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Abstract 

Genome-wide association studies have identified >400 signals which are robustly associated 

with type 2 diabetes (T2D) risk, a large proportion of which are involved in pancreatic beta 

cell dysfunction. A major barrier to translational insight however is uncertainty over the 

genes through which they exert their effect. The aim of this thesis was to perform the first 

genome-wide pooled CRISPR screen in human beta cells and use a high-throughput and 

unbiased approach to identify candidate causal genes and novel regulators of human beta 

cell function. 

The cell line EndoC-βH1 is the most authentic cellular model of human beta cells but it is a 

slow growing and technically challenging cell line which has not been established for 

genome editing yet. Before approaching the genome-wide screen, I therefore developed the 

first CRISPR/Cas9 editing pipeline in EndoC-βH1 using a dual sgRNA and lentiviral based 

approach. As demonstrated for six genes, this strategy induced highly efficient genome 

editing resulting in complete protein depletion and functional gene knockout. Distinct 

phenotypes upon comparison with an siRNA-based knockdown strategy highlighted the 

need for complementary validation of individual results to avoid method specific functional 

interpretations.  

After extensive optimisation of all screening parameters, I performed two independent 

genome-wide pooled loss-of-function CRISPR screens for intracellular insulin in EndoC-

βH1 using a FACS based readout. The screen demonstrated an excellent technical 

performance and was able to identify functionally relevant hits as shown through 

identification of known regulators of human beta cell function such as INS, NKX2.2, 

SLC2A2, G6PC2 or GCK, a strong enrichment of T2D, MODY and beta cell pathways and 

protein-protein networks known to play a crucial role in the beta cell. In total, 580 genes 

were classified as having a highly reproducible effect on insulin content. Integration with 

predicted T2D effector genes whose mechanistic role has not been resolved yet, prioritised 

C2CD4B, FADS1 and CALCOCO2 for functional follow-up studies.  

Finally, individual functional validation studies confirmed the phenotypic effects from the 

screen for several genes including for CALCOCO2, where silencing of the gene reduced 

insulin content and secretion in EndoC-βH1, therefore establishing it as a novel regulator of 

beta cell function and potential causal gene at the TTLL6 GWAS locus. Cellular localisation 

studies within primary human islets further confirmed that CALCOCO2 is highly expressed 

across endocrine and exocrine pancreatic cell types. 

Overall, the work presented in this thesis has addressed the outstanding challenge of 

functionally investigating all potential T2D effector genes in human beta cells and has 

generated a valuable resource and numerous hypotheses for future studies. The biological 

insights gained from this work have contributed to a better functional understanding of T2D 

pathogenesis and predisposition and will inform future therapeutic strategies.   
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Introduction 

1 Introduction 

 

Concepts presented in this chapter have been published previously or contributed to the 

following manuscript, which is provided in full in the Appendices. 

Grotz AK, Gloyn AL and Thomsen SK. Prioritising Causal Genes at Type 2 Diabetes Risk 

Loci. Current Diabetes Reports 2017; 17(9): 76 
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1.1 Type 2 Diabetes 

1.1.1 A global pandemic 

Type 2 Diabetes (T2D) affects more than 410 million adults worldwide, having evolved 

from a disease most prevalent in “Western” countries to a common disease in most parts of 

the world (International Diabetes Federation, 2019). According to the International Diabetes 

Federation, 4.2 million people died in 2019 from diabetes and its complications and around 

90% of all diabetes cases can be attributed to people living with T2D. Diabetes related 

annual global expenditures are estimated to rise further from currently 760 billion USD or 

10% of the total health care spending and place a significant economic burden on health care 

systems and individuals (International Diabetes Federation, 2019). T2D can be classified as 

a global pandemic and is expected to be one of the largest global health challenges of the 

21st century. The dramatic increase in T2D prevalence is largely due to a change towards an 

unhealthy western diet and sedentary lifestyle, however, a significant proportion of disease 

risk (30-70%) can also be attributed to someone’s genetic predisposition (Franks, 2012; 

Willemsen et al., 2015; Mahajan et al., 2018a). 

1.1.2 Disease pathogenesis 

T2D is a heterogeneous disorder characterised by prolonged hyperglycaemia from 

underlying defects in glucose homeostasis. Normal glucose homeostasis to maintain steady-

state plasma glucose levels is regulated through a close feedback loop involving 

glucoregulatory hormones such as the key opposing regulators insulin and glucagon as 

described in Figure 1.1 (Cerasi & Luft, 1967; Curry, Bennett, & Grodsky, 1968; Blackard 

& Nelson, 1970; Lins et al., 1983; Freychet et al., 1988). Glucose production in the liver 

during the fasting state is mediated via glucagon (Unger, 1971; Gerich et al., 1974; Lins et 

al., 1983). Glucose absorption into skeletal muscle and adipose tissue after feeding and 
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simultaneous suppression of glucose production is mediated by insulin (Kohn et al., 1996; 

Zisman et al., 2000; Henquin et al., 2015). Insulin and glucagon are both produced within 

the pancreatic islets of Langerhans, in beta and alpha cells, respectively. In addition to alpha 

and beta cells, a small proportion of the islet also consists of delta, gamma cells and epsilon 

cells which secrete the hormones somatostatin, pancreatic polypeptide and ghrelin, 

respectively and negatively regulate insulin and glucagon secretion under different 

conditions to fine-tune glucose homeostasis as shown in Figure 1.1 (Weir et al., 1979; Göpel 

et al., 2000; Broglio et al., 2001; Egido et al., 2002; Hauge-Evans et al., 2009; Aragón et 

al., 2015). Other hormones such as the incretin hormones GLP-1 and GIP from the gut also 

play important roles in maintaining stable glucose levels (Perley & Kipnis, 1967; Nauck et 

al., 1997).  

In T2D, glucose homeostasis is dysfunctional and a downwards spiral involving increased 

insulin resistance and impaired pancreatic beta cell function has developed (Kahn et al., 

1993; Kahn, Cooper, & Del Prato, 2014; Weyer et al., 1999; Stancakova et al., 2009). Insulin 

resistance develops when excess lipids accumulate in insulin-responsive tissues for instance 

during obesity, leading to impaired glucose tolerance. Up to a certain extent, this decreased 

insulin sensitivity can be compensated for by increasing insulin secretion from beta cells to 

prevent the progression to T2D (Weyer et al., 1999; Stancakova et al., 2009). If beta cells 

are incapable of increasing their output due to an underlying defect or progressively 

deteriorate over time due to the increased demand, T2D develops (Butler et al., 2003; Rahier 

et al., 2008). 

Major complications in T2D are due to chronic hyperglycaemia and consequential damage 

to blood vessels. Complications are very are common in T2D with half of all patients having 

macrovascular complications affecting the kidney, the eye and the nervous system and a 
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third having microvascular complications such as cardiovascular disease (Litwak et al., 

2013; Zheng, Ley, & Hu, 2018). 

 

Figure 1.1 - Pancreatic regulation of glucose homeostasis. Simplified schematic depicting how 

the opposing hormones insulin and glucagon maintain balanced glucose levels in the blood within 

4-6 mM. After feeding (red), insulin is released from pancreatic beta cells which promotes glucose 

uptake in adipose and muscle cells and induces increased glycogenesis and decreased 

gluconeogenesis in the liver to reduce blood glucose levels. During times of low blood glucose levels 

(turquoise), glucagon is released from pancreatic alpha cells and promotes glycogenolysis and 

gluconeogenesis in the liver to increase endogenous insulin blood glucose levels (adapted from 

Röder et al., 2016). 
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1.1.3 Current therapeutic approaches are not disease modifying 

Initially, lifestyle interventions including diet and exercise changes, primarily aimed at 

weight reduction are attempted to manage T2D (Marín-Peñalver et al., 2016). Drastic 

weight-loss interventions have shown to be effective in managing T2D by promoting 

sustained disease remission in 46% and significant weight loss in 24% of patients within a 

year (Lean et al., 2019). Even modest but sustained weight-loss can improve glycaemic 

control and delay the progression towards T2D (Khavandi et al., 2013). Nevertheless, 

lifestyle interventions alone are usually unsuccessful in managing T2D long term and 

patients adopt oral and injectable pharmacological regimens to maintain stable blood 

glucose levels. If the patients have no contraindications, Metformin is the first line treatment 

(Campbell, White, & Saulie, 1996; Inzucchi et al., 2015). Metformin controls 

hyperglycaemia through multiple complex modes of actions including but not limited to 

activation of AMP-activated protein kinase (AMPK) in hepatocytes to lower 

gluconeogenesis, increase glucose utilisation and alter the microbiome in the gut (Zhou et 

al., 2001; Rena, Hardie, & Pearson, 2017). The anti-diabetic drug has also prevents the 

development of T2D in people at high risk by increasing the circulating levels of GDF15 

which results in reduced food intake and lower body weight (Coll et al., 2020). Beyond 

Metformin, a wide range of oral and injectable second and third-line pharmacological agents 

have been developed to find the best treatment strategy for a patient’s personal risk and 

disease profile. In addition to mediating glycaemic control, newer treatment regimens such 

as GLP1 receptor agonists (GLP1-RA) and sodium glucose cotransporter 2 (SGLT2) 

inhibitors, which respectively mimic the action of GLP1 and reduce renal reabsorption of 

glucose have also shown to be beneficial for T2D associated comorbidities, which is crucial 

for successful disease management (Scheen, 2015; Wilding, Rajeev, & DeFronzo, 2016; 

American Diabetes Association, 2020a). Large scale clinical trials demonstrated that 
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treatment with both classes of drugs was beneficial in T2D patients with high cardiovascular 

risk and reduced associated hospitalisation and mortality while also better controlling blood 

glucose levels (Scheen, 2015; Marso et al., 2016; Zinman et al., 2018). Eventually, even 

after combinatorial drug treatments have not been successful in managing T2D long term, 

many patients progress to insulin therapy (Centers for Disease Control and Prevention, 

2020). Insulin injections are an effective treatment approach, it is however associated with 

severe risks and side effects such as increased episodes of hypoglycaemia and weight gain. 

All currently available therapies to manage T2D are aimed at treating the arising conditions 

or complications of the disease but are not disease modifying or targeted at the underlying 

pathophysiology. It is therefore crucial to better understand the disease and the functional 

mechanisms underlying T2D to inform drug development and be able to monitor disease 

progression more efficiently through novel biomarkers. Discovering the genetic 

susceptibility to T2D and identifying the causal genes for the disease can help in 

understanding these underlying molecular mechanisms and are therefore critical in guiding 

future T2D therapy and prevention. The resulting personalised or stratified treatments, with 

patients divided into subclasses are predicted to be more effective with fewer side effects 

(Fitipaldi et al., 2018). 
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1.2 The genetic landscape of diabetes 

Diabetes is a group of metabolic disorders traditionally grouped into Type 1 Diabetes (T1D), 

monogenic forms of diabetes and T2D. Due to the heterogeneity of the diseases with varying 

disease characteristics and progression, a definitive classification is often challenging and 

misdiagnosis is common. The primary criteria to classify the type of diabetes is age of onset 

followed by determining distinct disease characteristics such as screening certain genes for 

mutations common in monogenic diabetes or the presence of specific autoantibodies in T1D 

(Hattersley et al., 2018; American Diabetes Association, 2020b).  

T1D is characterised by an autoimmune reaction against pancreatic beta cells, destruction 

by immune cells and subsequent insulin deficiency. Genetic predisposition to T1D has its 

strongest association with the human leukocyte antigen (HLA) region but more than 150 

other regions have been identified so far at genome-wide significance (p < 5x10-8) 

(Cudworth & Woodrow, 1974; Todd et al., 2007; Erlich et al., 2008; Barrett et al., 2009; 

Evangelou et al., 2014; Onengut-Gumuscu et al., 2015; Fortune et al., 2015; Robertson et 

al., 2020). Interestingly, out of the five associations that colocalised between T1D and T2D, 

four demonstrated opposing directions of effect, highlighting individual genetic risk factors 

and the need for distinct therapeutic strategies (Aylward et al., 2018; Inshaw et al., 2020). 

The genetics of monogenic diabetes and T2D are further described in 1.2.1 and 1.2.2, 

respectively. 

Studying human genetics and naturally occurring variation has enormous potential to better 

understand disease pathogenesis, guide therapy development, stratify patients based on 

predicted treatment success and complications, improve disease diagnostics, develop genetic 

risk scores and identify novel biomarkers for better monitoring of disease progression, which 
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is essential in a genetically and clinically heterogenous disease such as T2D (McCarthy, 

2017; Fitipaldi et al., 2018; Chung et al., 2020).  

1.2.1 Monogenic diabetes 

Around 2% of all diabetes cases fall into the category of monogenic diabetes, a disorder 

resulting from mutations in a single gene (International Diabetes Federation, 2019). Most 

cases of monogenic diabetes can be classified as neonatal diabetes mellitus (NDM) or 

maturity-onset diabetes of the young (MODY) and usually present an age of onset less than 

6 months or 25 years, respectively. The majority of genes involved in monogenic diabetes 

have been associated with endocrine pancreas development or function with the most 

common being GCK, HNF1A, HNF4A and HNF1B in MODY and ABCC8 and KCNJ11 in 

NDM (Froguel et al., 1992; Hattersley et al., 1992; Yamagata et al., 1996a, 1996b; 

Horikawa et al., 1997; Gloyn et al., 2004; Proks et al., 2006; Babenko et al., 2006). The 

pathogenic mutations found in MODY and NDM patients are rare, highly penetrant and 

demonstrate a more severe clinical phenotype than variants found in T2D. Monogenic 

diabetes therefore offers the unique opportunity to observe the functional and developmental 

consequences of specific dysfunctional genes in pancreatic beta cells in vivo in humans. The 

functional understanding of genes and pathways leading to monogenic diabetes has also 

been successful in informing targeted drug treatment as seen for sulphonylureas in patients 

with mutations in genes encoding subunits of the KATP channel (Gloyn et al., 2004; Babenko 

et al., 2006; Pearson et al., 2006). Further, pathophysiological insights from monogenic 

diabetes can also be exploited to functionally understand and prioritise risk genes in T2D. 

Around one-third of monogenic genes have so far also been identified as T2D risk genes 

(KCNJ11, ABCC8, GCK, SLC2A2, HNF1A, HNF4A, HNF1B, PDX1, PAX4, NEUROD1, 

WFS1, PPARG) (Fuchsberger et al., 2016). 
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1.2.2 Heritability of T2D 

T2D is a common multifactorial and complex disease which is influenced by environmental 

exposures and epigenetic and genetic risk factors. Environmental exposures play a 

fundamental role in developing T2D and include factors such as a sedentary lifestyle, diet, 

microbiome and early life influences (Franks & McCarthy, 2016). However, current 

heritability estimates for T2D range from 30 – 70% based on population, family and twin 

studies and even though they span a wide range, it clearly highlights the important role of 

genetics in determining disease risk (Poulsen et al., 1999; Meigs, Cupples, & Wilson, 2000; 

Almgren et al., 2011). The lifetime risk of developing T2D is projected to be 40% if one 

parent has T2D and nearly 70% if both parents are affected (Tillil & Kobberling, 1987). 

Twin studies demonstrated a concordance rate of about 70% in monozygotic twins and 20 – 

30% in dizygotic twins (Kaprio et al., 1992). It should be noted that the heritability based 

on family or twin studies might be overestimated due to shared environmental factors such 

as intrauterine and pregnancy related influences. Following this initial endeavour to identify 

the heritability of T2D, studies have now focused on mapping the disease-causing genes and 

pathways. As opposed to monogenic diabetes, T2D is highly polygenic with many variants 

that are only associated with small effect sizes, requiring large studies and initiatives to 

identify genes involved in disease risk. 

1.2.3 Discovering T2D risk genes 

The familial and twin studies clearly demonstrated a strong heritable component for T2D 

which was followed by subsequent small-scale linkage studies, candidate gene approaches 

and large-scale genome-wide association studies (GWAS) to identify genes mediating the 

disease risk.  
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Linkage studies identify regions of the genome that are associated with the disease based on 

coinheritance of certain genes or markers due to their proximity to each other. Successful in 

detecting rare variants with large effects such as in monogenic diseases, they have not 

proven to be effective in complex polygenic disease with many variants with low effect sizes 

such as T2D due to their low resolution (Hanis et al., 1996; Duggirala et al., 1999; Ali, 

2013). The studies only utilise a few hundred markers across the genome and the identified 

linked regions could span up to hundreds of genes without a clear candidate gene. One 

success story coming out of linkage analysis in T2D was the discovery of the susceptibility 

gene TCF7L2, which has since been replicated in many independent studies and remains the 

strongest association with T2D with the greatest odds ratio to date (Duggirala et al., 1999; 

Grant et al., 2006). 

Candidate gene studies focus on targeted sequencing of suspected candidate genes that are 

known to play a role in beta cell function or insulin action. Few genes were identified 

including the reproducible effects in KCNJ11 and PPARG (Altshuler et al., 2000; Gloyn et 

al., 2003). KCNJ11 encodes a subunit of the KATP channel, is crucial in regulating insulin 

secretion in the beta cell and activating mutations are associated with NDM (Gloyn et al., 

2004). PPARG encodes a nuclear receptor and is the target of thiazolidinediones, an insulin 

sensitising T2D medication (Harris & Kletzien, 1994; Altshuler et al., 2000). The associated 

variant harbouring a proline for alanine substitution has been linked to lower BMI, increased 

insulin sensitivity and protection against T2D (Deeb et al., 1998; Altshuler et al., 2000). 

However, candidate gene studies also failed to deliver many replicated susceptibility genes 

for T2D due to their limited sample sizes to detect the now known to be small effect sizes 

of T2D, selection of genes based on limited knowledge and understanding of T2D and low-

throughput and limited technologies at the time (McCarthy & Zeggini, 2009). 
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Technical advances such as novel high-throughput genotyping assays and improved linkage 

or haplotype maps of the genome in combination with investments into large Biobanks such 

as the UK Biobank and ever increasing large sample sizes eventually led to the development 

and successful implementation of large-scale GWAS (Sudlow et al., 2015). In these 

association studies, many single-nucleotide polymorphisms (SNP) are being genotyped 

across the genome, relying on the fact that each SNP can be found in linkage disequilibrium 

(LD) with other SNPs (Gabriel et al., 2002; Slatkin, 2008). It is therefore possible to achieve 

near genome-wide coverage by assaying only 0.5-1 million SNPs that represent individual 

haplotypes (The International HapMap Consortium, 2005, 2007; Li, Li, & Guan, 2008). As 

a result, GWAS allow for an affordable genome-wide interrogation of variants but only by 

identifying an association with the respective haplotype ‘tag SNPs’ and not necessarily with 

the disease-causing variants directly as further described in section 1.3.1 (Johnson et al., 

2001).  

