20, but only because of their highly
repetitive nature and the fact that a 6 base sequence is highly likely to be present in a large
gene by random chance. AATAAA was the top enriched 6mer sequence, and although this
did correspond to an miRNA seed mir-325-1, it is also the poly-A possessing sequence and
found at the 3’ ends of mRNA, so it’s unlikely this miRNA has any role with CASC20
(Proudfoot, 2011). Mir-466 was identified multiple times but as the seed sequence for this is

a series of repeating ‘CACA’ it is likely just a repetitive sequence found by chance. mir-4661
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was more likely to be a genuine finding as both the 3p and 5p forms of these were
identified, which have different seed sequences. The 3p form was enriched whilst the 5p
was depleted. There is very little existing literature for miR-4661, but interestingly in humans
it has been shown to promote osteogenic differentiation in bone marrow MSCs by
suppressing the expression of fibroblast growth factor 23 (FGF23) (Zhang and Xu, 2024).
High expression of miR-4661-3p led to increased expression of RUNX2, Col1, osteocalcin,
osterix and dentin matrix protein 1 (DMP1), plus enhanced alkaline phosphatase (ALP)

activity and calcium deposition (Zhang and Xu, 2024).
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Chapter 4: Differentiation of hMSCs following lentiviral transduction

4.1 Introduction

The aim of this experiment was to isolate hMSCs from SVF taken from patient knee fat pad
samples and overexpress CASC20 via lentiviral transduction. Following this osteogenic or
chondrogenic differentiation was induced in these cells. This method was chosen as it had
previously been used to successfully transduce and differentiate other cell lines and semi-
immortalised cells into osteoblasts and chondrocytes, whilst overexpressing CASC20 (Felix-
llemhenbhio, 2023). The aim was to perform successful differentiation of these hMSCs, then

compare this to the RNA-seq analysis of murine MSCs described in chapter 3.

4.2 Methods
4.2.1 Isolation of hMSCs

Adipose-derived human hMSCs were isolated from the SVF of knee fat pads, donated by
patients undergoing knee replacement surgery. These samples were collected as part of an
ethically approved musculoskeletal biobank (REC reference number 15/SC/0132). An
overview of the whole process is shown in figure 4.1. Upon receipt the tissue was
homogenised with a scalpel and tweezers to maximise the surface area for digestion, then
transferred to a 50 mL falcon tube. The tube was inverted several times and the amount of
floating tissue was recorded to calculate the volume of collagenase required for digestion.
The homogenised tissue was centrifuged in 50 mL phosphate buffered saline (PBS) for 8
minutes at 75 g, at room temperature. The floating fat tissue was transferred to a clean
falcon tube and the PBS wash and centrifugation repeated. A 0.015% collagenase | (Gibco,
Thermo Fisher Scientific, 17018029, USA) solution was prepared according to the volume of
fat tissue recorded earlier (0.015 mg per 1 g of tissue), diluted in Hank's Balanced Salt
Solution (HBSS) (Gibco, Thermo Fisher Scientific, 14025092, USA) and vortexed to mix. The
collagenase solution was sterile filtered through a 0.45 uM syringe filter, then transferred to
tubes (Miltenyi Biotec, 130-093-237, Germany) with up to 10 mL in each. The fat tissue was
distributed between the Miltenyi tubes and incubated at 37° on a shaker at 180 rpm for 60
minutes. At the end of the incubation the Miltenyi tubes were placed into a Miltenyi

gentleMACS dissociator machine to aid digestion of the tissue mechanically and the adipose
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tissue programme (30 seconds of homogenisation) was run twice to aid tissue
homogenisation. The digested tissue was then filtered through a 40 uM cell strainer into
clean falcon tubes. 5 mL of Dulbecco’s Modified Eagle Medium (DMEM) was added, then
made up to 50 mL with PBS and centrifuged for 10 minutes at 300 xg, room temperature.
The supernatant was discarded and the pellet resuspended in 50 mL PBS, then the
centrifugation repeated. The supernatant was discarded and the cell pellet was resuspended
in Dulbecco’s Modified Eagle Medium (DMEM) + GlutaMAX (Gibco, 61965059, USA), with
15% fetal bovine serum (FBS) (Gibco, 1600044, USA) and 0.8% Penicillin-Streptomycin (P-S)
(Gibco, 1570063, USA). The cell number was counted with 0.2% Trypan Blue solution and

seeded into appropriate flasks, based on their number.
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Figure 4.1: Methodology for isolation of human mesenchymal stromal cells (hMSCs)
from stromal vascular fraction (SVF). Flow chart describing the process from receiving the
tissue sample, to seeding of the isolated hMSCs into flasks for culture. Created with
BioRender.com.

4.2.2 Culturing of hMSCs

hMSCs isolated from SVF were cultured in DMEM + GlutaMAX with 15% FBS and 0.8% P-S,
and the media changed every 48 — 72 hours, until confluency. Cells were passaged at 70 —
80% confluency with a solution of 0.1% collagenase IV (Gibco, 17104019, USA) prepared in
HBSS. The collagenase solution was sterile filtered through a 0.45 uM filter, as before. The
media was removed from the cells, washed with PBS, then the collagenase solution added.

The cells were incubated at 37° on a shaker for at least 10 minutes, to allow them to detach.
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The digestion was stopped with a 10% volume of warm media, then the solution centrifuged
for 5 minutes at 300 xg. The supernatant was removed and then the cell pellet resuspended
in ImL warm media. The cells were counted as before and seeded into appropriate flasks, or
frozen. For freezing cells, the cell pellet was suspended in FBS with 10% dimethyl sulfoxide
(DMSO) (Sigma, D4540, USA), then placed at -80° in a cryogenic freezing container
overnight, before transfer to the liquid nitrogen. To thaw the cells, they were added to 1 mL
of DMEM + GlutaMAX, centrifuged to form a pellet, then counted and seeded as previously

described.

4.2.3 Lentiviral Transduction

Prior to lentiviral transduction cells were passaged as previously described and seeded into
flasks or plates as appropriate. Cells were incubated for 24 hours in DMEM + Glutamax, with
15% FBS and 0.8% P-S. After 24 hours the media was replaced with fresh media containing 8
ug/mL (1x stock solution) of Polybrene (Sigma, TR-1003, USA), a commonly used media
additive to increase transduction efficiency (Denning et al., 2013). The appropriate lentivirus,
either CASC20 overexpression (OE) or GFP control (CTRL), was added according to the cell
number. Lentivirus was added at a concentration of 1uL per 2000 cells (MOI = ~150,000 viral
particles/cell). The flask was mixed for at least 10 seconds by movement from side to side to
ensure an even spread of lentivirus. The cells were then incubated for 24 hours to allow
them to recover from transduction (ideally this allowed them to reach ~70% confluency)
before beginning the appropriate differentiation protocol. For the CTRL lentivirus the
expression of GFP was checked under a microscope (Bio-Rad, ZOE Fluorescent Cell Imager,
USA) to confirm successful transduction. Images taken at 20x magnification unless otherwise

specified.

4.2.4 Osteogenic Differentiation

OM was prepared as follows: DMEM with 0.8% P-S, 10mM B-glycerophosphate (Sigma-
Aldrich, G9422, USA) in sterile water, 0.01 uM Dexamethasone (Sigma-Aldrich, D8893, USA)
in PBS, 50 ng/mL L-Ascorbic acid 2-phosphate (AA2P) (Sigma-Aldrich, A4544, USA) in sterile
water and 300 ng/mL BMP2 (GenScript, Z02913, USA). B-glycerophosphate, Dexamethasone
and AA2P were prepared fresh once per month (or for each differentiation). Cells were

passaged as described previously then seeded into appropriate wells. Unless otherwise

63



specified this was 62,800 cells per well in a 48 well plate (57,000 cells per cm?). A plate was
prepared for each time point, generally day 0 (D0O), day 10 (D10) and day 20 (D20), with n=3
samples for each condition. The cells were then incubated for 24 hours, or until confluent.
On the day the differentiation begun the DO plate was fixed. To fix the cells, media was
removed and each well was washed three times with PBS, then 4% paraformaldehyde (PFA)
(Sigma-Aldrich, 158127, USA) added, incubated for 30 minutes at room temperature, then
removed and the three PBS washes repeated. PBS was added to each well for storage at 4°C.
For the remaining plates, the media was replaced with OM. Media was changed every 48 —
72 hours, with fresh OM prepared once per week. Upon reaching the other timepoints the

plates were fixed for staining as described for DO.

4.2.5 Chondrogenic Differentiation

Chondrogenic medium was prepared as follows: DMEM with |-glutamine (Gibco, Thermo
Fisher Scientific, 11995073, USA) and 5% P-S (no FBS), 100 nM Dexamethasone, 10 ng/mL
TGFB3, 50 pug/mL AA2P 40 ng/mL L-proline and 1x concentration of ITS+L premix (insulin,
transferrin, selenous acid, linoleic acid) (Gibco, Thermo Fisher Scientific, 41400045, USA).
Dexamethasone, AA2P and L-proline were prepared fresh for each differentiation. Cells were
passaged as described previously then 50,000 cells/well were seeded into UV-irradiated 96 V
well microplates (Greiner, 651101, UK). A plate was prepared for each time point, day 7 (D7)
and day 14 (D14) unless otherwise specified. For DO samples, cells were transferred to 1.5
mL tubes and spun for five minutes at 300 xg, then the supernatant was removed and
pellets were stored on ice immediately before transfer to -80°C for storage. To seed cells for
other time points, tubes were centrifuged and the pellet resuspended in the appropriate
volume of chondrogenic media. 150 pL of cell suspension was added to each well. Plates
were centrifuged for five minutes at 500 xg then stored in the incubator at 37°. Media was
changed every 72 - 96 hours, and fresh TGFB3, AA2P and L-proline were added to the media
stock once per week, as they are subject to degradation. Upon reaching the other

timepoints, the media was removed from the pellets and the plates stored at -80°C.

4.2.6 Assay for calcium deposition

The assay for calcium deposition as a marker of bone formation by mineralisation was

performed by ARS. PBS was removed from each well and 500 puL of 40 mM Alizarin Red S
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(Sigma-Aldrich, A5533, USA) was added. Alizarin Red S was made up in dH20 to pH 4.2(+/-
0.1). Plates were left for 30 minutes on an orbital shaker at room temperature before
removing the dye from the well. Each well was washed at least 5x with PBS by dispensing
and immediately aspirating, to remove unbound stain, then the plates were left to dry
before imaging on a microscope (Leica, CTR4000, Germany) at 20x magnification, unless

otherwise specified.

4.2.7 Assay for GAG release

The assay for GAG release as a marker of chondrogenic differentiation was carried out with
the DMMB assay. GAGs are a class of polysaccharide critical in chondrocyte differentiation
and the regulation of endochondral ossification, as they form an essential component of the
cartilage extracellular matrix (Chen et al., 2023b). Thus, their release is a common marker
for measuring successful chondrogenic differentiation. For cell pellets, cartilage digestion
was required prior to performing the DMMB Assay. Phosphate buffer (0.1 M, pH 6.5) was
prepared by combining 0.1 M NaH;POs (Sigma-Aldrich, $3139, USA) with 0.1 M NaH;PO4
(Sigma- Aldrich, 567547) in a ratio of 137:63, respectively. Papain solution was prepared by
combining 25ug/mL papain (Sigma-Aldrich, 1071440025), 7.8ug/mL cysteine-HCI (Sigma-
Aldrich, C7880), and 19ug/mL EDTA (disodium salt) (Sigma-Aldrich, E5134) in phosphate
buffer. 70 uL of papain solution and 40 pL of phosphate buffer were added to each well, and
then transferred with the pellet to an Eppendorf tube. Tubes were briefly vortexed and
centrifuged, then incubated for 4 hours at 65°C, with a brief vortex and centrifuge once per
hour. For the DMMB assay on digested pellets or media, DMMB solution was prepared with
2.6g/mL DMMB (Sigma-Aldrich, 341088), 3.4g/mL NaCl, and 9.5mM HCl in dH20, then made
up to 1 L with dH,0 to pH 3. The solution was kept in the dark and prepared fresh at least
every 3 months. Chondroitin Sulphate was used to prepare a standard curve between 0 and
40 pug/ml, by combining 1 mg/ml Chondroitin sulphate with phosphate buffer or
chondrogenic media, when testing cell pellets or media, respectively. 25 plL of standards or
samples were added to each well, followed by 200 uL DMMB and mixed by pipetting up and
down several times. The plate was then read on a Varioskan Flash plate reader (Thermo

Fisher Scientific, USA) at 530 nm.
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4.2.8 RNA Extraction

RNA extraction was carried out with the ReliaPrep RNA Miniprep System (Promega, 26011,
USA), as per the standard protocol. RNA concentration was measured by the optical density

reading on a NanoPhotometer (Geneflow, N60, UK).

4.2.9 RT-qPCR

Primers were designed for reverse transcriptase quantitative polymerase chain reaction (RT-
gPCR) when required with the NCBI Primer Blast tool (NCBI) and selected based upon those
that create a product <100 base pairs (bp) in length, have a length of approximately 20bp,

very close melting temperatures and GC contents between 45-55% (table 4.1).

Table 4.1: qPCR Primers. All primers ordered from Sigma as custom qPCR probes.

Forward (FW)/ Reverse (RV) gPCR Primer Sequence (5’ -> 3’)

Lentivirus RRE FW AATGACGCTGACGGTACAGG
Lentivirus RRE RV GCCTCAATAGCCCTCAGCAA
Lentivirus RRE FW GACGGTACAGGCCAGACAAT
Lentivirus RRE RV AGATGCTGTTGCGCCTCAAT
eGFP FW AGGACGACGGCAACTACAAG
eGFP RV AAGTCGATGCCCTTCAGCTC
eGFP FW AAGGACGACGGCAACTACAA
eGFP RV TCCTTGAAGTCGATGCCCTT

For copy (c)DNA synthesis the volume of RNA loaded was calculated by: Veva= Mcona / prna
and the iScript cDNA Synthesis Kit (BioRad, 1708890, USA) was used, according to the
standard reaction protocol (Table 4.2). RNA was added to 5 puL of mastermix (4 uL iScript
Reaction mix and 1 pL iScript Enzyme) and the remaining volume made up to 20 uL with
nuclease free water. cDNA synthesis was run on the GeneAmp PCR System 9700

thermocycler (Thermo Fisher Scientific, USA).
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Table 4.2: cDNA synthesis protocol for use with iScript cDNA Synthesis Kit.

Priming 5 min at 25°C
Reverse Transcription (RT) 20 min at 46°C
RT inactivation 1 min at 95°C
Optional Step Hold at 4°C

For the quantitative polymerase chain reaction (qPCR) 1ng of each sample was added to
each well. Per sample a mastermix of 5 uL SYBR mix (Bio-Rad, 1725150, USA), 0.3 puL 10 uM
forward and 0.3 uL 10 uM reverse primers was prepared, alongside a mix of 1ng cDNA and
made up to 5 pL with nuclease free water. These were added to a plate to a total volume of
10.6 pL and a standard cycling protocol was run 40x on QuantStudio 5 PCR machine (table
4.3).

Table 4.3: Protocol for qPCR.

Hold 2 mins at 95°C, rate 1.6°C/s

PCR: step 1 10 seconds at 95°C, rate 1.6°C/s

PCR: step 2 1 min at 60°C, rate 1.6°C/s, capture image
Melt Curve: step 1 5 seconds at 60°C, rate 0.5°C/s

Melt Curve: step 2 (dissociation) 5 seconds at 95°C, rate 0.5°C/s, capture image

4.2.10 Statistical analyses

For statistical analysis GraphPad Prism 9 (Dotmatics, Boston, USA) was used to present and
analyse quantitative data. Data presented as mean of replicates with standard deviation
(SD), where applicable. One-sample t-test was used to compare the mean of single samples
to a known mean, independent t-tests to compare the means of two independent groups
and paired two-tailed t-tests when two related groups (such as OE vs CTRL) were compared.

