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Abstract 

Splicing factor proline- and glutamine- rich (SFPQ) is a multifunctional DNA- and RNA-binding 

protein, part of the drosophila behaviour human splicing (DBHS) family of proteins. First discovered 

as a splicing factor, it has since been revealed that SFPQ is involved in a large range of cellular 

mechanisms, including transcriptional regulation, DNA damage repair, and paraspeckle formation. 

Misregulation of SFPQ is associated with aetiology of neurodegenerative diseases and a range of 

cancers, including prostate, renal, and colorectal cancers, and is portrayed with significant potential 

as a diagnostic or prognostic biomarker in cancer. Studies regarding the regulatory role of SFPQ, 

through interaction with other transcripts have propelled in recent years, however the complete scale 

of the SFPQ regulatory network remains unknown. 

In this study, we mapped the SFPQ regulome exhaustively, constructing an interaction database of 

novel interactors for further study. We utilised publicly available datasets from several experimental 

techniques at NCBI GEO and ENCODE, including SFPQ-knockdown RNA-seq, RIP-seq, ChIP-seq, 

PAR-CLIP and eCLIP datasets. We interrogated transcripts with altered expression levels in multiple 

cell lines depleted with SFPQ in order to explore the scope of genes regulated by SFPQ function. We 

next identified RNA physical interactors of SFPQ through integration RIP-seq data targeting SFPQ 

across multiple cell lines, as well as revealing the binding locations of target of SFPQ upon target 

transcripts through analysis of eCLIP and PAR-CLIP datasets. To complete the baseline of our 

interaction database, we integrated ChIP-seq datasets in order to tease out transcripts regulated by 

SFPQ at the DNA level, and the extent at which SFPQ is involved in transcriptional regulation. 

We observed a wide range of biological pathways associated with SFPQ interactors, and compiled 

results into the mineable database and R package, idbSFPQ. Additionally, our analyses lay template 

for application of methodology to investigate regulatory networks of other proteins.   
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1.0 Introduction 

Splicing factor proline- and glutamine-Rich (SFPQ), also known as PTB-associated splicing factor 

(PSF), is a multifunctional DNA- and RNA-binding protein and is part of the Drosophila behaviour/ 

human splicing (DBHS) family of proteins. As the alias implies, SFPQ was first discovered as a 

protein involved in pre-mRNA splicing via interactions with polypyrimidine tract-binding protein 

(PTB) (Patton et al., 1993). SFPQ has since been revealed as a protein with great complexity, 

evidenced with importance in regulation of a large range of cellular mechanisms, including 

transcriptional regulation, DNA damage repair, and paraspeckle formation (Bladen et al., 2005; de 

Silva et al., 2019; Emili et al., 2002; Rosonina et al., 2005). Existing evidence surrounding the role 

of SFPQ in regulation of cellular functions, as well as the potential implications of misregulation will 

be reviewed in detail below. 

1.1 RNA-binding proteins (RBPs) 

RNA-binding proteins (RBPs) are a largely diverse class of proteins that regulate gene expression by 

interacting with target RNA substrates to form ribonucleoprotein complexes. RBPs are involved in 

multiple cellular processes regarding regulation of gene expression, including RNA translation, 

localisation and stability, as well as mediating pre-mRNA splicing, cleavage and polyadenylation 

(Osera et al., 2015; Weidensdorfer et al., 2009; Yoon et al., 2014; Zhou et al., 2019). The regulatory 

roles of RBPs are vital in human physiology and defective RBPs are associated with the development 

of a broad range of diseases, including cancer, neurodegeneration (de Silva et al., 2019; Giordana et 

al., 2010; Neumann et al., 2009; Peng et al., 2018; Sakurai et al., 2014).  

As part of the Encyclopedia of DNA elements (ENCODE) project phase III, datasets containing large-

scale systematic mapping of 356 human RBPs, including SFPQ, were made publicly available (Van 

Nostrand et al., 2020). Datasets consist of RBP analysis in K562 and HepG2 cells utilising five assay 

types, including enhanced Crosslinking and immunoprecipitation (eCLIP), RBP-knockdown (kd) 
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RNA-seq, chromatin immunoprecipitation and sequencing (ChIP-seq), RNA bind-N-seq, and 

immunofluorescence assays (Van Nostrand et al., 2020).  

1.2 Drosophila behaviour/ human splicing (DBHS) 

The DBHS family of proteins are a group of complex proteins defined by an evolutionarily conserved 

DBHS region which consists of three heavily conserved motifs, namely N-terminal RNA recognition 

motifs (RMM1 and RMM2), a NonA/ paraspeckle domain (NOPS) and a C-terminal coiled-coil 

(Knott et al., 2016; Y. Lee & Rio, 2015).  

 

Figure 1: Schematic diagram representing the sequence structure of the three human DBHS proteins: 

SFPQ, NONO, and PSPC1. DBHS region consists of the RNA recognition motifs (RRMs) RRM1 (red) and 

RRM2 (green), NonA/ paraspeckle domain (NOPS) (blue) and coiled-coil (orange). Each domain in the 

DBHS interface is labelled with amino acid position. Schematic includes SFPQ DNA binding domain 

(DBD) (black), low-complexity regions (black), and C-terminal nuclear localisation signals (NLS). Yellow 

lines represent RGG motifs and within the schematic. Schematic recreated from Knott, Bond and Fox, 2016. 

 

Within the DBHS region, the human DBHS proteins share more than 70% pairwise sequence identity 

(Passon et al., 2012). Alongside SFPQ, there are two other members of the DBHS family in humans, 

non-POU domain-containing octamer-binding protein (NONO), and paraspeckle protein component 

1 (PSPC1) and aside from the previously described defining characteristics, these proteins differ 

significantly. Localisation of DBHS proteins is contextually dependant, although they are frequently 

deemed as nuclear factors due to their C-terminal nuclear localisation signal (Figure 1) (Shav-Tal & 

Zipori, 2002). DBHS proteins can also be found within paraspeckles, localised to chromatin, or DNA 
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damage foci (Bajc Česnik et al., 2019; Major et al., 2019). DBHS proteins are also evidenced to re-

localise from nucleoplasm to the cell surface (Ren et al., 2014).  

1.3 Interactions between DBHS proteins 

Critical to the function of DBHS proteins, dimers are formed through both homodimeric and 

heterodimeric composition, resulting in the potential for six possible dimer combinations (Passon et 

al., 2012). DBHS obligate dimerisation occurs through reciprocal interactions between RRM2, NOPS 

domain and part of the coiled-coil (Knott et al., 2015; M. Lee et al., 2015). Although dimerisation 

involves interaction across the entire DBHS region, it mainly consists of hydrophobic interactions 

between the RRM2 and the NOPS domain (Knott et al., 2015). In the absence of RRM1, SFPQ is still 

able to form an obligate dimer, mutations of residues within RRM2-NOPS domains hindered 

localisation and function of NONO/PSPC1 dimerisation (M. Lee et al., 2015; Passon et al., 2012). 

Dimerisation of DBHS proteins provides structural integrity but importantly, it is critical for DBHS 

function. For instance, DBHS proteins are involved in the formation and localisation of subnuclear 

paraspeckles and DBHS proteins unable to dimerise, due to mutations at key hydrophobic residues, 

were unable to form paraspeckles (Passon et al., 2012). 

1.4 Structure of SFPQ  

DBHS proteins show low levels of similarity in protein architecture aside from the shared DBHS 

region (Figure 1). SFPQ has two major isoforms with the major isoform (SFPQ-A) consisting of 707 

amino acids, and the shorter spliced isoform (SFPQ-F) consisting of 669 amino acids. SFPQ-F differs 

from SFPQ-A after amino acid 662, with an additional seven amino acids and lack of a C-terminal 

nuclear localisation signal (Patton et al., 1993).  
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Oligomerisation of SFPQ dimers is also reported to be critical to its function, the SFPQ C-terminal 

coiled-coil projects out from the dimer core, and promotes oligomerisation with the coiled-coil of 

neighbouring dimers (M. Lee et al., 2015). X-ray scattering analysis of SFPQ revealed that SFPQ 

oligomerisation is dynamic and reversible, additionally to being critical for protein function (M. Lee 

et al., 2015). Through truncation of the C-terminal coiled-coil, prevention of SFPQ oligomerisation 

resulted in reduced function in DNA-binding and transcriptional regulation, with implications to the 

potential involvement of deficient oligomerisation in the misregulation of SFPQ (Huang et al., 2020; 

M. Lee et al., 2015; Thomas-Jinu et al., 2017). 

The specific boundary of the SFPQ DNA-binding domain (DBD) remains uncategorised, however it 

is reported that the sequence N-terminal to RRM1 is required for DNA binding (Figure 1) (Ha et al., 

2011; M. Lee et al., 2015)  

1.5 SFPQ is a multifunctional RBP 

SFPQ is often described as a “multifunctional” RBP due to its great spectrum of interaction partners 

deeming involvement in a large range of processes (Knott et al., 2016). We discuss some of the SFPQ-

associated functions including paraspeckle formation, RNA processing, transcriptional regulation, 

alternative splicing, DNA damage repair and apoptosis.  

1.5.1 Paraspeckle formation  

Paraspeckles are a distinct class of subnuclear bodies, ranging from 0.5 – 1 µm in diameter (Cardinale 

et al., 2007). These organelles are located within the interchromatin space, between chromatin and 

larger nuclear speckles. Paraspeckles are formed within the cell nucleus when specific proteins bind 

to the nascent long non-coding RNA (lncRNA) transcript, Nuclear paraspeckle assembly transcript 1 

(NEAT1) (Clemson et al., 2009). Paraspeckle functions, as well as the mechanisms underlying them, 

are not completely annotated, however they are reported to be involved in gene regulatory processes, 
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including mRNA retention and cleavage, and protein sequestration (L.-L. Chen & Carmichael, 2009; 

Hirose et al., 2014). In formation of paraspeckles, SFPQ and its paralogue, NONO, bind NEAT1 to 

form a minimal ribonucleoprotein (Clemson et al., 2009). Additionally, siRNA knockout of SFPQ in 

HeLa cells resulted in loss of paraspeckles, suggesting its critical role in the formation and structural 

integrity of paraspeckles (Sasaki et al., 2009).    

1.5.2 RNA processing  

As previously mentioned, SFPQ is both nuclear and cytoplasmic localised in a contextually dependent 

manner. SFPQ is reported with involvement in translation, mediated through internal ribosome entry 

sites (IRESs) in the cytoplasm (King et al., 2014; Sharathchandra et al., 2012). In vitro assays 

demonstrated that SFPQ can bind directly to IRES element on the p53 gene (Sharathchandra et al., 

2012). Additionally, knockdown of SFPQ in H1299 cells resulted in downregulation of IRES- and 

non-IRES-dependent expression of p53, it is unclear whether SFPQ binds IRES elements in cells but 

an indirect effect is suggested (Sharathchandra et al., 2012).  

SFPQ is involved in biogenesis of mRNA through 3’ end processing, reported through identification 

of SFPQ as a component of the snRNP-free U1A (SF-A) complex via sucrose gradient fractionation 

and immunoprecipitation (IP) of HeLa cells (O’Connor et al., 1997). The SF-A complex comprises 

of other splicing factors, including NONO, and immunodepletion experiments affected cleavage and 

polyadenylation (Hall-Pogar et al., 2007; Liang & Lutz, 2006).  

1.5.3 Transcriptional regulation  

SFPQ is involved in transcriptional regulation through acting as a corepressor and coactivator. 

SFPQ/NONO are reported to directly bind RNA Polymerase II, with implications to involvement in 

transcription initiation, as well as RNA Polymerase II-dependent transcriptional elongation (Emili et 

al., 2002). Through binding RNA Polymerase II, SFPQ/NONO provide integrity for transcriptional 

machinery, via acting as a bridge between RNA Polymerase II and promoter-bound transcriptional 
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activators, coactivating transcription (Emili et al., 2002). One example of SFPQ involvement in 

positive transcriptional regulation is through binding to the promoter of Phosphodiesterase 3A 

(PDE3A) gene, and is critical for PDE3A expression (Rhee et al., 2017). SFPQ is also evidenced to 

bind to a proposed enhancer sequence, which positively regulates expression of ribosomal protein 

genes, including 60S ribosomal protein L18 (RPL18) (Roepcke et al., 2011).  

Inversely, SFPQ is also known to act as a repressor of transcriptional events. SFPQ acts as a 

transcriptional corepressor when interacting with members of the nuclear hormone receptor (NHR) 

family. Transcriptional regulation of downstream genes through via NHRs is dependent upon the 

binding of a specific ligand to the NHR. Interactions between SFPQ and NHRs result in recruitment 

of the corepressor, SIN3 transcription regulator family member A (SIN3A). Interactions with SIN3A 

aid in the assembly of histone deacetylases (HDACs), inducing repressive chromatin marks and 

transcriptional repression of target genes (Mathur et al., 2001). It is notable that transcriptional 

repression of androgen receptor (AR) is only regulated by SFPQ-A isoform, and not SFPQ-F, 

suggesting that functional dissimilarities are caused by the lack of nuclear localisation signal (NLS) 

on SFPQ-F (Dong et al., 2007).   