Early GWAS for T2D in a few thousand samples confirmed the principle study design and 

identified several loci such as HHEX and SLC30A8, but it also became clear that larger 

sample sizes are necessary to identify common variants with weaker effects (Frayling et al., 

2007; Sladek et al., 2007; Burton et al., 2007; Scott et al., 2007; Zeggini et al., 2007; Saxena 

et al., 2007). The second wave of GWAS was based on the formation of large consortia, 

meta-analysis and the development of custom genotyping arrays to combine efforts and 

increase sample sizes up to 150 000 individuals (Zeggini et al., 2008; Voight et al., 2010, 

2012; Morris et al., 2012). Trans-ethnic GWAS across populations with different ancestry 

and improved sequencing technologies to perform whole exome or genome studies have 

further expanded the number of discovered T2D loci (Kooner et al., 2011; Lohmueller et 

al., 2013; Moltke et al., 2014; Mahajan et al., 2014; Steinthorsdottir et al., 2014; Ng et al., 

2014; Fuchsberger et al., 2016; Flannick et al., 2019; Spracklen et al., 2020). Since the first 
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GWAS for T2D in 2007, the number of distinct association signals for T2D risk has 

increased to more than 400 (Scott et al., 2017; Mahajan et al., 2018b, 2018a; Spracklen et 

al., 2020; Vujkovic et al., 2020). The most recent association study investigated T2D 

susceptibility in more than 200 000 T2D cases and one million controls with a multi-ancestry 

background resulting in the discovery of 318 loci (Vujkovic et al., 2020). With an ever 

increasing number of loci for T2D predisposition, it also became apparent that the genetic 

landscape of T2D is mostly characterised by a long tail of common variants with ever-

smaller effect sizes (Yang et al., 2015; Fuchsberger et al., 2016). Approximately 20% of 

overall T2D risk can now be explained by common variants, equivalent to half of the total 

estimated heritability (Mahajan et al., 2018a; Barroso & McCarthy, 2019).  

The emerging genetic data are in line with the recently described palette model of T2D risk 

as shown in Figure 1.2 (McCarthy, 2017). Overall T2D susceptibility is dependent on 

genetic and non-genetic factors with an effect on different processes in pancreas, liver, fat, 

muscle and brain tissue. All of those processes including islet function and insulin resistance 

are influenced by some of the identified common variants (Dimas et al., 2014; Mahajan et 

al., 2018b; Udler et al., 2018). The lifetime T2D risk is eventually an aggregation of all 

individual risks from each process or in terms of the palette model, a distinct colour which 

is a mixture of the individual process colours and shades. 
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Figure 1.2 – The palette model for T2D. Someone’s lifetime risk to develop T2D is influenced by 

a variety of processes such as islet function and insulin resistance which are influenced by several 

genetic and non-genetic factors. These processes are indicated by different colours on the left and 

represent the base colour palette of the T2D risk model. Each individual A, B, C, D has a unique 

profile for each process ranging from low to high risk. All processes or colour shades in combination 

make up someone’s distinct overall T2D risk. Some individuals might be strongly influenced by one 

particular process, such as individual A with a major defect in islet development and others might 

have equally increased risk across all processes such as individual C. Taken from: Barroso and 

McCarthy (2019). The genetic basis of metabolic disease. Cell; 177(1): 146-161 

 

1.2.4 The pancreatic islet is central to T2D 

T2D is characterised by a heterogenous multi-organ pathogenesis including the pancreas, 

liver, muscle, adipose tissue and the brain. Nonetheless, many studies have highlighted the 

pancreatic islets as central in mediating T2D susceptibility due to defects in insulin, 

glucagon or somatostatin secretion resulting in abnormal glucose homeostasis (Ingelsson et 

al., 2010; Voight et al., 2010; Dimas et al., 2014; Pasquali et al., 2014; Mahajan et al., 

2018b; Thurner et al., 2018; Udler et al., 2018). When 37 T2D risk variants were initially 
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associated with quantitative metabolic data in non-diabetic subjects including measures of 

beta cell function and insulin sensitivity, T2D loci separated into distinct clusters based on 

their effect on disease risk (Dimas et al., 2014). Most variants fell into one of the clusters 

associated with beta cell function (insulin processing, reduced beta cell function after 

glucose stimulation or beta cell function) and fewer variants were assigned into the insulin 

resistance cluster. Further data from GWAS expanded this analysis by associating 94 loci 

with physiological measures of a diverse set of metabolic traits (Mahajan et al., 2018b). The 

largest cluster was formed by loci that acted through a primary effect on insulin secretion 

and contained 39 out of 71 allocated loci. A similar soft clustering approach integrated 94 

variants and 47 diabetes-related traits with the majority of loci mapping to beta cell 

dysfunction clusters (beta cell or proinsulin) in contrast to insulin response clusters (obesity, 

lipodystrophy or liver) (Udler et al., 2018). In addition to human physiology, studies refining 

genomic annotations in islets have also demonstrated an enrichment of T2D and fasting 

glucose GWAS variants within islet cis-regulatory elements such as enhancers (Parker et 

al., 2013; Pasquali et al., 2014; Varshney et al., 2017; Thurner et al., 2018). Many of these 

variants affect the downstream gene expression by disrupting islet-specific transcription 

factor binding motifs. One example is a variant within the ZFAND3 locus which altered the 

binding of the key islet transcription factor NEUROD1, resulting in loss of enhancer activity 

(Pasquali et al., 2014). Due to this comprehensive evidence from physiological clustering 

and epigenomic annotations, islet cell dysfunction has become the central mechanism to 

modulate T2D risk and many functional follow-up studies focus on islet cells or more 

specifically on the insulin secreting beta cell. 
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1.3 Prioritising causal genes in T2D 

Upon identifying genetic loci through GWAS, associated variants and potential target genes 

should be prioritised in follow-up studies to better understand the underlying functional 

mechanisms and pathways involved in T2D pathogenesis and to be able to pinpoint the 

causal gene at each locus. This functional translation from association signals into causal 

genes and functional mechanisms, however, has often been slow, largely due to the design 

of GWAS itself. GWAS are so effective in discovering T2D loci across the genome as the 

assay is designed to only genotype specific SNPs as surrogates of a larger region. However, 

which one of the coinherited variants within this region actually influence disease risk, is 

often unclear. In addition, these SNPs are most often (90%) found in non-coding regions 

(Maurano et al., 2012). For simplicity, GWAS loci are being named after their nearest gene 

but this proximity does not necessarily entail causality. Associating certain GWAS SNPs 

with causal genes and disease pathogenesis is therefore challenging in most cases. Causal 

genes can be prioritised for functional follow-up studies based on traditional approaches 

such as focussing on low-hanging fruit due to known biology or through integration with 

coding variants, establishing variant-gene links or unbiased functional screens which are 

discussed in section 1.3.2 to 1.3.4. To fully understand the underlying functional 

mechanisms and perform functional follow-up studies in a disease relevant context, 

determining the causal variant and the relevant tissue, cell type or developmental stage are 

often a prerequisite for successful identification of causal genes as described in section 1.3.1. 
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1.3.1 Prerequisites for identifying causal genes 

GWAS identify SNPs that serve as surrogates for all variants within a haplotype, but are not 

necessarily the causal variants that might functionally mediate disease risk through effects 

on transcriptional, splicing or translational regulation if located within a non-coding region 

or directly affect protein function as coding variants (Ward & Kellis, 2012). Determining 

the causal variant can provide a direct functional connection between the genotype, a 

potential causal gene and the disease, in particular if the causal variant lies within a coding 

region as discussed in section 1.3.2. To narrow down the causal variant or a set of likely 

causal variants, many strategies have been deployed including fine-mapping of GWAS loci, 

experimental investigations or in-silico predictions (Fogarty et al., 2013; Morris, 2014; 

Claussnitzer et al., 2015; Gaulton et al., 2015). 

Fine-mapping of a disease locus refines the genetic variation withing a certain haplotype to 

identify the causal variant using targeted re-sequencing, custom genotyping assays or 

imputation from previous sequencing projects such as the 1000 Genomes Project and the 

HapMap project (The International HapMap Consortium, 2007; The 1000 Genomes Project 

Consortium, 2012; Morris, 2014). These efforts usually identify a list of variants designated 

as credible set, that contain the smallest set of SNPs that account for a certain posterior 

probability (usually 99%) to cumulatively drive the association signal. Prioritising variants 

in fine-mapping studies is often facilitated through trans-ethnic GWAS data and genomic 

annotations such as chromatin-state maps in disease relevant tissues or transcription factor 

binding sites (Mahajan et al., 2014, 2018a; Gaulton et al., 2015). Recent improved fine-

mapping efforts in T2D created credible sets for 380 of the 403 independent GWAS signals 

with a median of 42 variants in each set and 18 association signals could be mapped to a 

single variant (Mahajan et al., 2018a). Exemplary of how a fine-mapped single variant for 

an association signal can provide direct insights into the underlying biology is the MTNR1B 
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locus. In silico analysis predicted that the lone credible variant overlapped a FOXA2 binding 

site and created a NEUROD1 recognition motif (Gaulton et al., 2015). In vitro experimental 

investigation confirmed that the risk allele specifically binds NEUROD1 in a model of 

human beta cells, which likely mediates the upregulation of MTNR1B expression that is 

associated with increased T2D risk (Fadista et al., 2014; Gaulton et al., 2015). Therefore, in 

addition to the causal variant, knowledge of the appropriate tissue and developmental stage 

is crucial in linking GWAS association signals to functional understanding of the disease 

mechanism.  

1.3.2 Coding variants 

Most of the variants identified by GWAS are located within non-coding regions. If the 

credible set includes a coding variant on the other hand, a direct link between association 

signals, causal genes and therapeutic insights can be made. Coding variants are enriched 

within GWAS associations and are more likely to be causal (Gusev et al., 2014; Walter et 

al., 2015). Nevertheless, this does not imply direct causality for every coding variant, 

especially if the variants originate from exome-based studies where surrounding non-coding 

regions were not examined. Recent high-resolution fine-mapping demonstrated that one-

third of the detected coding variants in T2D were highly unlikely to be causal, urging caution 

to draw premature functional conclusions from coding variants (Mahajan et al., 2018b). On 

the other hand, coding variants can be used to prioritise genes for functional studies and 

translate association signals into disease insights and potential promising therapeutic targets 

such as it has been done for SLC30A8 (Sladek et al., 2007; Flannick et al., 2014; Kleiner et 

al., 2018; Dwivedi et al., 2019) 
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The gene SLC30A8 encodes the zinc transporter ZnT8 and plays an important role in 

secretory vesicles within the pancreatic beta cell to synthesise, store and stabilise insulin 

(Chimienti et al., 2004; Pound et al., 2009; Nicolson et al., 2009; Wijesekara et al., 2010). 

Several coding variants have been identified in SLC30A8 so far in different studies (Sladek 

et al., 2007; Flannick et al., 2014, 2019). A common variant (p.Trp325Arg) was identified 

with its major allele (>70% of the population) demonstrating increased risk for T2D and a 

protective minor allele (Sladek et al., 2007). Two multi-ancestry studies found more than 30 

rare, protective and protein truncating variants in SLC30A8 (Flannick et al., 2014, 2019). 

Two variants in particular, p.Arg138* and p.Lys34Serfs*50 were associated with 53% and 

83% protection against T2D as demonstrated in populations in western Finland and Iceland, 

respectively (Flannick et al., 2014). Studies in rodent models have been inconclusive in 

explaining the protective effects of loss of Slc30a8 (Lemaire et al., 2009; Wijesekara et al., 

2010; Kleiner et al., 2018). A recent comprehensive study combined recruit by genotype 

metabolic studies, functional investigations in models of human beta cells and a mouse 

model carrying the human loss of function (LoF) allele to understand the protective effect 

of coding SLC30A8 alleles (Dwivedi et al., 2019). Human carriers showed enhanced insulin 

secretion due to better glucose responsiveness and proinsulin conversion, genome edited 

human induced pluripotent stem cells (iPSC)-derived beta like cells demonstrated nonsense 

mediated decay of SLC30A8 variant transcripts and knockdown of SLC30A8 in EndoC-βH1 

cells resulted in reduced KATP channel gene expression and function leading to enhanced 

glucose-stimulated insulin secretion (Dwivedi et al., 2019). These studies demonstrate the 

protective effect of LoF mutations in SLC30A8 through reduced transcript expression and 

its potential as therapeutic target in T2D. 
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1.3.3 Variant-gene links 

In contrast to coding variants, it is more complex and challenging to link non-coding GWAS 

variants (>90% of all association signals) to their causal effector transcript. Non-coding 

SNPs are highly likely to influence disease risk through effects on gene regulation such as 

transcriptional, splicing or translational regulation (Ward & Kellis, 2012). Therefore, 

intersection with genomic annotations such as expression quantitative trait (eQTL) mapping 

and epigenomic annotations can link GWAS variants to putative effector genes while also 

providing a potential functional mechanism how they affect disease risk (Nica & 

Dermitzakis, 2013). However, genomic annotations are highly context specific and disease 

relevant cell types and developmental stages have to be considered when performing 

functional investigations and interpreting emerging data (Thomsen, McCarthy, & Gloyn, 

2016b). In T2D, efforts to map genomic annotations have most often focussed on the 

pancreatic islet due to its central role within disease risk and pathogenesis (Ingelsson et al., 

2010; Voight et al., 2010; Dimas et al., 2014; Mahajan et al., 2018b). 

eQTL mapping studies identify variants that modify expression levels of either close genes 

(cis-eQTL) or over longer distance (trans-eQTL) (Nica & Dermitzakis, 2013). 

Colocalization of eQTLs and GWAS association signals can be used to associate a variant 

with a downstream causal gene (Chen et al., 2008; Nica & Dermitzakis, 2008; Nica et al., 

2010). Even though access to human islet tissue is limited and small scale studies often have 

reduced statistical power to identify islet-specific eQTLs, independent investigations have 

been able to pinpoint novel candidate effector transcripts at several GWAS loci (Fadista et 

al., 2014; van de Bunt et al., 2015; Varshney et al., 2017; Viñuela et al., 2019). The most 

recent study using 420 human cadaveric islet preparations highlighted potential effector 

transcripts at 23 GWAS loci, both confirming previous candidates and identifying novel 

associations (Viñuela et al., 2019). It is important to keep in mind that 1) these eQTL studies 
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utilise whole islet samples and are therefore a heterogeneous sample including alpha, beta 

and delta cells and 2) colocalization does not imply causality as variants can have an effect 

on disease risk through other horizontal pleiotropic effects such as affecting another 

phenotypic trait which in turn affects T2D risk. Experimental approaches including 

perturbations in cellular and animal models are required to validate the effects of candidate 

causal genes. 

Genomic annotations are defined as mapping the regulatory or functional meaning within 

the genome and are crucial in understanding effects of non-coding variation on gene 

regulation. Islet chromatin state maps are being generated using next-generation sequencing 

in combination with enzymes binding to open chromatin (ATAC-Seq), DNA methylation is 

analysed through genome bisulfite sequencing, genomic interactions such as between 

enhancer and promoters are defined using chromosome conformation capture (3C, 4C and 

Hi-C) and protein binding such as transcription factor binding sites can be analysed using 

chromatin immunoprecipitation followed by sequencing (ChIP-Seq) (Gaulton et al., 2010; 

Stitzel et al., 2010; Parker et al., 2013; Pasquali et al., 2014; Volkov et al., 2017; Thurner et 

al., 2018; Manduchi et al., 2018; Greenwald et al., 2019; Miguel-Escalada et al., 2019; Rai 

et al., 2020). To identify genome-wide interactions between enhancers and promoter, a 

recent study performed promoter capture Hi-C in human pancreatic islets and mapped 87% 

of variants overlapping islet enhancers to candidate target genes (Miguel-Escalada et al., 

2019). Interestingly, most of these target genes (75%) were not expected based only on their 

proximity for example OPTN at the CDC123/CAMK1D locus. Genome editing was used to 

experimentally validate the regulation of both genes, OPTN and CAMK1D by the islet 

enhancer containing the non-coding GWAS SNP. The contribution of each gene and their 

causal relationship to T2D remains to be determined, as CAMK1D has also independently 

been identified as the target gene of an islet cis-eQTL and an active islet enhancer region, 



21 

 

which both colocalised with a T2D variant (Fogarty et al., 2013; Greenwald et al., 2019). 

Nonetheless, it highlights how GWAS variants within enhancer can affect multiple genes 

and can be used to prioritise genes for follow-up studies from GWAS association signals. 