These methods were used to assess significance (p < 0.05), as appropriate for each data set.
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4.2.11 Optimisation of lentivirus MOI

gPCR was performed to determine the multiplicity of infection (MOI) of both the lentiviruses
(CTRL and OE) used to transduce hMSCs. This gPCR was also used to compare the new
aliquots of lentiviruses used in the differentiations described in section 4.3. to old stocks
used by a previous researcher to successfully transduce other hMSC cell types. This was
achieved by first carrying out an RNA extraction of the lentivirus stocks, then performing
cDNA synthesis to obtain a final DNA concentration of 5 ng/uL. The plasmid vectors used to
produce the lentiviruses (figure 4.2) were used to prepare a dilution series that was run as
part of the gPCR to create a standard curve. Lentiviral concentrations were interpolated
from the standard curve using GraphPad Prism 9. Then the number of molecules
corresponding to these concentrations was calculated with Avogadro’s constant to create
equivalent standard curves showing the number of plasmid molecules and interpolating the
number of lentiviral particles in the respective qPCR reactions (figure 4.9). The MOI of both

old and new lentiviruses was calculated from the number of lentiviral particles (table 4.3).
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Figure 4.2: Plasmid maps for lentiviral vectors. (A) pGFP-C-shLenti (CTRL lentivirus) and
(B) pTWIST with CASC20 insert (OE lentivirus). Plasmid maps created in Snapgene. The
transcribed region that is integrated into the lentivirus is shown in red.

69



Table 4.3 Steps of calculation for MOIs of lentiviruses. This describes the steps and exact
calculations made for each lentivirus, old and new.

CASC20 CASC20 OE | GFP CTRL- | GFP CTRL Calculation
OE - Old - New old - New made

Viral particle no. in 1in 25

gPCR reaction 1.24x10" 1.24 x10° 1.13 x10’ 1.13x10” n/a
2 Viral particle no. in undiluted
gPCR reaction (2ul cDNA) 3.10x10® 3.10x10% 2.83x10%8  2.83x10® Row 1x25
3 Viral particle no. in total
cDNA reaction (20pl) 3.10x10° 3.10x10° 2.83 x10° 2.83x10° Row2x10
4 Volume of RNA added to
cDNA reaction (ul) 15 11 15 9 n/a
5 Viral particle no. in extracted Row 4 x 30/
RNA vol (30ul) 6.20x10° 8.45 x10° 5.85 x10° 9.11x10° row 3
6 Viral particle no. in RNA vol 1.24 1.82
used for extraction (60ul) x10%° 1.69x10° 1.17x10%®  x10%° Row 5 x 2
7 Viral particle no. per pl of
RNA 2.07 x10®  2.82 x10% 1.95 x108 3.04 x108 Row 6/ 60
8 MOI if 200ul lentivirus added (200 x row 7) /
to 400,000 cells 1.03x10° 1.41x10° 9.74 x10* 1.51x10° 400,000
4.3 Results

4.3.1 Osteogenesis of hMSCs

A pilot differentiation experiment with four pooled hMSC isolates, termed ‘hMSC mix-1’, was
performed. The isolates were pooled in an attempt to reduce donor variability and to
provide sufficient overall cell number for the experimental design. The isolates were
cultured individually and pooled at the start of passage (P)3, then transduced with either
CTRL or OE lentivirus. Successful transduction was confirmed with microscopy to visualise
GFP expression in the control cells (figure 4.3). The cells were induced to begin
differentiation at the start of P4. After differentiation ARS was performed to visualise calcium
deposits, however little to no staining was observed, with only very small amounts of
staining seen at D20 (figure 4.4). Overall, this experiment showed no evidence of

differentiation into osteoblasts.
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Figure 4.3: Fluorescence microscopy of transduced hMSCs. Left panel: cells transduced
with CASC20 OE lentivirus, which has no fluorescence so was used as background. Right
panel: cells transduced with the GFP CTRL lentivirus.
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Figure 4.4: Microscopy images of hMSCs during osteodifferentiation following Alizarin
Red Staining. hMSC mix-1 was transduced with either (A) CTRL or (B) CASC20 OE
lentivirus, then differentiated in OM, +/- BMP2, for 0, 10 or 20 days. Rows show different
replicates. Scale bar on the bottom right image is the same for all images.



A second mix of pooled cells ‘hMSC mix-2" was differentiated, where half were non-
transduced and the remaining cells were transduced with either CTRL or OE lentivirus. There
was evidence of successful osteogenic differentiation in the non-transduced cells, with
staining observed as well as the formation of characteristic bone nodules, both of which
were observed to increase over time (i.e. more in D20 than D10) (figure 4.5A). In the
transduced cells there was no evidence of osteogenic differentiation and more cell death
was observed, with little to no cells remaining by D10 (figure 4.5B). Therefore, the decision
was made to halt the experiment at this point to examine why the transduced cells were not

differentiating as expected.
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CTRL - DO CTRL - D10

Figure 4.5: Microscopy images hMSCs during osteodifferentiation after Alizarin Red
Staining. (A) Non-transduced and (B) transduced cells. Images taken at DO, 10 and 20.
Rows show different replicates. Scale bar on the bottom right image is the same for all
images.
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4.3.2 Chondrogenesis of hMSCs

In parallel, the same hMSC mix-1 was induced to differentiate into chondrocytes by culturing
in chondrogenic media for 0, 7 or 14 days. An assay for GAG release was performed to
guantify GAG in the culture media collected throughout the experiment, and in cell pellets
collected at each time point. A standard curve was created with Chondroitin Sulphate, a
GAG, to interpolate the concentration of GAG in the experiment (figure 4.6A). However, no
GAG was detected in either the media or pellet, indicating the hMSCs had not differentiated

into chondrocytes, as was seen by the lack of colour change (figure 4.6B).

Standard curve for GAG Assay
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Figure 4.6: Standard Curve for DMMB Assay. (A) Standard curve created with serial
dilution of Chondroitin Sulphate and absorbance read at 530 nm, alongside samples. (B)
Image of plate with standard curve in row A and samples in rows B-E.
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4.3.3 Optimisation of lentivirus MOI

Two sets of primers were designed to target the reverse response element (RRE) region of
the lentiviral plasmids, which would form part of the sequence integrated into the viruses
(figure 4.2). Both primers were compared for suitability, and both successfully amplified the
gene of interest and produced similar CT values (figure 4.7). The cDNA was diluted 1 in 25 to
analyse results from the linear part of the gPCR curve. No significant difference was found
between old and new stocks of the lentiviruses with either primer pair. For primer pairs 1

and 2 the p-values were 0.2 and 0.1 for OE and CTRL viruses, respectively.

A B
qPCR of OE and CTRL Lentiviruses qPCR of OE and CTRL Lentiviruses
(1 in 25 dilution) - primer pair 1 (1 in 25 dilution) - primer pair 2
25+ ns ns 25+ ns ns
20 20
S 154 S 154
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& 104 & 104
5] 5
0- T 0 1
60@ OQ' chy O«Qy 60@ 4&0@ O«Qy (’}qy
o ¥ o® eo““ SUSIRX ® &
RNA extracted from 60ul virus RNA extracted from 60ul virus

Figure 4.7: qPCR of CASC20 OE and CTRL lentiviruses with primer pairs (A) 1 and (B) 2.
Significance was determined by performing Mann-Whitney test.

The dilution series of each plasmid was run with both sets of primers, and a standard curve
for each plasmid produced (figure 4.8A/B). This standard curve was initially used to
interpolate the concentration of the lentiviruses (figure 4.9C). Here the focus was on the
‘new’ lentiviruses, as these were used in the experiments described within in this chapter
and thus the ones where it was most important for the MOI to be known. Then the number

of molecules corresponding to these concentrations was calculated, showing a difference in
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the numbers of viral particles between the OE and control lentiviruses, with the OE lentivirus
having almost double the number of molecules. (figure 4.9). From this the MOI of both
lentiviruses used in the previous differentiations was calculated to be approximately 140,000
and 150,000 for the CASC20 OE and CTRL lentiviruses, respectively (table 4.1). The new
lentiviruses both had slightly higher MOls compared to the old lentiviruses, but all exhibited
very high MOls.

A B
Log Standard Curve of Stock CTRL Plasmid Log Standard Curve of Stock CASC20 OE
25— 25— Plasmid
: —o— Primer set 1
20+ - 20 —— Primer set 2
S 154 S 151
S S
&5 101 5 104
5 5
O+ 7T T T T T T T T T T T
N » o » Q » O »
log2 Plasmid Concentration (ng/ml) log2 Plasmid Concentration (ng/ml)
C
Interpolated lentivirus concentrations
(1 in 25 dilution)
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Figure 4.8: Interpolation of lentiviral concentrations from plasmid standard curves. (A)
Log standard curves for gPCR of CTRL and (B) OE plasmids. (C) Interpolated lentiviral
concentrations.
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Interpolated lentivirus molecules
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Figure 4.9: Interpolation of lentiviral concentrations from plasmid standard curves. (A)
Log standard curve for qPCR of CTRL and OE plasmids. Primer set 2 used. (B) Interpolated
lentiviral concentrations.

To optimise the MOI used for transductions and attempt to lower this a single hMSC isolate
was cultured and transduced with CTRL lentivirus at five MOls: 150,000, 30,000, 6000, 1200,
240. The cells were monitored for fluorescence for the next 72 hours, and GFP expression
was visible after 48 hours in the cells transduced with an MOI of 150,000 (figure 4.10).
There was almost no visible fluorescence at other concentrations, with only very small

circles of fluorescence seen in some cells at an MOI of 30,000.
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Figure 4.10: Microscopy of hMSCs transduction with increasing MOIs of GFP control
lentivirus. Initial images taken immediately after lentiviral transduction with CTRL
lentivirus (0 hours) and then 48 hours after.
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Overall, these experiments showed that lentiviral transduction of primary hMSCs stopped

their ability to differentiate into osteoblasts and chondrocytes.

4.4 Discussion

Cells were pooled for differentiation, as this has been shown to help with donor variability
whilst increasing proliferation and differential capacity (Widholz et al., 2019). It has been
demonstrated that variance between technical replicates is significantly less than variance
seen between cells originating from different donors, when looking at cell proliferative and
differential capacity (Widholz et al., 2019). Thus, donor variability is something that was of
concern in these experiments, as many factors such as age (Kume et al., 2005, Zaim et al.,
2012), sex (Bragdon et al., 2015), BMI (Oliva-Olivera et al., 2015) and co-morbidities (Ye and
Zhang, 2017) can affect cell proliferation, vitality and differentiation (Widholz et al., 2019).
However, no successful differentiation of hMSC mix-1 into osteoblasts or chondrocytes was
observed. The lack of ARS in the cells cultured for osteogenesis indicates there were no
calcium phosphate deposits, which is indicative of osteogenic differentiation (figure 4.4).
Ideally a positive control would have also been included for ARS to ensure the methodology
was working correctly. However, there was also no observation of characteristic
morphological changes, such as the formation of bone nodules. In future a nuclear stain
would have been included to confirm the presence of cells in the control, although cells
were present on visual examination of the microscopy images. There was also no evidence
of successful chondrogenesis, due to the lack of GAG present in either the cells pellets or
media. As all hMSCs in this experiment had been transduced it was impossible to determine
if the lack of successful differentiation was due to the characteristics of the primary hMSCs,

or due to the process of transduction itself affecting the cell’s ability to differentiate.

Thus, it was necessary to test the ability of non-transduced cells to differentiate into
osteoblasts and chondrocytes. As non-transduced cells did undergo osteogenic
differentiation, indicated by the presence of ARS at D20 and bone nodules at D10 and D20,
this suggests the process of transduction is responsible for the hMSCs losing their capacity
to differentiate into osteoblasts. Furthermore, the increase of bone nodules over time

showed the cells proceeding down the osteogenic lineage, and the lack of uniformity in cells
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may be partly due to the pooling of samples. As these are primary cells it is expected they
will not differentiate at the same rate, so cells originating from certain isolates may
successfully differentiate by D10, whilst others differentiate by D20 and others may take
even longer. The amount of ARS is lesser than has been observed in cell lines under the
same conditions (Felix-llemhenbhio, 2023), but the nature of these primary cells and their
origin from unhealthy tissue, could affect their ability to differentiate to the same extent or
at the same rate. Ideally this experiment would have carried with chondrogenesis in parallel,
but was limited by cell numbers. However, successful osteogenesis is a good indicator that
these cells are able to differentiate successfully, and thus would also be able to proceed
down the chondrogenic lineage as well. The apparent ability of the non-transduced cells to
differentiate, whilst the transduced cells still could not, suggests there is a problem in getting

primary hMSCs to differentiate following transduction with a lentiviral vector.

There are several possibilities for why transducing hMSCs had this effect on differentiation,
including that the reagent polybrene, added to increase the transduction efficiency, is known
to be harsh to cells and affect their proliferation and differentiation at the working
concentration used (Lin et al., 2011). Polybrene is a standard reagent used in transduction of
human cells (Elegheert et al., 2018, Denning et al., 2013), but testing with an alternative
additive would be useful in the future to see how this affects hMSC differentiation. Research
has shown that using protamine sulphate as an alternative can help hMSCs retain their
proliferative and differential capacity (Lin et al., 2012). There is also evidence that lentiviral
transduction of primary human stem cells can affect their differentiative capacity, as the
ability of lentiviruses to integrate into the genome means they can potentially disrupt genes
through insertional mutagenesis (Schlimgen et al., 2016). This ability to affect gene

expression means they could influence genes necessary for differentiation.

The new stocks of lentivirus were compared to the old stocks, to determine if there was a
significant difference between these that could be responsible for the problems with
differentiation. These old stocks had been successfully used to overexpress CASC20 whilst
cells were still able to differentiate, but had not been tested with primary human cells (Felix-
llemhenbhio, 2023). However, as no significant difference was observed, it suggests there is

not a problem with the new lentiviral stocks, but that the problem lies with the lentiviral
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transduction as a whole. The calculation of the MOI used to be ~150,000 suggests the
lentiviral transduction is very inefficient. A typical MOI value for hMSCs should be around
10,000-fold less (Lin et al., 2012). It is possible that such a high amount of lentivirus is toxic
to the cells and could affect their ability to differentiate or function normally. As lower MOls
were incapable of producing fluorescence this is further evidence for the inefficiency of the
current lentiviral transduction process. The very limited fluorescence seen at the MOI of
30,000 was likely autofluorescence from dying cells (Bertolo et al., 2019). From these results,
it appears that transduction of hMSCs with lower concentrations of the lentivirus is not
possible under the current conditions. Thus, lentiviral transduction is not a viable method to

proceed with for overexpression of CASC20 in hMSCs.
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Chapter 5: Testing adenovirus as an alternative transduction method

5.1 Introduction

Adenoviruses offer an alternative method to lentiviruses for transducing cells, so this was
tested to confirm if it was possible to transduce hMSCs whilst allowing them to retain their
differentiative capacity. Adenoviral transduction is considered a more promising alternative,
because adenoviruses do not integrate into the genome, reducing the risk of insertional
mutagenesis (Bulcha et al., 2021). Furthermore, it is considered the most effective method
of gene delivery, with high transgene expression which should be beneficial in achieving

gene expression with lower MOlIs (Crystal, 2014).

5.2 Methods
5.2.1 Isolation of hMSCs from SVF

hMSCs were isolated from SVF as described in chapter 4.

5.2.2 Culturing of hMSCs

hMSCs were cultured as described in chapter 4.

5.2.3 Adenoviral Transduction

Prior to adenoviral transduction cells were passaged as previously described and seeded into
flasks or plates as appropriate. Cells were incubated for 24 hours in DMEM + Glutamax, with
15% FBS and 0.8% P-S. After this period, the media was changed and Ad-CMV-GFP vector
(figure 5.1) was added at the desired multiplicity of infection (MOI) according to the
experiment. The flask or plate was mixed for at least 10 seconds to ensure even spread of
the adenovirus. The cells were incubated for 24 hours, then the media was changed to
remove the adenovirus. The cells were cultured for ~48 hours to allow them to recover from
transduction. Expression of GFP was checked under the microscope (Bio-Rad, ZOE
Fluorescent Cell Imager, USA) after 48 hours to confirm successful transduction. Images

taken at 20x magnification unless otherwise specified.
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Figure 5.1: Plasmid map of Ad-CMV-GFP. Vector kindly donated from Professor Munitta
Muthana. Plasmid map created in Snapgene.

5.2.4 Osteogenic Differentiation

hMSCs were seeded into plates at the start of P3, alongside non-transduced controls and
induced to begin differentiation as in section 4. Cells were cultured in OM with BMP2, for 0

or 24 days. Osteogenesis carried out as in chapter 4.

5.2.5 Chondrogenic Differentiation

As for osteogenesis, hMSCs were seeded into plates at the start of P3 and cultured in
chondrogenic media as cell pellets, as in section 4. Cells were cultured for 0 or 14 days.

Chondrogenesis carried out as in chapter 4.

5.2.6 Assay for calcium deposition

ARS performed as per chapter 4.