1.5.4 Alternative splicing  

SFPQ was initially characterised for its role in early formation of the spliceosome, through association 

with PTB (Patton et al., 1993). Following its discovery, immunodepletion of nuclear extract with 

antibodies targeting SFPQ suppressed spliceosome assembly in the initial stages (Patton et al., 1993). 

The modern understanding of SFPQ involvement in spliceosome assembly is that it can regulate the 

process in a substrate-dependent manner, through control of alternative splicing. Although, despite 

being the initial characterising function, there remains a gap in the understanding of the exact 

mechanisms encompassed by SFPQ in splicing. Alternative splicing is a process involving the 

rearrangement of intron and exon elements, allowing messenger RNA (mRNA) to synthesise different 

protein variants. For instance, SFPQ is involved in alternative splicing of cluster of differentiation 45 
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(CD45) and Tau genes through RNA interaction (Ray et al., 2011).  In alternative splicing of the Tau 

gene, SFPQ interacts with a stem-loop structure at the exon-intron boundary downstream from exon 

10, leading to a lack of exon 10 in the final mRNA (Ray et al., 2011). Upregulation of SFPQ leads to 

exclusion of exon 10, and consistently, downregulation facilitates inclusion of exon 10 (Ray et al., 

2011). SFPQ also promotes exon skipping in CD45 through interactions with pyrimidine-rich regions 

on exon 4 leading to suppressed inclusion of exon 4 (Heyd & Lynch, 2010; Melton et al., 2007).  

SFPQ also influences alternative splicing via promotion of exon inclusion. For example, SFPQ is 

reported to interact with a purine-rich sequence on exon 7 of survival of motor neuron 2 (SMN2), 

promoting its inclusion in final mRNA (Cho et al., 2014). 

In some cases, alternative splicing also occurs through SFPQ interaction with other splicing factors, 

such as through interaction with heterogeneous nuclear ribonucleoprotein (hnRNP) M, where 

overexpression of SFPQ induced greater exon inclusion in a splicing minigene reporter, 

preprotachykinin (PPT), potentially through interaction with hnRNP (Marko et al., 2010). The hnRNP 

protein family is associated with nuclear splicing processes, predominantly through interactions with 

pre-mRNA substrates (Llères et al., 2010). Another interactor of SFPQ in splicing is the splicing 

factor, Fox-3. SFPQ is potentially a coactivator of Fox-3, which, in the mouse central nervous system, 

enhances the inclusion of exon N30 in non-muscle myosin heavy chain (NMHC) II-B (Kim et al., 

2011). Although these mechanisms are not annotated in entirety, they support the claim that SFPQ 

influences alternative splicing through interaction with other splicing factors.  

1.5.5 DNA damage repair 

Another heavily annotated function of SFPQ is its role in DNA damage response. The DNA damage 

response is a complex network of signaling pathways and acts as a cellular defence system in 

maintaining genome stability, which is critical in maintenance of cellular homeostasis and is 

associated with the evolution of cancer (Halazonetis et al., 2008). One of the common initiators of 
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DNA damage response is double-stranded breaks in DNA, and cellular defence against double-

stranded breaks consists of robust pathways such as homologous recombination (HR) and error prone 

pathways such as non-homologous end joining (NHEJ) (Ferguson et al., 2000).  

 Many RBPs are associated with the DNA damage response through indirect regulation of genes 

involved in DNA damage response pathway, such as KH-type splicing regulatory protein (KSRP), 

which does so through regulation of miRNAs (X. Zhang et al., 2011). Whereas it is reported that 

SFPQ is directly involved in the DNA damage response (Ha et al., 2011; Rajesh et al., 2011; Salton 

et al., 2010).  

Through SFPQ/NONO interaction with proteins associated with DNA damage response, SFPQ has 

been implicated in both HR and NHEJ. It was reported that SFPQ forms a preligation complex 

through interaction with the KU70/KU80 heterodimer (Bladen et al., 2005). Additionally, SFPQ 

interacts with IGFBP-3, with involvement in IGFBP-3-dependent repair of double-strand breaks (de 

Silva et al., 2019).  

Under conditions inducing DNA damage, SFPQ/NONO heterodimer levels increased rapidly, with 

implications to their role in the initial stages of the DNA damage response (Ha et al., 2011; Salton et 

al., 2010). Consistent with this observation, the SFPQ/NONO heterodimer interacts with Matrin 3 

(MATR3) (Salton et al., 2010). MATR3 is a target of Ataxia Telangiectasia Mutated (ATM), a 

nuclear kinase in repair of double-stranded breaks (Salton et al., 2010).  

In maintenance of genome stability, SFPQ has been recently reported in regulation at telomeres, 

maintaining telomere integrity (Petti et al., 2019). In absence of SFPQ/NONO heterodimer, telomere 

recombination events significantly increased, inducing alterations in telomere length in both 

telomerase-positive and negative cells (Petti et al., 2019). SFPQ/NONO binds telomere repeat-

containing lncRNA (TERRA), and in doing so, prevents formation of RNA-DNA hybrids, defective 

DNA replication, HR and DNA damage at telomeres (Petti et al., 2019).  
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1.5.6 Apoptosis  

An important role of SFPQ, especially in the prevention of cancer progression, is through association 

with apoptosis. Apoptosis is a process involving programmed cell death, primarily of cells which are 

damaged beyond repair. SFPQ is reported with a role in regulation of cell death in cancer cell lines, 

it is known that SPFQ interacts with peroxisome proliferator-activated receptor γ (PPARγ), which is 

involved in cell proliferation and apoptosis (Tsukahara, Haniu, et al., 2013). Interestingly, genetic 

perturbance of SFPQ in PPARγ-expressing DLD1 colon cancer cell lines caused a loss of 

microtubule‐associated proteins, 1A/1B light chain 3B (LC3B) and induced apoptosis (Tsukahara, 

Haniu, et al., 2013; Tsukahara, Matsuda, et al., 2013). Consistent with SFPQ apoptotic function, 

depletion of SFPQ in supressed proliferation and induced S-phase arrest and apoptosis in melanoma  

BRAFV600E mutant colorectal cancer  cell lines (Klotz-Noack et al., 2020) During apoptotic processes 

associated with SFPQ, nuclear levels of SFPQ are significantly reduced when observed via 

monoclonal antibody staining, suggesting subcellular localisation of SFPQ during apoptosis. (Shav-

Tal et al., 2001).  

1.6 Role of SFPQ in neuronal function and neurodegenerative diseases  

SFPQ function is heavily annotated in association with neuronal maintenance and development, such 

as axon growth (Thomas-Jinu et al., 2017). Therefore, is it unsurprising that abnormal SFPQ function 

has implications in neurodegenerative disorders such as frontotemporal lobar degeneration (FLTD), 

Alzheimer’s disease (AD) and amyotrophic lateral sclerosis (ALS) (Ishigaki et al., 2020; Lu et al., 

2018; Luisier et al., 2018). The role of SFPQ In neuronal function, as well as their implications in 

development of neurodegenerative diseases are discussed below.  
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1.6.1 Maintenance of neuronal function 

One way in which SFPQ function is integral to neuronal maintenance is through transcriptional 

regulation. SFPQ is reported to regulate transcriptional elongation of long genes (>100 kb) in the 

developing mouse brain through binding to long intron-containing pre-mRNA, and this was 

confirmed in recent bioinformatics analysis of SFPQ in neuronal cells (Iida et al., 2020; Takeuchi et 

al., 2018). A proposed mechanism of neuronal transcriptional regulation is through recruitment of 

cyclin-dependent kinase 9 (CDK9) and activation of RNA polymerase II (Takeuchi et al., 2018). 

As mentioned in section 1.6.4, SFPQ is involved in alternate splicing of pre-mRNA (Heyd & Lynch, 

2010; Kim et al., 2011). Alternative splicing in neuronal cells is mediated by SFPQ through 

coactivation and recruitment of neuronal nuclei (NeuN) (Kim et al., 2011). Importantly, SFPQ forms 

a complex with RBP Fused in sarcoma (FUS) , in regulation of alternative splicing of the Mapt, which 

codes for the protein, tau and is important in maintaining tau isoform ratio (Ishigaki et al., 2017). 

Depletion of either SFPQ or FUS resulted in accumulation of phosphorylated tau and neuronal loss 

(Ishigaki et al., 2017). 

 It is described that cytoplasmic localisation of SFPQ may be involved in maintenance of neurons via 

transport of RNA to dendrites (Furukawa et al., 2015; Kanai et al., 2004). This is suggested through 

colocalization of SFPQ/NONO heterodimer with RBP, HERMES, and G3BP1 in neuronal 

differentiation within retinal ganglion cells, which formed cytoplasmic neuronal granules (Furukawa 

et al., 2015). The cytoplasmic neuronal granules formed are presumed RNA transport granules, which 

are involved in mRNA dendritic localisation (Furukawa et al., 2015).  

1.6.2 Implications of aberrant SFPQ in neurodegenerative diseases 

As previously mentioned, Takeuchi et al., 2018 downregulated SFPQ in the developing mouse brain 

and demonstrated that as well is impeding transcriptional elongation, loss of SFPQ promoted neuronal 
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apoptosis (Iida et al., 2020; Takeuchi et al., 2018). Bioinformatics analysis reported that many of the 

downregulated genes are associated with axon guidance, neuronal migration and formation of 

synapses, suggesting that aberrant SFPQ function may repress neuronal development and inhibit 

survival (Iida et al., 2020).  

It is reported that interactions between SFPQ and FUS are critical to neuronal homeostasis through 

regulation of the isoform ratio of tau, where suppression of SFPQ/FUS interactions were coupled 

with abnormal ratios of tau within ALS and FTLD-affected neurons (Ishigaki et al., 2017, 2020).  

Abnormal intron retention of the SFPQ transcript, along with nuclear loss, is recognised as a 

molecular hallmark of ALS, where irregular intron retention was observed during motor neuron 

differentiation in induced pluripotent stem-cell (iPSC) lines derived from ALS patients (Luisier et al., 

2018). FUS binds to the aberrantly retained intron 9 of the SFPQ transcript, which is the most 

prominently retained intron significantly associated with ALS mutation (Luisier et al., 2018; Tyzack 

et al., 2019). Interactions between FUS and SFPQ, and aberrant intron retention of SFPQ is critical 

to mislocalisation of FUS and SFPQ in ALS cytoplasmic accumulation (Luisier et al., 2018; Tyzack 

et al., 2019). 

1.7 Implications of SFPQ in cancer progression 

Although SFPQ is associated in the pathogenesis of several diseases, the primary focus of this study 

is to explore the regulatory targets of SPFQ and the biological processes involved in the SFPQ 

regulatory network in several cancer cell lines. Notably, the SFPQ-regulated mechanisms in cancer 

progression vary in a tissue-specific manner. Below we discuss existing studies regarding the 

carcinogenic implications of aberrant SFPQ function across several tissue types, namely breast, 

colorectal, melanoma, and prostate cancer.  
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1.7.1 Breast cancer  

Mitobe et al demonstrated that SFPQ expression is significantly associated with poor prognosis in 

breast cancer patients (Mitobe et al., 2020). SFPQ is involved in post-transcriptional regulation of 

oestrogen receptor 1 (ESR1) mRNA expression and nuclear transport (Mitobe et al., 2020). Through 

interaction with ESR1, SFPQ expression is significantly associated with oestrogen signaling and 

SFPQ knockdown supressed cell proliferation in oestrogen receptor (ER)-positive MCF7 cells 

(Mitobe et al., 2020). Oestrogen often plays a large role in proliferation and progression of breast 

cancer, as well as metastasis, and defective regulation of the oestrogen signaling pathways worsen 

the progression of ER-positive tumours (C. Zhang et al., 2013).  

As previously mentioned, SFPQ/NONO heterodimers are heavily associated with early stage double-

strand break repair (Salton et al., 2010). Interactions between SFPQ and IGFBP-3, associated with 

PARP-dependent double-strand break repair, in triple-negative breast cancer induce chemoresistance 

(de Silva et al., 2019). Chemoresistance is the ability for cancer cells to evade chemotherapeutic 

treatment and is major obstacle in cancer treatment (Li & Melton, 2012). 

1.7.2 Colorectal cancer 

SFPQ regulates expression of Metastasis associated with lung adenocarcinoma transcript 1 

(MALAT1), a lncRNA widely documented to be overexpressed in multiple cancers including 

cervical, melanoma, prostate, and breast (Dai et al., 2019; Luan et al., 2016; Ou et al., 2019; Xia et 

al., 2018). Decreased expression levels of SFPQ are reported to be essential for the oncogenic role of 

MALAT1, inducing proliferation and migration in colorectal cancer cells (Ji et al., 2014).  

SFPQ has been described as a tumour-suppressor protein, through regulation of the oncogenic activity 

of PTB, where cell proliferation and migration increase in release of PTB from SFPQ/PTB complexes 

(Ji et al., 2014). SFPQ is reported as a downstream effector of miRNA, miR-1296, in colorectal cancer 



 20 

cells (Tao et al., 2018). Despite the tumour suppressive role of miR-1296 in several other cancers via 

targeting and downregulation of oncogenic genes, miR-1296 is overexpressed in colorectal cancer 

tissues and high expression levels are associated with colon cancer recurrence, with potential 

indication of poor prognosis (Bobowicz et al., 2016; Majid et al., 2010; Tao et al., 2018). Tao et al 

demonstrate that miR-1296 is involved in cell proliferation and metastasis in colorectal cancer, 

through directly targeting SFPQ and downregulating its role in tumour suppression (Tao et al., 2018).  