1.3.4 Functional screening 

Genes at GWAS loci can also be prioritised based on already known involvement in a 

cellular process relevant to disease susceptibility such as insulin secretion, giving them a 

higher likelihood to also be involved in T2D pathogenesis. However, many post-GWAS 

functional follow-up studies have only focussed on validating individual candidate genes at 

T2D loci. Ideally, all genes at T2D loci would be experimentally investigated for multiple 

disease-relevant phenotypes in multiple cellular models. This study would be independent 

of prior assumptions to either exclude any involvement of other genes and confirm the 

assumed hypothesis or discover genes with an unknown role in disease pathogenesis. High-

throughput functional screening can address this need by examining a large number of 

candidate genes in a highly parallel manner in a relevant cell type and for a phenotype of 

interest which is involved in disease pathogenesis. Many screening strategies have been 

developed that can be differentiated based on the setup (arrayed or pooled), direction of 

effect on gene expression (gain of function (GoF) versus LoF), gene modulation technique 

(mostly RNA interference (RNAi) versus CRISPR/Cas9) and scale (genome-wide or 

targeted approach) (Elbashir et al., 2001; Paddison et al., 2004; Qi et al., 2013; Gilbert et 

al., 2014; Shalem et al., 2014; Shalem, Sanjana, & Zhang, 2015; Doench, 2018). Compared 

to arrayed screening approaches, pooled genome-wide screens are a cost-effective approach 

to perform an unbiased investigation of all protein-coding genes for a specific phenotype 

(section 1.5.3). Several screens have been conducted to study beta cell function or genes 

involved in T2D pathogenesis and are discussed in sections 1.5.1 and 1.5.4 (Ku et al., 2012; 

Thomsen et al., 2016a; Akerman et al., 2017; Pappalardo et al., 2017; Fang et al., 2019). 
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Future functional screens in different cellular models and focussing on other relevant 

phenotypes will further unravel the genes underlying T2D pathogenesis and playing a role 

in disease relevant cellular mechanisms. The approach is fast evolving with ever new 

techniques being developed including imaging-based pooled CRISPR screens, coupling 

single-cell transcriptomics with CRISPR perturbations, pooled screens targeting non-coding 

regions and CRISPR base-editing screens (Sanjana et al., 2016; Datlinger et al., 2017; Xie 

et al., 2018; Wang et al., 2019; Kweon et al., 2020). 

1.3.5 Integrating multiple lines of evidence 

Each of the discussed strategies offers a complementary approach to prioritise causal genes 

at T2D GWAS loci, but no approach is sufficient on its own and integrating several lines of 

evidence is crucial in assigning a causal role. Identification of coding variants require large 

sample sizes to identify rare variants with large effects and the variants must be naturally 

occurring. Associating non-coding variants with downstream candidate effector genes can 

be hindered by potential horizontal pleiotropic effects and most studies are being performed 

in disease-relevant primary tissue which is often limited. Functional gene-focussed screens 

interrogate disease relevant phenotypes but are lacking the direct link to GWAS variants and 

are strongly context specific, meaning they must be performed in a suitable cell type with a 

relevant phenotypic readout and potentially environmental stimulus. Hence, one line of 

evidence can give an indication of which gene is causally involved in T2D susceptibility, 

but several diverse routes of investigations should be pursued to obtain a full picture and 

support for a certain mechanism (Figure 1.3). One (or several) genes can only be defined 

with confidence as causal for T2D through combination and convergence of complementary 

datasets (Gaulton, 2017). 
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Recent studies have often focussed on integrating genetic, genomic and functional data to 

associate GWAS variants with genes mediating the effect on disease risk. One such example 

would be the previously described comprehensive functional studies on SLC30A8, 

combining human genetic data of risk carriers and mouse models with experimental in vitro 

investigations (Dwivedi et al., 2019). A recruit by genotype study established that carriers 

of the protective allele had increased proinsulin processing and insulin secretion, consistent 

with a mouse model carrying the mutation that showed increased insulin secretion on a high-

fat diet (Dwivedi et al., 2019). Further experimental studies using genome edited iPSC 

derived beta cells containing the GWAS variants and RNAi mediated knockdown of 

SLC30A8 in cellular models of beta cells further confirmed that the variant containing 

transcript were being degraded through non-sense mediated decay and subsequent loss of 

ZnT8 reduced KATP channel expression and increased glucose-stimulated insulin secretion 

(Dwivedi et al., 2019). 

Another computational approach was developed by Fernández-Tajes et al. by calculating 

positional candidacy scores (PCS) for each gene at a T2D GWAS locus which can be used 

to prioritise genes within each region (Fernández-Tajes et al., 2019). PCS were calculated 

based on cis-eQTL expression data for GWAS variants in combination with disease-relevant 

biological annotation such as Gene Ontology (GO) for all protein coding genes within the 

region at 101 T2D GWAS loci. In total, 1895 genes were scored, located within 1 Mb around 

the GWAS lead variant and capturing most cis-regulatory effects (GTEx Consortium, 2017).  

Future data integration will be supported by ever increasing publicly available datasets and 

integrated knowledge databases from large scale projects and consortia (Flannick & Florez, 

2016). Mapping of functional annotation in many cell types to integrate GWAS variants has 

been accelerated by ENCODE, Genotype-Tissue Expression (GTEx) and the NIH 

Epigenomics Roadmap (The ENCODE Project Consortium, 2012; GTEx Consortium, 2015; 
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Roadmap Epigenomics Consortium et al., 2015). T2D GWAS data from many independent 

investigations has been accumulated on interactive portals such as the Type 2 Diabetes 

Knowledge Portal and provides an accessible platform to integrate functional insights with 

genetic associations (Accelerating Medicines Partnership, 2020). 

 

 

Figure 1.3 – Integrating multiple lines of evidence to prioritise genes at GWAS loci. GWAS 

have identified more than 400 regions that are associated with T2D risk, but most causal genes are 

still unknown. Fine-mapping can narrow down the associated variants to identify the causal 

variant(s) (top left, Manhattan plot). Strategies to help prioritise causal genes are demonstrated based 

on an exemplary risk locus (bottom left). An independent coding signal hints at gene 3 as a likely 

effector transcript (purple). Annotations in different tissues (A, B and C) demonstrate that the lead 

GWAS SNP is located within an active chromatin region of tissue B therefore prioritising tissue B 

to study context-specific variant-gene links such as cis-eQTL (orange). Functional screens in a 

cellular model of tissue B and looking at gene 1, 2, 3 and others within the locus (gene 4 and 5, not 

shown) can further prioritise a certain gene within the locus (red). All prioritisation strategies offer 

complementary evidence and integration of datasets is crucial (bottom right). At this locus, gene 3 

demonstrated a functional effect in a genetic screen and was highlighted by genetic data based on a 

coding variant. Genomic annotations showed some degree of evidence for all genes with the 

strongest indication for gene 3. Based on integration of all three strategies, gene 3 is most likely to 

be causal and should be followed-up by in-depth validation studies to understand the functional 

mechanism and its effect on disease risk (Grotz, Gloyn, & Thomsen, 2017). 
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1.4 The beta cell within pancreatic islets 

The pancreatic islet, especially the beta cell plays a central role in controlling glucose 

homeostasis and mediating T2D risk as shown through physiological clustering and 

colocalization with epigenomic annotations (section 1.2.4). Subsequently, islet dysfunction 

and cellular models of beta cells are the focus of functional follow-up studies to understand 

T2D pathogenesis and disease risk. 

1.4.1 The pancreatic islet 

The pancreas is comprised of exocrine and endocrine cells which produce and secrete 

digestive enzymes into the pancreatic duct and hormones to regulate glucose homeostasis 

into the bloodstream, respectively. The exocrine tissue consists of acinar and duct cells and 

compose around 90% of pancreatic mass, whereas endocrine cells form the islets of 

Langerhans and only make up around 1-2% of the total pancreas (Pandiri, 2014). Human 

pancreatic islets consist of alpha (35-40%), beta (50%), delta (10-15%), pancreatic 

polypeptide (<5%) and epsilon cells (<1%) which secrete glucagon, insulin, somatostatin, 

pancreatic polypeptide and ghrelin, respectively (Shih, Wang, & Sander, 2013; Rorsman & 

Ashcroft, 2018). The complex structure of pancreatic islets is highly species specific 

(Rorsman & Ashcroft, 2018). In humans, the different endocrine cell types are dispersed 

throughout the islet and in direct contact with other cell types (Brissova et al., 2005; Cabrera 

et al., 2006).  
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Figure 1.4 - Human pancreatic islet. Immunostaining of a human islet within a pancreas section, 

the islet region is indicated by the grey dashed line. Cell nuclei are stained by DAPI (blue) with 

endocrine and exocrine cells being shown. Beta cells are indicated by insulin staining (green) 

whereas alpha cells are highlighted by glucagon staining (red). The image was taken at 40x 

magnification following the immunofluorescence protocol described in Chapter 5 – Methods.  

 

1.4.2 Insulin synthesis and processing 

The human INS gene is specifically expressed in beta cells which is regulated by cis-

regulatory enhancer elements binding key transcription factors such as MafA, NeuroD1 and 

PDX-1 (Harper, Ullrich, & Saunders, 1981; Artner & Stein, 2008). INS transcription, mRNA 

stability and translation is tightly regulated in response to blood glucose concentrations (Itoh 

& Okamoto, 1980; Welsh et al., 1985; Andrali et al., 2008). The gene translates a 110-amino 

acid precursor termed preproinsulin which is folded in the endoplasmic reticulum (ER) and 

packaged into secretory granules in the Golgi apparatus where it is further processed into 

mature insulin (Patzelt et al., 1978; Harper et al., 1981; Huang & Arvan, 1995). 

Preproinsulin is targeted to the rough ER via an N-terminal signal peptide, which is 

subsequently cleaved to form proinsulin as shown in Figure 1.5 (Patzelt et al., 1978).  
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The A and B domain of proinsulin are linked through the formation of three disulphide 

bonds, resulting in the folding and stabilisation of the precursor protein (Huang & Arvan, 

1995).  

 

Figure 1.5 – Insulin processing. The insulin precursor preproinsulin (left) is being folded and 

cleaved in the ER to form proinsulin which is stabilised through three disulphide bonds (middle). 

Proinsulin is further cleaved to remove the C peptide in the Golgi apparatus to form mature insulin 

(right). The figure was create based on icons from Biorender. 

 

Correct folding of insulin in the ER is crucial for normal beta cell function and glucose 

homeostasis as misfolding mutations demonstrate. The dominant negative C96Y mutation 

in the Akita mouse model leads to misfolded proinsulin and diabetes due to ER stress 

induced beta cell apoptosis (Wang et al., 1999; Izumi et al., 2003). Identical mutations have 

been observed in probands with neonatal diabetes (Stoy et al., 2007). 

The processing and maturation in the ER are therefore tightly regulated by quality control 

processes to ensure only properly folded proteins enter the secretory pathway and misfolded 

proteins are being disposed of (Meusser et al., 2005; Almanza et al., 2019). If ER 

homeostasis is disrupted due to accumulation of unfolded protein or extrinsic stimuli, the 

ER is in a state called ER stress. Secretory cells such as pancreatic beta cells are especially 

susceptible to ER stress due to their high level of insulin production which can easily exceed 

ER capacity during increased demand (Ghosh, Colon-Negron, & Papa, 2019). To resolve 

ER stress, the cell activates the cellular stress response pathway called the unfolded protein 
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response (UPR) (Zhang & Kaufman, 2006). The UPR senses ER stress through the activated 

trans-membrane signalling proteins activating transcription factor 6 (ATF6), protein kinase 

R-like ER kinase (PERK) and inositol-requiring enzyme 1 (IRE1), which induce 

downstream signalling cascades, transcription of UPR target genes and cellular processes to 

re-establish ER homeostasis (Haze et al., 1999; Harding et al., 2000; Lee et al., 2002; 

Almanza et al., 2019). These cellular responses include reducing protein translation, 

disposing of the stress inducing misfolded protein and enhancing capacity of the ER to fold 

proteins. If the adaptive UPR response is not able to resolve ER stress and is chronically 

activated, the terminal UPR response induces proapoptotic pathways leading to cell death. 

ER stress and the UPR play an important role in normal beta cell function and in diabetes 

pathogenesis (Cnop, Foufelle, & Velloso, 2012). Mutations in components of the UPR 

response result in neonatal diabetes such as WFS1 and EIF2AK3 (encoding PERK) (Inoue 

et al., 1998; Delepine et al., 2000). Glucotoxicity, lipotoxicity, amyloid accumulation and 

the increased demand for insulin due to insulin resistance induce ER stress and contribute to 

beta cell dysfunction, cell death and loss of beta cell mass in T2D (Haataja et al., 2008; 

Matsuda et al., 2008; Cnop et al., 2010; Back & Kaufman, 2012).  

Correctly folded proinsulin is transported to the Golgi apparatus and packaged into immature 

secretory granules (Tokarz, MacDonald, & Klip, 2018). Within the granule, proinsulin is 

cleaved by  prohormone convertases PC1/3 and 2 into mature insulin and C-peptide (Hutton, 

1994; Ramzy, Asadi, & Kieffer, 2020). Secretory granules process further through the trans-

Golgi network and insulin crystallises into its insoluble storage form as hexamer coupled 

with zinc resulting in mature dense-core granules (Tokarz et al., 2018). Glucose sensing or 

related stimuli subsequently lead to exocytosis of insulin granules as described in section 

1.4.3. 
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1.4.3 Glucose-stimulated insulin secretion 

Pancreatic beta cells secrete insulin according to plasma glucose levels or external stimuli 

to control glucose homeostasis. Glucose-stimulated insulin secretion (GSIS) can be 

simplified into glucose uptake and metabolism, membrane depolarization followed by a rise 

in intracellular Ca2+ concentration and insulin granule exocytosis as shown in Figure 1.6 

(Tokarz et al., 2018). Glucose enters the cell via glucose transporters, primarily GLUT1 in 

humans and is phosphorylated by glucokinase (GCK) to generate glucose-6-phosphate 

(Matschinsky, 1990; McCulloch et al., 2011). GCK acts as the rate limiting step in GSIS 

and the interplay with GLUT1 mediated glucose uptake result in the concentration-

dependant glucose sensing and insulin secretion of the cell (Meglasson et al., 1983; 

Matschinsky, 1990). Pyruvate is being generated through glycolysis, enters the mitochondria 

and the Krebs cycle to produce ATP (Jitrapakdee et al., 2010). Subsequently, the resulting 

increase of the ATP to ADP ratio within the cell mediates closure of the ATP-sensitive 

potassium channels (KATP), leading to membrane depolarization and opening of voltage-

gated Ca2+ channel (Ashcroft, Harrison, & Ashcroft, 1984; Ashcroft & Rorsman, 1989; 

Rorsman, Braun, & Zhang, 2012). Influx of Ca2+ and a rise in intracellular calcium 

concentration triggers plasma membrane fusion and exocytosis of insulin granules (Rorsman 

& Ashcroft, 2018). Insulin vesicles docking and fusion with the plasma membrane occurs 

through complex interplay with the exocytotic SNARE protein complex containing proteins 

such as SNAP-25, VAMP-2 and Munc18 (Gandasi & Barg, 2014; Gaisano, 2017). 

In addition to the KATP dependant triggering pathway, the KATP independent amplifying 

pathway further controls insulin secretion by acting downstream of glucose metabolism and 

modulating the Ca2+ response (Henquin, 2000). Activators of the amplifying pathway 

include additional amplifying signals from glucose itself and extrinsic inhibitors or 

potentiators such as the gut-derived hormones glucagon-like peptide-1 (GLP1) and glucose-
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dependent insulinotropic polypeptide (GIP) (Sato et al., 1992; Gembal et al., 1993; Henquin, 

2011; Drucker, Habener, & Holst, 2017). The incretin hormones GLP-1 and GIP are secreted 

from the gut upon nutrient ingestion and stimulate insulin exocytosis in the beta cell at near-

threshold glucose concentrations (Drucker et al., 2017). They activate their respective G-

protein–coupled receptors (GLP1R and GIPR) and increase insulin secretion through cyclic 

AMP (cAMP) and PKA dependant effects as well as PKA independent effects (Delmeire et 

al., 2003; Kaihara et al., 2013; Shigeto et al., 2015). 

 

 

Figure 1.6 - Insulin secretion pathways in the pancreatic beta cell. Glucose-stimulated insulin 

secretion (pathway highlighted in red) is mediated by uptake of glucose via the glucose transporter, 

increase of the intracellular ATP to ADP ratio through glucose breakdown in glycolysis and the 

Krebs cycle in the mitochondria. Subsequent closure of the ATP-sensitive potassium channels 

induces membrane depolarization and Ca2+ influx which in turn triggers insulin granule exocytosis. 

Insulin secretion is additionally controlled by extrinsic stimuli such as the incretin GLP-1 through 

the amplification pathway (pathway highlighted in green). 
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1.4.4 Rodent vs human pancreatic islets and beta cells 

While the availably of suitable in vitro models of human beta cells and the restricted access 

to human cadaveric pancreatic islets have been a long lasting challenge in researching 

human beta cell function, rodent beta cell models have contributed substantially to the  

progress in the functional understanding of healthy and dysfunctional beta cells (Efrat et al., 

1988; Miyazaki et al., 1990; Asfari et al., 1992). Human and rodent beta cells however have 

distinct genetic, structural, transcriptional and functional characteristics, therefore hindering 

the direct translation of functional insights gained in rodent cells into mechanistic 

understanding in human beta cells. Pancreatic islets in humans have intermingled alpha, beta 

and delta cells with alpha cells being clustered around blood vessels (Cabrera et al., 2006; 

Bosco et al., 2010; Cohrs et al., 2017). Rodent islets in contrast are made up of a distinct 

beta cell core and a non-beta cell mantel resulting in close contact between beta cells and 

blood vessels (Cabrera et al., 2006; Rorsman & Ashcroft, 2018). In addition, mouse islets 

have a higher vascular density and more beta cells than human islets (75% compared to 

50i%) (Cabrera et al., 2006; Brissova et al., 2015). The interspecies differences also extend 

to a transcriptomic level. Expression analysis in alpha and beta cells from human and mice 

revealed a set of common core beta cell genes but also distinct species specific expression 

signatures especially in receptor genes and long non-coding RNAs (Benner et al., 2014; 

Baron et al., 2016). The transcriptomic analyses also demonstrated important expression 

differences in genes involved in disease pathogenesis such as MAFB, IGF2 and SLC2A2 

highlighting the need to study disease relevant genes in the correct species context (Benner 

et al., 2014; Baron et al., 2016; Cyphert et al., 2019). Moreover, unique characteristics in 

the glucose stimulated insulin secretion pathway reveal distinct functional signatures 

(Henquin et al., 2015; Skelin Klemen et al., 2017; Rorsman & Ashcroft, 2018). In mice, 

glucose uptake is mediated by Glut2 (Slc2a2) whereas human beta cells utilise GLUT1 and 
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GLUT3 (SLC2A1 and SLC2A3) (De Vos et al., 1995; Ferrer, Benito, & Gomis, 1995; 

McCulloch et al., 2011). These glucose transporters possess different binding affinities for 

glucose resulting in particular species dependant glucose concentrations to initiate insulin 

secretion (3 mM in humans and 6 mM in mice) (McCulloch et al., 2011). Rodents and 

human beta cells also contain different ion channels to regulate membrane potential and 

depolarization (Braun et al., 2008; Skelin Klemen et al., 2017; Rorsman & Ashcroft, 2018). 