5.2.7 Assay for GAG release

DMMB assay for GAG performed as per section 4.
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5.3 Results

5.3.1 Optimisation of MOI
One hMSC isolate (P800) was cultured and transduced with Ad-CMV-GFP at three MOls:

125, 250, 500. The cells were monitored for fluorescence over the next 72 hours, and
microscopy images were taken after 0 and 48 hours (figure 5.2). Immediately following
transduction there was no expression of GFP (figure 5.2A) After 48 hours the cells clearly
expressed GFP at all MOls, with an increasing amount of fluorescence seen as the MOI
increased (figure 5.2B). However, some cell death was observed, particularly at the higher
MOlIs of adenovirus (figure 5.2B). Cellular death was determined through the visible

structure of the cells in the microscopy images but was not quantified.
A
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Figure 5.2: Microscopy of hMSCs after transduction with various MOIs of Ad-CMV-GFP.

P800. (A) Images taken 0 hours after transduction. (B) Images taken 48 hours after
transduction.
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5.3.2 Osteogenesis of hMSCs

The hMSCs were successfully transduced with Ad-CMV-GFP, as microscopy showed their
fluorescence prior to differentiation (figure 5.3). After culturing for 24 days some minor ARS
was observed, indicating the presence of calcium deposits (figure 5.4), alongside the
presence of bone nodules. This suggests osteogenic differentiation occurred, but at a slower
rate than seen in pooled hMSC-mix 2. There was no observational difference between

transduced and non-transduced cells in the rate or ability to differentiate (figure 5.4).
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Figure 5.3: Microscopy of hMSCs after transduction with Ad-CMV-GFP, prior
to differentiation (DO). Left panel shows brightfield and right panel shows fluorescence
(GFP).
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Figure 5.4 Alizarin red staining of hMSCs before osteogenic differentiation (D0) and at
D24. Cells were non-transduced or transduced with Ad-CMV-GFP prior to differentiation.
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Areas of staining and/or bone nodule formation are marked with black arrows. Scale bar
on the bottom right image is the same for all images.

5.3.3 Chondrogenesis of hMSCs

In the culture media GAG was found in the DO-3 media for both non-transduced and
transduced hMSCs, when compared to DO (figure 5.5). In the transduced hMSCs GAG was
also identified in media from D3-8 and D11-14. GAG release occurred initially during the
differentiation, but the concentration decreased as the differentiation continued (figure 5.5).
No GAG was identified in the cell pellets. The presence of GAG in the media is indicative of
successful chondrogenic differentiation, but this is not supported by the lack of GAG in the

pellet.
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Figure 5.5: DMIMB assay on media and pellet. The waste culture media of non-transduced
or Ad-CMV-GFP transduced hMSCs was tested for the release of GAG. (A) Interpolated
concentrations of GAG in non-transduced and (B) Ad-CMV-GFP transduced cells. One-
Sample Wilcoxon tests were performed to compare each timepoint to DO to statistically
test for significance. Significance is displayed as * = P< 0.05.
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5.4 Discussion

After testing transduction of hMSCs with Ad-CMV-GFP an MOI of 125 was chosen as this still
resulted in a reasonable amount of adenovirus expression but with less cellular death and
stress. Typical MOls for infection with adenoviruses vary in the literature, depending on the
cell type, but 125 sits within the standard range of 10 -1000 (Podvin et al., 2011, Ugai et al.,
2012). Ideally the levels of cell death in cultures would have been quantified with trypan
blue, but a visual check was deemed sufficient in this case to judge the best MOI to proceed
with. Whilst this study was limited to only one isolate, the next differentiation with Ad-CMV-
GFP was performed with a different isolate and showed similar levels of GFP expression

when transduced with an MOI of 125, providing further supportive evidence.

With regards to the osteogenic differentiation with Ad-CMV-GFP, the morphological changes
and formation of some bone nodules were indicative of successful osteogenesis, but there
was less staining and nodules than in hMSC-mix 2. Ideally genes that are markers of
successful osteogenesis, ALP, Runt related transcription factor 2 (RUNX2) and osteocalcin,
would have been checked for through qPCR (Okamura et al., 2020). It is expected that
primary cells will all differentiate at different rates, so it is possible this particular isolate may
not be representative of the average differentiation time. Alternatively, the act of pooling in
itself may increase the rate of differentiation (Widholz et al., 2019). Whilst the mechanism
for this is uncertain, it suggests that cells with better proliferative and differential potential
contribute relatively more to the pooled population (Widholz et al., 2019). Furthermore, the
apparent seeding density at DO appeared sparser than in previous differentiations, despite
the same number of cells aimed to be seeded. It is therefore possible that the cells took
longer to differentiate because of the lower confluency, so they were more biased towards
proliferation than differentiation. Mathematical modelling has shown there is a choice
between a higher number of less differentiated cells or a lower number of more
differentiated cells, as cells must direct their energy towards metabolic pathways that
promote optimal growth, or those for differentiation (Gy6rgy et al., 2019). In future it will be
important that cells are given time to reach confluency after seeding and before beginning
differentiation, to somewhat standardise the confluency and cell number. ARS was

performed at day 24 for the final time point, rather than the usual D20 because the
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differentiation appeared to be proceeding at a slower rate. This is still in line with typical
differentiation rates seen in the literature, where differentiation is often tested for up to 20-
28 days (Tsai et al., 2009, Hanna et al., 2018, Kim et al., 2023). Furthermore, alternative
endpoints of differentiation could be tested to validate what is seen with observational ARS
testing. This could include testing for the presence/activity of ALP or osteocalcin (Sabokbar
et al., 1994). It would also be beneficial to confirm the findings for osteogenesis in further
isolates. This would aid understanding of the usual rate of osteogenesis and any possible

effects of pooling versus individual isolates.

For the chondrogenic differentiation the highest concentration of GAG was seen in the
media collected from DO-3 of culturing, which is mostly likely due to the initial release of
GAGs to stabilise the extracellular matrix (Florencio-Silva et al., 2015). GAG release in the
pellet would have been expected in D14 samples, and with small amounts likely at D7 too, as
pellets were visible in all samples. The lack of GAG release is likely due to a problem with the
papain used, as this was an old aliquot stored at -20°, which likely caused it to lose its
activity. Storage of papain at -20° has been shown to cause structural rearrangements and
aggregation, and multiple freeze-thaw cycles can cause significant activity loss (Raskovic et
al., 2015). Therefore, based on the GAG release in the media, and explanation for the lack of
GAG seen in the pellet, it is likely that chondrogenic differentiation did occur in these cells.
However, to be sure the hMSCs are capable of successfully becoming chondrocytes after
adenoviral transduction, further isolates need to be tested. Again, it may be beneficial to
test an alternative endpoint, such as using gPCR to look for the expression of chondrogenic
genes to further confirm successful differentiation. Staining methods, such as toluidine blue
to visualise proteoglycans could also be useful to provide further confirmation (Bergholt et

al., 2019).
However, this study was limited by only having two replicates, due to limited cell numbers

and adenoviral supply. Ideally at least 3 replicates would have been used in order to perform

proper statistical analysis.
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Chapter 6: General Discussion & Conclusion

6.1 Key Findings

Assess the possibility of targeting IncRNAs such as CASC20 therapeutically through a
literature review.

There are currently no registered clinical trials targeting IncRNAs, due to a number of
limitations for their usage. However, there is potential for this to change as there are
treatments targeting other ncRNAs. If CASC20 role was fully understood and could be
targeted for disease treatment then this is a distinct possibility, but this would take many
years of research before even reaching clinical trials. As very little is known about CASC20s
effects throughout the body and in other cell types, further research would be required to
evaluate the risk and likelihood of any off-target effects occurring if this IncRNA was targeted

for treatment.

Identify potential miRNA targets of CASC20.

Analysis carried out on murine MSCs following lentiviral transduction with a CASC20
expression vector or a control vector showed the greatest variance between timepoints,
then conditions. Overall, D10 showed the greatest difference caused by CASC20 expression,
in both mRNA and miRNA-seq, with ~30x more DEGs than at DO/20. The mRNA analysis
further identified a potential role for CASC20 in splicing, as splicing related categories were
found within the top 10 GO categories for the DEGs. As expected, the DE miRNAs showed a
role in development from the GOseq analysis, suggesting CASC20 causes differential
expression of miRNAs during osteogenesis. This would be expected if CASC20s mechanism is
through the modulation of miRNAs. In GSEA, nine miRNAs had binding sites enriched in
DEGs at D10 and were DE at D10. Of these eight were upregulated, suggesting CASC20 does
not sponge miRNAs, as it would be expected that most would be downregulated. When
looking at miRNAs that actually bind to CASC20 there were six miRNAs that were predicted
to target CASC20 and also had enriched binding sites in the DEGs. Overall, there was no
evidence of CASC20 acting as a ceRNA. The miRNAs identified as binding to CASC20 mostly
had just one site present in the sequence, meaning this mechanism is unlikely. Of interest for

further research is miR-4661-3p that was identified from Sylamer and has been found to
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have a role in upregulating osteogenesis. However, this research is limited by being carried
out in murine cells, where CASC20 is not endogenously present, and results would need to

be repeated in primary human cells to draw firm conclusions from this.

Validate findings that CASC20 upregulates osteogenesis and downregulates
chondrogenesis in human mesenchymal stromal cells (hMSCs).

Overall, the research presented in this thesis has shown that lentiviral transduction was not
a viable method to induce overexpression of CASC20 in primary hMSCs collected from SVF of
patients. However, adenoviral transduction is a promising alternative and can be used at
much lower MOls than lentivirus. After adenoviral transduction of hMSCs to induce CASC20
overexpression, a visible increase in osteogenesis was seen, but this was in a limited sample
number. Ideally, this would be replicated in a larger pool of samples and for chondrogenic

differentiation.

6.2 Future Work

One key avenue for future experimental work will be mRNA- and miRNA-sequencing of
primary adipose-derived hMSCs during osteogenic and chondrogenic differentiation, to
investigate DEGs as a result of CASC20 overexpression. Cells would be transduced with
CASC20-expressing or control GFP-expressing adenovirus. It will be important to observe if
expression patterns in murine MSCs and the effects on differentiation, i.e. upregulation of
osteogenesis and downregulation of chondrogenesis, are replicated. This data would be
analysed as it was for the murine MSCs, including differential expression analysis and
investigation of the interactions between miRNAs and mRNA. The high levels of similarity
between the mouse and human genome mean it is likely similar results will be seen, but as

CASC20 is a human only gene this cannot be assumed.

Once miRNA targets of CASC20 have been identified, the next steps would involve RNA
pulldown and CLIP-seq experiments to identify interacting RNA-binding proteins, which may
provide evidence for a particular mechanism. CLIP-seq could identify the miRNA(s) that bind
to CASC20 and the location(s) this occurs. CLIP utilises UV light to irradiate cells, causing

nearby proteins (or miRNAs) to irreversibly cross link to RNA by covalent bonds (Hafner et
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al., 2021, Clark et al., 2014). This cross-linking allows the RNA-protein/miRNA complex to be
purified then the interactions between the protein/miRNA and the whole transcriptome can
be characterised (Hafner et al., 2021). An understanding of the miRNAs that bind to CASC20
and where this occurs is critical to understanding the mechanism. As discussed in chapter 2,
there are three main types of IncRNA mechanism: decoy, scaffold and guide. CASC20 may
act by one or multiple of these mechanisms. As well as overexpression studies, knockdown
studies will also be important to further characterise the mechanism. This could be achieved
with small interfering RNAs (siRNAs) to target CASC20. Evidence of a decoy/sponging
mechanism could include increased circulating levels of the interacting miRNA(s) following
knockdown of CASC20. Overexpression would be expected to have the opposite effect and
decrease circulating levels of the miRNA(s), as they would be bound to CASC20.
Understanding the other binding partners of the miRNA(s) will also be critical to identify any
decoy mechanisms, as how the levels of expression of these target genes change will
provide further evidence. Evidence of a scaffold or guide mechanism will likely involve
evidence of a role for CASC20 in transcription, such as through identifying polycomb
repressive complexes (PRCs) as binding partners. Knockdown of CASC20 and its miRNA
binding partners would inhibit target binding. Another important element to understand if
CASC20 acts through a scaffold or guide mechanism is whether it acts in cis on neighbouring
genes, or in trans on distant genes. Uncovering the locations of binding as described earlier
will provide evidence of this. Furthermore, RNA fluorescent in-situ hybridisation (FISH) could
be used to understand where CASC20 is acting within osteoblasts and chondrocytes, as
cytoplasmic IncRNAs are more likely to act as ceRNAs whereas nuclear IncRNAs typically act
via scaffold or guide mechanisms. Whilst it is known that CASC20 is capable of reaching the
cytoplasm it has not been observed whether this is the case in differentiating cells. This
could be measured by performing qPCR on a sample from the cytoplasm to test for the
presence of CASC20. Overall, this should help to create a picture of how CASC20 is acting

and how this mechanism causes the observed effects on osteogenesis and chondrogenesis.

Another key avenue of experimental work will include a CRISPR strategy to dissect out
whether CASC20 acts via BMP2 or independently. As the CASC20 and BMP2 genes are in
close proximity to each other and BMP2 is a critical protein to osteogenesis, it is possible

that CASC20 may act as an enhancer of BMP2. Thus, the observed effects of CASC20 on
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osteogenesis and chondrogenesis may be through BMP2. Expression quantitative trait loci
(eQTLs) are genomic loci that regulate the expression levels of mRNA or proteins. When
examining the association between single nucleotide polymorphisms (SNPs) within CASC20
and BMP2 expression in unstimulated primary human chondrocytes, no BMP2-acting eQTLs
within CASC20 were found (Tachmazidou et al., 2019). However, there are SNPs present in
the same open chromatin regions of both genes that are associated with enhancer marks.
This means there are potential enhancer regulatory regions in the CASC20 locus. The SNPs in
CASC20 are in a region within an enhancer for BMP2, so could enhance BMP2 activity.
CRISPR will be used to investigate this, by studying the effects of deleting regions of CASC20,
including the transcriptional start site (TSS) and the SNP region. For this an osteoblastic cell
line, Saos-2, will be used due to the technical difficulties of performing CRISPR in primary
human cells. After CRISPR has successfully deleted the desired CASC20 region the cells will
be differentiated down the osteogenic route to investigate if the same effects on
osteogenesis are observed as when CASC20 was present, as this would suggest that BMP2 is

responsible for the action rather than CASC20.