1.7.3 Melanoma  

SFPQ has been associated with oncogenesis in melanoma through interactions with lncRNA, Llme23, 

a transcript with oncogenic properties and exclusively detected in human melanoma cell lines (C.-F. 

Wu et al., 2013). Specific physical binding of recombinant and native SFPQ to Llme23 was 

determined in vitro and in vivo via immunoprecipitation and interestingly, Llme23 was only 

detectable with inclusion of antibodies targeting SFPQ in vivo (C.-F. Wu et al., 2013). Although the 

specific molecular mechanisms surrounding the effect of Llme23 on melanoma malignancy remain 

unannotated, Llme23 knockdown in melanoma cell line, YUSAC, resulted in suppression of 

malignant properties and downregulated expression levels of proto-oncogene, Rab23 (C.-F. Wu et 

al., 2013). 

SFPQ has since been explored as an essential gene for melanoma progression. GapmeR knockdown 

of SFPQ repressed cancer cell phenotypic activities in melanoma cells compared with primary 

melanocytes (Bi et al., 2021). Depletion of SFPQ had an adverse effect on melanoma viable cell 

growth and migratory potential, as well as increased number of cells in late stage apoptosis (Bi et al., 

2021). Bi et al., 2021 also interrogated potential mechanisms by which SFPQ contributes to cancer 

phenotypes in melanoma through analysis of lncRNA interaction partners, LINC00511 and 

LINC01234 (Bi et al., 2021). LINC00511 sponges the miRNA, miR-625-5p, in several cancers and 
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demonstrates glucose consumption in the context of melanoma (Bi et al., 2021; Z. Chen et al., 2019; 

Xue & Zhang, 2020). 

Additionally, in integration of melanoma patient data, SFPQ was shown to be highly expressed in 

metastatic melanoma and increased SFPQ expression negatively correlated with melanoma patient 

survival, suggesting its potential as a prognostic biomarker in melanoma (Bi et al., 2021; Muralidhar 

et al., 2019).  

1.7.4 Prostate cancer  

Takayama et al., 2017 demonstrated that SFPQ is involved in development and progression of 

prostate cancer through regulation of the spliceosome (K. Takayama et al., 2017). The androgen 

signaling pathway is important in in castration-resistant prostate cancer (CRPC) (Q. Wang et al., 

2009). SFPQ was observed in high expression levels within multiple prostate cancer cells, including 

DU145, LNCaP and LTAD (K. Takayama et al., 2017). In androgen receptor (AR)-dependent 

prostate cancer cells, SFPQ was shown to moderate transcriptional mechanisms upon genes 

associated with cell cycle, such as p53 and SMAD3, and post-transcriptionally regulate AR (K.-I. 

Takayama et al., 2013).  

Takayama et al., 2017 also report the involvement of the regulatory role of SFPQ in the spliceosome 

development in the progression of aggressive prostate cancer, with most of the SFPQ-targeted 

spliceosome genes, including U2AF2, DDX23, CHERP, and HNRNPU, upregulated in metastatic 

prostate cancer (K.-I. Takayama et al., 2013).  
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1.7.5 Known interactors of SFPQ in cancer 

As previously mentioned, SFPQ has a great spectrum of interaction partners and it is likely that the 

majority remain unannotated. Here we list several notable interaction partners of SFPQ which are 

already evidenced in potential association with cancer progression through interactions with SFPQ.  

Table 1: A list of several known interactors of SFPQ in association with cancer, noting the tissue context in which 

interaction has been evidenced.  

Interactor Context Notes Reference 

NEAT1 Hepatocellular carcinoma, 

liver cancer, chronic 

myeloid leukaemia  

 (Ru et al., 2018; 

Weidensdorfer et al., 

2009; Zeng et al., 2018) 

MALAT1 Osteosarcoma, colorectal 

cancer, lung 

adenocarcinoma 

Downregulation of 

SFPQ/PTB complex.  

(Fang et al., 2015; L. 

Hu et al., 2018; Ji et al., 

2014) 

TFE3 Renal cell carcinoma Upregulation of 

PI3K/AKT/mTOR 

pathways 

(Damayanti et al., 2018) 

DHX9 Hepatocellular carcinoma  Oncogenic splicing of 

BIN1 

(Z. Hu et al., 2020) 

BRAF Colorectal cancer  (Klotz-Noack et al., 

2020) 

GAPLINC Colorectal cancer Targeting of SNAI2 (Yang et al., 2016) 

SNHG1 Gastric carcinoma  (S. Wang et al., 2021) 
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1.8 Integrative bioinformatics analysis (Meta-analysis) 

In rise of high throughput sequencing (HTS) technologies over the last 2 decades has seen an 

astounding increase in the availability of gene expression quantification data through public 

repositories. For instance, National Center for Biotechnology Information (NCBI) Gene Expression 

Omnibus (GEO) freely stores and distributes high throughput functional genomics data from over 

100,000 studies, including microarray and next generation sequencing analysis (Barrett et al., 2013).   

This development has led to an undoubtable acceleration in studies utilising already existing publicly 

available datasets and proves a revolutionary method for computational and biomedical research. For 

example, Bell et al. (2017) employed meta-analysis upon microarray gene expression data from 

primary and metastatic breast cancer in order to explore potential cancer biomarkers, and identified 

COX2 and RRM2 as markers for metastasis in breast cancer tumours (Bell et al., 2017). Similarly, 

Chen et al. (2014) integrated gene expression data from 13 human lung cancer studies and report 

PTK7 as a highly and specifically expressed genes in lung adenocarcinomas, with potential as a 

therapeutic target (R. Chen et al., 2014).  

Robust bioinformatics analysis begins with method-based data selection, where implementing 

systematic sampling of some sort is beneficial in reducing bias within data collection. Public 

repositories such as, NCBI GEO and ArrayExpress allow for automatic searches using keywords 

(Athar et al., 2019; Barrett et al., 2013). However, manual filtering is necessary to some extent in 

determining inter-study heterogeneity in the diversity of the study, where high levels of technical or 

biological diversity between datasets improves the generalisation of results but has a negative effect 

on statistical power (Jaksik et al., 2015; Waldron & Riester, 2016).  

Many methods of data integration through meta-analysis are proposed, each having contextually 

dependent advantages. For instance, in cases where comparisons are made between data from the 

same platform or condition, effects size combination can be applied. Although, this method relies on 
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effect sizes following normal distribution, where a fixed effect model (FEM) or random effect model 

(REM) can be applied depending on the homogeneity of the data (Hedges, 1982). In the case of gene 

expression analysis, effect size refers to the differential expression between two groups (Toro-

Domínguez et al., 2021).  

Whereas, where comparisons involve datasets generated by different platforms or involve measuring 

different conditions, alternate methods of meta-analysis must be implemented. One example is 

through rank combination, which involves ranking sets of genes based on their fold change (FC) value 

in differential gene expression (DGE) analysis using either rank sum or rank product statistical 

models, depending on the number of studies included. This method reduces the impact of highly 

significant individual P-values on the rest of the data, proving useful for combination of heterogenous 

data or data generated from multiple platforms (Nagy et al., 2019). However, rank combination 

methods are highly sensitive to diversity of gene-specific variance, which can lead to over-optimistic 

P-values and lead to false positive (Breitling & Herzyk, 2005).  

The other major method of meta-analysis for datasets where effect size combinations are unsuitable, 

P-value combination can be utilised. P-value combination consists of integrating P-values from 

multiple individual analyses and collapsing them to produce one P-value per gene. P-value 

combination is useful when combining heterogeneous analyses (Marot et al., 2009). One caveat in P-

value combination is that, in direct comparison of P-values, expression pattern and directionality are 

lost when genes have alternate expression patterns in different analyses (Siangphoe & Archer, 2017). 

One way to bypass this caveat is through only categorising P-values as significant if expression values 

follow complementary FC directions in DEG (Rau et al., 2014).  

An important consideration in data integration and significance testing is the tolerance of type I and 

type II error rates, as this varies depending on the aims of the study. Type I errors, otherwise known 

as false positives, represent cases where the null hypothesis is rejected incorrectly. The method of 

calculating the false discovery rate (FDR), proposed by Benjamini & Hochberg (1995), attempts to 
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control type I errors more closely, by offering control of experiment-wide errors in multiple testing 

(Benjamini & Hochberg, 1995). However, by reducing the likelihood of type I errors we increase 

type II errors (false negatives) to varying degrees.  

1.9 Aims and objectives  

SFPQ has been widely studied regarding its association with disease progression, especially in 

neurodegenerative diseases and cancers, and is portrayed with significant potential as a diagnostic or 

prognostic biomarker in cancer. Research regarding the regulatory role of SFPQ in interactions with 

other transcripts, have propelled in recent years, however the complete scale of the SPFQ regulatory 

network remains unknown.  

In this study, we aim to map the SFPQ regulome exhaustively and identify SFPQ interactions that 

occur at the RNA and DNA level. Through data-mining analysis of GEO and ENCODE, we take 

advantage of publicly available datasets containing SFPQ analysis via multiple experimental 

techniques. Differential gene expression analysis of RNA-seq datasets on cell lines depleted with 

SFPQ and meta-analysis via P-value combination, will allow us to explore genetic interactors with 

altered expression levels in loss of SFPQ function. Additionally, doing so across multiple cancer cell 

lines will reveal genes which are regulated consistently across multiple tissues.  

Integration of immunoprecipitation datasets combined with high throughput sequencing, such as RIP-

seq and ChIP-seq, reveal which of the SFPQ genetic interactors are directly regulated by SFPQ 

through physical binding. Combination of enriched genes in RIP-seq data and genetic interactors 

allow us to identify RNA transcripts which are post-transcriptionally regulated by SFPQ through 

physical interactions. Incorporation of eCLIP and PAR-CLIP datasets allow us to observe specific 

SFPQ binding locations on RNA transcripts, mapping the transcript biotype binding favoured by 

SFPQ interactions. Furthermore, integration of ChIP-seq data will unveil DNA transcripts which are 

transcriptionally regulated by SFPQ. Integration of these experimental techniques will construct a 
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comprehensive annotation of genes at multi-omics level, identifying SFPQ interactors regulated at 

the genetic level, RNA-level through physical binding, and transcriptional regulation through DNA 

binding.  

Gene ontology analysis will allow us to understand the biological processes associated with SFPQ 

interactors, underpinning molecular mechanisms and functions regulated by SFPQ through genetic 

networks, as well as post-transcriptional and transcriptional regulation. By understanding the 

spectrum of biological processes regulated by SFPQ in cancer cell lines, we can dissect the 

mechanistic roles of SFPQ in cancer development and progression.  

Ultimately, the analysis performed throughout this study will construct a novel database, idbSFPQ 

(interaction database of SFPQ). The database will consist of all integrative analysis performed 

throughout this study, including genetic, physical, and transcriptional interactors of SFPQ, and the 

biological processes associated. This study portrays broad potential in future research of SFPQ, 

through identification of novel interactors, as well as classification of the binding locations of known 

interactors.  

2.0 Methods 

Unless specified, statistical analysis and functional programming described was completed utilising 

R (4.0.3-4.1.1) and results were visualised using ggplot2 (Wickham, 2016).  

2.1 Data availability and systematic mining of public repositories  

RISMed R package was utilised to search for dataset titles containing the gene name as a keyword, 

at the National Center for Biotechnology Information (NCBI) PubMed and Gene Expression 

Omnibus (GEO). Corresponding dataset accession IDs were reviewed, and the individual datasets 

were manually curated with annotation of their relevance to our study (See supplementary: S1), based 

on experimental design. Additionally, all available datasets targeting SFPQ at Encyclopedia of DNA 
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Elements (ENCODE) were inspected and reviewed manually alongside PubMed and GEO dataset 

curation. For literature-based text mining, RISMed R package was also used to identify known 

interactors of SFPQ in existing literature. We retrieved NCBI PubMed articles with cooccurring 

instances of SFPQ or aliases in titles and abstracts. Results were compiled into a dataset and annotated 

for relevant evidence of SFPQ interactors. 

2.2 RNA-seq analysis 

For GEO and ENCODE RNA-seq datasets, Trimmomatic was used to filter raw reads, removing the 

adaptors and low-quality reads (q < 20) (Bolger, Lohse and Usadel, 2014). Processed reads were 

aligned to the human reference genome GRCh38/hg38 assembly using HISAT (v2.1.0) with default 

settings (Pertea et al., 2016). Expression counts across genomic features were generated using HTSeq 

(v0.11.1) on human GRCh38 reference annotation (GENCODE release 32) (Anders, Pyl and Huber, 

2015).  

We used the R package, edgeR, for differential gene expression (DGE) analysis between two groups 

of expression counts, based on the negative binomial distribution (Robinson, McCarthy and Smyth, 

2010). EdgeR assumes that variance of gene counts depends on the negative binomial and the quasi-

likelihood dispersion parameters (Ren and Kuan, 2020).  