The species differ in the expression of insulin with rodent beta cells expressing two insulin 

genes, Ins1 and Ins2, whereas human beta cells only have one gene (INS) (Shiao et al., 

2008). Finally, rodent and human beta cells have different proliferation capacity in vivo and 

in vitro with rodent beta cells being more responsive to expansion stimuli (Parnaud et al., 

2008; Butler et al., 2010; Kulkarni et al., 2012; Fiaschi-Taesch et al., 2013). 

1.4.5 In vitro models of human beta cells 

Based on the substantial species differences in beta cells of rodents and humans as described 

in 1.4.4, studies in mouse or rat beta cells do not adequately replicate human physiology and 

emphasise the requirement for in vitro models of human beta cells. Primary human 

pancreatic islets are the gold standard cellular models to study beta cell function or diabetes 

(Hart & Powers, 2019). However, research involving primary islets faces many challenges 

such as the availability and cost of islet samples, complex isolation procedures, high genetic 

and environmental variability between donors and preparations, reduced viability and 

function after in vitro culturing and limitations for genetic manipulation (Bottino et al., 2004; 

Ihm et al., 2006; Kulkarni & Stewart, 2014; Hart & Powers, 2019). Differentiating human 

pluripotent stem cells (hPSCs) towards beta-like cells to mimic pancreatic development 

offers another beta cell model to study developmental defects and for easy genetic 

manipulation, especially when modelling patient-specific mutations (D’Amour et al., 2006; 

Rezania et al., 2014; Balboa, Saarimäki-Vire, & Otonkoski, 2019b; Velazco-Cruz et al., 



33 

 

2019). Until now, differentiated beta cells are still immature if not implanted into rodents, 

they require complex, expensive and variable differentiations, in-depth characterisation to 

detect abnormal karyotypes or TP53 mutations and often result in heterogeneous populations 

with several cell types (Merkle et al., 2017; Ihry et al., 2018; Balboa et al., 2019a).  

In 2011, an immortalised human beta cell line called EndoC-βH1 cell line was developed 

by Scharfmann and colleagues (Ravassard et al., 2011). As a stable cell line, EndoC-βH1 

cells can be exposed to different experimental conditions and easily expanded in vitro with 

increased reproducibility compared to primary islets and hPSCs due to low genetic and 

environmental variabilities. The cell line was generated by transducing human fetal 

pancreatic buds with oncogene simian virus 40 large tumour antigen (SV40LT) under the 

rat insulin promoter (RIP) followed by expansion in SCID mice (Figure 1.7). The resulting 

insulinomas were again transduced with human telomerase reverse transcriptase (RIP-

hTERT), transplanted into SCID mice, harvested, expanded in vitro and termed EndoC-βH1.  

 

Figure 1.7 – Generation of EndoC-βH1. Human fetal pancreatic buds were transduced with the 

oncogene SV40LT driven by the rat insulin promoter (RIP) followed by transplantation into SCID 

mice. The resulting insulinoma were removed, transduced with the human telomerase reverse 

transcriptase (hTERT) and again transplanted into SCID mice to form insulinoma. The insulinoma 

cells were then harvested and propagated in tissue culture, resulting in the EndoC-βH1 cell line 

(Ravassard et al., 2011). 
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The EndoC-βH1 cell line expressed key beta cell transcription factors at a similar level as 

primary human islets such as NEUROD1, NKX6-1, PAX6, PDX1 and MAFA and 40% of the 

expression level of INS in islets. Simultaneously, non-beta cell markers such as GCG (alpha 

cells), SST (delta cells), CPA1 (acinar cells) or CFTR (ductal cells) were barely detectable 

(less than 0.05%) or not expressed at all. The cells secreted insulin in a concentration-

dependant manner with a 2- to 3-fold stimulation index from low to high glucose. The insulin 

content of the EndoC-βH1 cells is stable across passages and amounts to 0.46 μg per million 

cells which is approximately 10% of the content in primary islets (Brandhorst et al., 1998; 

Gurgul-Convey, Kaminski, & Lenzen, 2015). The stimulation index and secreted insulin as 

percentage of insulin content on the other hand are similar to primary islets, making the cell 

line a physiologically relevant model to study insulin secretion and beta cell function 

(Ravassard et al., 2011; Gurgul-Convey et al., 2015; Henquin et al., 2015). In addition to 

the initial characterisation by Scharfmann and colleagues, the cell line has now been widely 

adopted and studied by research groups around the world. These studies independently 

demonstrated that the EndoC-βH1 cell line has similar electrophysiological and insulin 

secretion properties as primary beta cells (Andersson et al., 2015; Krishnan et al., 2015; 

Teraoku & Lenzen, 2017; Hastoy et al., 2018). Further, it has been successfully adopted to 

study effects of individual T2D risk genes such as PAM or SLC30A8 and for high-throughput 

screens testing novel drug candidates or candidate effector transcripts (Thomsen et al., 

2016a, 2018; Ndiaye et al., 2017; Tsonkova et al., 2018; Dwivedi et al., 2019). In addition, 

multi-omic profiling including epigenetic, chromosomal, transcriptomic and chromatin 

interactions characterisations demonstrate a high similarity with primary islets but also 

distinct characteristics highlighting the fetal and transformed origin of the cell line (Lawlor 

et al., 2019). 
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In summary, the human beta cell line EndoC-βH1 has been extensively characterised and 

demonstrated its suitability as a cellular model to study human beta cell function and T2D 

risk genes. Due to their slow growth rate, it has to be taken into account that the cells are not 

able to be clonally expanded for genome editing, have to be closely monitored for their 

insulin secretion and beta cell characteristics during long term culture and are very sensitive 

to culture conditions and seeding densities (Weir & Bonner-Weir, 2011; Balboa et al., 

2019a).  

To further expand the human beta cell line repertoire and generate a cell line with excisable 

immortalizing transgenes to more closely mimic nearly non-proliferating primary beta cells, 

EndoC-βH2 and EndoC-βH3 were generated (Scharfmann et al., 2014; Benazra et al., 2015). 

EndoC-βH2 were created in a similar process as EndoC-βH1 but with loxP flanked 

immortalizing transgenes (Scharfmann et al., 2014). Upon lentiviral transduction of the 

resulting cell line to express Cre, the transgenes were excised, proliferation was stopped, 

and the cells developed beta cell characteristics that more closely resembled primary islets. 

EndoC-βH3 incorporated a tamoxifen inducible form of Cre to induce proliferation arrest 

(Benazra et al., 2015). 
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1.5 Genetic screens in human beta cell models to study diabetes 

Genetic screens provide an opportunity to investigate the phenotypic consequences of 

individually modulating the expression of many genes simultaneously. This high-throughput 

and unbiased approach is therefore extremely powerful in identifying genes that play a role 

in beta cell function and can be harnessed to prioritise causal genes at T2D GWAS loci. 

Compared to studies focussing on individual genes, genetic screens are labour- and cost-

efficient and allow to study hundreds or thousands of genes simultaneously for their 

involvement in regulating a certain phenotype.   

1.5.1 Knockdown based screens to study beta cell function 

Modulating gene expression to study beta cell function in genetic screens has often been 

based on knockdown approaches using transient small interfering RNA (siRNA). Due to the 

required arrayed setup in siRNA-based screens, most functional screens focussed on only a 

certain subset of gene targets (Thomsen et al., 2016a; Akerman et al., 2017). In 2016, 

Thomsen et al. systematically screened 300 candidate genes in EndoC-βH1 which are 

located within 1 Mb of 75 T2D GWAS signals (Thomsen et al., 2016a). As a phenotypic 

readout of beta cell function, they analysed cell count and insulin secretion under four 

different stimulation and glucose conditions. To make a large-scale investigation of the 

expensive insulin secretion measurement possible, Thomsen et al. applied an acoustic liquid 

handling approach to miniaturise the assay and reduced the costs to around 0.20 $ per data 

point. With a median residual expression of 43%, the screen was able to identify 67 hits that 

affected cell count or insulin secretion which mapped to 45 genes at 37 loci while replicating 

effects of known regulators of beta cell function. Specific screening hits such as ARL15, 

ZMIZ1 and THADA were confirmed in independent follow-up experiments. This study 

demonstrated that large-scale functional screening in EndoC-βH1 for insulin secretion can 
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be used as a powerful tool to identify biologically relevant hits. Pappalardo et al. further 

expanded these initial strategies by performing a genome-wide siRNA screen for specific 

regulators of the insulin promoter (Pappalardo et al., 2017). The screen was performed in an 

engineered mouse beta cell line containing an EGFP reporter regulated by the insulin 

promoter. In addition, the cell line contained a mCherry reporter controlled by a constitutive 

RSV promoter to control for gene hits that affect general transcription. The GFP to mCherry 

ratio upon silencing of approximately 22 000 mouse genes with 3 to 4 individual siRNAs 

per gene was able to identify regulators of insulin expression. Aside from identifying 26 

novel regulators, the screen demonstrated a novel role for Spry2 in insulin transcription and 

UPR regulation.  

While being able to successfully associate many genes to specific phenotypes of beta cell 

function such as insulin secretion or expression, siRNA-based screens suffer from 

potentially undetected effects due to insufficient and variable knockdown (34-88% in 

Thomsen et al.), incomplete protein depletion, residual protein due to long half-lives and in 

the case of targeted screens, a biased inclusion of only specific genes (Thomsen et al., 

2016a). Recently developed genome-wide pooled CRISPR/Cas9 based genome editing 

screens can overcome those limitations and allow for an unbiased investigation following 

complete protein depletion.   

1.5.2 CRISPR/Cas9 genome editing 

Genome editing is a powerful tool to study the role of certain genes or variants in beta cell 

function or disease by associating the genetic modifications with cellular and disease 

relevant phenotypes. Recent advances in gene editing technologies have progressed from 

initial complex and limited technologies such as zinc finger nucleases (ZFN) and 

transcription activator like effector nucleases (TALEN) to the simple, flexible and affordable 
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clustered regularly interspaced short palindromic repeats (CRISPR)-associated proteins 

(Cas) system (Boch et al., 2009; Moscou & Bogdanove, 2009; Urnov et al., 2010; Gasiunas 

et al., 2012; Jinek et al., 2012; Cong et al., 2013; Mali et al., 2013).  

The CRISPR/Cas9 system is based on the adaptive immune response in bacteria against 

foreign DNA from invading pathogens (Gasiunas et al., 2012; Jinek et al., 2012). In bacteria, 

parts of the invading DNA are being incorporated into the CRISPR locus as spacers and 

together with a repeat element, they are being expressed as pre-crRNA (Mojica et al., 2005; 

Bolotin et al., 2005; Marraffini & Sontheimer, 2010). Transactivating RNA (tracrRNA) 

pairs with the pre-crRNA to form the guide RNA (sgRNA) which directs the Cas9 nuclease 

complex to the specific targeted part of the invading DNA (Brouns et al., 2008). Cas9 

becomes activated upon binding to the sgRNA and specifically cleaves the invading DNA 

by inducing a double strand break (DSB). An important common region within the spacer 

is the three nucleotide protospacer adjacent motif (PAM), which is responsible for Cas9 

target site recognition  (Garneau et al., 2010; Gasiunas et al., 2012). 

In 2013, the CRISPR/Cas9 system was adapted for genome engineering in mammalian cells 

as shown in Figure 1.8 (Cong et al., 2013; Mali et al., 2013). Using an adapted system based 

on the bacterial endonuclease Cas9 and site-specific 20bp single-guide RNAs (sgRNA), the 

genome editing tool can target and modify specific sites in the genome. Upon targeting, 

Cas9 cleaves the DNA and introduces DSB. This DSB is subsequently repaired through the 

cells own repair mechanism using either homology-directed repair (HDR) or non-

homologous end-joining (NHEJ) (Garneau et al., 2010). If a DNA repair template with 

sequence homology is present, HDR can be exploited to introduce precise edits (Capecchi, 

1989; Mali et al., 2013). NHEJ on the other hand is an error prone repair mechanism, thus 

frequently introducing insertions and deletions (Indels) at the target site. These Indels can 

induce frameshift mutations leading to premature stop codons and nonsense-mediated decay 
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(NMS), NHEJ is hence the mechanism to introduce gene knockouts (Lino et al., 2018). 

CRISPR/Cas9 has revolutionised genome editing by making it simple, affordable and 

flexible leading to widespread possibilities to develop cell lines and animal models, discover 

genes involved in disease and cellular function and study patient-specific mutations.  

 

Figure 1.8 – CRISPR/Cas9 genome editing. A sgRNA consisting of a target sequence specific 

crRNA (purple) and a tracrRNA (red) that interacts with the endonuclease Cas9 (grey), guides the 

formed complex to the intended site within the genome. Upon sequence and PAM site recognition, 

Cas9 initiates sequence-specific double strand cleavage. The PAM region (brown), downstream of 

the sgRNA sequence is essential for Cas9 induced cleavage. The resulting double strand break will 

be repaired by DNA repair mechanisms using either non-homologous end joining (NHEJ) or the 

homology directed repair pathway (HDR). NHEJ is an error-prone repair mechanism that often 

introduces insertions or deletions (Indel), thus resulting in frameshift mutations and premature stop 

codons leading to gene KO. If a repair template with homology arms along the DSB has been 

provided, the cell repairs the DSB based on the template sequence using the precise HDR repair 

mechanism, therefore allowing to introduce specific mutations or insertions.  
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The CRISPR system has now been adapted for many other editing approaches using not just 

Cas9 but also catalytically inactive Cas9 (dCas9), nickase Cas9, other Cas enzymes or Cas 

fusion proteins (Moon et al., 2019; O’Connell, 2019). In addition to initial Cas9 based 

genome editing, now the technologies include genome-wide CRISPR screens, base editing 

without DSB, epigenome editing, RNA targeting, inducible Cas9 systems, gene regulation 

based on CRISPR interference (CRISPRi) and CRISPR activation (CRISPRa) (Qi et al., 

2013; Gilbert et al., 2013; Maeder et al., 2013; Shalem et al., 2014; Wang et al., 2014b; 

Nihongaki et al., 2015; Kearns et al., 2015; Komor et al., 2016; Adli, 2018; Liu et al., 2020).  

1.5.3 Genome-wide pooled CRISPR/Cas9 screens 

The development of the CRISPR/Cas9 technology has also facilitated large-scale and 

affordable genetic screens in mammalian cells in the form of genome-wide pooled CRISPR 

screens (Koike-Yusa et al., 2014; Shalem et al., 2014; Wang et al., 2014b; Doench, 2018). 

In arrayed genetic screens, each perturbation is being performed in an individual well and 

analysed separately, making large-scale or genome-wide applications expensive and labour 

intensive. In pooled CRISPR screens on the other hand, all cells are located within the same 

shared cellular vessel but are being individually perturbed with titrated pooled perturbation 

reagents so each cell will only have one genetic modification (Shalem et al., 2015). This 

pooled setup provides a simpler and manageable approach for large-scale and cost-effective 

genetic screens. Perturbation libraries are delivered to the cells via lentivirus and stably 

integrate into the genome, allowing for a later association of specific phenotypes with 

individual perturbations. Following a phenotypic selection of interest, the pooled population 

splits into separate groups. The specific sgRNAs in each population are being identified 

using next generation sequencing and enriched or depleted sgRNAs give an indication about 

the importance of a certain gene for the specific phenotype (Doench, 2018). Pooled screens 

rely on a suitable perturbation system, cellular model and a relevant phenotype.  
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The most common perturbations in pooled screens are LoF screens using CRISPR/Cas9 to 

induce gene KO (Shalem et al., 2014, 2015; Wang et al., 2014b). Additional technologies 

include dCas9 systems to only modulate gene expression levels instead of complete gene 

KO (CRISPRi), induce GoF expression (CRISPRa) and screens focusing on epigenetic 

modulations (Gilbert et al., 2014; Konermann et al., 2015; Kearns et al., 2015; Rajagopal et 

al., 2016). Several predesigned genome-wide and subset sgRNA libraries have been made 

available for each perturbation approach with differences in the number of sgRNAs per gene, 

sgRNA design and off-target considerations (Sanjana, Shalem, & Zhang, 2014; Shalem et 

al., 2014; Hart et al., 2015a, 2017; Doench et al., 2016). The cellular model in a genome-

wide screen must be relevant to the cellular phenotype or disease of interest. In addition, the 

cell system must fulfil practical considerations such as being scalable, therefore often 

excluding primary cells for genome-scale screens. Extensive cell-type specific optimisation 

is required for each step of the CRISPR screening protocol to confirm its suitability for 

screening, often taking longer than the actual screening process (Doench, 2018).  

Phenotypic readouts of CRISPR screens include positively or negatively selecting a 

population of interest (Figure 1.9). Negative selection screens analyse genes that are 

depleted from the final population, indicating a loss of cellular fitness upon gene 

perturbation and identifying genes that are critical for cell survival in the specific screening 

context. These screens have been widely adopted to study essential genes in cancer cell lines 

to identify cancer dependencies and potential drug targets (Cheung et al., 2011; Hart et al., 

2015b; Tsherniak et al., 2017; Behan et al., 2019; Dempster et al., 2019a). Positive selection 

screens on the other hand enrich genes of interest due to a growth or survival advantage 

under selective pressure from specific culturing conditions or small molecules (Ma et al., 

2015; Jain et al., 2016; Zhang et al., 2016; Wang et al., 2017). The majority of the population 

dies in a positive selection screen with a small proportion of sgRNAs surviving, whereas 
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most cells survive under a negative selection while the depleted sgRNAs are of interest. In 

addition, pooled CRISPR screens can select populations based on a phenotypic cellular 

marker of interest, which are separated by fluorescence-activated cell sorting (FACS) 

(Dejesus et al., 2016; Park et al., 2019; Cortez et al., 2020). FACS based CRISPR screens 

are a powerful tool to identify genes directly influencing a disease relevant phenotype, but 

the assay requires extensive optimisation beforehand such as for the staining and sorting 

conditions. FACS based CRISPR screens also restrict the phenotypic readout to cellular 

proteins where highly specific antibodies are available. 