6.3 Concluding Remarks
Overall whilst the knock in model of CASC20 expression in murine MSCs was a useful tool to
better understand the genes and miRNAs involved with CASC20, it ultimately requires
validation in human cells. The evidence presented in this thesis does not clearly point to one
mechanism of action for CASC20 over another but does suggest that it acting as a ceRNA is
unlikely. Further research is needed to elucidate exactly how CASC20 impacts on
osteogenesis and chondrogenesis and whether it could be a possible target for disease

treatment.
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Chapter 7: Appendix

7.1 Predicted miRNAs in CASC20

Table 7.1: Mus musculus miRNAs predicted by MiRanda to bind to CASC20. The number of
hits indicates the number of times the miRNA is predicted to bind within the whole
sequence of CASC20.

mmu-miR-694 CASC20 3
mmu-miR-150-5p CASC20 2
mmu-miR-1897-5p CASC20 2
mmu-miR-302b-5p CASC20 2
mmu-miR-302c-5p CASC20 2
mmu-miR-302d-5p CASC20 2
mmu-miR-3113-3p CASC20 2
mmu-miR-3113-5p CASC20 2
mmu-miR-5127 CASC20 2
mmu-miR-544-3p CASC20 2
mmu-miR-5619-5p CASC20 2
mmu-miR-664-3p CASC20 2
mmu-miR-6992-3p CASC20 2
mmu-miR-7015-3p CASC20 2
mmu-miR-7119-3p CASC20 2
mmu-miR-7650-5p CASC20 2
mmu-miR-1187 CASC20 1
mmu-miR-1192 CASC20 1
mmu-miR-1194 CASC20 1
mmu-miR-1198-3p CASC20 1
mmu-miR-12188-3p CASC20 1
mmu-miR-12200-5p CASC20 1
mmu-miR-12205-3p CASC20 1
mmu-miR-143-5p CASC20 1
mmu-miR-153-5p CASC20 1
mmu-miR-154-3p CASC20 1
mmu-miR-181a-5p CASC20 1
mmu-miR-181b-5p CASC20 1
mmu-miR-181c-5p CASC20 1
mmu-miR-181d-5p CASC20 1
mmu-miR-190a-3p CASC20 1
mmu-miR-1930-3p CASC20 1

93



mmu-miR-1930-5p
mmu-miR-1950
mmu-miR-1955-5p
mmu-miR-1956
mmu-miR-1982-5p
mmu-miR-203b-3p
mmu-miR-205-3p
mmu-miR-218-1-3p
mmu-miR-218-2-3p
mmu-miR-224-5p
mmu-miR-292b-5p
mmu-miR-294-5p
mmu-miR-298-3p
mmu-miR-29a-3p
mmu-miR-29b-3p
mmu-miR-29¢-3p

mmu-miR-3065-5p

mmu-miR-3074-2-3p

mmu-miR-3082-5p
mmu-miR-3083-5p
mmu-miR-3083b-5p
mmu-miR-3094-3p
mmu-miR-32-3p
mmu-miR-320-3p
mmu-miR-33-3p
mmu-miR-338-5p
mmu-miR-344b-3p
mmu-miR-345-3p
mmu-miR-3470a
mmu-miR-3473f
mmu-miR-3547-3p
mmu-miR-369-3p
mmu-miR-374b-5p
mmu-miR-376c-3p
mmu-miR-378d
mmu-miR-381-5p

mmu-miR-450a-1-3p

mmu-miR-450b-3p
mmu-miR-466a-5p
mmu-miR-466e-5p
mmu-miR-466h-5p

mmu-miR-466j

CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20

(Vo)
D

R R R R R R R R R R R R R R R R R RB RB R R R R RB R RB R R R R RB R R R R R R R R R B R



mmu-miR-466m-5p
mmu-miR-466n-3p
mmu-miR-466n-5p
mmu-miR-466p-5p
mmu-miR-466q
mmu-miR-467b-3p
mmu-miR-467c-3p
mmu-miR-467d-3p
mmu-miR-467e-3p
mmu-miR-487b-5p
mmu-miR-490-3p
mmu-miR-495-3p
mmu-miR-496b
mmu-miR-5101
mmu-miR-5107-3p
mmu-miR-5110
mmu-miR-5118
mmu-miR-532-3p
mmu-miR-543-3p
mmu-miR-551b-5p
mmu-miR-5627-5p
mmu-miR-568
mmu-miR-582-3p
mmu-miR-592-5p
mmu-miR-6340
mmu-miR-6352
mmu-miR-6370
mmu-miR-6377
mmu-miR-6481
mmu-miR-6541

mmu-miR-669d-2-3p

mmu-miR-669h-5p
mmu-miR-669I-3p
mmu-miR-669m-3p
mmu-miR-669m-5p
mmu-miR-669n
mmu-miR-669p-3p
mmu-miR-6900-5p
mmu-miR-6903-5p
mmu-miR-6908-5p
mmu-miR-691

mmu-miR-6917-3p

CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
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mmu-miR-6918-5p
mmu-miR-6919-3p
mmu-miR-6920-5p
mmu-miR-6923-3p
mmu-miR-6924-5p
mmu-miR-6925-5p
mmu-miR-6930-3p
mmu-miR-6938-3p
mmu-miR-6940-5p
mmu-miR-6946-3p
mmu-miR-6960-5p
mmu-miR-6969-5p
mmu-miR-6979-3p
mmu-miR-6979-5p
mmu-miR-698-5p

mmu-miR-6981-5p
mmu-miR-6982-5p
mmu-miR-6988-5p
mmu-miR-7001-3p
mmu-miR-7004-3p
mmu-miR-7014-5p
mmu-miR-7021-5p
mmu-miR-7030-5p
mmu-miR-7037-5p
mmu-miR-7054-3p
mmu-miR-7056-5p
mmu-miR-7062-5p
mmu-miR-7072-5p
mmu-miR-7075-5p
mmu-miR-7076-5p
mmu-miR-7078-3p
mmu-miR-7078-5p
mmu-miR-7081-5p
mmu-miR-7084-5p
mmu-miR-7091-5p
mmu-miR-7093-5p
mmu-miR-7220-3p
mmu-miR-7227-3p
mmu-miR-7227-5p
mmu-miR-7232-5p
mmu-miR-7239-5p

mmu-miR-762

CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
CASC20
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mmu-miR-763 CASC20 1
mmu-miR-764-3p CASC20 1
mmu-miR-764-5p CASC20 1
mmu-miR-7648-3p CASC20 1
mmu-miR-7656-3p CASC20 1
mmu-miR-7660-5p CASC20 1
mmu-miR-7664-3p CASC20 1
mmu-miR-7668-3p CASC20 1
mmu-miR-767 CASC20 1
mmu-miR-7675-3p CASC20 1
mmu-miR-7679-5p CASC20 1
mmu-miR-8100 CASC20 1
mmu-miR-8104 CASC20 1
mmu-miR-8118 CASC20 1
mmu-miR-873a-5p CASC20 1
mmu-miR-875-3p CASC20 1
mmu-miR-880-5p CASC20 1
mmu-miR-881-3p CASC20 1
7.2 R scripts

7.2.1 DEseg2 mRNA analysis

title: "DEseg2 mRNA mouse analysis"
output:
word_document: default
html_notebook: default
editor_options:
chunk_output_type: inline
This notebook will perform DEseqg2 analysis between CTRL and OE condition in the
mouse dataset.
Run DESeq and reduced LRT analysis.
{r setup, include=FALSE}
library("tximport")
library("readr")
library("tximportData")
library("tidyverse")
library("DESeqg2")
library("ggplot2")
library("biomaRt")
library("gplots")
library("tibble")
library("pheatmap")
library("EnhancedVolcano")
#load("X:/sudlab1/General/projects/Phoebe/mouse_analysis/RNAseg/salmonquant_results_mm11/ge
ne_tximport.RData")
load("/Users/phoebetamblinhopper/Downloads/gene_tximport.RData")

97



Create the required inputs for DESeq to run.
“{r coldata}
# Create the colData df and filter summarised_to_gene columns
vsamples <- colnames(summarised_to_gene$counts)
#remove D7 CTRL samples, as these are not for osteo analysis
vsamples <- vsamples[!(str_detect(vsamples, "D7"))]
vcondition <- factor(rep(c("CTRL","OE"), times = ¢(9, 9)))
vtimepoint <- factor(rep(c("D0", "D10", "D20", "DQ", "D10", "D20"),
times = rep(3, 6)))

samples <- data.frame(

condition = vcondition,

timepoint = vtimepoint,

row.names = vsamples)
#Remove D7 counts data from summarised_to_gene
filtered_summarised_to_gene <- lapply(summarised_to_gene,

function(ma) {

if (is.matrix(ma)) {
ma <- ma[,vsamples]
return(ma)
}else{
return(ma) }
s
Import data for analysis.
“{r import data in DESeq format}
ddsTxi <- DESegDataSetFromTximport(filtered_summarised_to_gene,
colData = samples,
design = ~ condition + timepoint + condition:timepoint)

#Pre-filtering to remove any rows which add up to 10 or less
ddsTxi <- ddsTxi[rowSums(counts(ddsTxi)) >= 10,]

Run DESeq2

“{r run DEseq}

# Run DESeq and perform differential expression analysis.# Generate list of significant DE genes
between conditions and/or time points.

# Obtain results of genes that have a condition specific effect over time
ddsTxi <- DESeq(ddsTxi, test="LRT", reduced = ~ condition + timepoint)
resultsNames(ddsTxi)

# Obtain Results for genes that have a condition specific effect at Day 0
res <- results(ddsTxi)

res <- as.data.frame(res)

res <- tibble::rownames_to_column(res, "ensembl_gene_id")

# Look at table

head(res[order(res$padj),], 4)

Create Principle Component Analysis (PCA) plot
“{r PCA}
vsd <- vst(ddsTxi, blind=FALSE)
vsd_data <- assay(vsd) %>%
as.data.frame() %>%
rownames_to_column("ensembl_gene_id")
# Look at table
head(assay(vsd), 3)
vsd_PCA <- vst(ddsTxi, blind=FALSE,
nsub = sum(rowMeans(counts(ddsTxi, normalized=TRUE)) > 5 ))
pcaData <- plotPCA(vsd, intgroup=c("condition", "timepoint"), returnData=TRUE)
percentVar <- round(100 * attr(pcaData, "percentVar"))
jpeg("X:/sudlab1/General/projects/Phoebe/R outputs/plotPCA.png")

98



ggplot(pcaData, aes(PC1, PC2, color=timepoint, shape=condition, length=18)) +
geom_point(size=3) +
xlab(pasteO("PC1: ",percentVar[1],"% variance")) +
ylab(pasteO("PC2: ",percentVar[2],"% variance")) +
coord_fixed()
dev.off()

“{rfiltered PCA}
# Remove 2 outliers and replot
# By filtering VSD table
colnames(assay(vsd_PCA))
#Removes data of outliers
merged_matrix <- assay(vsd_PCA)[, - ¢(7,15)]
#head(merged_matrix)
pca <- prcomp(t(merged_matrix))
pca_df <- pca$x %>% data.frame() %>%
rownames_to_column("Sample") %>%
separate(Sample, c("Condition", "Timepoint"), sep ="_", remove = FALSE) %>%
mutate(Condition = as.factor(Condition),
Timepoint = as.factor(Timepoint)) %>%
mutate(Sample = str_remove(Sample, "trimmed\\-"),
Condition = str_remove(Condition, "trimmed\\-"))
#Proportional variance
percent <- round(100 * pca$sdev/2/sum(pca$sdevr2), 1)
set.seed(44)
jpeg("X:/sudlab1/General/projects/Phoebe/R outputs/plotPCA _filtered.png")
ggplot(pca_df, aes(PC1, PC2)) +
geom_point(aes(col = Timepoint, shape = Condition), size = 3) +
coord_fixed() +
labs(x = paste0("PC1: ", percent[1], "%"),
y = paste0("PC2: ", percent[2], "%")) +
theme_light()
#scale_color_manual(values=sample(palette.colors(palette = "Okabe-Ito", 3)))
dev.off()

Create gene ID table
“{r add ensembil IDs}
# Create table with ensembl gene IDs and names
# This table will be used later to join with res and add gene names
listEnsembil()
ensembl <- useEnsembl(biomart = "genes")
searchDatasets(mart = ensembil, pattern = "musculus")
ensembl <- useDataset(dataset = "mmusculus_gene_ensembl", mart = ensembl)
listAttributes(ensembl)
gene_id_table <- getBM(attributes = c("external_gene_name", "ensembl_gene_id"),
filters = "ensembl_gene_id",
values = res$ensembl_gene_id,
mart = ensembl)

Create heatmap of DEGs

{r heatmap}

#Create beta table for overall change over time between conditions
betas <- coef(ddsTxi) #extract a matrix of the log2 fold changes
colnames(betas)

#add column with gene id to betas table (which is used to label heatmap)
betas <- as.data.frame(betas)

betas$ensembl_gene_id <- rownames(betas)

betas_genes <- inner_join(betas,
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gene_id_table)
#make gene name into row name for heatmap to use
betas_genes <- betas_genes %>%
filter(!duplicated(external_gene_name))
betas_genes <- betas_genes %>%
remove_rownames %>%
column_to_rownames(var="external_gene_name")
betas_genes$ensembl_gene_id <- NULL #remove ensembl column
#plot log2 fold changes in heatmap
topGenes <- head(order(res$padij),100)
#Remove intercept and condition_OE_vs_CTRL ?
mat <- betas_genes[topGenes, -¢(1,2)]
mat[is.na(mat)] <- 0 #to change NA values to 0
thr<-5
mat[mat < -thr] <- -thr
mat[mat > thr] <- thr

“{r plotHMIfc, echo=FALSE}
pdf("X:/sudlab1/General/projects/Phoebe/R outputs/OE_vs_CTRL.pdf") #to pdf heatmap need to
create file then
write to it
heatmap <- heatmap.2(as.matrix(mat), breaks=seq(from=-thr, to=thr, length=101),
col = redblue(100),
cexRow = 0.5,
cexCol = 0.5,
Colv ="FALSE",
labCol = ¢("CTRL D10 vs D0", "CTRL D20 vs D0Q", "OE D10 vs DQ", "OE D20 vs D0"),
dendrogram = "row"
) dev.off()
#save unfiltered results as RData object
save(res, file = "X:/sudlab1/General/projects/Phoebe/R outputs/res_OE_vs_CTRL.RData")

Create table for GOSeq to use
“{r GO table}
#summary(res)
res_GOtable <- res %>%

mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 0.5, 1, 0))
summary(res_GOtable)
head(res_GOtable[order(res_GOtable$padi),])
#save filtered results as RData object
save(res_GOtable, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/resGO_OE_vs_CTRL.RData")
save(res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/nofilt_resGO_OE_vs_CTRL.RData")

Create other heatmaps
“{r sampleDists heatmap}
sampleDists <- dist(t(assay(vsd)))
names(as.matrix(sampleDists))
sampleDistMatrix <- as.matrix(sampleDists)
rownames(sampleDistMatrix) <- paste(vsd$condition, vsd$timepoint, sep="_")
colnames(sampleDistMatrix) <- NULL
#colors <- colorRampPalette( rev(brewer.pal(9, "Blues")) )(255)
jpeg("X:/sudlab1/General/projects/Phoebe/R outputs/plotDist.png")
pheatmap(sampleDistMatrix,
clustering_distance_rows=sampleDists,
clustering_distance_cols=sampleDists)
#col=colors)
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dev.off()

“{r vsd heatmap}
scaled_vsd <- t(scale(t(assay(vsd))))
# Filter only for genes that are significant
top_scaled <- res_GOtable %>%
filter(Significant == 1) %>%
pull(ensembl_gene_id)
jpeg("X:/sudlab1/General/projects/Phoebe/R outputs/scaled_heatmap.png")
pheatmap(scaled_vsd[top_scaled,],
clustering_distance_rows="euclidean",
cluster_cols = FALSE,
border_color = FALSE,
show_rownames = FALSE,
labels_col = ¢("CTRL_DO_1", "CTRL_DO0_2", "CTRL_DO0_3", "CTRL_D10_1","CTRL_D10_2",
"CTRL_D10_3",
"CTRL_D20_1","CTRL_D20_2", "CTRL_D20_3", "OE_D0_1", "OE_D0_2", "OE_DO0_3", "OE_D10_1",
"OE_D10_2",
"OE_D10_3", "OE_D20_1", "OE_D20_2", "OE_D20_3"))
#col=colors)
dev.off()
Look at genes with condition specific effect at D10
T
#Obtain results for genes that have a condition specific effect at time D10 (or D20)
#Firstly D10
resultsNames(ddsTxi)
#At D10, difference between CTRL to OE
resD10 <- results(ddsTxi,
contrast = list(c("condition_OE_vs_CTRL", "conditionOE.timepointD10")),
test="Wald")
resD10 <- as.data.frame(resD10)
resD10 <- tibble::rownames_to_column(resD10, "ensembl_gene_id")
#Most significant DE gene
resD10[which.min(resD10$padj),]
#add column with gene id to res (which is used to label heatmap)
resD10_genes <- inner_join(resD10, gene_id_table)
#make gene name into row name for heatmap to use
resD10_genes <- resD10_genes %>%
filter(!duplicated(external_gene_name))
resD10_genes <- resD10_genes %>%
#remove_rownames %>%
column_to_rownames(var="external_gene_name")
resD10_genes$ensembl_gene_id <- NULL #remove ensembl column
#save unfiltered results as RData object
save(resD10, file = "X:/sudlab1/General/projects/Phoebe/R outputs/resD10_OE_vs_CTRL.RData")

R
#make new results table that is filtered for genes that have padj <0.05 and a log2fold change of
greater than
+/- 0.5 (this is a good starting point in terms of threshold)
summary(resD10)
resD10_GOtable <- resD10 %>%
mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 0.5, 1, 0))
summary(resD10_GOtable)
resD10_GOtable[order(resD10_GOtable$padi),]
#save filtered results as RData object
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save(resD10_GOtable, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/resD10GO_OE_vs_CTRL.RData")

R
#make vector of top 10 DEGs to label plot, as cannot fit labeling for all
#those that are DE
resD10_genes <- resD10_genes[order(resD10_genes$padi),]
resD10_genes_top10 <- rownames(resD10_genes)[1:10]
labels <- c(resD10_genes_top10, rep(™, nrow(resD10_genes)-10))
#Make volcano plot for D10 DEGs
dev.off()
pdf("X:/sudlab1/General/projects/Phoebe/R outputs/mRNA_osteo/volcano_D10_mRNA.pdf")
EnhancedVolcano(resD10_genes,
lab = labels,
x = 'log2FoldChange’,
y = 'padj’,
xlim = c(-3, 3),
ylim = ¢(0, 6),
axisLabSize = 18,
#title = "Differentially expressed miRNAs with CASC20 overexpression at D10",
titleLabSize = 10,
subtitle =",
pCutoff = 0.05e-1,
FCcutoff = 0.5,
pointSize =1,
labSize = 5,
legendLabels=c('Not sig.','LFC','p-value','p-value & LFC'),
legendPosition = 'bottom’,
legendLabSize = 15,
legendiconSize = 3,
drawConnectors = TRUE,
widthConnectors = 0.5,
arrowheads = FALSE,
max.overlaps = Inf)
#dev.off()