Prior to DGE analysis, raw expression counts were normalised for counts per million (CPM) using 

the trimmed mean of M values (TMM) method (Robinson & Oshlack, 2010). CPM of genes were 

filtered to remove genes with low expression using the edgeR function, edgeR::FilterByExpr, 

by which genes with an expression count of  <10 in x samples per group, where x is equal to the 

number of samples in the group with the fewest samples, are removed (Robinson et al., 2010). Filtered 

data were treated with one of two statistical analysis methods in order to complete differential 

expression comparisons between groups of expression counts. In datasets containing comparison 

between genes in only one cell line, the exact test was used to compare between two groups of 

expression counts i.e. control and SFPQ-kd.  
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In cases where datasets contained biological replicates, DGE analysis was performed by fitting the 

Generalised Linear Model (GLM) for analysis by quasi-likelihood F-test in order to account for 

covariate factors, where cell lines were grouped as factors (Lund et al., 2012). In both cases, resultant 

tables consist of computed P-values, FDR adjusted P-values, and comparative Log2 fold change 

(logFC) (See supplementary: S3). Fold change (FC) is expressed as logFC to allow for clear 

comparison where results are symmetrically expressed and zero centralised, where positive and 

negative values with a change greater than 0.2 are defined as ‘upregulated’ and ‘downregulated’, 

respectively. In our analysis, we were interested in a large-scale observation of statistically significant 

DEG, where FC thresholds were used with low stringency to define the direction of change in 

expression and a large number of DEG are removed in downstream integration of other data i.e. RIP-

seq, eCLIP, PARCLIP and ChIP-seq.  

DGE analysis workflow was compiled into a reusable R function, idbSFPQ::deEdgeR, where 

statistical thresholds can be altered as necessary.  

2.3 Gene ontology analysis 

We used gene ontology to assesses the biological pathways associated with SFPQ interactors. Gene 

ontology (GO) analysis utilises evidence-based networks to describe the biological roles of listed 

genes (Ashburner et al., 2000). We programmed the function, clusterProfiler_OR, utilising 

the R package clusterProfiler and human Bioconductor annotation database (org.Hs.eg.db) to reveal 

the functional pathways associated with gene lists (Yu et al., 2012). ClusterProfiler uses the over-

representation (OR) test to identify enriched Gene Ontology (GO) terms of input genes. OR tests use 

statistical modelling to analyse whether specific functional pathways are OR within an experimentally 

derived gene list.  

GO terms are defined by the GO Consortium, with biological processes relating to the specific 

biological objective enriched by a gene product and molecular function denoting the associated 

biochemical activity (Ashburner et al., 2000). Returned ontology terms from OR tests were 
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considered significant with q < 0.1. GO terms are organised with acyclic structure of hierarchical 

parent-child terms, and therefore parent terms may be enriched because a child-term is significantly 

over-represented (T. Wu et al., 2021). Thus, significant terms were then filtered for redundancies by 

semantic similarities (Wang et al., 2007). In cases where we observed GO analysis of multiple gene 

lists, clusterProfiler function clusterProfiler::compareCluster was used to analyse and 

compare ontologies. Results were visualised using integration of R package enrichplot, via dotplots, 

cnetplots, and emapplots.  

2.4 Peak analysis  

In order to uncover the binding locations from publicly available immunoprecipitation datasets, pre-

processed peaks were analysed using the R package ChIPseeker (Yu, Wang and He, 2015) and UCSC 

annotation packages (TxDb.Hsapiens.UCSC.hg38.knownGene ; org.Hs.eg.db). For datasets 

containing peaks aligned to a reference genome other than hg38, called peaks were lifted over to hg38 

alignment using the R package, rtracklayer with the liftOver function (T. Wu et al., 2021). 

Annotative analysis relied on the input of browser extensible data (BED) files containing an annotated 

chromosome and genomic coordinates containing start and end nucleotides of peak sites. For datasets 

where significant peaks were not defined, additional parameters were utilised in downstream analysis 

including experiment-specific signal values, and statistical parameters including p and q values. 

Genomic coordinates of peak sites were annotated for overlapping genes (Ensembl ID, Entrez ID and 

HGNC symbol) and transcripts and categorised genomic features (intron, exon, 3’ UTR, 5’ UTR, 

promoter (< 1kb proximity), intergenic, distal intergenic) using the R package, ChIPseeker. For each 

genomic coordinate, set sizes were calculated and visualised via upset plot using the R package, 

UpSetR (Conway et al., 2017).  
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2.5 Downstream analysis to annotate SFPQ-RNA binding locations 

2.5.1 eCLIP analysis 

SFPQ interactions assessed by eCLIP were obtained from ENCODE in narrowPeak BED format. 

eCLIP assays are used to identify the binding sites of RNA-binding proteins (RBP). The inclusion of 

barcoded single-stranded DNA adaptors allows for reduced amplification bias at single-nucleotide 

resolution, with increased efficiency and specificity compared with regular CLIP experiments by 

modified preparation protocol (Van Nostrand et al., 2016). ENCODE eCLIP datasets were collected 

for analysis and pre-processed genomic coordinates of significant peaks (q < 0.05) were annotated 

using peak analysis (as described, 2.5).   

2.5.2 PAR-CLIP analysis  

SFPQ interactions assessed by PAR-CLIP were obtained from GEO in BED format. Photoactivatable 

Ribonucleoside-enhanced Cross-Linking and Immunoprecipitation (PAR-CLIP) is another derivative 

of CLIP methodology useful for identifying binding sites of RBP. PAR-CLIP experimental approach 

consists of incorporating RNA transcripts with photoactivatable ribonucleoside, commonly 4-

thiouridine (4SU), by which binding sites can be identified through characteristic T>C mutations 

during reverse transcription, allowing for high accuracy results with low background signal (Danan, 

Manickavel and Hafner, 2016). Pre-processed GEO PAR-CLIP datasets were analysed where 

significant peaks (PARalyzer score > 0.5). PARalyzer score is an output parameter from analysis via 

the PARalyzer tool where T>C mutations are exploited in order to produce a value determining the 

binding status of RBP upon transcripts (Corcoran et al., 2011). Significant peaks were annotated using 

peak analysis (as described, 2.5). For the integration of PAR-CLIP datasets, each analysis was 

labelled and combined into a single dataset.  
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2.6 Downstream ChIP-seq analysis to annotate SFPQ-DNA binding 

locations 

Chromatin Immunoprecipitation (ChIP), combined with high throughput sequencing methods, is a 

useful technique in identifying target DNA binding sites for proteins (Blecher-Gonen et al., 2013). 

Succinctly, DNA-protein complexes are induced through in vivo treatment with formaldehyde before 

Immunoprecipitation with antibodies specific to the DNA-binding protein. Sequencing allows for the 

identification of targets pulled down in DNA-protein complexes. First, we filtered pre-called ChIP-

seq peaks for significant peaks (p < 0.05). Significant peaks were then annotated via peak analysis 

(as described, 2.5). Following peak analysis, ChIP-seq datasets were tagged with a unique dataset 

label and combined into a single dataset.  

2.7 Identification of epigenetic mechanisms underlying SFPQ 

interactions 

We reasoned analysis of SFPQ epigenetic mechanisms due to previous evidence of SFPQ 

involvement in transcriptional regulation (C.-F. Wu et al., 2013). Epigenetic analysis and 

comparisons in HepG2 cells were performed using histone datasets at ENCODE. Histone 3 tri-

methylation of lysine 3 (H3K4me3) (ENCSR575RRX) and lysine 27 (H3K27me3) 

(ENCSR000AOL), histone 3 mono-methylation of lysine 3 (H3K4me1) (ECNCSR000APV), and 

histone 3 acetylation of lysine 27 (H3K27ac) (ENCSR000AMO) ChIP-seq datasets were downloaded 

from ENCODE and compiled into a single BED file annotated by histone modification mark. Active 

promoters were defined in peaks that overlap H3K4me3 and lack H3K4me1 (Bae & Lesch, 2020; 

Barski et al., 2007). Peaks overlapping H3K27me3 mark regions of transcriptional repression (Barski 

et al., 2007). Peaks overlapping both H3K4me1 and H3K27ac mark enhancers, whereas enrichment 

of repressive mark, H3k27me3, in place of H3K27ac denotes poised enhancers (Heintzman et al., 

2007; Zentner et al., 2011). Poised enhancers are described as distal regulatory elements with absent 
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histone acetylation, and are therefore not transcribed but can be rapidly activated upon cellular 

differentiation (Creyghton et al., 2010). 

First, SFPQ ChIP-seq datasets were filtered for peaks generated from HepG2 datasets, constructing 

a BED file which only contained analysed SFPQ-DNA interactions in HepG2 cells. Next, we 

compressed ENCODE ChIP-seq histone modification datasets into a single BED file, labelled by their 

respective histone mark. We used Bedtools (v2.28.0) intersect function to pull down SFPQ 

ChIP-seq peaks which overlap with histone mark peaks. Based on combinations of overlapping 

histone mark peaks, SFPQ ChIP-seq peaks were categorised based on combinatorial histone 

modifications into regions of active promoters, enhancers, poised enhancers, and repressors. 

2.8 Data integration  

For integration of RNA-seq DGE results we programmed the R function, DGEintegrateR. 

DGEintegrateR uses base R functions to load DGE results i.e., Gene ID, P-value and logFC, 

collapsing them into a single R dataframe, using Ensemble ID as a gene identifier. RNA-seq datasets 

were integrated based on P-value and logFC, where genes were categorised twice per dataset. The 

first categorisation classified gene-wise significance in individual studies where genes tested 

significant with FDR<0.1. Second, genes were categorised based on the direction in which they were 

Differentially expressed (DE), with a logFC threshold of 0.2 i.e. upregulated with logFC>0.2 and 

downregulated with -0.2>logFC.  

Genetic interactors were then characterised as genes which test significant (FDR<0.1) and are DE in 

the same direction in two or more datasets. For genetic analysis, the means that genes must be 

significantly DE in the same direction in 40% of SFPQ-kd RNA-seq datasets. Our justification for 

this relaxed threshold is to account for the large interstudy differences in sample size due to dataset-

specific variability. This level of stringency dampens the rise of type I errors, where genes may be 

discarded due to a lack of coverage across datasets. Whereas many false positives will be filtered out 

as we begin to integrate multi-omics analysis as previously mentioned.  
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Identification of genetic interactors in HepG2 involved selecting genes which were significantly 

differentially expressed in either of the HepG2 SFPQ-kd RNA-seq datasets. In rare cases where 

regulatory direction differed between HepG2 datasets (2.7%), the consensus direction from complete 

integration was selected.  

This methodology was slightly altered for RIP-seq analysis where downregulated genes were 

discarded, and genes were characterised as enriched if significantly upregulated in two or more 

datasets  

In order to integrate peaks datasets, significant peaks were compiled in a row-wise manner into a 

single dataset per technique.  

2.9 idbSFPQ: Database and R package  

All results from this study, including analysis of SFPQ-kd RNA-seq, RIP-seq, eCLIP, PAR-CLIP, 

and ChIP-seq data were compiled into the database, idbSFPQ, and stored in a GitHub repository. In 

addition, to base analysis of interactors at each omics level, results from GO analysis are also available 

in idbSFPQ. In doing so, idbSFPQ can be mined for information regarding SFPQ interactions for 

applications in further study. For example, idbSFPQ can be used to mine information of novel 

interactors of SFPQ to inspire validation of interactions in vivo.  

In addition to acting as a mineable database, idbSFPQ is a loadable R package which contains 

functions programmed for analysis workflow throughout this project, including deEdgeR (as 

described, 2.2), clusterProfiler_OR (as described 2.3) and DGEintegrateR (as described 2.9). This 

means that functions loaded from idbSFPQ can be used in contexts outside the SFPQ interactome and 

can be applied in investigating the regulatory network of other genes.  

3.0 Results 

Previous studies have shown that SFPQ regulates a range of biological processes through 

transcriptional, physical and genetic interactions at RNA and DNA level (Knott, Bond and Fox, 2016; 
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Iida, Hagiwara and Takeuchi, 2020). However, the complete spectrum and scale of the SFPQ 

regulatory network remains unknown. We aimed to map the SFPQ regulome exhaustively, 

constructing an interaction database of novel interactors for further study. 

In order to map the SFPQ network, we took advantage of publicly available datasets containing high 

throughput sequencing analyses targeting SFPQ, including genetic, physical and transcriptional data 

across multiple tissue cell lines (Figure 2). We began by conducting data mining analysis to curate 

all available datasets containing experiments targeting SFPQ in human cell lines at GEO and 

ENCODE.  

Table 2 

Datasets collected through systematic data mining, including SFPQ-kd RNA-seq, RIP-seq, eCLIP, PAR-

CLIP, and ChIP-seq datasets. Datasets are annotated by dataset UID, experimental technique, cell line 

context, and publication reference.  