 

Figure 1.9 – Pooled CRISPR screening. Cells are transduced with a lentiviral pooled CRISPR 

library at a low MOI, so every cell only has one gene KO and undergo antibiotic selection to remove 

untransduced cells. In negative screens, a potential condition (purple) is applied and only the 

sgRNAs/cells depleted from the population are of interest. In positive screens, a specific condition 

(orange) induces cell death in most cases and only a small proportion of resistant cells will survive. 

In addition, FACS screens provide a sophisticated way to separate populations based on the level of 

a certain protein of interest. All screens are being analysed using Next-Generation Sequencing.   



43 

 

1.5.4 CRISPR screens to study beta cell function 

Genetic screens applying CRISPR editing can avoid problems that are associated with the 

previously described siRNA-based screens as they induce complete protein KO and stable 

protein depletion. Further, due to the opportunity of performing the screen in a pooled setup 

as described in section 1.5.3, pooled CRISPR screens can be easily performed on a genome-

wide scale, offering an unbiased interrogation of all potential genes of interest. CRISPR 

editing has been routinely used in iPSC or rodent beta cell lines to model beta cell 

dysfunction or diabetes, but translating the technique into human beta cell lines or primary 

islets has proven to be challenging and has not been reported yet (Naylor et al., 2016; Zeng 

et al., 2016; Atanes et al., 2018; Balboa et al., 2018, 2019a; Xu et al., 2018; Dwivedi et al., 

2019). Due to the complex culturing characteristics of EndoC-βH1, as described in section 

1.4.5, most studies have focused on siRNA based approaches instead (Chandra et al., 2014; 

Thomsen et al., 2016a; Ndiaye et al., 2017). Consequently, CRISPR screens in human beta 

cells have not been approached yet. The first genome-wide CRISPR screen to study genes 

involved in diabetes and beta cell function was reported in 2019 and was performed in the 

mouse insulinoma cell line MIN6 (Fang et al., 2019). The authors describe a FACS based 

genome-wide screen for intracellular insulin using the CRISPR library GeCKOv2. The 

transduced cells were sorted for the top and bottom 10% of cells in the FACS analysis and 

two independent screen replicates were performed. The analysis was performed based on 

clustering the sgRNAs into five tiers according to their significance and reproducibility, 

from tier-one with p values less than 0.001 for both sgRNAs in the two replicates up to tier-

five with both p values between 0.05 and 0.01. Genes were defined as hits if they had at least 

one tier-one sgRNA, without any contradictory hit sgRNAs, resulting in 373 hit genes. Ins2, 

one of the two mouse orthologous of the insulin gene was among the top hits along with 

genes known to be involved in insulin secretion such as Glp1r and Xbp1. The authors 
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validated specific screening results using individual sgRNAs and the same FACS based 

insulin readout, claiming to confirm 43 out of 53 hits. No indication is given about the insulin 

FACS signal that must be achieved to be classified as successfully validated compared to 

control sgRNAs. KO of many genes seem to only induce a minimal shift in insulin signal or 

no shift at all, raising doubt about the validation method. Protein interaction networks of the 

373 tier-one gene hits identified nine clear protein clusters including GPCR signalling 

(Glp1r, Gnas, Nme1, Adcy6), synaptic vesicle exocytosis (Vamp2, Snap25, Sytl4, Stxbp1), 

mitochondrial ATP production (Ndufa6, Ndufa9, Ndufb3, Ndufv1) and protein translation 

and processing (Rps25, Eef2, Srp9, Xbp1). In functional follow-up studies, the authors then 

focus on genes within the previously unrecognized protein clusters of the cohesin function 

module and the NuA4/Tip60 histone acetyltransferase (HAT) complex. They demonstrate 

that the cohesion proteins Mau2 and Nipbl regulate Ins2 expression and reduce insulin 

content. This study shows that a genome-wide CRISPR screen to study beta cell function is 

feasible but due to the highlighted differences between rodents and humans (section 1.4.4), 

extending the approach into models of human beta cells will be indispensable to better 

understand genes and pathways regulating human beta cell function. 
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1.6 Thesis outline 

My thesis focuses on identifying genes that are causal for T2D risk or play an important role 

in beta cell function. Harnessing recent advances in genome editing technologies, I will 

demonstrate novel pipelines for genome editing in a human beta cell line, both for individual 

genes and genome-wide. Using a high-throughput genome-wide CRISPR screen, I aim to 

bridge the gap of connecting GWAS T2D signals to candidate causal genes. Throughout the 

thesis, I explore various genome editing and silencing approaches to investigate the strengths 

and weaknesses of different gene and expression modulations, starting with a CRISPR/Cas9 

KO pipeline and progressing to a genome-wide CRISPR screen and siRNA-based follow-

up studies. The specific outline of each chapter is shown in Figure 1.10 and as follows: 

1. In Chapter 3, I describe a novel CRISPR/Cas9 editing pipeline in the human beta 

cell line EndoC-βH1 and explore the genomic and functional characteristics of the 

resulting KO cell lines. This genome editing pipeline supports future functional 

studies of genes and their role in beta cell function and T2D. 

2. In Chapter 4, I develop and perform a genome-wide CRISPR LoF screen to identify 

genes regulating insulin content and human beta cell function. The screen can 

support prioritisation of candidate causal genes at T2D GWAS loci and identify 

novel regulators of beta cell function.    

3. In Chapter 5, I functionally follow-up on specific screening hits from the genome-

wide CRISPR LoF screen. The genes were selected based on their predicted role as 

potential causal genes in T2D due to genetic evidence but have not yet been linked 

to any functional evidence. This functional investigation will be able to validate the 

findings of the screen and demonstrate a novel role of certain genes in beta cell 

dysfunction and T2D risk.  
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Figure 1.10 – Thesis outline. Chapter 3 (top) assessed if genome editing in EndoC-βH1 induces 

efficient gene KO by targeting six proof of concept genes and compared the permanent protein 

depletion to a transient siRNA-based strategy. Chapter 4 (middle) built on this work by optimising 

and performing a genome pooled CRISPR screen using a FACS based insulin content readout. 

Lastly, Chapter 5 (bottom) individually validated four screening hits and performed in-depth 

functional follow-up studies assaying multiple beta cell phenotypes in EndoC-βH1 and primary 

human islets for a selected gene. 
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2  
Material and Methods 

2 Material and Methods 
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2.1 Cell culture maintenance 

EndoC-βH1 were maintained in cell culture flasks coated with 2 μg/ml Fibronectin, 1% 

extracellular matrix (ECM) and 100 international units (U)/ml penicillin, 100 μg/ml 

streptomycin (Sigma-Aldrich) in high-glucose (25 mM) Dulbecco’s modified Eagle’s 

medium (DMEM, Gibco). They were cultured in freshly made low-glucose (5.5 mM) 

DMEM (Gibco) containing 2% bovine serum albumin (BSA, Fraction V Fatty acid free, 

Roche), 2_mM glutamine, 10 mM nicotinamide, 100 U/ml penicillin, 100 μg/ml 

streptomycin, 50 μM β-2-mercaptoethanol, 5.5 μg/ml transferrin and 6.6 ng/ml sodium 

selenite (all Sigma-Aldrich). The cells were passaged every 7 days by washing with 

phosphate buffered saline (PBS, Sigma-Aldrich), incubating with Trypsin-EDTA (Gibco) at 

37°C for 4 min followed by neutralisation in 20% foetal bovine serum (FBS, Gibco) in PBS. 

They were centrifuged at 200 g for 5_min, the cell pellet was washed in PBS and 

subsequently resuspended in culture media and counted on the automated Cellometer Auto 

T4 cell counter (Nexcelom Bioscience) before replating at a density of 48,000 cells/cm2. 

Lenti-X HEK293T (Clontech) were grown in high-glucose (25 mM) DMEM (Sigma-

Aldrich) containing 10% FBS, 100 U/ml penicillin and 100 μg/ml streptomycin (Gibco). 

The cells were passaged twice a week and split in a 1:20 ratio. 

All cell lines were cultured at 37°C and 5% CO2 and routinely tested for mycoplasma 

contamination using the MycoAlert Assay (Lonza). 
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2.2 Genomic DNA analysis 

2.2.1 DNA extraction and quantification 

Genomic DNA was extracted from frozen cell pellets using the NucleoSpin Tissue 

extraction kit (Macherey-Nagel) by following manufacturer’s instructions. In brief, cell 

pellets were lysed at 70°C in lysis buffer containing SDS and Proteinase K, DNA was bound 

to a silica membrane and subsequently eluted in 20 μl elution buffer. Final DNA 

concentrations were measured using the NanoDrop 1000 spectrophotometer (Thermo Fisher 

Scientific). DNA quality was assessed by A260/280 (~1.8) and A260/230 (>2.0) absorbance 

ratios and only samples within the indicated range were used in downstream applications. 

2.2.2 PCR amplification and gel electrophoresis 

Polymerase chain reactions (PCR) were prepared to amplify DNA fragments for agarose gel 

electrophoresis and Sanger Sequencing analysis. Each sample contained 100 ng DNA in a 

total volume of 10.8 μl and the following reaction components: 2 µl Immobuffer (10x), 0.6 

µl MgCl2 (50 mM), 1 µl each of forward and reverse primer (10 µM), 0.4 µl dNTPs (10 

mM), 0.2 µl Immolase DNA Polymerase (5 U/µl) (all Bioline) and 4 µl Q-Solution (5x) 

(Qiagen). The samples were amplified for 10 min at 94°C, 32 cycles of 1 min at 94°C, 1 min 

at 64°C and 30 sec at 72°C, followed by 10 min at 72°C. PCR samples were run on a 2% 

agarose gel for 1 h at 120 V and DNA amplification products visualised on a GelDoc 

transilluminator system (Bio-rad).  
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2.2.3 Sanger sequencing 

To submit samples for Sanger sequencing, PCR products were first purified using 

exonuclease I (Exo1) and shrimp alkaline phosphatase (SAP) enzymes to remove PCR 

components that interfere with the sequencing process. Each PCR sample was mixed with 

0.05 µl Exo1 (NEB), 0.5 µl SAP, 1 µl 10x SAP buffer (both Agilent) and 0.45 µl nuclease-

free H2O and incubated for 30 min at 37°C followed by 5 min at 95°C. Add 2 µl purified 

PCR product, 13 µl nuclease-free H2O and 2 µl primer to a Mix2Seq tube (Eurofins 

Genomics) and sent for sequencing.  

2.3 RNA interference 

Gene silencing was achieved using a lipid-based small interfering RNA (siRNA) forward 

transfection strategy. EndoC-βH1 cells were transfected using a pool of four siRNAs at 24h 

after plating at a final concentration of 15nM (SMARTpool ON-TARGETplus,  

Dharmacon). siRNA and Lipofectamine RNAiMAX (Invitrogen) transfection mixes were 

prepared separately in Opti-MEM reduced serum-free medium (Gibco) to account for 0.1% 

and 0.4% of the same total volume, respectively and incubated for 5 min at room temperature 

(RT). The dilutions were combined and incubated for further 20 min at RT before dropwise 

addition to the cells, which were cultured in P/S-free media. Cells were harvested 72 h past 

transfection for RNA and protein extraction. 

  



51 

 

2.4 Gene expression analysis 

2.4.1 RNA extraction 

RNA was extracted using the TRIzol reagent (Invitrogen) following manufacturer’s 

instructions. To obtain enough material for downstream analysis, RNA was extracted from 

cells cultured in one 6-well or a larger format. Culture media was removed and TRIzol was 

added directly to the culture plate to detach and lyse cells. Isopropanol precipitation was 

performed at -20°C overnight and after washing the RNA pellet in diluting concentrations 

of Ethanol, the pellet was resuspended in RNAse-free H2O. Final RNA concentrations were 

measured using the NanoDrop 1000 spectrophotometer (Thermo Fisher Scientific). RNA 

quality was assessed by A260/280 (~2) and A260/230 (>2.0) absorbance ratios and only 

samples within the indicated range were used in downstream applications. Extracted RNA 

was stored at -80°C until cDNA synthesis. 

2.4.2 cDNA synthesis 

Complementary DNA (cDNA) was synthesised using the GoScript Reverse Transcriptase 

System (Promega) according to the manufacturer’s instructions. 50-500 ng total RNA were 

used as input material and amplified using oligo(dT) and random primers (Promega). cDNA 

was stored at -20°C until gene expression analysis. 

2.4.3 Real-time TaqMan quantitative PCR 

Quantitative qPCR (qPCR) to measure gene expression levels were performed with TaqMan 

Gene Expression Assays and TaqMan Gene Expression Master Mix on a 7900HT (all 

Applied Biosystems). cDNA samples were assayed in triplicates per gene and analysed on 

a 384-well plate. No-template control assays were included for each gene. The following 

thermocycling conditions were used: 2 min at 50°C, 10 min at 95°C and 40 cycles of 15 sec 

at 95°C and 1 min at 60°C. Amplification thresholds were verified visually and adjusted if 
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necessary. Ct-values were analysed using the ΔΔCt method, which uses a two-step 

normalisation method to obtain expression levels relative to housekeeping genes and control 

samples. Target genes were normalised to the average of the three housekeeping genes 

TATA-binding protein (TBP), peptidylprolyl isomerase A (PPIA) and glycerinaldehyd-3-

phosphat-dehydrogenase (GAPDH).  

2.5 Protein expression studies 

2.5.1 Cell lysis and protein quantification 

To analyse intracellular protein levels, cell pellets were lysed in 30 μl-100 μl RIPA buffer 

(50 mM Tris pH 7.4, 150 mM NaCl, 1% Triton X-100, 0.5% sodium deoxycholate, 0.1% 

SDS) containing 1x protease inhibitor cocktail (Roche). The samples were incubated for 30 

min at 4°C on a tube rotator, followed by centrifugation for 30 min at 13000rpm at 4°C. The 

supernatant containing the protein lysate was transferred into fresh microcentrifuge tubes 

and stored at -20°C for short-term storage. Protein concentration was quantified by DC 

protein assay (Bio-Rad) and absorbance levels, which are representative for protein levels 

were read on a Versamax microplate reader (Molecular Devices). A standard curve of BSA 

(Sigma-Aldrich) was used to calculate absolute protein concentrations.  

2.5.2 Gel electrophoresis and transfer 

Protein samples were size-separated by sodium dodecyl sulphate polyacrylamide gel 

electrophoresis (SDS-PAGE). Sample lysates were mixed with loading buffer consisting of 

4x Laemmli Buffer (Bio-Rad) and 10% β-mercaptoethanol (Sigma-Aldrich) and denatured 

at 80°C for 10 min. Per lane, 10 μg of protein were prepared and loaded on a 4-20% Criterion 

TGX Stain-Free Precast Gel (Bio-Rad). At least one lane of the molecular weight marker 

Precision Plus All Blue Standard (Bio-Rad) was included. The gel was run for 15 min at 300 

V followed by activation on a ChemiDoc MP Imaging System (Bio-Rad). Proteins were 
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transferred to a 0.2 μm polyvinylidene difluoride (PVDF) membrane using the Trans-Blot 

Turbo Transfer System (all Bio-Rad) and transfer was confirmed by imaging. 

2.5.3 Western Blotting 

Unspecific antibody binding was prevented by blocking the membranes in 3% BSA diluted 

in Tris-buffered saline, supplemented with 0.1% Tween-20 (TBST) for 1 h at RT. The 

membrane was incubated with primary antibodies overnight at 4°C or for 1 h at RT and with 

secondary antibodies for 1 h at RT, both with gentle shaking. All antibodies were diluted in 

3% BSA in TBST and after each antibody incubation step, the membrane was washed 3x 

for 5 min with TBST to remove unbound antibodies. Protein bands were detected by 

incubating the membrane for 4min at RT with Clarity Western enhanced chemiluminescence 

(ECL) reagent, followed by imaging on the ChemiDoc MP Imaging System (Bio-Rad). To 

normalise for differences in protein loading, the membrane was further incubated with a 

loading control antibody of appropriate size (β-tubulin or GAPDH). Band intensities were 

quantified using the Image Lab 6.0 software (Bio-Rad). Proteins of interest were normalised 

to their respective loading control on the same blot and displayed relative to a control 

sample.  
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2.6 Cellular phenotyping assays 

2.6.1 Cell proliferation assay 

To assess cell viability and account for differences in cell numbers in insulin secretion 

experiments, the CyQUANT Direct Cell Proliferation Assay (Thermo Fisher Scientific) was 

performed by following manufacturer’s instructions. Briefly, direct nucleic acid dye (0.2%) 

and background suppressor dye (1%) were diluted in cell culture medium and the cells were 

incubated for 1 h at 37°C in the dark. Fluorescence was measured at 480 nm/535 nm 

(excitation/emission) on an EnSpire Alpha Plate Reader (Perkin Elmer) and fluorescence 

units were representative of cell numbers. 

2.6.2 Insulin secretion assay in EndoC-βH1 

Static insulin secretion assays were performed at 37°C and 5% CO2 and the cells were 

assayed in 96 well plates in three to six wells per condition and biological replicate. EndoC-

βH1 were starved overnight in culture media containing a final concentration of 2.8 mM 

glucose, followed by 30 min starvation in 0 mM glucose media the next morning. To initiate 

insulin secretion, the cells were incubated for 1 h in different concentrations of glucose (1 

mM to 20 mM Glucose) or secretageous drugs (100 μM Tolbutamide or Diazoxide, Sigma-

Aldrich). All conditions were prepared in glucose-free EndoC-βH1 culture medium. Cell 

count was assayed at this point as described in 2.6.1. Supernatant was collected, spun down 

at 300g and 4°C for 5 min, half of the total volume was taken off from the top, transferred 

to a new plate and stored at -20°C until analysis. Following the removal of supernatant, ice-

cold acid-ethanol (1.5% HCl, 75% ethanol and 23.5% deionized water) was added to the 

cells to extract intracellular insulin content.  The plates were sealed and stored at -20°C until 

analysis. All insulin samples were measured using the Insulin (human) AlphaLISA 

Detection Kit and the EnSpire Alpha Plate Reader in white 96-well 1/2 AreaPlates (all 
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Perkin Elmer). Supernatant and insulin content samples were diluted 1:10 and 1:200 in assay 

buffer and ran along a standard curve on each plate. Unknown insulin concentrations were 

extrapolated using a four-parameter non-linear regression of log-transformed read values in 

Prism 8 (GraphPad Software). Secreted insulin was displayed as percentage of intracellular 

insulin and total insulin content was normalised to cell count. 