7.2.2 DESeq2 miRNA analysis

title: "DEseg2 miRNA mouse analysis"
output: html_notebook
editor_options:
chunk_output_type: inline
“{r loadlibs, include=FALSE, message=FALSE}
library("tidyverse")
library("DESeqg2")
library("ggplot2")
library("biomaRt")
library("tibble")
library("pheatmap")
library("purrr")
library("gplots")
library("EnhancedVolcano")
reading_dir <-
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"X:/sudlab1/General/projects/Phoebe/mouse_analysis/miRNAseg/miRNA_pipeline/counts.dir/"
writing_dir <-
"X:/sudlab1/General/projects/Phoebe/mouse_analysis/miRNAseq/miRNA_pipeline"
#reading_dir <- "/Users/phoebetamblinhopper/Downloads/counts.dir"

#writing_dir <- "/Users/phoebetamblinhopper/Downloads"

“{r importCounts}
file_names <- list.files(reading_dir, "counts.tsv$", full.names = TRUE)
list_files <- lapply(file_names,

function(file) {

#Read file

df <- read_delim(file,

comment ="#",
show_col_types = FALSE)

#Rename count column

name <- str_extract(file, "(?<=trimmed-).+(?=_counts\\.tsv)")

colnames(df)[ncol(df)] <- name

#Get rid of transcript in id

df <- df %>%

mutate(Geneid = str_remove(Geneid, "transcript\:"))

#round up counts

dff, name] <- round(dff, name])

return(df)
}

)
names(list_files) <- str_extract(file_names, "(?<=trimmed-).+(?=_counts\\.tsv)")
#Merge_list
count_df <- purrr::reduce(list_files, full_join)

T
#Filter count_df to remove extra columns not needed by DESeq2
count_df_filtered <- subset(count_df, select = -¢(2,3,4,5,6))
count_df_filtered$Geneid <- str_remove(count_df_filtered$Geneid, "gene:")
count_df_filtered <- column_to_rownames(count_df_filtered, "Geneid")
“““ {r coldata}
# Create the coldata df
vsamples <- names(list_files)
vcondition <- factor(rep(c("CTRL","OE"), times = ¢(9, 9)))
vtimepoint <- factor(rep(c("D0", "D10", "D20", "D0", "D10", "D20"),
times = rep(3, 6)))

samples <- data.frame(

condition = vcondition,

timepoint = vtimepoint,

row.names = vsamples)
vsamples <- str_replace(vsamples,"__"," ")

“{r import data in DESeq format}
ddsMat <- DESegDataSetFromMatrix(countData = count_df_filtered,
colData = samples,
design = ~ condition + timepoint + condition:timepoint)
#Pre-filtering to remove any rows which add up to 10 or less
ddsMat <- ddsMat[rowSums(counts(ddsMat)) >= 10,]

“{r run DESeq2}

# Run DESeq and perform differential expression analysis.

# Generate list of significant DE genes between conditions and/or time points.
# Obtain results of genes that have a condition specific effect over time
ddsMat <- DESeq(ddsMat, test="LRT", reduced = ~ condition + timepoint)
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resultsNames(ddsMat)

HHHEHHHE

Overall

HHHEHHHE

R

# Obtain Results for genes that have a condition specific effect at Day 0
res <- results(ddsMat)

res <- as.data.frame(res)

res <- tibble::rownames_to_column(res, "ensembl_gene_id")
head(res[order(res$padj),], 4)

T
#for vst function default nsub is 1000, but less genes than that here
#sum( rowMeans( counts(ddsTxi, normalized=TRUE)) > 5 ) gives 462
#s0 set nsub to this
vsd <- vst(ddsMat, blind=FALSE, nsub=462)
vsd_data <- assay(vsd) %>%
as.data.frame() %>%
rownames_to_column("ensembl_gene_id")
head(assay(vsd), 3)
vsd_PCA <- vst(ddsMat, blind=FALSE,
nsub = sum(rowMeans(counts(ddsMat, normalized=TRUE)) > 5))
pcaData <- plotPCA(vsd, intgroup=c("condition", "timepoint"), returnData=TRUE)
percentVar <- round(100 * attr(pcaData, "percentVar"))
jpeg("X:/sudlab1/General/projects/Phoebe/R outputs/miRNA_osteo/miRNA_osteo_plotPCA.png")
ggplot(pcaData, aes(PC1, PC2, color=timepoint, shape=condition, length=18)) +
geom_point(size=3) +
xlab(pasteO("PC1: ",percentVar[1],"% variance")) +
ylab(pasteO("PC2: ",percentVar[2],"% variance")) +
coord_fixed()
dev.off()

“{r add ensembil IDs}
# Create table with ensembl gene IDs and names
# This table will be used later to join with res and add gene names
listEnsembil()
ensembl <- useEnsembl(biomart = "genes")
searchDatasets(mart = ensembil, pattern = "musculus")
ensembl <- useDataset(dataset = "mmusculus_gene_ensembl", mart = ensembl)
listAttributes(ensembl)
miR_gene_id_table <- getBM(attributes = c("external_gene_name", "ensembl_gene_id"),
filters = "ensembl_gene_id",
values = res$ensembl_gene_id,
mart = ensembl)

{r heatmap}
#Create beta table for overall change over time between conditions
betas <- coef(ddsMat) #extract a matrix of the log2 fold changes
colnames(betas)
#add column with gene id to betas table (which is used to label heatmap)
betas <- as.data.frame(betas)
betas$ensembl_gene_id <- rownames(betas)
betas_miRNAs <- inner_join(betas,
miR_gene_id_table)

#make gene name into row name for heatmap to use
betas_miRNAs <- betas_miRNAs %>%

filter(!duplicated(external_gene_name))
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betas_miRNAs <- betas_miRNAs %>%
remove_rownames %>%
column_to_rownames(var="external_gene_name")

betas_miRNAs$ensembl_gene_id <- NULL #remove ensembl column

#plot log2 fold changes in heatmap

topGenes <- head(order(res$padij),50)

#Remove intercept and condition_OE_vs_CTRL ?

mat <- betas_miRNAs[topGenes, -¢(1,2)]

mat[is.na(mat)] <- 0 #to change NA values to 0

thr<-5

mat[mat < -thr] <- -thr

mat[mat > thr] <- thr

T
pdf("X:/sudlab1/General/projects/Phoebe/R outputs/miRNA_osteo/OE_vs_CTRL.pdf",
width=210, height=297)
heatmap <- heatmap.2(as.matrix(mat), breaks=seq(from=-thr, to=thr, length=101),
col = redblue(100),
cexRow = 0.5,
cexCol = 0.5,
Colv = "FALSE",
labCol = ¢("CTRL D10 vs D0", "CTRL D20 vs D0", "OE D10 vs DQ", "OE D20 vs DQ"),
dendrogram = "row"
) dev.off()
T
(res[order(res$padi),])
res_GOtable_miRNAs <- res %>%
mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 0.5,
1,0))
summary(res_GOtable_miRNAs)
head(res_GOtable_miRNAs[order(res_GOtable_miRNAs$pad;),])
#save filtered results as RData object
save(res_GOtable_miRNAs, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resGO_OE_vs_CTRL.RData")
res_GOtable_miRNAs[order(res_GOtable_miRNAs$padj),]
#Same but with more stringest filter for LFC - 1
res_GOtable_miRNAs_LFC1 <- res %>%
mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 1,
1, 0))
save(res_GOtable_miRNAs_LFC1, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resGO_OE_vs_CTRL_LFC1.RData")
#Same but with less stringest filter for LFC - 0.1
res_GOtable_miRNAs_LFCO0.1 <- res %>%
mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 0.1,
1, 0))
save(res_GOtable_miRNAs_LFCO.1, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resGO_OE_vs_CTRL_LFCO0.1.RData")

HHtHHH
Day 10
HHtHHH
T
#0Obtain results for genes that have a condition specific effect at time D10
resultsNames(ddsMat)
#At D10, difference between CTRL to OE
resD10 <- results(ddsMat,
contrast = list(c("condition_OE_vs_CTRL",
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"conditionOE.timepointD10")),
test="Wald")
resD10 <- as.data.frame(resD10)
resD10 <- tibble::rownames_to_column(resD10, "ensembl_gene_id")
#Most significant DE gene
#resD10[which.min(resD103$padj),]
#Make gene ID table for D10
miR_gene_id_table_D10 <- getBM(attributes = c("external_gene_name", "ensembl_gene_id"),
filters = "ensembl_gene_id",
values = resD10$ensembl_gene_id,
mart = ensembl)
#add column with gene id to res (which is used to label heatmap)
resD10_miRNAs <- inner_join(resD10, miR_gene_id_table_D10)
#make gene name into row name for heatmap to use
resD10_miRNAs <- resD10_miRNAs %>%
filter(!duplicated(external_gene_name))
resD10_miRNAs <- resD10_miRNAs %>%
#remove_rownames %>%
column_to_rownames(var="external_gene_name")
resD10_miRNAs$ensembl_gene_id <- NULL #remove ensembl column
#save unfiltered results as RData object
save(resD10, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resD10_miR_OE_vs_CTRL.RData")

T
#plot log2 fold changes in heatmap
topGenes <- head(order(resD103$padj),20)
#Remove intercept and condition_OE_vs_CTRL ?
mat_D10 <- betas_miRNAs[topGenes, -¢(1,2)]
mat_D10[is.na(mat_D10)] <- 0 #to change NA values to 0
thr<-5
mat_D10[mat_D10 < -thr] <- -thr
mat_D10[mat_D10 > thr] <- thr
#to pdf heatmap need to create file then write to it
pdf("X:/sudlab1/General/projects/Phoebe/R outputs/miRNA_osteo/OE_vs_CTRL_D10_top20.pdf")
heatmap <- heatmap.2(as.matrix(mat_D10), breaks=seq(from=-thr, to=thr, length=101),
col = redblue(100),
cexRow = 0.5,
cexCol = 0.5,
Colv = "FALSE",
labCol = ¢("CTRL D10 vs D0", "CTRL D20 vs D0Q", "OE D10 vs DQ", "OE D20 vs DQ"),
dendrogram = "row"
) dev.off()
T
summary(resD10)
head(resD10[order(resD10$padj),])
resD10_GOtable <- resD10 %>%
mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 0.5,
1,0))
#test$Significant == resD10_GOtable$Significant
summary(resD10_GOtable)
resD10_GOtable[order(resD10_GOtable$padj),]
#save filtered results as RData object
save(resD10_GOtable, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resD10GO_miR_OE_vs_CTRL.RData")
#Same but with more stringest filter for LFC - 1
resD10_GOtable_LFC1 <- resD10 %>%
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mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 1,
1,0))
save(resD10_GOtable_LFC1, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miBRNA_osteo/resD10GO_OE_vs_CTRL_LFC1.RData")
#Same but with less stringest filter for LFC - 0.1
resD10_GOtable_LFCO0.1 <- resD10 %>%

mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 0.1,
1,0))
save(resD10_GOtable_LFCO0.1, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miBRNA_osteo/resD10GO_OE_vs_CTRL_LFCO0.1.RData")

H#HHH
Day 20
H#HHH
“{r D20 results}
#0Obtain results for genes that have a condition specific effect at time D20
resultsNames(ddsMat)
#At D20, difference between CTRL to OE
resD20 <- results(ddsMat,
contrast = list(c("condition_OE_vs_CTRL",
"conditionOE.timepointD20")),
test="Wald")
resD20 <- as.data.frame(resD20)
resD20 <- tibble::rownames_to_column(resD20, "ensembl_gene_id")
#Most significant DE gene
#resD20[which.min(resD20$padj),]
#Make gene ID table for D20
miR_gene_id_table_D20 <- getBM(attributes = c("external_gene_name", "ensembl_gene_id"),
filters = "ensembl_gene_id",
values = resD20$ensembl_gene_id,
mart = ensembl)
#add column with gene id to res (which is used to label heatmap)
resD20_miRNAs <- inner_join(resD20, miR_gene_id_table)
#make gene name into row name for heatmap to use
resD20_miRNAs <- resD20_miRNAs %>%
filter(!duplicated(external_gene_name))
resD20_miRNAs <- resD20_miRNAs %>%
#remove_rownames %>%
column_to_rownames(var="external_gene_name")
resD20_miRNAs$ensembl_gene_id <- NULL #remove ensembl column
#save unfiltered results as RData object
save(resD20, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resD20_miR_OE_vs_CTRL.RData")

{r D20 heatmap}

#plot log2 fold changes in heatmap

topGenes <- head(order(resD20$padj),20)

#Remove intercept and condition_OE_vs_CTRL ?

mat_D20 <- betas_miRNAs[topGenes, -¢(1,2)]

mat_D20[is.na(mat_D20)] <- 0 #to change NA values to 0

thr<-5

mat_D20[mat_D20 < -thr] <- -thr

mat_D20[mat_D20 > thr] <- thr

#to pdf heatmap need to create file then write to it
pdf("X:/sudlab1/General/projects/Phoebe/R outputs/miRNA_osteo/OE_vs_CTRL_D20_top20.pdf")
heatmap <- heatmap.2(as.matrix(mat_D20), breaks=seq(from=-thr, to=thr, length=101),
D0"),

col = redblue(100),
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cexRow = 0.5,
cexCol = 0.5,
Colv = "FALSE",
#labCol = ¢("CTRL D10 vs DO", "CTRL D20 vs DQ", "OE D10 vs D0", "OE D20 vs
dendrogram = "row"
) dev.off()
{r D20 create GO tables}
summary(resD20)
head(resD20[order(resD20$padj),])
resD20_GOtable <- resD20 %>%
mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 0.5,
1, 0))
summary(resD20_GOtable)
resD20_GOtable[order(resD20_GOtable$padi),]
#save filtered results as RData object
save(resD20_GOtable, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resD20GO_miR_OE_vs_CTRL.RData")
#Same but with more stringest filter for LFC - 1
resD20_GOtable_LFC1 <- resD20 %>%
mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 1,
1,0))
save(resD20_GOtable_LFC1, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miBRNA_osteo/resD20GO_OE_vs_CTRL_LFC1.RData")
#Same but with less stringest filter for LFC - 0.1
resD20_GOtable_LFCO0.1 <- resD20 %>%
mutate(Significant = if_else((padj < 0.05 & lis.na(padj)) & abs(log2FoldChange) > 0.1,
1,0))
save(resD20_GOtable_LFCO0.1, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miBRNA_osteo/resD20GO_OE_vs_CTRL_LFCO0.1.RData")

Create volcano plots
“{r volcano overall}
#Make volcano plot for overall
res_miRNAs <- inner_join(res, miR_gene_id_table)
#dev.off()
pdf("X:/sudlab1/General/projects/Phoebe/R outputs/miRNA_osteo/volcano_overall_miRNAs.pdf")
EnhancedVolcano(res_miRNAs,
lab = res_miRNAs$external_gene_name,
x = 'log2FoldChange’,
y = 'padj’,
xlim = ¢(-3, 3),
ylim = ¢(0, 20),
axisLabSize = 18,
#title = "Differentially expressed miRNAs with CASC20 overexpression at D10",
titleLabSize = 10,
subtitle =",
pCutoff = 0.05,
FCcutoff = 0.5,
pointSize =1,
labSize = 4,
legendLabels=c('Not sig.','LFC','p-value','p-value & LFC'),
legendPosition = 'bottom’,
legendLabSize = 15,
legendiconSize = 3,
drawConnectors = TRUE,
widthConnectors = 0.5,
arrowheads = FALSE,
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max.overlaps = Inf)