Dataset UID Experimental 

technique 

Cell line Notes Reference 

ENCSR782MXN SFPQ-kd RNA-seq HepG2 shRNA (Consortium, 2012) 

ENCSR535YPK SFPQ-kd RNA-seq K562 shRNA (Consortium, 2012) 

GSE157622 SFPQ-kd RNA-seq HepG2 siRNA (Stagsted et al., 2021) 

GSE157622 SFPQ-kd RNA-seq HEK293T siRNA (Stagsted et al., 2021) 

GSE149370 SFPQ-kd RNA-seq CaCo2 shRNA (Klotz-Noack et al., 

2020) 

GSE94243 RIP-seq 22Rv1, 

LTAD, 

LNCaP 

- (Takayama et al., 

2017) 

GSE114394 RIP-seq 22Rv1 - (Takayama et al., 

2017) 

GSE133423 RIP-seq MCF-7 - (Iino et al., 2020) 

ENCSR965DLL eCLIP HepG2 - (Consortium, 2012) 

GSE113349 PAR-CLIP HeLa - (Yamazaki et al., 

2018) 

GSE113349 PAR-CLIP U2OS - (Yamazaki et al., 

2018) 
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ENCSR757HBB ChIP-seq HepG2  - (Consortium, 2012) 

ENCSR258SXK ChIP-seq HepG2 - (Consortium, 2012) 

ENCSR647PJW ChIP-seq K562 - (Consortium, 2012) 

GSE94577 ChIP-seq LTAD - (K. Takayama et al., 

2020) 

 

Datasets were manually filtered for relevance to this study based on experimental techniques, 

distinguishing whether datasets would be useful for initial analysis or validation of results. The initial 

analysis consisted of five RNA-seq datasets with SFPQ-knockdown (SFPQ-kd), three RIP-seq, one 

eCLIP, two PAR-CLIP and four ChIP-seq datasets (Figure 2B, Table 2).    

 

Figure 2:  

Workflow depicting integration of multiple sequencing analysis techniques from numerous publicly 

available datasets to construct interaction database, ‘idbSFPQ’. 
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3.1 Analysis of SFPQ genetic interactors 

Initially, we set out to identify genetic interactors of SFPQ, by performing downstream analysis of 

SFPQ-kd RNA-seq datasets. We define ‘genetic interactors’ as genes with significantly altered 

expression levels under conditions where SFPQ is perturbed genetically. Our database search 

identified five RNA-seq datasets on cell lines depleted with SFPQ across four tissue types, including 

liver (HepG2; ENCSR782MXN, GSE157622), kidney (HEK293T; GSE157622), colon (CaCo2; 

GSE149370), and chronic myelogenous leukaemia (CML) (K562; ENCSR535YPK) (Figure 2).  

 

 

Figure 3:  Number of datasets collected per analysis technique. 
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of SFPQ. In this instance, where each SFPQ-kd dataset only contains analysis for one cell line, gene-

wise exact tests were performed on negative binomially distributed expression counts to observe the 

effect of SFPQ depletion on gene expression levels. Differentially expressed genes (DEG) were 

defined as genes with False discovery rate (FDR) < 0.1 and Log fold change (LogFC) > 0.2 within 

each dataset. 

 

Table 3: Total genes within each SFPQ-kd dataset following normalisation and filtering in RNA-seq 

analysis. DEG expressed as a percentage of total genes in corresponding dataset. Further categorisation of 

total upregulated and downregulated DEG and the percentage proportion they occupy within the DEG of 

that dataset. 

Dataset Cell line Total 
genes 

DEG Upregulated Downregulated 

ENCSR782MXN HepG2 14, 573 3, 861 
(26.5%) 

1, 976 (51.2%) 1, 885 (48.8%) 

GSE157622 HepG2 18, 693 5, 002 
(26.8%) 

3, 119 (62.4%) 1, 883 (37.6%) 

GSE157622 HEK293T 18, 538 6, 193 
(33.4%) 

3, 116 (50.3%) 3, 077 (49.7%) 

GSE149370 CaCo2 19, 301 2,163 
(11.2%) 

1, 118 (51.7%) 1, 045 (48.3%) 

ENCSR535YPK K562 14, 682 5, 534 
(37.7%) 

2, 812 (50.8%) 2, 722 (49.2%) 

 

More than 2000 DEG were identified in each cell line, with variation of absolute values between 

datasets. The number of DEG within each dataset ranged from 2,163 (CaCo2) and 6,193 (HEK293T). 

Generally, the percentage of DEG in the total genes per filtered dataset was close to 30% with the 

exception of CaCo2 which was much lower than the other datasets (11.2%), despite having the largest 

total genes. Additionally, the proportion of upregulated DEG compared with downregulated DEG 

were mostly even, excluding HEK293T which contained almost 25% more upregulated genes than 

downregulated. In all datasets, although contrasts were often minor, more genes were upregulated 

than downregulated in depleting of SFPQ (Table 3). 
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3.2 Integration of genes with altered expression under knockdown levels 

of SFPQ 

With aims of mapping the SFPQ regulatory network in a comprehensive manner, we were interested 

in DEG consistently altered in multiple experiments across multiple tissues. Therefore, we identified 

DEG which overlap between datasets. First, many observed genes are altered in a dataset-specific 

way as a large amount of the total DEG are only altered in a single dataset. However, when we observe 

the individual proportion of DEG, we find that on average, over 58% of the DEG in each dataset are 

DE in at least one other dataset (Figure 4, Table 3). 

 

Figure 4 

Venn diagram of overlapping DEG between each SFPQ-knockdown RNA-seq dataset (left). Percentages of 

genes which are significantly DE in a given number of datasets (right). 

 

Amongst the total genes observed in genetic analysis, 44.9% of genes were not DE in any of the 
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two datasets. 4.9% of total genes were DE in three datasets, 1% were DE in four datasets, and a total 

of 35 genes (0.1%) were DE in all five genetic analysis datasets. (Figure 4). 

In full integration of SFPQ genetic interaction datasets, genes were further categorised based on the 

direction in which gene expression was altered under reduced SFPQ expression levels. Genetic 

interactors were only selected from DEG if significantly DE in the same direction in at least two of 

the five genetic datasets (as described 2.8). With depleted levels of SFPQ, 2458 genes were 

upregulated and 1973 downregulated.  

 

Figure 5 

Heatmap displaying regulatory direction of a selection of genes across genetic analysis datasets, were 

positive LogFC represents genes that are upregulated with depleted levels of SFPQ (left). Number of 

significant DEG representing different genetic biotypes (right). 

 

By constructing a heat map, based on fold change of DEG which test significance in three or more 

datasets, we were able to confirm that, in addition to DEG being shared amongst datasets, they are 
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regulated in opposite when compared between datasets e.g., upregulated in two RNA-seq datasets, 

whilst also downregulated in two other datasets. These genes include protein-coding genes CDK18, 

QSOX1, DEPP1. However, DEG with contrasting regulatory directions only occupy 0.4% of the total 

DEG, whereas the majority are distinctly regulated in a common direction between datasets. 

Next, we explored the gene biotypes that SFPQ interacts with at the genetic level, utilising the R 

package, biomaRt and Ensembl database server. The majority of SFPQ genetic interactors are protein-

coding genes (86.4%), with fewer non-coding RNA (13.6%), including lncRNA transcripts (8.9%) 

and pseudogenes (3.7%) (Figure 6). 

3.3 SFPQ is associated with a large range of biological processes 

To investigate the biological processes regulated by SFPQ, we applied gene ontology (GO) analysis 

on DEG (defined in 2.3) of SFPQ. We observe that SFPQ regulates a large range of biological 

processes, involving ontologies associated with localisation of organelles, cellular response to stress 

signals, and metabolic processes. Interestingly, many of the ontologies are already evidenced to be 

associated with SFPQ, including transcription regulation of neuron projection development. (Figure 

6, red text). SFPQ regulates many developmental processes, specifically, a large proportion of the top 

15 upregulated ontologies (ranked by FDR) are associated with tissue development (Figure 6). 

There is a clear distinction between biological processes regulated by upregulated and downregulated 

genes, where, excluding regulation of small GTPase mediated signal transduction, ontology terms do 

not seem to be shared between upregulated and downregulated gene clusters (Figure 6). In SFPQ-kd, 

upregulated biological processes are mostly responsible for regulation of developmental processes, 

homeostasis, response to stress signals/ damage stimuli and rhythmic processes, and downregulated 

ontologies majorly regulate metabolic processes, progressions in cell cycle processes, and transport 

of organelles. 
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As well as sub-cellular organisations, depletion of SFPQ appears to upregulate genes involved in 

extracellular arrangement, including cell-substrate adhesion, tissue migration and extracellular matrix 

organisation. Further, SFPQ regulates genes involved in numerous cell-signalling pathways, through 
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Figure 6 

The top 15 ranked GO terms according to adjusted P-Value (FDR), in both upregulated and downregulated 

clusters of DEG. Terms highlighted red are ontologies already associated with SFPQ. DEG, differentially 

expressed genes, FDR, False discovery rate. 
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regulation of hormone receptor, extrinsic apoptotic and semaphorin-plexin signalling pathways. (See 

Supplementary: S4). 

3.4 Investigating SFPQ physical RNA interactors 

Analysis of SFPQ-kd RNA-seq datasets helps us identify genetic interactors but does not indicate 

whether genes are being regulated directly or indirectly. To address this, we investigated transcripts 

that physically associate with SFPQ. Assessment of physical interactors began with downstream 

analysis of RIP-seq data targeting SFPQ in multiple tissue cell lines, which provides a global 

understanding of SFPQ-RNA interaction. Prostate cancer (22Rv1, LTAD, LNCaP; GSE94243, 

GSE114394) and breast cancer (MCF-7; GSE133423) datasets were analysed via full RNA-seq 

analysis to generate gene-wise expression counts and DEG (as described, 2.2) (Table 2). For the 

integration of RIP-seq analysis, SFPQ physical interactors from RIP-seq data were deemed significant 

if they were significantly enriched (FDR < 0.1, LogFC > 0.2) in at least two of the three datasets. 

Following full integration of RIP-seq analysis datasets, we identified 3331 genes which form protein-

RNA complexes with SFPQ. 

 

 

Figure 7  

Venn diagram distributing overlapping genes in integration of RIP-seq datasets (left). Number of genetic 

biotypes physically binding SFPQ from RIP-seq analysis integration 
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Consistent with the distribution of genetic interactors, the most common physical interactors of SFPQ 

are protein-coding genes (93.8%), with a lower frequency of non-coding genes, with the majority of 

non-coding genes classifying as lncRNA (4.1%) and pseudogenes (1.8%) (Figure 7). 

3.5 Identification of SFPQ-RNA binding sites 

A disadvantage of RIP analysis is that it pulls down whole transcripts, without indicating specific 

SFPQ-transcript binding regions. To discover SFPQ physical interaction sites, we took advantage of 

enhanced cross-linking (eCLIP) and photoactivatable-ribonucleoside-enhanced cross-linking (PAR-

CLIP) immunoprecipitation datasets. We analysed three datasets (Figure 2) including SFPQ eCLIP 

in liver cancer cells (HepG2; ENCSR965DLL), and SFPQ PAR-CLIP in cervical cancer (HeLa; 

GSE113349) and osteosarcoma epithelial (U2OS; GSE113349) cells.  

Pre-processed signal peaks (eCLIP: P-value < 0.05 or PAR-CLIP: PARalyzer score > 0.5) were 

annotated, using the R package, ChIPseeker, and UCSC annotation databases, to identify overlapping 

genes and further annotate transcripts, exons, and biotypes (promoter < 1kd, intron, exon, 5’ UTR, 3’ 

UTR, etc.) 
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In eCLIP analysis, most SFPQ-RNA binding regions overlap introns, with a considerable number of 

peaks binding proximal to promoters (Figure 8). Similarly, SFPQ-RNA interactions in PAR-CLIP 

analysis occur majorly at introns, alongside some binding near promoter regions (See Supplementary: 

S6). In the majority of cases, RNA interactions do not occur at 5’ UTR and 3’ UTR regions, 

simultaneously. In cases where SFPQ-RNA interactions overlap both 5’ UTR and 3’ UTR, SFPQ 

lacks bias in binding specific biotypes, and appears to bind many regions across target transcripts. 

3.6 Integrative analysis of SFPQ physical interactors 

Under the assumption that integrating datasets from multiple experimental analyses will enhance the 

robustness of our interaction network, we combined transcript-level resolution RIP datasets with 

nucleotide-resolution methods (eCLIP and PAR-CLIP). Significant interactors from RIP-seq datasets 

(as described previously) were extracted and overlapped with genes containing at least one significant 

peak (see methods) in eCLIP and PAR-CLIP datasets. We identified 892 genes that significantly 

Figure 7 

Upset plot distributing gene biotypes of SFPQ eCLIP interactions. 
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interact with SFPQ across the three analysis methods. Ontology analysis of these genes revealed 

significant enrichment of cell morphological processes, including positive regulation of cell 

projection organisation and regulation of cell morphogenesis (Figure 9).  

 

Figure 8 

Venn diagram of overlapping significant SFPQ interactors in physical analysis data (left). Top 25 gene 

ontology terms implicated by integrated physical interactors of SFPQ, ranked by FDR. Blue terms are 

ontologies consistent with GO analysis in genetic interactors (right). 