2.7 Lentiviral transduction 

2.7.1 Lentivirus production 

To produce lentivirus, Lenti-X HEK293T cells were grown in P/S free media to 80% 

confluency in T175 flasks and co-transfected with the lentiviral packaging vectors pMD2.G 

(6.85 μg) (Addgene #12259), psPAX2 (10.3 μg) (Addgene#12260), the plasmid containing 

Cas9 and the sgRNA of interest or the CRISPR library (12.85 μg), 2 ml of JetPrime buffer 

and 60 μl of JetPrime transfection reagent (Polyplus transfection) per flask. The transfection 

mix was added to the cells after preincubation at RT for 15 min and the cell culture media 

was replaced after 16 h into fresh complete culture media. The supernatant containing the 

viral particles was harvested 48 h after transfection, spun down for 5 min at 2000 rpm to 

remove any cells or debris and further filtered through a 0.45 μm filter. To concentrate the 

virus, the supernatant was ultracentrifuged for 2 h at 4°C and 29000 rpm in a swinging-

bucket rotor. The ultracentrifugation was performed by Dr Elena Navarro-Guerrero at the 

Target Discovery Institute (TDI), University of Oxford. The virus pellet was resuspended in 

1.5% BSA in PBS, aliquoted to avoid freeze-thaw cycles and stored at -80°C. 
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2.7.2 Functional viral titer 

To determine the amount of infectious viral particles within the virus, the functional titer 

was determined by measuring the survival after transduction with different viral dilutions 

and antibiotic selection. EndoC-βH1 were plated at a density of 20000 cells per well in 96 

well plates at 48 h before transduction. The cells were transduced for 6 h in 100 µl P/S free 

media containing different viral dilutions from 1:50 to 1:6400. After 48 h, media was 

changed on half of the wells per dilution into 4 μg/μl puromycin and the cells were incubated 

for 7 days. Cell viability was subsequently measured using the CyQUANT Direct Cell 

Proliferation assay (Invitrogen). Cell counts in puromycin selected wells were normalised 

to their respective non-selected controls to determine the percentage of survival, which is 

representative for transduced cells, while also accounting for toxicity of the added viral 

dilution. The functional titer in transducing units (TU)/μl can then be calculated based on: 

(1) 

TU/𝜇𝑙 =  
#Cells ×  𝑚 

Virus (μl) used in transduction
 

The Poisson distribution (PD) (Equation 2) can be used to model the probability P(k) that a 

cell is infected by a certain number (k) of viral particles at a given multiplicity of infection 

(MOI) (m) (Figliozzi et al., 2016). 

(2) 

𝑃(𝑘)  =  
𝑒−𝑚𝑚𝑘

𝑘!
 

Simplifying the original PD equation, gives the following: 

(3) 

𝑃(𝑘 > 0) = 1 − 𝑒−𝑚 

with P(k>0) being the probability that a cell gets infected by at least one viral particle. 
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Solving equation 3 for a MOI of 0.3 leads to ~26% transduced cells and most of them being 

infected by a single viral particle (k=1 in equation 2), it is therefore a good constant in 

determining the functional titer. To apply this constant to the functional titer experiment and 

determine the MOI relative to the virus (µl) used in transduction, a linear regression for the 

percentage of alive cells against the amount of infected virus was performed in the linear, 

unsaturated range of the puromycin selection curve. The linear equation was then solved for 

a MOI of 0.3 by inserting 26% as the percentage of alive cells, resulting in the amount of 

virus (µl) needed in the transduction. The TU/µl could then be determined by solving 

equation 1 along with the number of plated cells. 

2.7.3 Transduction of EndoC-βH1  

The required amount of virus for a specific MOI was calculated based on the functional titer 

(2.7.2) and the respective cell numbers. EndoC-βH1 were transduced for 6 h and selected 

for seven days in 4 µg/ml puromycin. After antibiotic selection, cells were grown and 

passaged following routine EndoC-βH1 culture conditions. 
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2.8 Statistical analysis 

Statistical analyses were performed in Prism 8.1 (GraphPad Software) and data are shown 

as mean with standard error of the mean (SEM). For some experiments, fold changes were 

plotted for better visualisation but statistical tests were performed on log-transformed 

values. To reduce experimental technical variation such as in western blot data, sample 

values were normalised to their respective control group and analysed using one-sample 

Student’s t-test. To compare one normally distributed variable between two or more groups, 

two-sample Student’s t-test or one-way analysis of variance (ANOVA) followed by Sidak’s 

multiple comparison test were used, respectively. Results were considered statistically 

significant if p<0.05. The number of biologically independent experiments is indicated as n. 

Details about statistical tests for individual experiments can be found in the respective 

method sections or figure legends. 
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3 
A Genome Editing Pipeline in the 

Human Beta Cell Line EndoC-βH1 

3 A Genome Editing Pipeline in the Human Beta Cell Line EndoC-βH1 

Concepts or data presented in this chapter have been published previously or contributed to 

the following manuscripts, which are provided in full in the Appendices. 

1. Grotz AK et al. A CRISPR/Cas9 genome editing pipeline in the EndoC-βH1 cell 

line to study genes implicated in beta cell function. Wellcome Open Research  2019; 

8(4): 150 

2. Dwivedi OP et al. Loss of ZnT8 function protects against diabetes by enhanced 

insulin secretion. Nature Genetics 51(11): 1596-1606 
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3.1 Introduction 

3.1.1 Genome editing in human beta cells 

The majority of T2D loci from GWAS have been shown to be associated with pancreatic 

islet function through colocalisation with islet specific regulatory or epigenetic annotations 

and physiological clustering analysis (Ingelsson et al., 2010; Dimas et al., 2014; Pasquali et 

al., 2014; Mahajan et al., 2018b; Thurner et al., 2018; Udler et al., 2018). The pancreatic 

islet and more specifically the beta cell are therefore central in mediating the effects of 

genetic variants on T2D risk. Studying human beta cell function in vitro has long been 

challenging due to the lack of a suitable human beta cell line along with inadequate or 

restricted alternative models such as primary human islets. Rodent beta cell lines on the 

other hand have been fundamental in promoting a better understanding of beta cell function 

and T2D pathogenesis (Efrat et al., 1988; Miyazaki et al., 1990; Asfari et al., 1992). Direct 

translation into human physiology and beta cell function is often limited due to the species 

dependant genetic background along with structural, functional, and transcriptional 

differences between human and rodent beta cells (Shiao et al., 2008; Bosco et al., 2010; 

McCulloch et al., 2011; Kulkarni et al., 2012; Benner et al., 2014; Henquin et al., 2015; 

Baron et al., 2016; Rorsman & Ashcroft, 2018). The development of the EndoC-βH1 cell 

line in 2011 has eventually provided the opportunity to study human beta cell physiology 

and pathology in vitro (Ravassard et al., 2011). Extensive independent characterisation of 

the cell line has demonstrated its similarity with primary islets and beta cells regarding their 

epigenomic, transcriptomic, electrophysiological, and secretory properties and thus its 

suitability as a model to study human beta cell function (Andersson et al., 2015; Gurgul-

Convey et al., 2015; Hastoy et al., 2018; Tsonkova et al., 2018; Lawlor et al., 2019). The 

cell line however, has not been used for genome editing so far and robust protocols for 

CRISPR/Cas9 editing have not been described yet, hindering routine genetic manipulation 
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to study the effects of gene KO of T2D risk genes similar to pipelines that have been 

successful in rodent beta cell lines (Naylor et al., 2016; Atanes et al., 2018; Xu et al., 2018). 

The lack of genome editing protocols is due to the cell lines challenging culture 

characteristics such as a low proliferation rate and high sensitivity to seeding densities which 

preclude the generation of a clonal cell line combined with batch-to-batch variation and the 

need for close monitoring across passages. 

3.1.2 Experimental outline 

In this study, I aim to develop a robust CRISPR/Cas9 editing pipeline in EndoC-βH1 to 

generate KO cell lines for functional studies of human beta cells and as a proof of concept 

for other CRISPR based studies such as genome-wide screens. I designed a lentiviral-based 

dual sgRNA pipeline for genome editing in EndoC-βH1 and characterised the genomic and 

functional implications of the proof of concept KO cell lines for INS, PAM and IDE. To 

highlight distinct phenotypes resulting from siRNA based KD or CRISPR/Cas9 KO 

approaches in EndoC-βH1, I performed a direct comparison for the genes SLC30A8 and 

NEUROD1. I characterised specific relevant beta cell readouts such as markers of ER stress 

and apoptosis for NEUROD1 or insulin secretion and the expression of KATP channels in 

SLC30A8. In addition to creating a CRISPR pipeline in EndoC-βH1 for KO cells, I 

demonstrated its suitability for further CRISPR studies by also assessing low MOI 

transductions similar to protocols used in genome-wide LoF or GoF screens. 
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3.2 Material and Methods 

3.2.1 RNA interference 

Transient gene silencing in EndoC-βH1 was performed using siRNAs (NeuroD1 #L-

008667-00, SLC30A8 #L-007529-01, non-targeted (NT) control pool #D-001810-10, 

Dharmacon). Experimental conditions are described in more detail in section 2.3. Samples 

were harvested after 72 h and knockdown was confirmed on both the mRNA level by RT-

qPCR and the protein level by western blot. 

3.2.2 Genomic DNA analysis 

DNA was extracted and PCR amplified as described in section 2.2 using primers depicted 

in Table 3.1. sgRNA cutting efficiencies and off-target effects in CRISPR KO cells were 

validated using Tracking of Indels by DEcomposition (TIDE) analysis (Brinkman et al., 

2014). Sanger sequencing traces of PCR amplified genomic regions for an EV and CRISPR 

KO sample were uploaded to https://tide.deskgen.com, resulting in a quantification of all 

editing events and an insertion and deletion (Indel) profile. 
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Target Target Region Sequence (5’ → 3’) 

LKO1.5R lentiCRISPRv2 GTTGATAACGGACTAGCCT 

Lenti_Cas9 Cas9 CAGGCCGATGCTGTACTTCT 

PAM_sgRNA1 sgRNA1 ACACCGGAACTAGCAGGCTA 

PAM_sgRNA2 sgRNA2 GACGAAACACCGGTTCAGAAC 

IDE_sgRNA3 sgRNA3 AAACACCGTACCCACACAGG 

IDE_sgRNA4 sgRNA4 CGCATTAATGTGGACTTGACCG 

INS_sgRNA5 sgRNA5 CAATGCCACGCTTCTGCAG 

INS_sgRNA6 sgRNA6 CATCTGCTCCCTCTACCAGC 

NMS_sgRNA7 sgRNA7 AAACACCGTGCAGGATCACA 

NMS_sgRNA8 sgRNA8 ACACCGACAATATCCAAGCCA 

NEUROD1_sgRNA9 sgRNA9 GACGAAACACCGCTTGCAAA 

NEUROD1_sgRNA10 sgRNA10 CTGTAGGCGTGCGGGTTTT 

PAM1_F sgRNA1 target site GCTGGAGGGAGGAAAGCTTC 

PAM1_R sgRNA1 target site TTTTTCTGCACGGGGGACTT 

PAM2_F sgRNA2 target site TTGCTGGCAGATCTAAGGGC 

PAM2_R sgRNA2 target site TCCCTGGCTGAGATTTTCCTC 

IDE3_F sgRNA3 target site AGTCGCCGGATTCCTTTACC 

IDE3_R sgRNA3 target site CTAATGCGGTACCGGCTAGC 

IDE4_F sgRNA4 target site TCCATGAAACAAAGGCCAAGT 

IDE4_R sgRNA4 target site CCCCACTTCTGCACCATCTT 

INS5_F sgRNA5 target site CATCTCTCTCGGTGCAGGAG 

INS5_R sgRNA5 target site TCCCTCTAACCTGGGTCCAG 

INS6_F sgRNA6 target site CCTGTAGGTCCACACCCAGT 

INS6_R sgRNA6 target site AAGACACACAGACGGCACAG 

NMS7_F sgRNA7 target site ATTCAGATTGCTTGGCCCCA 

 NMS7_R sgRNA7 target site TGGTCTACCTTGTGTCTGTCTG 

 NMS8_F sgRNA8 target site CCCACTGACCTCTTTTGAATGG 
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NMS8_R sgRNA8 target site AGCTTAAATTCTTCAGTCAGCA

GA 

 

sgRNA1_MED15_F sgRNA1 off-target GGCCAAACACACAGAGGAGT 

sgRNA1_MED15_R sgRNA1 off-target TGGACTTGCCCTCTCTTGAC 

sgRNA2_GPM6B_F sgRNA2 off-target ATCACTGCAGGGAACTGCTT 

sgRNA2_GPM6B_R sgRNA2 off-target CAGCACCATCCTCAGATCCT 

Table 3.1 – Primer specifications 

 

3.2.3 Gene expression analysis 

RNA was extracted from EndoC-βH1 cells and converted into cDNA using the GoScript 

Reverse Transcriptase System (Promega) as described in more detail in section 2.4. mRNA 

expression levels were assessed using TaqMan Gene Expression Assays (Applied 

Biosystems, Table 3.2), analysed based on the ΔΔCt method and normalised to the 

housekeeping genes TBP, PPIA and GAPDH. In CRISPR KO cell lines, TaqMan probes 

with binding sites outside of the regions targeted by sgRNAs were used. 
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TaqMan Probe Assay details Target region 

INS Hs00355773_m1 Exon 1-2 

IDE Hs00610452_m1 Exon 24-25 

PAM Hs01084034_m1 Exon 22-23 

NeuroD1 Hs01922995_s1 Exon 2 

NMS Hs02340859_m1 Exon 5-6 

GAPDH Hs02786624_g1 Exon 8 

TBP Hs00427620_m1 Exon 3-4 

PPIA Hs01634221_s1 Exon 1 

SLC30A8 Hs00545182_m1 Exon 2-3 

DDIT3 Hs99999172_m1 Exon 1-2 

XBP1s Hs03929085_g1 Exon 5 

HSPA5 Hs00607129_gH Exon 1-2 

ATF6 Hs00232586_m1 Exon 6-7 

ATF4 Hs00909569_g1 Exon 1-2 

Table 3.2 – TaqMan gene expression assays 

 

3.2.4 Protein expression analysis 

Protein samples were extracted from EndoC-βH1 cells using RIPA buffer and size-separated 

by SDS-PAGE as described in 2.5. To detect SLC30A8, protein samples were only mixed 

with SDS-PAGE loading buffer without heat denaturation. Protein was detected by western 

blotting using primary and secondary antibodies diluted in 3% BSA (Table 3.3). Protein 

quantification was performed by normalising sample protein levels to their respective 

loading control (GAPDH or β-Tubulin) and control sample (non-targeting control in siRNA 

experiments and EV in KO experiments). 
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Antibody Dilution Species Manufacturer details 

β-Tubulin 1:2000 Mouse monoclonal Santa Cruz, sc-365791 

GAPDH 1:10 000 Rabbit monoclonal Abcam, ab37168 

NEUROD1 1:1000 Mouse monoclonal Santa Cruz, sc-46684 

INS 1:1000 Mouse monoclonal Santa Cruz, sc-393887 

ZnT8 1:1000 Mouse monoclonal (Merriman et al., 2018) 

CHOP 1:1000 Rabbit monoclonal Abcam, ab179823 

pIRE1 1:1000 Rabbit polyclonal Abcam, ab48187 

pPERK 1:1000 Rabbit monoclonal Cell Signaling, #3179 

Cleaved Caspase 3 1:500 Rabbit polyclonal Cell Signaling, #9661 

Cas9 1:1000 Mouse monoclonal Santa Cruz, sc-517386 

PAM  1:1000 Mouse monoclonal Santa Cruz, sc-514110 

IDE 1:1000 Mouse monoclonal Santa Cruz, sc-393887 

Anti-mouse IgG HRP 1:2500 Rabbit polyclonal Thermo Fisher, 31460 

Anti-rabbit IgG HRP 1:2500 Goat polyclonal Thermo Fisher, 31450 

Table 3.3 – Western Blot antibodies and dilutions 

 

3.2.5 Insulin secretion assays 

Static insulin secretion assays in EndoC-βH1 KO and control cells were performed in 96 

well plates as described in section 2.6.2. The amount of insulin in the supernatant or lysed 

cells was measured using the AlphaLISA Detection Kit (Perkin Elmer). Secreted insulin was 

normalised to intracellular insulin and insulin content was normalised to cell count which 

was assessed using the CyQUANT Direct Cell Proliferation Assay (Thermo Fisher 

Scientific). 
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3.2.6 Generation of EndoC-βH1 KO cell lines 

3.2.6.1 Cloning of sgRNA into plentiCRISPRv2 

sgRNA sequences for individual KO cell lines were retrieved from the Toronto KnockOut 

CRISPR library version 3 (TKOv3) (Hart et al., 2017) and the plasmid backbone 

plentiCRISPRv2 was purchased from Addgene (#52961) (Sanjana et al., 2014). Two 

sgRNAs per gene were chosen based on highest specificity and lowest off-target score which 

were evaluated on CRISPOR.org (Table 3.4)  (Haeussler et al., 2016). To clone the sgRNAs 

oligonucleotides into the Cas9 and puromycin resistance containing backbone (Figure 3.1), 

BsmBI compatible tails, 5’CACCGX3’ and 5’AAACYC3’, with X and Y being 

complementary sequences of the sgRNA, were added.  

 

Figure 3.1 – plentiCRISPRv2 plasmid. sgRNAs were cloned into the plentiCRISPRv2 plasmid 

containing a flag-tagged Cas9 and puromycin resistance cassette (Puro) which are separated by the 

self-cleaving P2A sequence. sgRNA and Cas9 expression are driven by U6 and elongation factor 1α 

short (EFS) promoter (arrows) (Sanjana et al., 2014). 