“{r volcano D10}
#make vector of top 10 DE miRNAs to label plot, as cannot fit labelling for all
#those that are DE
resD10_miRNAs <- resD10_miRNAs[order(resD10_miRNAs$padj),]
resD10_miRNAs_top10 <- rownames(resD10_miRNAs)[1:10]
labels <- c(resD10_miRNAs_top10, rep("", nrow(resD10_miRNAs)-10))
#Make volcano plot for D10
#dev.off()
pdf("X:/sudlab1/General/projects/Phoebe/R outputs/miRNA_osteo/volcano_D10_miRNAs.pdf")
EnhancedVolcano(resD10_miRNAs,
lab = labels,
x = 'log2FoldChange’,
y = 'padj’,
xlim = c(-3, 3),
ylim = ¢(0, 20),
axisLabSize = 18,
#title = "Differentially expressed miRNAs with CASC20 overexpression at D10",
titleLabSize = 10,
subtitle ="",
pCutoff = 0.05,
FCcutoff = 0.5,
pointSize =1,
labSize = 4,
legendLabels=c('Not sig.','LFC','p-value','p-value & LFC'),
legendPosition = 'bottom’,
legendLabSize = 15,
legendiconSize = 3,
drawConnectors = TRUE,
widthConnectors = 0.5,
arrowheads = FALSE,
max.overlaps = Inf)
#dev.off()

7.2.3 GOSeq mRNA analysis

title: "GOSeq Mouse mRNA Analysis"

output: html_notebook

“{r, include=FALSE, message=FALSE}
library(tidyverse)

library(DESeq2)

library("goseq")

#library("org.Mm.eg.db")
library("TxDb.Mmusculus.UCSC.mm39.knownGene")
library("biomaRt")

{r GOseq, echo=TRUE}

#For overall diff OE vs CTRL

load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/resGO_OE_vs_CTRL.RData")

#load(file = "/Users/phoebetamblinhopper/Downloads/resGO_OE_vs_CTRL_mRNA.RData")
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#res_GOtable <- subset(res, log2FoldChange > 1 | log2FoldChange < -1)
ALL <- res_GOtable$ensembl_gene_id
DE <- res_GOtable %>%

filter(Significant == 1) %>%

pull(ensembl_gene_id)
gene.vector <- as.integer(ALL %in% DE)
names(gene.vector) <- ALL
#using base mean for bias instead of length, as saw no pattern with length
#create vector to use as bias.data
gene.basemean <- subset(res_GOtable, select = ¢(1,2))
gene.basemean <- setNames(as.numeric(gene.basemean$baseMean),
gene.basemean$ensembl_gene_id)
#nullp fits a model to account for gene length biases in data
#essentially the probablity a gene will be DE based on length alone
#Mind warning here
pwf = nullp(gene.vector,

bias.data = gene.basemean)

plotPWF(pwf)

Fetching GO from biomart as it seems DB of Goseq is not as complete (almost 5000 genes
without annotations)
T
#Create a list of all possible GO terms
ensembl = useMart("ensembl",dataset="mmusculus_gene_ensembl")
pre.gene.data <- getBM(attributes=c(‘ensembl_gene_id', 'go_id'),
filters = 'ensembl_gene_id',
values = ALL,
mart = ensembl)

#default wallenius method
GO.wall = goseq(pwf,"mm39","ensGene",
gene2cat = pre.gene.data)
head(GO.wall)
#Correction for multiple testing using BH method
GO.wall$over_represented_adj_pvalue <- p.adjust(GO.wall$over_represented_pvalue,
method="BH")
save(GO.wall, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/GO_wall_overall. Rdata")

T
#For sampling method, as pwf plot showed negative correlation with gene length,
#when plotted without filtering for log2FC
GO.samp = goseq(pwf,"mm39","ensGene",

gene2cat = pre.gene.data,

method = "Sampling",

repcnt = 20000)
head(GO.samp)
#Correction for multiple testing using BH method
GO.samp$over_represented_adj_pvalue <- p.adjust(GO.wall$over_represented_pvalue,

method="BH")

save(GO.samp, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/GO_samp20000_overall.Rdata")

Ry

GO.hyp = goseq(pwf,"mm39","ensGene",
gene2cat = pre.gene.data,
method = "Hypergeometric")

head(GO.hyp)
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#Correction for multiple testing using BH method
GO.hyp$over_represented_adj_pvalue <- p.adjust(GO.wall$over_represented_pvalue,

“{r GOplot, echo=FALSE}
go_res_plot <- GO.wall %>%
arrange(over_represented_adj_pvalue) %>%
head(1 0) %>%
mutate(log_p_adj = -log10(over_represented_adj_pvalue)) %>%
mutate(hitsPerc=numDEInCat*100/numInCat)
GO_overall <- go_res_plot %>%
dplyr::arrange(log_p_adj) %>%
mutate(term=factor(term , levels= go_res_plot$term)) %>%
ggplot(aes(x=hitsPerc,
method="BH")
y=term,
colour=-log(over_represented_adj_pvalue),
size=numDEInCat)) +
geom_point() +
expand_limits(x=0) +
labs(x="Hits (%)", y="GO term", colour="-log(p-value)", size="Count") +
guides(colour = guide_legend(order = 1),
size = guide_legend(order = 1)) +
theme_minimal(base_size = 10) +
scale_y_discrete(labels = str_wrap(GO.wall$term, width = 50))
ggsave("X:/sudlab1/General/projects/Phoebe/R outputs/Overall_GOSeq_Sampling_20000.pdf")

{r GOseq D10}
#Create GO plot in same way for D10, OE vs CTRL
#For overall diff OE vs CTRL
load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/resD10GO_OE_vs_CTRL.RData")
#load(file = "/Users/phoebetamblinhopper/Downloads/resD10GO_OE_vs_CTRL.RData")
ALL <- resD10_GOtable$ensembl_gene_id
DE <- resD10_GOtable %>%

filter(Significant == 1) %>%

pull(ensembl_gene_id)
#To look at how many genes are DE
DE_LFC <- resD10_GOtable %>%

filter(Significant == 1) %>%

pull(log2FoldChange, ensembl_gene_id)
DE_LFC <- as.data.frame(DE_LFC)
#count upregulated
sum(DE_LFC > 0.5)
#count downregulated
sum(DE_LFC < -0.5)
gene.vector <- as.integer(ALL %in% DE)
names(gene.vector) <- ALL
#nullp fits a model to account for gene length biases in data
pwf = nullp(gene.vector,"mm39","ensGene")
plotPWF(pwf)
GO.wall = goseq(pwf,"mm39","ensGene",

gene2cat = pre.gene.data)
head(GO.wall)
#Correction for multiple testing using BH method
GO.wall$over_represented_adj_pvalue <- p.adjust(GO.wall$over_represented_pvalue,
method="BH")

{r GOplot D10, echo=FALSE}
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#Create plot for D10
go_res_plot <- GO.wall %>%
arrange(over_represented_adj_pvalue) %>%
head(1 0) %>%
mutate(log_p_adj = -log10(over_represented_adj_pvalue)) %>%
mutate(hitsPerc=numDEInCat*100/numInCat)
GO_D10 <- go_res_plot %>%
dplyr::arrange(log_p_adj) %>%
mutate(term=factor(term , levels= go_res_plot$term)) %>%
ggplot(aes(x=hitsPerc,
y=term,
colour=log_p_adj,
size=numDEInCat)) +
geom_point() +
expand_limits(x=0) +
labs(x="Hits (%)", y="GO term", colour="-log(adj. p-value)", size="Count") +
guides(colour = guide_legend(order = 1),
size = guide_legend(order = 1)) +
theme_minimal(base_size = 10) +
scale_y_discrete(labels = str_wrap(go_res_plot$term, width = 50)) +
theme(axis.text.x=element_text(size=14),
axis.text.y=element_text(size=14),
axis.title.x=element_text(size=14),
axis.title.y=element_text(size=14),
legend.title = element_text(size=12),
legend.text = element_text(size=12))
#+
#scale_color_gradient(low="black", high="red")
ggsave("X:/sudlab1/General/projects/Phoebe/R outputs/mRNA_osteo/D10_GOSeq.png")

T
#For sampling method
GO.samp = goseq(pwf,"mm39","ensGene",
gene2cat = pre.gene.data,
method = "Sampling",
repcnt = 20000)
head(GO.samp)
#Correction for multiple testing using BH method
GO.samp$over_represented_adj_pvalue <- p.adjust(GO.wall$over_represented_pvalue,
method="BH")
save(GO.samp, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/GO_samp20000_overall.Rdata")
#find gene IDs DE in cat
getGenes <- function(pwf, goterm, genome, ids¥
gene2cat <- getgo(rownames(pwf), genome, ids)
cat2gene <- split(rep(names(gene2cat), sapply(gene2cat, length)),
unlist(gene2cat, use.names = FALSE))
out <- pwf[cat2gene[[goterm]],]
out <- out[out$DEgenes > 0,]
out }
example(goseq)
goterm <- pvals$category[1]
getGenes(pwf, "G0O:0005684", "mm39","ensGene")
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7.2.4 GOSeq miRNA analysis

title: "GOSeq analysis miRNA"
output: html_notebook
editor_options:
chunk_output_type: inline
“{r loadlibs, include=FALSE, message=FALSE}
library(tidyverse)
library(DESeq2)
library("goseq")
library("TxDb.Mmusculus.UCSC.mm39.knownGene")
library("biomaRt")
library("readr")
library("clusterProfiler")
#miRDB gene sets downloaded from GSEA
#GSEA <- read.gmt("X:/sudlab1/General/projects/Phoebe/m3.mirdb.v2024.1.Mm.symbols.gmt")
GSEA <- read.gmt("/Users/phoebetamblinhopper/Downloads/m3.mirdb.v2024.1.Mm.symbols.gmt")

T
#load DESeq results file
#load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miBRNA_osteo/resGO_OE_vs_CTRL.RData")
load(file = "/Users/phoebetamblinhopper/Downloads/resGO_OE_vs_CTRL.RData")
ALL <- res_GOtable_miRNAs$ensembl_gene_id
DE_miRNAs <- res_GOtable_miRNAs %>%
filter(Significant == 1) %>%
pull(ensembl_gene_id)
#Loading GSEA with ensembil IDs
#Code below commented was used to create this file
#Can load file instead of running code
#load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GSEA_db_miRNAs_targets.RData")
load(file = "/Users/phoebetamblinhopper/Downloads/GSEA_db_miRNAs_targets.RData")

T

#Code commented as not required if load GSEA db file above

#Make gene ID table for miRNAs to convert gene names to ensembl IDs

# listEnsembil()

# ensembl <- useEnsembl(biomart = "genes")

# searchDatasets(mart = ensembil, pattern = "musculus")

# ensembl <- useDataset(dataset = "mmusculus_gene_ensembl", mart = ensembl)
# listAttributes(ensembl)

#

# miR_id_table <- getBM(attributes = c("external_gene_name", "ensembl_gene_id"),
# filters = "ensembl_gene_id",

#  values = res_GOtable_miRNAs$ensembl_gene_id,

# mart = ensembl)
#

#

# #Same for gene IDs of miR targets

## gene_id_table <- getBM(attributes = c("external_gene_name", "ensembl_gene_id"),
# filters = "external_gene_name",

#  values = GSEA$gene,

# mart = ensembl)
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T
#Code commented as not required if load GSEA db file above
#Edit naming of miRNAs to match miR ID table
# GSEA_db <- GSEA %>%
# mutate(
# term = str_replace_all(term,"_", "-")
# ) %>%
# #Separate miRNAs that are together onto separate lines
#
#
#
# separate_longer_delim(term, "SPLIT") %>%
mutate(
term = str_replace_all(term, "-LET-", "SPLITLET")
)%>%

#
#
#
#
#

#
# separate_longer_delim(term, "SPLIT") %>%
mutate(
term = str_replace_all(term, "LET-", "LET")
)%>% mutate(
term = str_replace_all(term, "-MIR-", "SPLITMIR") )%>%
#
#
#
# #Edit naming to include mir as in gene ID table
mutate(
term = str_replace_all(term, "MIR-", "MIR")
)%>%
#
#
#
# #Remove P and number before
# mutate(
mutate(
term = str_replace_all(term, "LET", "MIRLET")
)%>%
# term = str_replace(term, "-.P", ")
#)%>%
# #Make all names lowercase to match
# mutate(term = tolower(term))
#
# #Same to lower case
# miR_id_table$external_gene_name <- tolower(miR_id_table$external_gene_name)
#
# #Rename column so matches gene ID table
# GSEA_db <- GSEA_db %>%
# rename(
# external_gene_name = term
#)
#
# #Save table
# save(GSEA_db, miR_id_table, gene_id_table, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GSEA_db_miRNAs_targets.RData")
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T

#Code commented as not required if load GSEA db file above
#Join GSEA db with correct naming to miR and gene ID tables
GSEA_db_ID <- inner_join(GSEA_db,

miR_id_table)
GSEA_db_ID <- inner_join(GSEA_db_ID,

gene_id_table, by = join_by("gene" == "external_gene_name")) %>%
distinct()

#Rename columns to be more explanatory
colnames(GSEA_db_ID) <- c("miRNA", "gene_target", "miRNA_ensembl_id",

"gene_ensembl_id")
#Add base mean to table
filtered_res_GOtable_miRNAs <- subset(res_GOtable_miRNAs,

select = c("ensembl_gene_id", "baseMean"))

GSEA_db_ID <- inner_join(GSEA_db_|ID,

filtered_res_GOtable_miRNAs,

by = join_by("miRNA_ensembl_id" == "ensembl_gene_id"))
#Summarise table to check miRNAs all there and joined correctly
#Counts number of unique values in column
n_distinct(GSEA_db$external_gene_name)
n_distinct(miR_id_table$external_gene_name)
n_distinct(GSEA_db_ID$miRNA)
#775-623
#152 missing
all(miR_id_table$external_gene_name %in% GSEA_db$external_gene_name)
#Look at missing miRNAs
subset(miR_id_table, !(external_gene_name %in% GSEA_db_ID$miRNA))

T
nrow(GSEA_db_ID) == nrow(distinct(GSEA_db_ID))
all(res_GOtable_miRNAs$ensembl_gene_id %in% GSEA_db_ID$miRNA_ensembl_id)
all(GSEA_db_ID$miRNA_ensembl_id %in% res_GOtable_miRNAs$ensembl_gene_id)
all(GSEA_db_ID$miRNA_ensembl_id %in% ALL)
all(DE_miRNAs %in% GSEA_db_ID$miRNA_ensembl_id)
#Filter miRNA with no targets
DE_miRNAs <- DE_miRNAs[DE_miRNAs %in% GSEA_db_ID$miRNA_ensembl_id]
GSEA_db_'D %>%

filter(miRNA_ensembl_id %in% DE_miRNAs)

“{r functions, echo=FALSE}
runGOseq <- function(miRNA, df_ids) {
"Run GOseq analysis for a miRNA or a vector list of miRNA"
#Extract data for miRNA
df_filtered <- df_ids[df_ids$miRNA_ensembl_id %in% miRNA,]
#Create DE vector
DE.vector <- unique(df_filtered$gene_ensembl_id)
#Create the ALL vector with 0...11 if DE or not
all.vector <- unique(df_ids$gene_ensembl_id)
#Gene vector
gene.vector <- as.integer(all.vector %in% DE.vector)
names(gene.vector) <- all.vector
#Create the bias vector
bias.vector <- df_ids %>%
group_by(gene_ensembl_id) %>%
summarise(meanCount = mean(baseMean))
print(all(names(gene.vector) %in% bias.vector$gene_ensembl_id))
gene.basemean <- as.vector(bias.vector$meanCount)
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names(gene.basemean) <- bias.vector$gene_ensembl_id
#Run the pwf and GO
pwf = nullp(gene.vector,
bias.data = gene.basemean)
GO.hyp = goseq(pwf,"mm39","ensGene",
method = "Hypergeometric")
#BH correction
GO.hyp$over_represented_adj_pvalue <- p.adjust(GO.hyp$over_represented_pvalue,
method="BH")
#make plot
go_res_plot <- GO.hyp %>%
arrange(over_represented_adj_pvalue) %>%
head(10) %>%
mutate(log_p_adj = -log10(over_represented_adj_pvalue)) %>%
mutate(hitsPerc=numDEInCat*100/numInCat)
GO_plot <- go_res_plot %>%
dplyr::arrange(log_p_adj) %>%
mutate(term=factor(term , levels= go_res_plot$term)) %>%
ggplot(aes(x=hitsPerc,
y=term,
colour=-log(over_represented_adj_pvalue),
size=numDEInCat)) +
geom_point() +
expand_limits(x=0) +
labs(x="Hits (%)", y="GO term", colour="-log(p-value)", size="Count") +
guides(colour = guide_legend(order = 1),
size = guide_legend(order = 1)) +
theme_minimal(base_size = 10) +
scale_y_discrete(labels = str_wrap(GO.hyp$term, width = 50)) +
theme(axis.text.x=element_text(size=14),
axis.text.y=element_text(size=14),
axis.title.x=element_text(size=14),
axis.title.y=element_text(size=14),
legend.title = element_text(size=12),
legend.text = element_text(size=12))
return(list(GO.hyp, GO_plot))