 

The remaining terms among the top 25 ontologies include a broad range of processes such as 

involvement in physiological rhythmic processes, epigenetic modifications, growth factor/ hormone 

response and Wnt signalling. As one might expect, several ontologies are shared with those associated 

with genetic interactors (Figure 6), namely regulation of GTPase activity, response to peptide 

hormones and dendrite development (Figure 9). 
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3.7 Investigating SFPQ transcriptional interactors 

In the third level of multi-omics analysis, we sought to identify genes that interact with SFPQ at DNA 

level, integrating genes regulated at the transcriptional level into the interaction network. To explore 

SFPQ-DNA interactions, we interrogated Chromatin immunoprecipitation sequencing (ChIP-seq) 

datasets. We explored DNA-binding of SFPQ in three tissues, including liver cells (HepG2; 

ENCSR757HBB, ENCSR258SXK), CML (K562; ENCSR647PJW) and prostate cells (LTAD; 

GSE94577). To identify interactors pulled down in ChIP-seq datasets, pre-processed signal peaks 

were analysed using the R package ChIPseeker (as previously described), by which binding regions 

are assessed for overlapping genes. Through further annotation of overlapping transcripts and exons, 

with characterisation of biotypes, it is evident that SFPQ binds regions overlapping introns (Figure 

10). 

 

Figure 9 

UpSet plot distributing the biotypes overlapped by SFPQ interaction sites from ChIP-seq experiments. 
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However, in comparison with eCLIP analysis of SFPQ, ChIP-seq results imply copious binding sites 

overlapping other transcript biotypes. Also, in contrast to RNA interactors, there are a great number 

of occasions where SFPQ binds intergenic and distal-intergenic regions. There is a general 

contradiction between interaction sites overlapping 5’ UTR and 3’ UTR on the same gene, and in the 

cases where 5’ UTR and 3’ UTR are overlapped simultaneously, SFPQ also binds a wide array of 

other transcript biotypes. The most common case of genic binding at the DNA level contains 

interaction regions which overlap intronic, promoter, exonic and 5’ UTR regions.   

 

3.8 SFPQ status as transcriptional activator/ repressor 

In attempt to estimate the mechanisms by which SFPQ regulates genes at the transcriptional level, 

we explored the genes which interaction locations overlapping promoter regions in ChIP-seq data, 

which are also DE under SFPQ-kd conditions (709 genes). We then categorised these genes based on 

whether they were upregulated or downregulated following depletion of SFPQ, assuming that if 

SFPQ interacts, with the promoter of a gene which is upregulated in SFPQ-kd, it is likely that SFPQ 

regulates that gene by acting as a transcriptional repressor, It is clear that of the 709 genes analysed, 

a large amount of these are regulated via transcriptional repression (511), whereas a smaller number 

of genes appear to be transcriptionally activated by SFPQ binding (198) (Figure 11). 

Repressor

Activator

511

198

Figure 10 

Proportion of genes which interact with promoters in ChIP-seq data and are downregulated in SFPQ-kd 

(SFPQ acts as a transcriptional activator) and upregulated in SFPQ-kd (SFPQ acts as a transcriptional 

repressor). 
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3.9 Discovery of the SFPQ-DNA regulatory network 

After identifying genes which SFPQ bind at the DNA level, we compared results with genetic 

interactors to explore which genes are regulated by transcription. Data across the full study was 

integrated in order to subset genes which were DE in SFPQ-kd and interactors in ChIP-seq data but 

are not physical interactors of SFPQ at the RNA level. We identified 876 genes which SFPQ interacts 

with exclusively at the DNA level. To observe the biological processes controlled by SFPQ via 

transcriptional regulation, GO analysis was performed on this subset (Figure 12). 

 

Figure 11 

Biological processes enriched by genes DE in SFPQ-kd and which SFPQ binds at DNA level. 
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Despite the genetic and transcriptional interactors being predominantly upregulated in SFPQ-kd (538 

upregulated; 226 downregulated), there are only four associated ontologies, whereas previous GO 

analysis of SFPQ generated a large range of ontologies associated with both upregulated and 

downregulated genes. The ontologies that are upregulated in SFPQ-kd include connective tissue 

development, phospholipid/ glycerophospholipid metabolic processes, and the extrinsic apoptotic 

signalling pathway. Interestingly, many SFPQ-DNA interactors are associated with processes 

involving the endoplasmic reticulum (ER), primarily through response to unfolded proteins and stress 

signals. 

3.10 Analysis of SFPQ-regulated biological processes in HepG2 

There was only one cell line that was consistently integrated throughout each level of omics analysis, 

HepG2, consisting of two SPFQ-kd RNA-seq datasets (ENCSR782MXN, GSE157622), one eCLIP 

dataset (ENCSR965DLL) and two ChIP-seq datasets (ENCSR757HBB, ENCSR258SXK). 

ENCODE phase III repository contained eCLIP analysis of RBP in HepG2 and K562, however as far 

as we are aware, eCLIP data targeting SFPQ in K562 cells is unavailable, otherwise this level of 

analysis would also be possible for K562-specfic SFPQ analysis (Van Nostrand et al., 2020).  

First, in selection of SFPQ genetic interactors in HepG2 cells we took the union of significant DEG, 

where genes were characterised as SFPQ genetic interactors if they were DE in at least one of the two 

HepG2 RNA-seq datasets, defining 3727 genes as genetic interactors in HepG2 cells. In cases where 

genetic interactors contrasted in regulatory direction with SFPQ depletion (2.7%), genetic interactors 

were categorised as upregulated or downregulated based on the consensus direction from previous 

integration of genetic interactors. SFPQ interactors at post-transcriptional level consist of genetic 

interactors which were enriched in HepG2 eCLIP data. Similarly, transcriptional interactors include 

genetic interactors which were enriched in HepG2 ChIP-seq data.  
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In order to explore the biological processes associated with SFPQ interactors at transcriptional and 

post-transcriptional level, GO analysis was performed. First, there are several ontologies which are 

upregulated in post-transcriptional interactors and upregulated in transcriptional interactors.  

 

Figure 12 

Biological processes of SFPQ interactors, clustered by post-transcriptional interactors (P_T) and 

transcriptional interactors (T).  Transcriptional and post-transcriptional interactors are further clustered 

into a status defining whether they were upregulated or downregulated in SFPQ-kd RNA-seq. Overlapping 

ontologies between upregulated transcriptional and post-transcriptional interactors (green). Overlapping 

ontologies between downregulated transcriptional and post-transcriptional interactors (red). 
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These ontologies include semaphorin-plexin signaling pathway, substrate adhesion-dependent cell 

spreading, fat cell differentiation, cell-substrate adhesion, and positive regulation of cellular catabolic 

processes, although it is notable that post-transcriptional upregulated clustered ontologies have low 

levels of confidence in FDR value (Figure 13). Similarly, there are several ontologies associated with 

genes that are both downregulated in SFPQ interactors at transcriptional and post-transcriptional 

level, including many metabolic processes, and G2/M phase transition in the cell cycle (Figure 13). 

At post-transcriptional level, SFPQ also interacts with genes associated with response to insulin 

stimulus, which are downregulated in depletion of SFPQ. Whereas SFPQ interactors at transcriptional 

level associated with cell and tissue morphogenesis, including gland and endochondral bone, were 

upregulated in SFPQ depletion (Figure 13). Additionally, transcriptionally downregulated genes in 

absence of SFPQ are associated with catabolic processes, and intracellular transport (Figure 13).   

3.11 Epigenetic analysis of SFPQ interactors at transcriptional level in 

HepG2 cells 
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Distributed number of genes which overlap combinations histone mark combinations denoting different 

transcriptional statuses.  



 52 

In order to estimate the modes by which SFPQ regulates genes at the transcriptional level, we 

integrated pre-processed ChIP-seq data containing peaks for genomic DNA methylated and 

acetylated regions, focusing only on HepG2 ChIP-seq peaks which overlap with transcriptional 

histone marks. SFPQ-targeted ChIP-seq data from HepG2 cells were compared with histone 

modification data at ENCODE. Combinatorial histone modifications were annotated in attempt to 

estimate frequency by which SFPQ binds regions of potential active promoters, enhancers, poised 

enhancers, and repressors. Peaks overlapping with H3K4me3 and lack of H3K4me1 mark active 

promoters (Bae & Lesch, 2020; Barski et al., 2007). Peaks which overlap regions annotated enriched 

with H3K27me3 modifications, indicate transcriptional repression (Barski et al., 2007). SFPQ 

appears enriched at DNA regions overlapping active enhancer marks most frequently (35.8%) 

compared with repression marks (29.6%).  SFPQ enriched enhancer and repressor regions more 

frequently than active promoter regions (22.3%) and showed enrichment with histone marks 

implicating poised enhancer regions (12.9%) (Figure 14).  

Figure 14  

Venn diagram displaying overlapping genes between analysis results from each dataset and analysis 

technique. 
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3.12 Complete integrative analysis of SFPQ regulatory network 

To characterise robust interactors of SFPQ across multiple scales of regulatory interaction, we 

integrated results from all levels of analysis to identify genes that are defined significant interactors 

in all observed datasets (SFPQ-kd RNA-seq, RIP-seq, eCLIP, PAR-CLIP, ChIP-seq). We found 245 

genes that matched these criteria and are consistently interacting with SFPQ across multiple cell lines 

(Figure 15). 

 

Figure 15 

Top 25 biological processes (ranked by FDR) associated with interactors at the genetic, physical, and 

transcriptional level. 
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encompassing neurological processes, including neuron/axon ensheathment, myelination and 

dendrite development. Additionally, a notable number of ontologies implicate regulation of processes 

involving the immune response, namely T-helper cell differentiation and activation. 

 

Figure 16 

Network map of top ontologies, with pie charts describing which datasets associate with each ontology. 

Nodes are sized by gene count. 
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enriched across all three layers of analysis, including embryonic development, positive regulation of 

cell cycle, and cell-substrate adhesion. Interestingly, there are several top ontologies which are only 

enriched in SFPQ-kd and RNA physical binding analysis, for instance response to DNA damage 

stimulus, respiratory system/cardiac septum development, and neuron projection guidance. 

 

Figure 17 

Top 5 ontologies (ranked by FDR) associated with interactors at the genetic, physical and transcriptional 

level, indicating the genes involved in each ontology. Nodes are sized by gene count. 

 

We interrogated the genes associated with the top five FDR ranked ontologies enriched across our 

complete analysis (Figure 18). These top five ontologies included Ras protein signal transduction, 

regulation of small GTPase transduction, Positive regulation of dendrite development, and two related 

ontologies involving response to transforming growth factor beta. There are many genes which are 

involved in multiple biological processes, with a great number of genes overlapping between Ras 

protein signal transduction and small GTPase mediated signal transduction. Protein coding gene, 

ARHGEF18, is involved in four out of the top five ontologies. As suspected, many associated genes 
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are shared between the two most related ontologies. Genes involved in regulation of dendrite 

development are not associated with any of the other top ontologies. 

4.0 Discussion 

SFPQ is a multifunctional DBHS protein with a large spectrum of interaction partners both through 

indirect gene regulation, and through physical binding at the RNA and DNA level (Ha et al., 2011; 

Rosonina et al., 2005). In normal function, SFPQ is involved in a broad range of cellular processes 

including DNA damage repair, transcriptional regulation, and alternative splicing (de Silva et al., 

2019; Ha et al., 2011; Kim et al., 2011; Rosonina et al., 2005).  

Aberrant SFPQ is associated with disease aetiology and is known to interact with specific genes such 

as NEAT1 and MALAT1 (Hassan et al., 2019; Imamura et al., 2014; Ji et al., 2014). Additionally, 

SFPQ has been studied regarding its role in neurological pathways, including maintenance of 

neuronal cells through promoting neuronal transcription dendritic transport of RNA and large-scale 

multilateral analysis revealed SFPQ targets in neuronal cells (Furukawa et al., 2015; Iida et al., 2020; 

Kanai et al., 2004). However, as far as we are aware the regulatory role of SFPQ has not yet been 

studied on a large-scale across different cancer types and so we sought to integrate datasets targeting 

SFPQ across various cell lines in order to investigate the scope of SFPQ interactions in various cancer 

types.  

Thus, we aimed to construct an interaction database deciphering the SFPQ-DNA and -RNA regulatory 

network, which could then be utilised to further study SFPQ and its regulatory output in disease 

pathogenesis. We integrated data from SFPQ-kd RNA-seq, RIP-seq, ChIP-seq, eCLIP, and PAR-CLIP 

analysis across multiple cancer tissues including liver, kidney, prostate, breast, and CML. These 

datasets contain information on both known and novel interactors of SFPQ and integrative analysis 

will prove useful for future research, in understanding SFPQ interactions and the mechanisms 
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regulate by SFPQ function. In turn, by understanding the biological processes associated with SFPQ 

interactors, we can explore potential mechanisms by which SFPQ misregulation promotes 

carcinogenesis.  

The SFPQ regulatory network and its implications in disease pathogenesis, according to our analyses 

combined with existing reports, will be discussed in detail below. 

4.1 Genetic interactors of SFPQ  

First, we defined genetic interactors of SFPQ as genes by which expression levels are modified by 

the expression of SFPQ, this definition allows us to capture both direct and indirect interactors of 

SFPQ in order to explore the SFPQ regulatory network on a large scale. We incorporated a meta-

analysis approach, consisting of P-value combination to identify transcripts with significantly altered 

expression levels in RNA-seq datasets where SFPQ was depleted in kidney, liver, CML and colon 

cancer cell lines. Through incorporating meta-analysis into our study, we enhance statistical power 

through increasing sample size from multiple cohorts.  