 

To prepare plentiCRISPRv2 for sgRNA insertion, the vector was digested with FastDigest 

BsmBI (Fermentas) for 30 min at 37°C and gel-purified using a 0.8% agarose gel. The 

complementary sgRNA oligonucleotides were annealed (1 μl of each 100 μM stock) and 

phosphorylated using T4 PNK (NEB) for 30 min at 37°C, 5 min at 95°C, then the heating 

block was shut off to let the samples could cool down to RT. The BsmBI digested 

plentiCRISPRv2 (20 ng) and annealed sgRNA oligonucleotides (2 μl of 1:100 dilution) were 

ligated by incubation with Quick Ligase (NEB) for 1 h at RT. Stbl3 competent cells were 

transformed with 5 µl of the ligation reaction for plasmid amplification. Bacterial colonies 
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were further amplified in overnight cultures in 10 ml LB broth (Sigma-Aldrich) containing 

100 µg/ml ampicillin. To extract the plasmid DNA for downstream viral production, 

PureYield Plasmid Miniprep kit (Promega) were used following the manufacturer’s 

instructions. Correct sgRNA integration was confirmed using the LKO1.5R 

(GTTGATAACGGACTAGCCT) primer in Sanger Sequencing as described in section 

2.2.3. sgRNA plasmids were packaged into lentivirus and used to transduce EndoC-βH1 and 

create KO cell lines. 

 

sgRNA Target 

gene 

Target region Sequence (5’ → 3’)  

sgRNA 1 PAM Exon 1 GAACTAGCAGGCTAGGGACG 

sgRNA 2 PAM Exon 12 GTTCAGAACCATACCACCAG 

sgRNA 3 IDE Exon 1 TACCCACACAGGCGCTCCGG 

sgRNA 4 IDE Exon 8 CATTAATGTGGACTTGACCG 

sgRNA 5 INS Exon 2 CACAATGCCACGCTTCTGCA 

sgRNA 6 INS Exon 2 CATCTGCTCCCTCTACCAGC 

sgRNA 7 NMS Exon 7 TGCAGGATCACACTGCGACC 

sgRNA 8 NMS Exon 2 ACAATATCCAAGCCATCTGA 

sgRNA 9 NEUROD1 Exon 2 CTTGCAAAGCGTCTGAACGA 

sgRNA 10 NEUROD1 Exon 2 GCTGCGCTGTAGGCGTGCGG 

sgRNA 11 SLC30A8 Exon 2 GTGTCCCAGAGAGAGACCAG 

sgRNA 12 SLC30A8 Exon 8 GCACTCACTCACCATTCAGA 

Table 3.4 - sgRNA sequences for target genes 
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3.2.6.2 Transduction of EndoC-βH1 KO cells 

Lentivirus was produced in HEK293T cells for each construct, concentrated and titered 

individually to determine the amount of infectious viral particles as described in section 2.7. 

Stable cell lines were generated by transducing EndoC-βH1 at a high MOI of 8, followed by 

selection in 4 μg/ml puromycin for seven days. The cells were then cultured routinely in 

normal EndoC-βH1 culture medium and passaged weekly. A control cell line referred to as 

empty vector (EV) control was created in parallel using the plentiCRISPRv2 plasmid 

without a gene-targeted sgRNA. 

3.2.7 Statistical analysis 

Statistical analyses were performed in Prism 8.1 (GraphPad Software). Data were 

normalised to either their respective non-targeting control in siRNA experiments or EV in 

KO experiments. To account for technical variation, western blot quantifications were 

normalised within their individual technical replicate. Statistical significance was tested in 

these samples using a one-sample Student’s t-test and the control sample is indicated as 

dotted line at 100% in the plot. Comparison of two groups such as gene expression 

differences were analysed using two-sample Student’s t-test and more than two groups such 

as insulin secretion across conditions were analysed using ANOVA followed by Sidak’s 

multiple comparison test. Fold changes were log-transformed for statistical analysis but 

plotted as percentage of control.  
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3.3 Results 

3.3.1 A CRISPR/Cas9 pipeline to create EndoC-βH1 KO cells 

To be able to generate KO cell lines in EndoC-βH1 and create the opportunity to study the 

role of specific genes in human beta cell function in vitro, I developed a robust genome 

editing pipeline in EndoC-βH1 and characterised three proof of concept genes. The genes 

peptidyl-glycine alpha-amidating monooxygenase (PAM), insulin-degrading enzyme (IDE) 

and INS are of importance in the beta cell and therefore represent genes that could be of 

interest to target in this pipeline (Tager et al., 1979; Sladek et al., 2007; Stoy et al., 2007; 

Steneberg et al., 2013; Fuchsberger et al., 2016; Thomsen et al., 2018). Briefly, EndoC-βH1 

cells were transduced with lentivirus for Cas9 and two sgRNAs per gene, followed by 

antibiotic selection to remove untransduced cells and characterisation of the resulting stable 

KO cell lines (Figure 3.2).  

 

 

Figure 3.2 – Pipeline to generate EndoC-βH1 KO cells. Two sgRNAs per gene (red and blue) 

were cloned individually into plentiCRISPRv2 and separate lentivirus stocks were produced and 

titered. EndoC-βH1 cells were transduced with the pooled virus at a high MOI of 8 and selected in 

puromycin. The cells were routinely cultured followed by genomic characterisation to assess if the 

gene of interest was edited by none, one or both sgRNAs, individually or simultaneously. 
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The plasmid plentiCRISPRv2 was used in the pipeline as it is a one-vector system expressing 

Cas9, a puromycin resistance cassette and the cloned sgRNA (Sanjana et al., 2014). Instead 

of using a single sgRNA per gene, a dual sgRNA strategy using two separate lentiviruses 

was chosen to increase the KO efficiency. The sgRNAs sequences targeting different parts 

or exons of each gene were retrieved from the genome-wide CRISPR KO library Toronto 

KnockOut version 3.0 (TKOv3) which are designed for high on-target and low off-target 

efficiency (Figure 3.3 A-C). The sgRNAs for IDE were chosen to target a specific isoform 

within the gene to demonstrate the suitability of the pipeline to generate isoform specific 

KO cells. 

 

 

Figure 3.3 – Gene targeting strategy. Two sgRNAs were chosen per gene for PAM (A), IDE (B) 

and INS (C). Exons within each gene are indicated as grey blocks labelled with exon numbers. 

Specific regions are enlarged to show specific sgRNA target sides and PAM motive (red) for Cas9 

targeting. 
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The sgRNAs were cloned into plentiCRISPRv2, packaged into lentivirus and the EndoC-

βH1 cells were transduced at a MOI of 8. By using this high MOI, each cell is on average 

targeted by several lentiviral particles resulting in multiple vector integrations and a higher 

probability of achieving a gene KO. The viral transduction was performed without the 

transduction enhancer polybrene, as titration in EndoC-βH1 revealed a high induced toxicity 

(Figure 3.4 A). To eliminate untransduced cells, transduced EndoC-βH1 were selected in 

4iμg/ml puromycin, which was sufficient to induce nearly 100% cell death in untransduced 

cells within seven days (Figure 3.4 B). For each independent puromycin selection in a 

different cell passage, the antibiotic dose was determined once again to ensure complete cell 

death as EndoC-βH1 demonstrated varying susceptibilities depending on their time in 

culture.  

 

 

Figure 3.4 – Polybrene and puromycin kill curve. Sensitivity to the transduction enhancer 

polybrene (A) and the antibiotic puromycin (B) was determined in EndoC-βH1. (A) The cells were 

incubated with polybrene for 6 h and cell viability was measured after 7 d. (B) Puromycin selection 

was performed for 7 d. Cell viability is normalised relative to vehicle control cells and all data are 

mean ± SEM from six technical replicates.  
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The resulting KO cell lines after puromycin selection were cultured like regular EndoC-βH1 

cells while their genomic and functional properties were examined. As EndoC-βH1 cells 

cannot be clonally expanded, these KO cell lines were a heterogenous population with either 

no edits, Indels based on single sgRNA editing, Indels from dual sgRNA editing or large 

deletions from simultaneous dual sgRNA cutting. Alongside the KO cell lines, an empty 

vector (EV) control cell line was created using the same plentiCRISPRv2 backbone but 

without a sgRNA to assess the effects of stable Cas9 expression and antibiotic selection. In 

addition, a KO cell line targeting the gene Neuromedin-S (NMS) was generated which is not 

expressed in EndoC-βH1 cells and acts as a control for effects from Cas9 induced DSB.  

3.3.2 Genomic modifications of EndoC-βH1 KO cells 

To assess the genomic modifications of the KO cell lines for IDE, PAM and INS, stable 

integration and expression of each sgRNA and Cas9 were examined followed by 

characterising the editing efficiency at individual sgRNA target and potential off-target sites. 

Stably integrated sgRNAs were detected with a PCR-based amplification approach (PCR 1) 

using a sgRNA specific primer in combination with a generic primer targeting the plasmid 

backbone (Figure 3.5 A). Both sgRNAs for each gene were detected in their respective KO 

cell line without amplification in EV control cells, demonstrating successful transduction 

and integration of both lentiviral constructs for each gene. Consistent with sgRNA 

integration, stable Cas9 expression was verified in all KO and control cell lines while being 

absent in untransduced WT cells (Figure 3.5 B). 
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Figure 3.5 – Stable integration of plentiCRISPRv2. (A) Integrated sgRNA were PCR amplified 

using a sgRNA-specific primer in combination with a primer targeting the common Cas9 region in 

the plentiCRISPRv2 plasmid (purple, top panel), only resulting in a PCR product if the sgRNA is 

stably integrated (bottom panel). (B) Western Blot analysis of Cas9 protein in KO and control cells. 

WT, wildtype; EV, empty-vector; KO, knockout. 

 

sgRNA integration and Cas9 expression alone do not indicate successful editing, sgRNA 

target sides were therefore individually PCR amplified (PCR 2), Sanger sequenced and the 

Indel frequency was assessed by TIDE (Figure 3.6 A). Editing efficiency exceeded 87.5% 

at all sgRNA target sites in INS-KO, PAM-KO and IDE-KO, resulting in only around 1% of 

cells being unedited. sgRNA7 and sgRNA8 in the non-expressed control cell line NMS-KO 

had a lower efficiency of 42% and 39.5%, respectively. This lower editing efficiency in a 

non-expressed gene is consistent with previous studies showing a correlation between the 

transcriptional or chromatin state and its editing efficiency (Horlbeck et al., 2016; Verkuijl 

& Rots, 2019). Both sgRNA target sites in INS-KO cells (sgRNA5 and 6) are close enough 

to be amplified within a single PCR reaction and the frequency of large deletions and the 

simultaneous cutting efficiency of both sgRNAs can therefore be determined using the 

Inference of CRISPR Edits (ICE) tool (Hsiau et al., 2019). The approximately 50 bp range 

between the two sgRNAs has been cut out in 33.4% of INS-KO cells. To assess the presence 
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of concurrent sgRNA cutting and large deletions in IDE-KO, PAM-KO and NMS-KO, an 

adapted PCR approach (PCR 3) was performed using only one primer on either side of the 

sgRNA target sites in each gene (Figure 3.6 B). This PCR reaction can only occur if the 

region between the sgRNAs had been deleted as it would otherwise be too large for 

amplification, which is the case in EV and WT control cells. The presence of a PCR product 

in KO cells is therefore indicative of the presence of large deletions. This product was 

detected in all KO cells lines and therefore represents a large deletion of 94 kbp in PAM-

KO, 66 kbp in IDE-KO and 8 kbp in NMS-KO. As the sgRNAs are within close proximity 

in INS-KO, two amplification bands are present, indicating a shorter PCR product with the 

large deletion of around 50 bp and a PCR product with either small Indels or no edits. Image 

based quantification of this shorter PCR product accounted for 36.7% of the total PCR 

reaction, consistent with the results from the previous ICE analysis. 
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Figure 3.6 – sgRNA editing efficiency. (A) PCR approach (PCR2) amplifying each individual 

sgRNA targeting side (top panel) to determine the editing efficiency of Sanger sequenced PCR 

products using TIDE and ICE (bottom panel). (B) PCR approach (PCR3) to assess dual sgRNA 

cutting using one primer per sgRNA target side (top panel), only resulting in a PCR product if a 

large deletion between both sgRNA is present (bottom panel). WT, wildtype; EV, empty-vector; KO, 

knockout. 

 

The constitutive long-term expression of Cas9 and sgRNAs in this lentiviral based pipeline 

could lead to an increased chance of editing at off-target sites. The top off-target sites in 

PAM-KO cells were identified based on the cutting frequency determination (CFD) score of 

sgRNA1 and 2 (Doench et al., 2016). The locations with the highest score were located in 

intros of MED15 (0.43) and GPM6B (0.54) and TIDE analysis of these regions demonstrated 

no significant off-target editing (Figure 3.7). Albeit this CRISPR pipeline generates 

heterogenous KO cell lines, the editing is highly efficient without any detected off-target 

activity.  
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Figure 3.7 – Off-target sequencing in PAM-KO. Sanger sequencing traces of predicted top off-

target sites in PAM-KO cells for sgRNA1 in MED15 (A) and sgRNA2 in GPM6B (B). EV, empty-

vector; KO, knockout. 

 

3.3.3 Functional characterisation of EndoC-βH1 KO cells 

This genome editing strategy was highly efficient in editing EndoC-βH1. However, if this 

also translates into functional protein KO and if the cells are functionally affected from the 

transduction and selection process or stable Cas9 expression remains to be determined. 

The growth rate was stable across KO and control cell lines throughout the period of 

culturing and followed common growth trends (Figure 3.8 A). The average growth rate of 

2.21 across seven weeks or passages was not significantly different between cell lines 

(p=0.96, Figure 3.8 B). Despite previous reports of Cas9 and DSB induced apoptosis, there 

was no difference in the growth rate between the control cell lines EV (2.15) and NMS-KO 

(2.30, p=0.95), which can be distinguished by inducing no DSB compared to introducing 

specific DSB, respectively (Ihry et al., 2018; Haapaniemi et al., 2018; van den Berg et al., 

2018). The more common EV cell line was therefore used as a control cell line in future 

characterisations.  
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Figure 3.8 – Growth rate in KO and control cells. The growth rate is calculated from the weekly 

cell counts during splitting of KO and control cell lines and displayed across seven passages for each 

cell line (A) or as average growth rate (B). All data are mean ± SEM from seven passages. Data were 

analysed using one-way ANOVA with Tukey’s multiple comparison test. WT, wildtype; EV, empty-

vector; KO, knockout. 

 

To assess if the transduction, antibiotic selection and constitutive expression of Cas9 affects 

the beta cell phenotype of the cells, I examined insulin secretion and content in EV controls 

compared to untreated WT cells. The secretory insulin response in WT and EV cells was 

similar across a range of physiological glucose concentrations (Figure 3.9 A). Insulin 

secretion could be stimulated in both cell lines using the KATP channel blocker tolbutamide 

and reduced using the activator diazoxide. Tolbutamide enhanced insulin secretion in WT 

and EV cells 3.5- and 2.8-fold (p=0.94) while diazoxide diminished the response by 66.2% 

and 59.8% (p=0.81), respectively. In response to increased glucose concentrations, EV cells 

increased their insulin secretion by 2.48 versus 2.64 (p=0.94) in WT cells (Figure 3.9 B). In 

addition, intracellular insulin was not significantly different between EV and WT cells with 

around 33.44 ng and 34.83 ng/2×104 cells (p=0.83) (Figure 3.9 C).  
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Figure 3.9 – Insulin secretion in WT and EV cells. (A) Insulin secretion as percentage of insulin 

content in WT and EV cells across different glucose conditions. (B) Insulin secretion fold change 

from 2.8 to 15 mM glucose. (C) Insulin content in WT and EV cells. All data are mean ± SEM from 

three independent experiments and for insulin content as 21 replicates from seven conditions in three 

independent experiments. Data were analysed using two-way ANOVA Sidak’s multiple comparison 

test (A), two-sample t-test with Holm-Sidak correction (B) and one-way ANOVA with Sidak’s 

multiple comparison test (C). WT, wildtype; EV, empty-vector; FC, fold change. 

 

If the EndoC-βH1 cell lines were indeed KO cell lines was assessed by analysing mRNA 

and protein levels of the target genes. RNA expression of the respective target gene was 

significantly reduced in PAM-KO and IDE-KO by 77.8% (p=0.035) and 66% (p=0.034) 

compared to EV cells, respectively (Figure 3.10 A). INS-KO also demonstrated a strong but 

not significant decrease in INS expression by 54.2% (p=0.056). The reduction of the 

transcript levels demonstrates the introduction of frameshift mutations and premature stop 

codons (PSC) in the target genes leading to subsequent degradation by the nonsense-

mediated mRNA decay (NMD) pathway. The presence of residual transcript is in 



80 

 

accordance with previous studies showing that incomplete NMD can occur in KO cells after 

introducing frameshift mutations in the coding region of the gene (Reber et al., 2017). As 

the KO cell lines are a heterogeneous population, it cannot be excluded that a proportion of 

the detected transcript also originates from unedited cells or transcripts which do not contain 

a PSC and are not targeted for degradation. In addition, only one isoform was targeted in 

IDE-KO cells while the detected transcript is representative for both isoforms. The isoform 

specific targeting was confirmed when IDE protein levels were analysed in IDE-KO cells 

with the targeted isoform 1 being undetectable while no difference was observed in protein 

levels of isoform 2 (Figure 3.10 B). PAM-KO and INS-KO cells demonstrated complete loss 

of protein in their respective target genes, all PAM isoforms in PAM-KO and insulin 

precursor and mature insulin were absent in INS-KO. The depletion of INS was also 

confirmed using the sensitive AlphaLISA based detection method (p<0.0001 vs EV, Figure 

3.9 C). As the KO cell lines demonstrated a complete protein depletion, it can be concluded 

that these cell lines are indeed functional LoF cell lines. The cell lines were routinely 

cultured for more than six months without losing any of their KO characteristics. This 

CRISPR editing pipeline in EndoC-βH1 is therefore able to efficiently create complete KO 

cell lines without affecting their insulin secretion characteristics in the process. 
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Figure 3.10 – Target gene expression in KO cell lines. (A) mRNA expression of KO target genes, 

which is normalised to EV control cells within each experiment. The expression level is displayed 

as percentage of EV which is displayed as dotted line at 100%. (B) Protein expression of KO target 

proteins with β-Tubulin as loading control. All data are mean ± SEM from three independent 

experiments, analysed using a one-sample t-test. P-values * < 0.05. EV, empty-vector; KO, 

knockout. 
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3.3.4 EndoC-βH1 KO cells are distinct loss-of-function models compared to siRNA 

knockdown  

To examine the specific phenotypic effects of EndoC-βH1 KO cells, I compared the LoF 

model to siRNA based silencing approaches. In contrast to stable KO cells, siRNA mediated 

silencing is a transient model based on mRNA degradation (Elbashir et al., 2001). Potential 

differences between the two strategies were assessed in the genes NEUROD1 and SLC30A8, 

which are known to be important in beta cell function (Malecki et al., 1999; Chimienti et 

al., 2004; Gu et al., 2010; Wijesekara et al., 2010). 