)

“{r, overall LFC 0.5}
#run using function created
#for overall GOseq, LFC threshold of 0.5
miRNA_overall_LFCO0.5 <- runGOseq(DE_miRNAs,
GSEA_db_ID)

#Save outputs
miRNA_overall_LFCO0.5_res <- miRNA_overall_LFCO0.5[[1]]
save(miRNA_overall_LFCO0.5_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOres_miRNA_overall_LFCO0.5.RData")
miRNA_overall_LFCO0.5[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA_overall_LFCO0.5.png")

#Create DE vector

DE.vector <- unique(df_filtered$gene_ensembl_id)
#Check how many unique gene targets there are
check <- GSEA_db_ID[GSEA_db_ID$miRNA_ensembl_id %in% DE_miRNAs,]
n_distinct(check$gene_target)
H#HHHHHH
#ADDED LATER
#check if any of the gene targets were also identified as significant DEGs
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#load list of DEGs from DESeq2 analysis
load(file = "/Users/phoebetamblinhopper/Downloads/resGO_OE_vs_CTRL.RData")
#filter list only for significant DEGs
sig_res <- subset.data.frame(res_GOtable, res_GOtable$Significant == 1)
#turn this into a list of gene IDs
DEG_IDs <- sig_res$ensembl_gene_id
#turn list of gene targets into list of gene IDs
miR_targets <- check$gene_ensembl_id
#look for gene IDs in common between 2 lists
DEGs_targeted_by_DE_miRNAs_overall <- intersect(DEG_IDs, miR_targets)
DEGs_targeted_by_DE_miRNAs_overall <- as.data.frame(DEGs_targeted_by_DE_miRNAs_overall)
colnames(DEGs_targeted_by_DE_miRNAs_overall) <- ¢("ensembl_gene_id")
#join with gene ID table to get gene names
DEGs_targeted_by_DE_miRNAs_overall_ID <- inner_join(

DEGs_targeted_by_DE_miRNAs_overall, gene_id_table

%>% distinct)

#join with GO table for other info from analysis
DEGs_targeted_by_DE_miRNAs_overall_full <-
inner_join(DEGs_targeted_by_DE_miRNAs_overall_ID,
res_GOtable)

{r, D10 LFC 0.5}
#for D10 GOSeq, LFC threshold of 0.5
#load DESeq results file
#load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miBRNA_osteo/resD10GO_miR_OE_vs_CTRL.RData")
load(file = "/Users/phoebetamblinhopper/Downloads/resD10GO_miR_OE_vs_CTRL.RData")
DE_miRNAs_D10 <- resD10_GOtable %>%

filter(Significant == 1) %>%

pull(ensembl_gene_id)
#Filter miRNA with no targets
DE_miRNAs_D10 <- DE_miRNAs_D10[DE_miRNAs_D10 %in% GSEA_db_ID$miRNA_ensembl_id]
GSEA_db_'D %>%

filter(miRNA_ensembl_id %in% DE_miRNAs_D10)
#run function
miRNA_D10_LFCO0.5 <- runGOseq(DE_miRNAs_D10,
GSEA_db_ID)

#Save outputs
miRNA_D10_LFCO0.5_res <- miRNA_D10_LFCO0.5[[1]]
save(miRNA_D10_LFCO0.5_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOres_miRNA_D10_LFCO0.5.RData")
miRNA_D10_LFCO0.5[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA_D10_LFCO0.5.png")
#Check how many unique gene targets there are
check_D10 <- GSEA_db_ID[GSEA_db_ID$miRNA_ensembl_id %in% DE_miRNAs_D10,]
n_distinct(check_D10$gene_target)
S
#ADDED LATER
#check if any of the gene targets were also identified as significant DEGs
#load list of DEGs from DESeq2 analysis
load(file = "/Users/phoebetamblinhopper/Downloads/resD10GO_OE_vs_CTRL.RData")
#filter list only for significant DEGs
sig_resD10 <- subset.data.frame(resD10_GOtable, resD10_GOtable$Significant == 1)
#turn this into a list of gene IDs
DEG_IDs_D10 <- sig_resD10$ensembl_gene_id
#turn list of gene targets into list of gene IDs
miR_targets_D10 <- check_D10$gene_ensembl_id
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#look for gene IDs in common between 2 lists

DEGs_targeted_by_DE_miRNAs <- intersect(DEG_IDs_D10, miR_targets_D10)

DEGs_targeted_by_DE_miRNAs <- as.data.frame(DEGs_targeted_by_DE_miRNAs)

colnames(DEGs_targeted_by_DE_miRNAs) <- ¢("ensembl_gene_id")

#join with gene ID table to get gene names

DEGs_targeted_by_DE_miRNAs_ID <- inner_join(DEGs_targeted_by_DE_miRNAs, gene_id_table
%>% distinct)

#join with GO table for other info from analysis

DEGs_targeted_by_DE_miRNAs_full <- inner_join(DEGs_targeted_by_DE_miRNAs_ID,

resD10_GOtable)

{r, D20 LFC 0.5}
#for D20 GOSeq, LFC threshold of 0.5
#load DESeq results file
load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resD20GO_miR_OE_vs_CTRL.RData")
load(file = "/Users/phoebetamblinhopper/Downloads/resD10GO_miR_OE_vs_CTRL.RData")
DE_miRNAs_D20 <- resD20_GOtable %>%

filter(Significant == 1) %>%

pull(ensembl_gene_id)
#Filter miRNA with no targets
DE_miRNAs_D20 <- DE_miRNAs_D20[DE_miRNAs_D20 %in% GSEA_db_ID$miRNA_ensembl_id]
GSEA_db_'D %>%

filter(miRNA_ensembl_id %in% DE_miRNAs_D20)
#run function
miRNA_D20_LFCO0.5 <- runGOseq(DE_miRNAs_D20,
GSEA_db_ID)

#Save outputs
miRNA_D20_LFCO0.5_res <- miRNA_D20_LFCO0.5[[1]]
save(miRNA_D20_LFCO0.5_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOres_miRNA_D20_LFC0.5.RData")
miRNA_D20_LFCO0.5[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA_D20_LFCO0.5.pdf")

#ggsave(file = "/Users/phoebetamblinhopper/Downloads/GOfig_miRNA_D20_LFCO0.5.pdf")
#Check how many unique gene targets there are
check <- GSEA_db_ID[GSEA_db_ID$miRNA_ensembl_id %in% DE_miRNAs_D20,]
n_distinct(check$gene_target)

“{r, overall LFC 1}
#for overall GOSeq, LFC threshold of 1
#load DESeq results file
load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resGO_OE_vs_CTRL_LFC1.RData")
#load(file = "/Users/phoebetamblinhopper/Downloads/resGO_OE_vs_CTRL_LFC1.RData")
DE_miRNAs_LFC1 <- res_GOtable_miRNAs_LFC1 %>%

filter(Significant == 1) %>%

pull(ensembl_gene_id)
#run function
miRNA_overall_LFC1 <- runGOseq(DE_miRNAs_LFC1,

GSEA_db_ID)

#Save outputs
miRNA_overall_LFC1_res <- miRNA_overall_LFC1[[1]]
save(miRNA_overall_LFC1_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOres_miRNA_overall_LFC1.RData")
miRNA_overall_LFC1[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA_overall_LFC1.pdf")
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“{r, D10 LFC 1}
#for D10 GOSeq, LFC threshold of 1
#load DESeq results file
load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resD10GO_OE_vs_CTRL_LFC1.RData")
#load(file = "/Users/phoebetamblinhopper/Downloads/resD10GO_OE_vs_CTRL_LFC1.RData")
DE_miRNAs_D10_LFC1 <- resD10_GOtable_LFC1 %>%

filter(Significant == 1) %>%

pull(ensembl_gene_id)
#run function
miRNA_D10_LFC1 <- runGOseq(DE_miRNAs_D10_LFC1,

GSEA_db_ID)

#Save outputs
miRNA_D10_LFC1_res <- miRNA_D10_LFCA1[[1]]
save(miRNA_D10_LFC1_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOres_miRNA_D10_LFC1.RData")
miRNA_D10_LFCA1[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA_D10_LFC1.pdf")

“{r, overall LFC 0.1}
# For overall, with LFC of 0.1
#load DESeq results file
load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resGO_OE_vs_CTRL_LFCO0.1.RData")
#load(file = "/Users/phoebetamblinhopper/Downloads/resGO_OE_vs_CTRL_LFCO0.1.RData")
DE_miRNAs_LFCO.1 <- res_GOtable_miRNAs_LFCO0.1 %>%

filter(Significant == 1) %>%

pull(ensembl_gene_id)
#run function
miRNA_overall_LFCO0.1 <- runGOseq(DE_miRNAs_LFCO0.1,

GSEA_db_ID)

#Save outputs
miRNA_overall_LFCO0.1_res <- miRNA_overall_LFCO0.1[[1]]
save (miRNA_overall_LFCO.1_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOres_miRNA_overall_LFCO0.1.RData")
miRNA_overall_LFCO0.1[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA_overall_LFCO0.1.pdf")

“*{r, D10 LFC 0.1}
#for D10 GOSeq, LFC threshold of 0.1
#load DESeq results file
load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resD10GO_OE_vs_CTRL_LFCO0.1.RData")
#load(file = "/Users/phoebetamblinhopper/Downloads/resD10GO_OE_vs_CTRL_LFCO0.1.RData")
DE_miRNAs_D10_LFCO0.1 <- resD10_GOtable_LFCO0.1 %>%
filter(Significant == 1) %>%
pull(ensembl_gene_id)
#run function
miRNA_D10_LFCO0.1 <- runGOseq(DE_miRNAs_D10_LFCO0.1,
GSEA_db_ID)
#Save outputs
miRNA_D10_LFCO0.1_res <- miRNA_D10_LFCO0.1[[1]]
save(miRNA_D10_LFCO0.1_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOres_miRNA_D10_LFCO0.1.RData")
miRNA_D10_LFCO0.1[[2]] %>%
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ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA_D10_LFCO0.1.pdf")
#Just having a look at some specific terms that come under system development
#(in top categories) and are related to osteogenesis
#to see if these are significant, which they are as become more general
#ossification involved in bone maturation
miRNA_D10_LFCO0.1_res %>% filter(category == "G0:0043931")
#bone maturation
miRNA_D10_LFCO0.1_res %>% filter(category == "GO:0070977")
#bone development
miRNA_D10_LFCO0.1_res %>% filter(category == "GO:0060348")
#skeletal system development
miRNA_D10_LFCO0.1_res %>% filter(category == "GO:0001501")
#ossification
miRNA_D10_LFCO0.1_res %>% filter(category == "GO:0001503")
#cartilage development
miRNA_D10_LFCO0.1_res %>% filter(category == "GO:0051216")

{r, miR30, smallest pad;j}
#Look at miR with smallest padj in overall DESEq res
#ENSMUSG00000065405 mir30a
DE_mir30a <- setNames(c("ENSMUSG00000065405"), c("1"))
#run function
miRNA_overall_padj_mir30a <- runGOseq(DE_mir30a,
GSEA_db_ID)

#Save outputs
miRNA_overall_padj_mir30a_res <- miRNA_overall_padj_mir30a[[1]]
save(miRNA_overall_padj_mir30a_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOres_miRNA30a_lowestpadj_overall. RData")
miRNA_overall_padj_mir30a[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA30a_lowestpadj_overall.pdf")

{r, miR149, smallest padj LFC>0.5}
#For miR with LFC over 0.5 and smallest pad;
#ENSMUSG00000065470
DE_mir149 <- setNames(c("ENSMUSG00000065470"), c("1"))
#run function
miRNA_overall_padjLFC_mir149 <- runGOseq(DE_mir149,
GSEA_db_ID)
#Save outputs
miRNA_overall_padjLFC_mir149_res <- miRNA_overall_padjLFC_mir149[[1]]
save(miRNA_overall_padjLFC_mir149_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miBRNA_osteo/GOres_miRNA149_lowestpadj_LFCO0.5_overall. RData")
miRNA_overall_padjLFC_mir149[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA149_lowestpadj_LFCO0.5_overall.pdf")

{r, miR1249, smallest padj at D10}
#Look at miR with smallest padj at D10 (also has LFC of over 1)
#ENSMUSG00000080441 mir1249
DE_mir1249 <- setNames(c("ENSMUSG00000080441"), c("1"))
#run function
miRNA_D10_padj_mir1249 <- runGOseq(DE_mir1249,
GSEA_db_ID)
#Save outputs
miRNA_D10_padj_mir1249_res <- miRNA_D10_padj_mir1249[[1]]
save(miRNA_D10_padj_mir1249_res, file = "X:/sudlab1/General/projects/Phoebe/R
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outputs/miRNA_osteo/GOres_miRNA1249_lowestpadj_D10.RData")
miRNA_D10_padj_mir1249[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA1249_lowestpadj_D10.pdf")

{r, miR182, 2nd smallest padj at D10}
#Look at miR with 2nd smallest padj at D10 (also has LFC of over 0.5)
#ENSMUSGO00000076361 mir182
DE_mir182 <- setNames(c("ENSMUSG00000076361"), c("1"))
#run function
miRNA_D10_padj_2nd_mir182 <- runGOseq(DE_mir182,
GSEA_db_ID)

#Save outputs
miRNA_D10_padj_2nd_mir182_res <- miRNA_D10_padj_2nd_mir182[[1]]
save(miRNA_D10_padj_2nd_mir182_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOres_miRNA182_2ndlowestpadj_D10.RData")
miRNA_D10_padj_2nd_mir182[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA182_2ndlowestpadj_D10.pdf")

“{r, miR30a, 3rd smallest padj at D10}
#Look at miR with 3rd smallest padj at D10 (also has LFC of over 0.5)
#ENSMUSG00000065405 mir30a
DE_mir30a <- setNames(c("ENSMUSG00000065405"), c("1"))
#run function
miRNA_D10_padj_3rd_mir30a <- runGOseq(DE_mir30a,
GSEA_db_ID)

#Save outputs
miRNA_D10_padj_3rd_mir30a_res <- miRNA_D10_padj_3rd_mir30a[[1]]
save(miRNA_D10_padj_3rd_mir30a_res, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOres_miRNA30a_3rdlowestpadj_D10.RData")
miRNA_D10_padj_3rd_mir30a[[2]] %>%

ggsave (file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/GOfig_miRNA30a_3rdlowestpadj_D10.pdf")

7.2.5 GSEA analysis

title: "GSEA mRNA Analysis of miR binding"
output: html_notebook
editor_options:
chunk_output_type: inline
“{r, include=FALSE, message=FALSE}
library(tidyverse)
library(DESeq2)
library(fgsea)
library(data.table)
library(ggplot2)
library("biomaRt")
GO_mouse <-
gmtPathways("/shared/sudlab1/General/projects/Phoebe/m3.mirdb.v2024.1.Mm.symbols.gmt")

HH#HH#

121



Overall
H#HHH
{r overall}
#for overall CTRL vs OE
#look at format data needs to be in
#data("examplePathways")
#head(examplePathways)
#data("exampleRanks")
#load res table and filter for significant padj
load(file = "/shared/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/res_OE_vs_CTRL.RData")
filtered_res <- subset(res, padj < 0.05)
#filtered_res <- subset(res, padj < 0.05, abs(log2FoldChange) > 0.1)
#can more stringently filter res like this and should lower padj values
#replace gene names with ensembl IDs
#listEnsembl()
ensembl <- useEnsembl(biomart = "genes", mirror = "useast")
#searchDatasets(mart = ensembl, pattern = "musculus")
ensembl <- useDataset(dataset = "mmusculus_gene_ensembl", mart = ensembl)
#listAttributes(ensembl)
gene_id_table <- getBM(attributes = c("external_gene_name", "ensembl_gene_id"),
filters = "ensembl_gene_id",
values = res$ensembl_gene_id,
mart = ensembl)
res_genes <- inner_join(filtered_res,
gene_id_table)
#create vector of gene name and log2FC
res_genes_filtered <- subset(res_genes, select = ¢(3,8))
#remove duplicate gene names
res_genes_filtered <- res_genes_filtered %>%
filter(!duplicated(external_gene_name))
vector_genes_filtered <- as.numeric(res_genes_filtered$log2FoldChange)
names(vector_genes_filtered) <- res_genes_filtered$external_gene_name

“{r overall run gsea}
#this can be set to any numberset.seed(1)
#run gsea analysis
fgseaRes <- fgsea(pathways = GO_mouse,
stats = vector_genes_filtered)
head(fgseaRes[order(padj), ])
#just look for upreg genes as this is what ceRNA would do
#look for binding sites of these miRNAs in CASC20

{r overall plots}
plotEnrichment(GO_mouse[["MIR_3094_3P"]],
res_GOtable_genes_filtered) + labs(title="MIR_3094_3P")

“{r overall table}

topmiRNAsUp <- fgseaRes[ES > 0][head(order(pval), n=10), pathway]
topmiRNAsDown <- fgseaRes[ES < 0][head(order(pval), n=10), pathway]
topmiRNAs <- c(topmiRNAsUp, rev(topmiRNAsDown))
plotGseaTable(GO_mouse[topmiRNAs], res_GOtable_genes_filtered, fgseaRes,

HHtHHH

Day 10

HHtHHH
gseaParam=0.5)
“{r D10}
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#for D10, CTRL vs OE
load(file = "/shared/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/resD10GO_OE_vs_CTRL.rdata")
#load res table and filter for significant padj
load(file = "/shared/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/resD10_OE_vs_CTRL.RData")
filtered_resD10 <- subset(resD10, padj < 0.05)
#merge with gene id table to get gene names
resD10_genes <- inner_join(filtered_resD10,
gene_id_table)
#create vector of gene name and log2FC
resD10_genes_filtered <- subset(resD10_genes, select = ¢(3,8))
#remove duplicate gene names
resD10_genes_filtered <- resD10_genes_filtered %>%
filter(!duplicated(external_gene_name))
vector_D10_genes_filtered <- as.numeric(resD10_genes_filtered$log2FoldChange)
names(vector_D10_genes_filtered) <- resD10_genes_filtered$external_gene_name

T

set.seed(1)

#run gsea analysis

fgseaResD10 <- fgsea(pathways = GO_mouse,

stats = vector_D10_genes_filtered)

head(fgseaResD10[order(padj), ], n=10)

save(fgseaResD10, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/mRNA_osteo/GSEA_D10_miR_binding_enrichment.rdata")

how many enriched target sets?