Prior to integration, each dataset contained over 1000 genes which were only DE in that dataset 

(Figure 4). It is possible that many SFPQ interactions are cell line- or dataset-specific. However, 

following DGE analysis, the HepG2 dataset published by Stagsted et al. (2021) surfaced 1141 more 

significant DE genes than the HepG2 dataset published at ENCODE (ENCSR782MXN), suggesting 

that alongside potential cell line specificities, there are contrasts in DEG between datasets (Table 3). 

We addressed contrasts between datasets by incorporating integrative analysis methods, revealing 

genetic interactors across multiple cell lines and datasets (Figure 2).  

Using GO analysis, we discovered that genetic interactors of SFPQ are involved in a large range of 

biological processes and it is clear that SFPQ is involved in the regulation of a wide array of functions 

(Figure 6). The breadth of processes which SFPQ regulates is unsurprising, as SFPQ and other 
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members of the DBHS family are frequently described as multifunctional proteins (Rhee et al., 2017; 

Shav-Tal & Zipori, 2002). Interestingly, many of these ontologies are already evidenced to be 

associated with SFPQ including sister chromatid segregation, cellular response to DNA damage 

stimulus and regulation of neuron projection development, which were all downregulated in absence 

of SFPQ (Ha et al., 2011; Lowery et al., 2007; Rajesh et al., 2011) (Figure 6).  

Aberrant expression of SFPQ is often associated with disease aetiology and GO analysis of SFPQ-kd 

data reports processes that are misregulated with impaired SFPQ function (Duhoux et al., 2011; Jiang 

et al., 2013; Klotz-Noack et al., 2020). For instance, genes associated with extra-cellular matrix 

organisation and cell-substrate adhesion including the cell surface adhesion protein, ITGA3, are 

upregulated with loss of SFPQ and are often associated with metastatic activity in cancers (Jiao et al., 

2019; Kawataki et al., 2007) (Figure 6). 

Loss of SFPQ also resulted in downregulation of genes involved in G2/M phase transition of the cell 

cycle, inducing cell cycle arrest (Figure 6). Induction of G2 phase cell cycle arrest in the absence of 

SFPQ has been reported by Rajesh et al. (2011) with relation to the vital role of SFPQ in homologous 

repair of double-stranded DNA breaks, which in disturbance, results in progression of cells through 

S phase and accumulation at the G2 phase of the cell cycle (Rajesh et al., 2011). Furthermore, genome 

stability is hindered through downregulation of genes associated with sister chromatid separation, 

where inability for chromatid cohesion impedes processes in repair of radiation-induced double-

stranded breaks (Ström et al., 2007). Inversely, SFPQ depletion also upregulated genes involved in 

positive regulation of cell cycle progression, including TP53 and FOXA1 (Figure 6; See 

Supplementary: S7). Interestingly, we also observed that loss of SFPQ downregulated RAD51ADP1 

and RAD51 paralog, RAD51B. RAD51B depletion is reported to increase sensitivity to DNA 

damage, whilst RAD51 paralogues are also known to trigger the p53 checkpoint response (Kuznetsov 

et al., 2009; P. S. Lee et al., 2014; Rajesh et al., 2011) (Figure 6; See Supplementary: S7). These 
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results combined with our observations suggests that our genetic interaction network captured 

cognate genetic interactions of SFPQ.  

Via DGE analysis of SFPQ-kd RNA-seq, we observed that depleting SFPQ altered expression levels 

of protein coding genes more frequently than other biotypes (Figure 5). A possible explanation would 

be that many of the protein coding genes are being co-regulated via SFPQ-lncRNA interactions, 

which represent a much smaller proportion of the SFPQ genetic interactors. LncRNA manipulate 

gene expression through a range of processes including chromatin modification and transcriptional 

regulation (Colognori et al., 2019; Dueva et al., 2019; Rinn et al., 2007; Stojic et al., 2016). Similarly, 

SFPQ also genetically interacts with a small proportion of pseudogenes. Pseudogenes are reported to 

regulate gene expression through ceRNA networks and are often processed as siRNA (An et al., 2017; 

Chan & Chang, 2014). 

However, the large proportion of protein coding interactors in comparison with non-coding genes is 

likely due to experimental methods in RNA-seq, for instance, SFPQ-kd RNA-seq from ENCODE 

(ENCSR782MXN and ENCSR535YPK) prepared RNA-seq libraries through enrichment of 

polyadenylated mRNA transcripts, and therefore the data only contains transcripts which are 

polyadenylated. Many non-coding RNA transcripts, including miRNAs, snoRNAs, and some 

lncRNAs, are not polyadenylated and have alternative 3’ end processing pathways (Wilusz et al., 

2012). Although it would require greater sequencing depth in experiments, it would be useful to 

generate more SFPQ-kd RNA-seq data by which RNA-seq libraries have been prepared through 

physical rRNA depletion in order to include more information on non-polyadenylated transcripts. 

4.2 SFPQ physical interactors at RNA level 

Although identifying genetic interactors provides a wide investigation of genes affected by SFPQ 

function, it does not tell us whether the genetic networks are indirect or through direct physical 
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interactions. Thus, we analysed RIP-seq analysis datasets targeting SFPQ into our database, in order 

to uncover genes that physically interact with SFPQ at RNA level. As expected, RIP-seq datasets 

showed variation of enriched genes between cell lines and datasets. 

After full integration of RIP-seq datasets we identified 3331 genes that form RNA complexes with 

SFPQ in at least two of the three datasets. 900 of the 3331 enriched genes overlap with SFPQ genetic 

interactors, confirming 900 genes to be directly regulated by SFPQ through physical interactions. Of 

the 900 physical interactors, (interferon regulatory factor 1) IRF1 is shown to physically enrich SFPQ 

in RIP-seq and was upregulated in SFPQ depletion (See Supplementary: S3, S4). A recent study 

supports this observation as SFPQ was reported responsible for the alternative splicing of IRF1, 

producing the isoform IRF1Δ7 in T helper 1 cells and impeding antitumour response (Bernard et al., 

2021). Another known interactor of SFPQ is NEAT1, NEAT1 was enriched through RIP-seq and 

downregulated with depleted levels of SFPQ.   

However, this does not necessarily mean that there are only 900 genetic interactors directly regulated 

by SFPQ. Partial overlap between physical and genetic interactors could be explained by certain 

transcript expression levels only being regulated in specific cancer cell lines, where there are 

dissimilarities in observed cell lines between SFPQ-kd RNA-seq and RIP-seq analysis. SFPQ-kd 

analysis consisted of liver, kidney, erythroleukemia and colorectal cancer cell lines, whereas the RIP-

seq data available consisted of breast cancer and prostate cancer cell lines. Hopefully, with the spiking 

interest of SFPQ, more RIP-seq data targeting SFPQ will become publicly available, by which further 

integration of datasets will make physical analysis more robust. Additionally, certain transcripts may 

interact with SFPQ solely at DNA level, this will be explained in later sub-chapters.  

We found that at RNA level, SFPQ binding favours intronic regions of target genes in both eCLIP 

and PAR-CLIP analysis (Figure 8). Through integration of RNA-seq and CLIP-seq data, SFPQ has 

already been reported to bind long intron containing genes (Iida et al., 2020). It has been evidenced 
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that SFPQ binds long introns in RNA processing through intron retention, where abnormal intron 

retention of SFPQ has been associated with motor neuron differentiation in ALS patients (Luisier et 

al., 2018). RNA interactors showed some binding across RNA regions overlapping 3’ UTR of 

transcripts, SFPQ binding of motifs within 3’ UTR on RNA transcripts has been reported potentially 

necessary for intracellular trafficking, including neurotrophin-dependent axonal localization (Cosker 

et al., 2016) (Figure 8). Alternatively, miRNAs regulate gene expression through binding to 3’ UTR 

of mRNA, therefore it is possible that in 3’ UTR binding of SFPQ, miRNAs are sequestered from 

binding target mRNA (L. Wu et al., 2006).  

We integrated RIP-seq data with nucleotide resolution immunoprecipitation datasets (eCLIP and 

PAR-CLIP) and found significant but partial overlap between the list of genes enriching SFPQ in 

RIP-seq, eCLIP, and PAR-CLIP datasets, where only partial overlap between results of different 

experimental techniques was to be expected. We performed GO analysis on clusters of genes enriched 

in all three analysis techniques in order to assess the biological processes regulated by interactions 

between SFPQ and genes at RNA level (Figure 9).  

At first inspection of GO analysis, there are many top ontology terms which are also associated with 

genetic interactors of SFPQ, such as response to peptide hormone, myeloid cell differentiation, and 

histone modification (Figure 9). SFPQ physical binding of genes associated with cell morphogenesis 

has been shown to regulate neuronal cell projection organisation and axon development (Thomas-

Jinu et al., 2017).   

SFPQ physically binds RNA transcripts involved in processes associated with regulation of a range 

of signaling pathways, including the Fc receptor signaling pathway, the Wnt pathway, and the 

Transforming growth factor (TGF-β). SFPQ physically interacts with 28 genes involved in the Fc 

receptor signaling pathway, the response of a cell-surface receptor of inflammatory immune response 

(Vogelpoel et al., 2015). Interestingly, SFPQ binds genes involved in the Wnt pathway, a cascade 
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closely associated with carcinogenic processes in melanoma and leukaemia, as well as breast and 

gastrointestinal cancers (Biechele et al., 2012; Christie et al., 2013; Khramtsov et al., 2010; Lane et 

al., 2011; Xu et al., 2015). Additionally, SFPQ binds 34 RNA transcripts involved in response to 

Transforming growth factor (TGF)-β, an important response pathway in immune homeostasis, but 

mutations that eliminate the TGF-β pathway aid tumour progression through creating an immune 

suppressive tumour microenvironment. In SFPQ-kd RNA-seq analysis, regulation of the TGF-β 

pathway was upregulated, suggesting that SFPQ may potentially dampen the immune response 

regulated by the TGF-β signaling pathway and enhance tumour progression in cases of high SFPQ 

expression levels (Figure 6).  

Interestingly, genes associated with histone modification and covalent chromatin modification are 

amongst the top ranked physical interactors at RNA level, suggesting the importance of SFPQ in 

regulating post-translation modifications of RNA target transcripts (Figure 9).  

4.3 SFPQ physical interactors at DNA level  

Consistent with RNA physical interactors, SFPQ most frequently binds regions of DNA which 

overlap introns, across analysis of liver, CML, and prostate cancer cell lines via ChIP-seq (Figure 

10). SFPQ physically binds regions of DNA proximal to promoters of genes, with implications of 

potentially high levels of transcriptional regulation through DNA binding (Figure 10). SFPQ has been 

studied regarding its role in transcriptional regulation. In some instances, SFPQ acts as a coactivator 

through promoting the binding of RNA polymerase II to promoter-bound transcriptional activators 

(Emili et al., 2002; Rosonina et al., 2005). Inversely, SFPQ is also involved in transcriptional 

repression through interactions with DNA-binding domains of Nuclear hormone receptors (NHR) 

(Dong et al., 2005, 2007). Through binding multiple biotype regions per gene at DNA level, including 

intronic, promoter, exonic and 5’ UTR regions, it is possible that SFPQ does not have one specific 
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mode of regulation through genes and thereby regulates many genes through various mechanisms of 

regulation (Figure 10). 

We performed epigenetic analysis on SFPQ by comparing ChIP-seq peaks in HepG2 with regions of 

popular epigenetic histone marks, namely H3K4me3, H3K4me1, H3K27ac, and H3K27me3. Of 

active promoters, enhancers, poised enhancers, and repressors, SFPQ binds DNA regions of 

transcriptional enhancers and repression most frequently (Figure 14). SFPQ and NONO directly bind 

to an enhancer region which upregulates transcription of RPL18 (Roepcke et al., 2011). SFPQ has 

been evidenced in transcriptional repression, where SFPQ is reported to induce tumour suppression 

through binding to the promoter of proto-oncogene, Rab23 (C.-F. Wu et al., 2013). It is implicated 

that SFPQ induces transcriptional repression in this way in the context of many other DNA transcripts, 

given the large scale of SFPQ-DNA interactors with binding at ‘repressive’ chromatin marks. These 

observations, combined with existing evidence, suggest a broad role for SFPQ in transcriptional 

regulation. As far as we are aware, ChIP-seq data for H3K27me1 in HepG2 is not available at 

ENCODE, otherwise we could employ additional combinatorial epigenomic conditions and assess 

the extent at which SFPQ acts as a transcriptional activator.   

GO analysis was performed on SFPQ targets enriched at both genetic and DNA level but not at RNA 

level, revealing only four biological processes associated with genes bound by SFPQ at DNA level 

that were upregulated in integrated analysis of SFPQ-kd datasets (Figure 12). These processes include 

connective tissue development, phospho- and glycerophospholipid metabolic processes, and extrinsic 

apoptotic signaling pathways (Figure 12). Enrichment of extrinsic apoptotic signaling pathway is 

consistent with observations in melanoma cell, whereby depletion of SPFQ resulted in significant 

induction of apoptosis (Bi et al., 2021). Similarly, depletion of SFPQ increased apoptosis in 

BRAFV600E mutated colorectal cancer cell (Klotz-Noack et al., 2020). At transcriptional level, many 

SFPQ-DNA targets are associated with processes involving endoplasmic reticulum (ER) and were 

downregulated in SFPQ-d (Figure 12). Frequent ontologies relate to response to ER stress, with 
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implications to the role of SFPQ in transcriptional regulation of protein folding, as well as transport 

to the cytosol.  