T
subset(fgseaResD10, padj<0.05)

R
#look if any of these miRNAs were in DE set from DESeq analysis at D10
#filter fgsea table for sig (p < 0.05)
filtered_fgseaResD10 <- subset(fgseaResD10, fgseaResD10$padj < 0.05)
#load resD10 table
load(file = "/shared/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resD10_miR_OE_vs_CTRL.RData")
#filter resD10 for sig (p <0.05) and LFC
#as without filtering for LFC was too many miRNAs to look at individually
filtered_resD10 <- subset(resD10, resD10$padj < 0.05 & abs(log2FoldChange) > 0.5)
#make id table to convert miR names to IDs
miR_id_table <- getBM(attributes = c("external_gene_name", "ensembl_gene_id"),
filters = "ensembl_gene_id",
values = resD10$ensembl_gene_id,
mart = ensembl)
#make lowercase to match naming
miR_id_table$external_gene_name <- tolower(miR_id_table$external_gene_name)
#alter naming of miRNAs in fgsea table to match miR id table
#add new column first so keep original naming also
filtered_fgseaResD10 <- filtered_fgseaResD10 %>%
mutate(ensembl_pathway = pathway)
filtered_fgseaResD10_db <- filtered_fgseaResD10 %>%

mutate(
ensembl_pathway = str_replace_all(ensembl_pathway, "_", "-")
) %>%
#Separate miRNAs that are together onto separate lines
mutate(
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ensembl_pathway = str_replace_all(ensembl_pathway, "-LET-", "SPLITLET")
) %>%
separate_longer_delim(ensembl_pathway, "SPLIT") %>%
mutate(
ensembl_pathway = str_replace_all(ensembl_pathway, "LET-", "LET")
) %>%
mutate(
ensembl_pathway = str_replace_all(ensembl_pathway, "-MIR-", "SPLITMIR")
) %>%
separate_longer_delim(ensembl_pathway, "SPLIT") %>%

mutate(
ensembl_pathway = str_replace_all(ensembl_pathway, "MIR-", "MIR")
) %>%
#Edit naming to include mir as in ID table
mutate(
ensembl_pathway = str_replace_all(ensembl_pathway, "LET", "MIRLET")
) %>%
#Remove P and number before
mutate(
ensembl_pathway = str_replace(ensembl_pathway, "-.P", ™)
) %>%

#Make all names lowercase to match
mutate(ensembl_pathway = tolower(ensembl_pathway))
#join miR id table with fgsea table to get gene ids
fgseaResD10_ID <- inner_join(filtered_fgseaResD10_db, miR_id_table, by =
join_by(ensembl_pathway == external_gene_name))
#are any of DE miRNAs in list of enriched miR sites from DEGs?
DE_enriched_miRNAs <- subset(fgseaResD10_ID, (ensembl_gene_id %in%
filtered_resD10$ensembl_gene_id))
save(DE_enriched_miRNAs, file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/DE_enriched_miRNAs_in_DEGs")

Normalise miR names to match mirbase IDs

R

filtered_fgseaResD10 <- filtered_fgseaResD10 %>%
mutate(ensembl_pathway = pathway)

filtered_fgseaResD10_db <- filtered_fgseaResD10 %>%

mutate(
ensembl_pathway = str_replace_all(ensembl_pathway, "_", "-")
) %>%
#Separate miRNAs that are together onto separate lines
mutate(

ensembl_pathway = str_replace_all(ensembl_pathway, "-LET-", "SPLITLET-")
) %>%
separate_longer_delim(ensembl_pathway, "SPLIT") %>%
mutate(
ensembl_pathway = str_replace_all(ensembl_pathway, "-MIR-", "SPLITMIR-")
) %>%
separate_longer_delim(ensembl_pathway, "SPLIT") %>%
mutate(ensembl_pathway = pasteO("mmu-", ensembl_pathway)) %>%
#Make all names lowercase to match
mutate(ensembl_pathway = tolower(ensembl_pathway),
ensembl_pathway = sub("mir", "miR", ensembl_pathway))
casc20_miRNA <-
read.delim("/shared/sudlab1/General/projects/Phoebe/mouse_analysis/targets_miranda_counts.tsv")
inner_join(filtered_fgseaResD10_db, casc20_miRNA, by=c("ensembl_pathway"="miRNA")) %>%
rowwise() %>%
mutate(leadingEdge = paste(leadingEdge, collapse=",")) %>%
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write.table("miRNAs_targeting_casc20_and_DE_mRNAs.tsv", sep="\t")

Look which of these are DE miRNAs
T
load(file = "/shared/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/resGO_OE_vs_CTRL.RData")
gene_id_table <- getBM(attributes = c("external_gene_name", "ensembl_gene_id"),
filters = "ensembl_gene_id",
values = res_GOtable_miRNAs$ensembl_gene_id,
mart = ensembl)
res_GOtable_miRNAs_ID <- inner_join(res_GOtable_miRNAs,
gene_id_table)
casc20_miRNA %>%
filter(grepl("mmu", miRNA)) %>%
mutate(miRNA = sub("mmu", ", miRNA),
miRNA = sub("-.p", ", miRNA),
miRNA = sub("-miR-", "Mir", miRNA)) %>%
group_by(miRNA) %>%
summarise(Num.Hits = sum(Num.Hits)) %>%
inner_join(res_GOtable_miRNAs_ID, by=c("miRNA"="external_gene_name")) %>%
filter(padj<0.05) %>%
write.table("DE_miRNAs_targeting_casc20.tsv", sep="\t", row.names = FALSE)

“{r plots for DE miRNAs}
#Look at graphs for each of miRNAs that had enriched sites in DEGs, that are also
#significantly DE from DESeq analysis
jpeg("X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/DE_miRNAs_enriched_in_DEGs/MIR_148A_3P.png")
plotEnrichment(GO_mouse[['"MIR_148A_3P_MIR_148B_3P_MIR_152_3P"]],
vector_D10_genes_filtered) + labs(title="MIR_148A_3P")
dev.off()
jpeg("X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/DE_miRNAs_enriched_in_DEGs/MIR_1947_3P.png")
plotEnrichment(GO_mouse[["MIR_1947_3P"]],
vector_D10_genes_filtered) + labs(title="MIR_1947_3P")
dev.off()
jpeg("X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/DE_miRNAs_enriched_in_DEGs/MIR_19B_1_5P.png")
plotEnrichment(GO_mouse[["MIR_19B_1_5P"]],
vector_D10_genes_filtered) + labs(title="MIR_19B_1_5P")
dev.off()
jpeg("X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/DE_miRNAs_enriched_in_DEGs/MIR_19B_2_5P.png")
plotEnrichment(GO_mouse[["MIR_19B_2_5P"]],
vector_D10_genes_filtered) + labs(title="MIR_19B_2_5P")
dev.off()
jpeg("X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/DE_miRNAs_enriched_in_DEGs/MIR_30A_3P.png")
plotEnrichment(GO_mouse[["MIR_30A_3P_MIR_30E_3P"]],
vector_D10_genes_filtered) + labs(title="MIR_30A_3P")
dev.off()
jpeg("X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/DE_miRNAs_enriched_in_DEGs/MIR_30A_5P.png")
plotEnrichment(GO_mouse[["MIR_30A_5P_MIR_30E_5P"]],
vector_D10_genes_filtered) + labs(title="MIR_30A_5P")
dev.off()
jpeg("X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/DE_miRNAs_enriched_in_DEGs/MIR_669B_3P.png")
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plotEnrichment(GO_mouse[["MIR_669B_3P"]],
vector_D10_genes_filtered) + labs(title="MIR_669B_3P")
dev.off()
jpeg("X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/DE_miRNAs_enriched_in_DEGs/MIR_669B_5P.png")
plotEnrichment(GO_mouse[["MIR_669B_5P"]],
vector_D10_genes_filtered) + labs(title="MIR_669B_5P")
dev.off()
jpeg("X:/sudlab1/General/projects/Phoebe/R
outputs/miRNA_osteo/DE_miRNAs_enriched_in_DEGs/MIR_7680_5P.png")
plotEnrichment(GO_mouse[["MIR_7680_5P"]],
vector_D10_genes_filtered) + labs(title="MIR_7680_5P")
dev.off()
#look at highest ranking genes for a particular miR
MIR_7680_5P <- fgseaResD10 %>%
filter(pathway == "MIR_7680_5P")
MIR_7680_5P$leadingEdge[1]

T

#Look at whether these DE miRNAs enriched in DEGs are up or down reg

#by looking at LFC from resD10

DE_enriched_miRNAs_LFC <- inner_join(DE_enriched_miRNAs, resD10, by = join_by
("ensembl_gene_id"

== "ensembl_gene_id"))

U
topmiRNAsUp <- fgseaResD10[ES > O][head(order(pval), n=10), pathway]
topmiRNAsDown <- fgseaResD10[ES < 0][head(order(pval), n=10), pathway]
topmiRNAs <- c(topmiRNAsUp, rev(topmiRNAsDown))
GSEA_tab_D10 <- plotGseaTable(GO_mouse[topmiRNAs], resD10_GOtable_genes_filtered,
fgseaRes,
gseaParam=1)

7.2.6 Sylamer analysis

title: "Sylamer"
output: html_notebook
editor_options:
chunk_output_type: inline
“{r, include=FALSE, message=FALSE}
library(tidyverse)
library("biomaRt")
library(Biostrings)

#Create input files for sylamer

T

#use biomart to find 3' UTRS of DE mRNAs

#load table of mMRNAs

load("/shared/sudlab1/General/projects/Phoebe/R outputs/resD10GO_OE_vs_CTRL.RData")
#load("/Users/phoebetamblinhopper/Downloads/resD10GO_OE_vs_CTRL.RData")

#pull DE miRNAs

DE <- resD10_GOtable %>%
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filter(Significant == 1) %>%
pull(ensembl_gene_id)
ensembl = useMart("ensembl",dataset="mmusculus_gene_ensembl")
UTRs <- getBM(attributes=c('ensembl_gene_id', '3utr’),
filters = 'ensembl_gene_id',
values = DE,
mart = ensembl)
#this method failed to find UTRs for many genes
#Get the mouse GTF
#Get annotations for 3'UTRs
#/mnt/parscratch/users/bo1cv/public/annotations/mm_GRCm39_ensembl111/ensembl.dir/geneset_all
gtf
cds_fasta <-
"/shared/sudlab1/General/projects/Phoebe/mirror/genomes/Mus_musculus.GRCm39.cds.all.fa.gz"
#cds_fasta <- "/Users/phoebetamblinhopper/Downloads/Mus_musculus.GRCm39.cds.all.fa.gz"
GRCm39 <- readDNAStringSet(cds_fasta,
format = "fasta")
#each gene will have multiple transcripts, choose longest to take UTR of
#find longest transcript
GRCm39_cf <- oligonucleotideFrequency(GRCm39, width = 3, step = 3)
#Transcript_id
GRCm39_id <- GRCmM39@ranges@NAMES
row.names(GRCm39_cf) <- str_extract(GRCm39_id, "ENSMUST[:digit:]+")
#Summing number of codons
cds_lengths = data.frame(transcript_id = GRCm39_id, cds_length = rowSums(GRCm39_cf))
#make table of transcript IDs corresponding to gene IDs of DE genes
transcript_ID <- getBM(attributes = c("ensembl_gene_id", "ensembl_transcript_id"),
mart = ensembl)
#Merging DE transcripts with codon length df, then select for each gene, the transcript with longest
CDS
cds_lengths <- rownames_to_column(cds_lengths, "ensembl_transcript_id")
cds_lengths <- merge(transcript_ID, cds_lengths) %>% distinct()
selected_transcript_long <- cds_lengths %>% group_by(ensembl_gene_id) %>%
slice_max(order_by=cds_length, n=1, with_ties = FALSE) %>%
dplyr::select(ensembl_transcript_id, ensembl_gene_id) %>%
ungroup()
utr_sequences <- getBM(ensembl, attributes = c("ensembl_gene_id", "3utr"),
filters = "ensembl_transcript_id",™
Run sylamer
values = selected_transcript_long$ensembl_transcript_id)
utr_sequence_vector <- utr_sequences$ 3utr’
names(utr_sequence_vector) <- utr_sequences$ensembl_gene_id
utr_sequence_vector <- utr_sequence_vector[utr_sequence_vector != "Sequence unavailable"]
UTR_ss = DNAStringSet(x=utr_sequence_vector)
writeXStringSet(UTR_ss,
"/shared/sudlab1/General/projects/Phoebe/mouse_analysis/miRNAseq/pipeline_sylamer/utrs.fasta")

T
# to create ranked list make .tsv with LFCs
all_LFCs <- resD10_GOtable %>%
#filter(Significant == 1) %>%
arrange(log2FoldChange/IfcSE) %>%
na.omit() %>%
mutate(t=log2FoldChange/IfcSE) %>%
dplyr::select(ensembl_gene_id, t,log2FoldChange)
write.table(dplyr::select(all_LFCs, ensembl_gene_id, t),
file="/shared/sudlab1/General/projects/Phoebe/mouse_analysis/miRNAseq/pipeline_sylamer/ranked_
t.isv",
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sep="\t",
quote=F, col.names = F, row.names = F)
write.table(arrange(all_LFCs, log2FoldChange) %>% dplyr::select(ensembl_gene_id,
log2FoldChange),
file="/shared/sudlab1/General/projects/Phoebe/mouse_analysis/miRNAseqg/pipeline_sylamer/ranked_
LFC.tsv",
sep="\t",
quote=F, col.names = F, row.names = F)
““{bash, engine.opts="-I"}
source /home/mb1ims/.bashrc
syl.master.sh -r
/shared/sudlab1/General/projects/Phoebe/mouse_analysis/miRNAseq/pipeline_sylamer/ranked_t.tsv \
-S mmu\
-d sylamar_output_t \
-f
/shared/sudlab1/General/projects/Phoebe/mouse_analysis/miRNAseq/pipeline_sylamer/utrs.fasta \
-t
/shared/sudlab1/General/projects/Phoebe/mouse_analysis/miRNAseq/pipeline_sylamer/mouse.table

R
#miRbase to find seeds of mMiRNAs of interest
#load DE miRNAs
load(file = "X:/sudlab1/General/projects/Phoebe/R
outputs/miBRNA_osteo/resD10GO_miR_OE_vs_CTRL.RData")
DE_miRNAs <- resD10_GOtable %>%

filter(Significant == 1) %>%

pull(ensembl_gene_id)
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