Amidst integration of SFPQ interactors at multi-omics level, we integrated results generated only 

from HepG2 cells in pursuit to observe the SFPQ regulatory network in a single cell line across 

genetic, RNA and DNA interactions. Firstly, there are clear overlaps between pathway-associated 

interactors regulated at both transcriptional and post-transcriptional level. In depletion of SFPQ, 

interactors associated with regulation of metabolic processes were upregulated at both transcriptional 

and post-transcriptional level. Hosokawa et al. (2019) demonstrated that loss of SFPQ downregulated 

the expression of a cluster of metabolic pathways (Hosokawa et al., 2019). Many of the GO results 

obtained through analysis of HepG2 are consistent with our previous observations, including post-

transcriptional interaction with genes associated with response to insulin and transcriptional 

regulation of neuronal function, cell morphogenesis and protein folding. It could be argued that high 

presence of HepG2 datasets throughout our analyses could be creating bias, however our observations 

are consistent with existing SFPQ study.  

4.4 Complete integration of the SFPQ regulatory interactome at 

genetic, physical and transcriptional level  

Our aim was to integrate the different omics datasets to construct a compressive and robust analysis 

of the SFPQ interactome. To this end we integrated clusters of genetic, physical and transcriptional 

interactors in order to analyse the biological processes associated with genes overlapping all observed 

SFPQ omics datasets. 

We observed SFPQ interactors associated with the top five ontologies (ranked by FDR) overlapping 

at each level of analysis based on FDR. Strikingly, the top ranked term interrogated genes involved 

in Ras protein signal transduction (Figure 18). Consistently through all levels of analysis, SFPQ 
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enriches 18 genes associated with this pathway, including transcription factor, Ras-responsive 

element-binding protein 1 (RREB1) (See Supplementary: S7). It is reported that RREB1 is a 

downstream effector of the Mitogen-activated protein kinase (MAPK) signaling pathway 

(Thiagalingam et al., 1996). RREB1 has been studied with involvement in many different pathways 

in the development of numerous cancers. RREB1 is overexpressed in prostate cancer, where high 

levels of RREB1 decrease zinc levels, providing a microenvironment for enhanced growth and 

survival of prostate cancer cells (Zou et al., 2011).  

Additionally, through acting as a downstream effector of the MAPK signaling pathway, RREB1 is 

involved in melanoma development through inhibition of several tumour suppressors, including p53, 

p16INK4a and miR-143/145 (Turri-Zanoni et al., 2013). Many of the SFPQ interactors involved in 

Ras signal transduction are also associated with regulation small GTPase mediated signal 

transduction. Small GTPase mediated signal transduction is a broad term and is present in many 

aspects of cell biology; it is likely that a large number of cellular processes regulated by SFPQ involve 

regulation of small GTPase signal transduction (Figure 18).  

Our analyses show recurring enrichment of genes involved in neuronal developmental processes, 

including axon ensheathment and myelination (Figure 16). SFPQ is described with association with 

neurological function including promoting axon viability and neuronal development, therefore it is 

not surprising to discover that SFPQ heavily interacts with genes associated with neurological 

processes consistently across multiple levels of analysis, as well as through multiple cell lines (Cosker 

et al., 2016; Iida et al., 2020; Ishigaki et al., 2017; Luisier et al., 2018; Thomas-Jinu et al., 2017).  

Interestingly, many integrated SFPQ interactors are associated with immune response pathways, 

through differentiation and activation of T-cells (Figure 4B). Each ontology containing T-cell 

associated process appear based upon SFPQ interactions with the gene, RORA, implying the 
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possibility that in this case SFPQ activity in immune response involves regulation of CD4+ T-cell 

response (Haim-Vilmovsky et al., 2020).  

4.5 idbSFPQ R interface  

We created a flexible R interface for querying this database, herein called interaction database of 

SFPQ (idbSFPQ), available at the repository github.com/jcogan1/idbSFPQ. idbSFPQ contains results 

from genetic, physical, and transcriptional interaction analysis of SFPQ, as well as GO analysis at 

each level. Throughout this study, we programmed functions with consideration that analysis could 

be expanded to discovering regulatory networks for other genes. In compiling idbSFPQ functions 

into an R package, we lay the foundations for an analysis workflow to investigate regulatory networks 

for other genes of interest.  

The prospects of this database are broad, but opportunistic. The results are currently stored in a Github 

repository, however there are aims to build a relational database using SQL to allow ease of online 

datamining for users unfamiliar with R. It is in our aims to build an interactive web app using R shiny. 

Shiny allows for the transformation of existing R code into a live application which can provide 

output based on user input with a minimum work.  

4.6 Limitations of this study 

We focused on commonalities amongst datasets in integration of RNA-seq data, in order to maintain 

statistical accuracy in comparison of analyses generated through different platforms. It is important 

to highlight that our genetic interactions network could have expelled important genes in selection of 

overlapping DEG. When selecting genetic interactors based on common genes between datasets, it is 

often the case that important genes can be lost due to genes not being shared between datasets (Bobak 



 67 

et al., 2020). Our relaxed FDR threshold (0.1) reflects this problem, where we compensate for type II 

errors by implementing a tolerance for a large amount of type I errors.  

Notably, our database has been constructed solely using cell line data, and therefore it is possible that 

SFPQ genetic interactions may differ when analysed in vivo. To address this in future study, we could 

utilise experiments which validate novel SFPQ interactions in vivo, such as through RIP targeting 

SPFQ, followed by RNA extraction and RT-PCR analysis, similarly described by Wu et al. (2013) 

(C.-F. Wu et al., 2013).   

Additionally, we explore the changes in gene expression introduced by perturbed levels of SFPQ and 

although this may give indication of SFPQ regulatory interactions, changes in gene expression are 

not always indicative of consequences in cellular activity. For instance, a change in the mRNA 

expression of a protein coding gene does not necessarily determine a change in levels of the 

phosphorylated protein, where phosphorylation indicates an active form of the protein. In further 

study of protein coding genetic interactors of SFPQ, this can be challenged through western blotting 

using antibodies against phosphorylated forms of the protein of interest, thus giving a more detailed 

insight to the downstream consequences of SFPQ regulation.  

By employing a meta-analysis approach to SFPQ investigation, our study directs focus towards 

commonalities of SFPQ interactions across multiple cancer cell lines and through multiple modes of 

analysis. Therefore, it is possible that our study fails to highlight specific perturbations of SFPQ in 

individual cancer types. Moreover, the broad spectrum of SPFQ has been stressed throughout this 

report, and by limiting our attention to only enriched biological functions which overlap across 

several datasets, we potentially overlook important functions which are driving progression in 

individual cancers. Our database contains RNA-seq DGE analysis results prior to integration adj 

therefore data for individual cell lines is mineable, however incorporation of other analyses (ChIP-

seq, PARCLIP, eCLIP) is reliant upon enhanced data availability from future studies.  
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Although we map a large database of SFPQ interactors, many SFPQ interactions occur through 

dynamic structural changes formed by heterodimerisation with other RBP, such as NONO (de Silva 

et al., 2019; Huang et al., 2018; Salton et al., 2010). Although we are able to identify genetic 

interactors of SFPQ heterodimers in SFPQ-kd RNA-seq data, this isn’t the case for genes that aren’t 

present in genetic analysis and it is likely that the ultimate scale of the SFPQ regulatory network is 

even greater than our database suggests, through obligate interactions with other members of the 

DBHS family.  

4.7 Concluding remarks  

In summary, we constructed interaction database, idbSFPQ, depicting the regulatory interactome of 

SFPQ at genetic, RNA, and DNA level, taking advantage of publicly available experimental datasets 

targeting SFPQ in multiple techniques, across multiple cell lines. We also show extensive analysis of 

the biological processes associated with transcripts regulated or enriched by SFPQ, emphasising that 

SFPQ is involved in a wide range of biological pathways. Novel SFPQ interactors discovered by 

integrative analysis offer the opportunity for further study of SFPQ and the mode of SFPQ regulation 

upon specific transcripts of interest.  

Through implementation of meta-analysis, we identified a range of SFPQ interactors at RNA and 

DNA level in a range of cancer cell lines. Although the cost of high throughput sequencing has 

improved greatly, it remains an expensive technique and therefore individual studies often studies are 

often burdened by a low number of replicates, thus by combining multiple studies we were able to 

increase the number of samples observing the knockdown of SFPQ. Additionally, by analysing each 

RNA-seq dataset with consistent normalisation and statistical testing, we enable the comparison of 

individual datasets to observe effects which may be specific to a particular cell line or dataset. 

Ultimately, our database offers an indication of genes regulated by SFPQ, many of which will be 

interesting for further study regarding their functional relationship with SFPQ in cancer.  
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Integrative analysis was limited by the amount of unique cell line coverage and although we offer an 

exhaustive exploration of the SFPQ regulome, we are restricted by data availability. However, 

Interest in SFPQ function has propelled over recent years and as new datasets are published, our 

analysis pipeline will allow us to integrate newly available datasets, strengthening the SFPQ 

interaction database. 

SFPQ is an extensively complex RBP with potential as a prognostic and diagnostic biomarker in 

cancer progression, displaying a colossal range of interactors and enriched biological pathways. It 

will be interesting to develop a greater understanding of SFPQ regulatory mechanisms via further 

study focusing specific target transcripts.  
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Supplementary 

S1 

Results table from data mining analysis. Publicly available datasets were reviewed and inclusion in this study was dependent on 

technique and data types available. Data used in this study are coloured green.  

UID Technique Context Used (T/F) 

200157622 SFPQ-kd RNA-seq HepG2, HEK293T T 

200149371 SFPQ-kd RNA-seq CaCo2 T 

200131539 SFPQ-kd Microarray MDAH F 

200095057 TREND-seq BE(2)-C F 

200113349 PAR-CLIP HeLa, U2OS T 

200114394 RIP-seq  22Rv1 T 

200133423 RIP-seq MCF-7 T 

200100239 SFPQ-kd Microarray LNCaP F 

200094243 RIP-seq 22Rv1, LNCaP, 

LTAD 

T 

ENCSR782MXN SFPQ-kd RNA-seq HepG2 T 

ENCSR535YPK SFPQ-kd RNA-seq K562 T 

ENCSR757HBB ChIP-seq HepG2 T 

ENCSR258SXK ChIP-seq HepG2 T 

ENCSR647PJW ChIP-seq K562 T 

ENCSR965DLL eCLIP HepG2 T 

ENCSR951YCV RNA bind-n-seq Cell-free sample F 
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S2 

 

Volcano plots of individual SFPQ-kd RNA-seq DGE results. Vertical lines represent logFC threshold (0.2) and horizontal lines 

represent FDR threshold (FDR < 0.1). Significantly upregulated genes are coloured green. Significantly downregulated genes are 

coloured red. Non-significant genes coloured black. Top 10 upregulated and downregulated genes are annotated in each dataset.  

S3 

Comma separated variable (CSV) files containing DGE analysis results of individual SFPQ-kd RNA-

seq analysis. ‘gene_id’ contains Ensembl IDs of genes. ‘logFC’ defines logFC where genes with 

positive or negative logFC values are upregulated or downregulated, respectively. Datasets also 

include logCPM, P-Value, and FDR  

Joseph_Cogan_Supplementary/S3 

/ENCSR782MXN.csv ; / GSE157622_hepg2.csv ; /GSE157622_hek293t.csv ; 

/GSE149370.csv ; /ENCSR535YPK.csv 

S4 

CSV file containing list of genetic interactors identified by Ensembl ID (‘gene_id’). ‘genetic’ column 

denotes the regulatory status in SFPQ-kd, where ‘1_sig’ defines significantly upregulated genes, ‘-
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1_sig’ defines significantly downregulated genes, ‘2_sig’ defines genes with significantly altered 

expression but in an uncategorised direction, and any data containing ‘notsig’ is not significant.  

Joseph_Cogan_Supplementary/S4.csv 

S5 

CSV file containing list of RIP-seq interactors identified by Ensembl ID (‘gene_id’). ‘physical’ 

column denotes enrichment status, where ‘1_sig’ defines significantly enriched genes.  

Joseph_Cogan_Supplementary/S5 

S6 

CSV file containing annotated and integrated peak datasets for eCLIP, PAR-CLIP and ChIPseq. 

Dataset contains chromosome name (chr), peak start and end coordinates (start, end), nucleotide 

width of peak (width), dataset label, score, strand, signal value, log10 P-value and log10 q-value (-1 

where unavailable), peak value, gene start, gene end, gene length, gene strand, distance to 

transcription start site (distanceToTSS), entrez id, gene symbol, Ensembl gene ID (gene_id), Ensembl 

transcript ID (transcriptID), biotype annotation, and gene name.  

PAR-CLIP also contains PARalyzer score.  

Joseph_Cogan_Supplementary/S6 

 /eclip.csv ; /parclip.csv ; /chip.csv 

S7 

CSV files containing GO analysis data. Datasets contain cluster, GO ID, ontology description, gene 

ratio, Bg ratio, P-value, FDR (p.adjust), q value and associated genes (geneID). 

Joseph_Cogan_Supplementary/S7 

/GO_genetic.csv ; /GO_physical.csv ; /GO_transcriptional.csv ; /GO_fully_integrated ; 

/GO_hepg2.csv 
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