3.3.4.1 NEUROD1-KO cells have increased ER stress and apoptosis 

NEUROD1 is a transcription factor involved in pancreas development and mature beta cell 

function and gene defects are implicated in monogenic diabetes and T2D risk  (Malecki et 

al., 1999; Gu et al., 2010). NEUROD1-KO cells were created based on the previously 

described EndoC-βH1 genome editing pipeline. Even though stable sgRNA integration was 

demonstrated, the cells only displayed a low editing efficiency (Figure 3.11 A, B). 

Immediately after antibiotic selection, NEUROD1-KO cells showed a reduction in 

NEUROD1 protein levels, but not a complete depletion as observed in the previous KO cell 

lines (Figure 3.11 C). After another passage, the level of NEUROD1 protein returned to 

baseline, similar to the level in EV control cells. It was therefore not possible to create a 

stable NEUROD1-KO cell line as cells harbouring the NEUROD1 KO alleles were 

eliminated from the population while cells without edits or LoF alleles were able to survive 

and expand. To confirm this apoptotic effect upon NEUROD1 deletion, I assessed markers 

of ER stress and apoptosis in protein samples collected during the short period of NEUROD1 

reduction. 
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Figure 3.11 – NEUROD1-KO cell characteristics. (A) Stable sgRNA integration was assessed 

using the PCR1 based amplification approach and specific primer for sgRNA 9 and 10. (B) sgRNA 

editing efficiency of Sanger sequenced PCR2 products using TIDE. (C) Protein expression of 

NEUROD1 protein in NEUROD1-KO and EV control cells. W1 and w2 indicate the same 

NEUROD1-KO cell line one week apart. GAPDH was indicated as loading control. EV, empty-

vector; KO, knockout. 

  

Two of the three key signal activators of the unfolded protein response (UPR) to detect ER 

stress and activate downstream signalling aimed at restoring ER protein homeostasis, 

pPERK and pIRE1, were upregulated 10.6- and 8.7-fold in NEUROD1-KO cells (Figure 

3.12 A, B). Western Blots to detect the third transmembrane protein ATF6 were not 

successful in detecting the protein due to unspecific antibodies. The pro-apoptotic 

downstream transcription factor CHOP was increased 2.2-fold, the anti-apoptotic signalling 

mediator TRAF2 was downregulated by 70% and the apoptosis executioner cleaved caspase 

3 was upregulated 1.6-fold, indicating unresolved and severe ER stress leading to apoptosis 

in NEUROD1-KO cells (Figure 3.12 C-E). Levels of ER stress and apoptotic markers were 

not different between WT and EV cells, as shown by the representative downstream marker 

CHOP (Figure 3.12 F). 
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Figure 3.12 – NEUROD1-KO cells have increased levels of ER stress. (A-E) Protein expression 

of ER stress markers pPERK (A), pIRE1 (B), CHOP (C), TRAF2 (D) and cleaved caspase 3 (E) in 

NEUROD1-KO and EV control cells. (F) CHOP expression in WT and EV cells. GAPDH and β-

Tubulin were indicated as loading control and normalised protein quantifications are indicated 

below each lane as fold changes relative to EV protein levels. Data is from one NEUROD1-KO 

cell line. EV, empty-vector; KO, knockout. 

 

To compare these severe implications of NEUROD1 depletion in the NEUROD1-KO model 

to a transient knockdown model, I further characterised markers of ER stress and apoptosis 

in cells treated with NEUROD1 siRNA. NEUROD1 was efficiently silenced with a mean 

protein reduction of 93.7% (p=0.007) (Figure 3.13 A, B). Consistent with the KO model, 

the pro-apoptotic transcription factor CHOP was significantly increased in NEUROD1 

silenced cells by 34% (p=0.016) compared to cells treated with non-targeting control siRNA 

(NT) (Figure 3.13 C, D). Other markers of ER stress and apoptosis were unchanged. Total 

protein levels of the UPR signal activators PERK (90.8%, 0.444) and IRE1 (95.9%, 0.723) 

were not significantly upregulated and there was no increased phosphorylation resulting in 

the activated forms pPERK (112.3%, p=0.422) or pIRE1 (227.7%, 0.544, Figure 3.13 E-L). 

The death protease cleaved caspase 3 (98.0%, p=0.801) and the signalling mediator TRAF2 

(96.1%, p=0.541) were not significantly different in NEUROD1 silenced cells compared to 

controls (Figure 3.13 M-P). 
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Figure 3.13 – Markers of ER stress and apoptosis in siNEUROD1 cells. (A-P) Western Blots of 

NEUROD1 (A), CHOP (C), pPERK (E), PERK (G), pIRE1 (I), IRE1 (K), cleaved caspase 3 (M) 

and TRAF2 (O) in NEUROD1 silenced (siNEUROD1) and non-targeting control cells (siNT). (B, 

D, F, H, J, L, N, P) Western Blots were quantified, normalised to their respective loading control 

GAPDH and β-Tubulin and siNT control. The protein level is displayed as percentage of siNT which 

is highlighted as a dotted line at 100%. All data are mean ± SEM from three independent 

experiments, analysed using a one-sample t-test. P-values * < 0.05, ** < 0.01. NT, non-targeting. 
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Total cell count was not affected in NEUROD1 silenced cells (97.78%, p=0.894), indicating 

no effect when capturing both, cell death and proliferation (Figure 3.14 A). Based on the 

proliferation marker Ki-67 (150.2%, p=0.470), it can be concluded that there is no difference 

in proliferation between siNEUROD1 and siNT cells and consequently also no apoptotic 

reduction in cell numbers (Figure 3.14 B,C). To support the proteomic investigations and 

assess if ER stress occurs in NEUROD1 silenced cells without resulting in apoptosis, mRNA 

expression levels were analysed for selected ER stress markers (Figure 3.14 D). Confirming 

the western blot results, NEUROD1 expression was drastically reduced in siNEUROD1 cells 

by 79.72% (p<0.0001). Unlike the protein level, DDIT3 expression (encoding for CHOP) 

was not significantly increased (113.93%, p=0.506). Unexpectedly, other markers of UPR 

activation were significantly decreased, indicating an adaptive UPR response to chronic ER 

stress (Gomez & Thomas Rutkowski, 2016). The spliced and active form of the transcription 

factor XBP1 (XBP1s) induces downstream UPR targets and was reduced by 30.82% 

(p=0.023). The ER chaperone BiP, encoded by HSPA5 was also significantly downregulated 

by 20.27% (p=0.005). ATF6 (90.80%, p=0.143) and ATF4 (109.48%, p=0.453) expression 

was not significantly changed. Even though NEUROD1 is a well-characterised transcription 

factor for INS, there was no difference in INS transcription (95.71%, p=0.596).  

The NEUROD1-KO model in EndoC-βH1 demonstrated a severe phenotype with high ER 

stress and apoptosis. The siRNA model on the other hand was less pronounced but 

confirmed a mild effect on ER stress without influencing cell viability as shown by 

measuring specific protein and RNA markers. Complete and permanent loss of NEUROD1 

in NEUROD1-KO cells, therefore leads to cell death whereas transient NEUROD1 silencing 

does not induce apoptosis.  
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Figure 3.14 – siNEUROD1 proliferation and RNA expression. (A) Cell count measurements for 

siNEUROD1 cells, normalised to siNT controls. (B) Protein level of Ki67 and its loading control β-

Tubulin. (C) Quantification of Ki67 western blot data, normalised to β-Tubulin and siNT control 

cells. The protein level is displayed as percentage of siNT which is highlighted as dotted line at 

100%. (D) mRNA expression analysis of selected ER stress markers in siNEUROD1 cells compared 

to siNT controls. All data are mean ± SEM from three (A-C) or six (D) independent experiments, 

analysed using a one-sample t-test (C) and two-sample t-test (A, D). P-values * < 0.05, ** < 0.01, 

*** < 0.001. NT, non-targeting. 
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3.3.4.2 SLC30A8-KO cells have unaffected beta cell function 

In addition to the first comparison of NEUROD1 KO and siRNA LoF models, the SLC30A8 

gene which encodes the zinc transporter ZnT8 was chosen as a second example. Specific 

LoF variants in SLC30A8 are protective in T2D and previous KD models in EndoC-βH1 

have shown to improve glucose sensitivity and reduce expression of KATP channel subunits 

(Dwivedi et al., 2019). Insulin secretion and KCNJ11 and ABCC8 expression were, therefore 

selected as suitable phenotypic readouts to compare KD and KO models of SLC30A8. 

Silencing of SLC30A8 reduced the protein by 76.39% (p=0.001) and SLC30A8-KO cells 

were successfully created based on the previously described EndoC-βH1 CRISPR/Cas9 

pipeline and demonstrated complete protein depletion (Figure 3.15 A, B). SLC30A8 

expression was downregulated by 84.54% (p=0.002) in siSLC30A8 cells and by 57.01% 

(p=0.041) in SLC30A8-KO cells (Figure 3.15 C). Consistent with previous studies, SLC30A8 

silencing reduced KCNJ11 and ABCC8 expression by 28.23% (p=0.007) and 28.46% 

(p=0.011), respectively (Dwivedi et al., 2019). In SLC30A8-KO on the other hand, KCNJ11 

(104.20%, p=0.948) and ABCC8 (94.66%, p=0.529) expression was not significantly 

different compared to EV control cells. 
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Figure 3.15 – SLC30A8-KO and siRNA cells show different effects on KATP channel 

expression. (A, B) Western Blot analysis of ZnT8 in siSLC30A8 (A) and SLC30A8-KO (B) cells 

with their respective loading control β-Tubulin. (C) mRNA expression analysis of SLC30A8, 

KCNJ11 and ABCC8 in siNEUROD1 and SLC30A8-KO cells. siNEUROD1 expression is normalised 

to siNT and SLC30A8-KO expression is normalised to EV cells. The respective controls are indicated 

as dotted line at 100%. All data are mean ± SEM from three independent experiments, analysed 

using a one-sample t-test. P-values * < 0.05, ** < 0.01. NT, non-targeting. 

 

In a recent study by Dwivedi et al., SLC30A8 silencing in EndoC-βH1 increased basal insulin 

secretion at 1mM glucose without significantly affecting the glucose stimulation index 

(Dwivedi et al., 2019). In line with the KATP expression data, SLC30A8-KO did not affect 

insulin secretion under basal or stimulated glucose conditions (p=0.99, Figure 3.16 A). The 

glucose stimulation index or insulin secretion fold change from low to high glucose was also 

not significantly different in SLC30A8-KO cells compared to EV control cells (2.23 versus 

2.27, p=0.915, Figure 3.16 B). 
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Figure 3.16 – Insulin secretion in SLC30A8-KO cells. (A) Insulin secretion as percentage of 

insulin content in SLC30A8-KO and EV cells across different glucose conditions. (B) Insulin 

secretion fold change from 1 to 20 mM glucose. All data are mean ± SEM from three independent 

experiments. Data were analysed using two-way ANOVA Sidak’s multiple comparison test (A) and 

two-sample t-test (B). WT, wildtype; EV, empty-vector; FC, fold change. 

 

As demonstrated based on NEUROD1 and SLC30A8, CRISPR/Cas9 KO and siRNA 

mediated KD are separate LoF models with distinct phenotypic effects. NEUROD1-KO cells 

with permanent and complete loss of protein showed that gene KO can lead to stronger 

phenotypes. SLC30A8-KO cells on the other hand also demonstrated that phenotypes can be 

lost or diminished in stable KO cell lines compared to transient models. This comparison 

highlights the strength of using multiple complementary approaches to understand the role 

of a specific gene or pathway. This CRISPR/Cas9 pipeline in EndoC-βH1 expands the LoF 

toolbox by allowing to investigate complete loss of protein in a stable cell line. 
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3.3.5 EndoC-βH1 KO cells can be generated using a low MOI 

In addition to creating stable KO cell lines, CRISPR/Cas9 has been adapted for other 

techniques such as genome-wide CRISPR screens. Many of these approaches conduct 

pooled transductions of CRISPR libraries at a low MOI (usually 0.3) to infect each cell with 

only one viral particle and one sgRNA. To assess if low MOI transductions also efficiently 

induce gene KOs in EndoC-βH1, the CRISPR pipeline was performed again with a MOI of 

0.3 instead of 8. A MOI of 0.3 only transduces around 30% of the cell population and due 

to the sensitivity of EndoC-βH1 to low seeding densities, it was crucial to assess the 

confluence of the cells regularly during puromycin selection and perform frequent media 

changes and additional splitting into smaller cell culture vessels if necessary. The resulting 

stable cell lines were subsequently characterised for their RNA and protein expression of 

the target genes PAM, IDE and INS. Similar to the KO cell lines at a high MOI, mRNA 

expression was drastically reduced in all low MOI KO cell lines (Figure 3.17 A). Consistent 

with the highest level of expression, INS expression showed the least reduction in high and 

low MOI INS-KO cell lines compared to their respective PAM-KO and IDE-KO. Analysis 

of protein abundance by western blot demonstrated that all targeted genes were either not 

detectable at all (INS-KO) or had minimal residual expression (PAM-KO and IDE-KO, 

Figure 3.17 B). This low level of remaining protein is in accordance with a transduction at 

a lower MOI and one sgRNA per cell, as some integrated sgRNAs might only induce 

synonymous substitutions or mutations that do not change the amino acid reading frame. 

The integration of multiple sgRNAs at a high MOI reduces the chances of these undesirable 

edits and the dependency on the efficiency of a single sgRNA. Nevertheless, the strong 

reduction of both the mRNA and protein level demonstrated that low MOI transductions are 

also efficient in CRISPR/Cas9 editing in EndoC-βH1 and therefore allow for successful 

implementation of future low MOI based approaches such as CRISPR screens.  
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Figure 3.17 – EndoC-βH1 KO cells generated using a low MOI. (A) mRNA expression of KO 

target genes, which is normalised to EV control cells within each experiment. The expression level 

is displayed as percentage of EV which is displayed as dotted line at 100%. (B) Protein expression 

of KO target proteins with β-Tubulin as loading control. All data are from one experiment. EV, 

empty-vector; KO, knockout. 
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3.4 Discussion 

EndoC-βH1 are currently the best available model to study human beta cell function in vitro 

but their challenging growth and culture characteristics have so far prevented the routine use 

of genome-editing and the establishment of robust CRISPR/Cas9 protocols. In this chapter, 

I developed a lentiviral based CRISPR/Cas9 editing pipeline in EndoC-βH1 to create stable 

KO cell lines. I characterised the functional and genomic characteristics in three proof of 

concept KO cell lines and further assessed the model in comparison to siRNA based 

silencing strategies in two further independent KO cell lines. The proof of concept cell lines 

INS-KO, PAM-KO and IDE-KO have distinct gene and isoform structures with different 

protein localisations and functions, but all cell lines demonstrated highly efficient editing 

and complete protein depletion highlighting the universal applicability of this pipeline. 

Adapting the pipeline with low MOI transductions replicated results from the high MOI 

pipeline and demonstrated the potential application of low MOI based CRISPR approaches 

such as genome-wide CRISPR screens in EndoC-βH1.  

3.4.1 A dual sgRNA strategy efficiently induces gene KO 

Instead of a single sgRNA based strategy, this pipeline applied a dual sgRNA based editing 

approach. This strategy offers the advantage of not having to rely on a single cleavage event 

and the introduction of a frameshift mutation by only one sgRNA. As only two-thirds of 

frameshift mutations introduce a PSC and inefficient sgRNA editing or alternative splicing 

can reduce the chance of achieving a gene KO, a dual sgRNA approach can increase the 

proportion of functional KO cells (Lappalainen et al., 2013; Canver et al., 2014; Zhou et al., 

2014). The probability of achieving a downstream PSC from editing at an individual sgRNA 

target side is increased by using two separate sgRNAs and in addition, the simultaneous 

introduction of dual DSB from both sgRNAs might induce large deletions resulting in a non-
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functional protein. These large deletions might also excise intronic enhancers and non-

coding regulatory elements and affect the expression of other genes resulting in unintended 

phenotypes. Some of the differences between KO and KD models might be explained by 

this accidental dysregulation of neighbouring genes in KO cells.  

It must also be considered that using several sgRNAs might increase off-target effects. By 

sequencing selected top off-targets in PAM-KO cells, I demonstrated that we did not observe 

any unintended editing at these sites. It cannot be excluded, however, that off-target effects 

have occurred at other sites in PAM-KO cells that were not assessed, sgRNAs in other KO 

cells have introduced off-target DSB or large deletions or rearrangements were introduced 

which could not be captured in this targeted PCR amplification based sequencing approach 

(Kosicki, Tomberg, & Bradley, 2018). Due to the stable integration and expression of Cas9 

and its respective sgRNAs, off-target effects might also increase over time.   

The cells were transduced with sgRNAs in separate CRISPR plasmids. Adapting the 

pipeline with a plasmid containing both sgRNAs would further increase the homogeneity of 

the population and achieve a higher proportion of dual sgRNA editing. A recent study 

described a suitable cost-effective and versatile protocol to clone two sgRNAs into a Cas9 

containing backbone and applied it to delete transcriptional enhancers in EndoC-βH3 

(Beucher & Cebola, 2019; Miguel-Escalada et al., 2019).  
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3.4.2 This CRISPR/Cas9 is more efficient in generating KO cells compared to similar 

pipelines 

This CRISPR/Cas9 pipeline in EndoC-βH1 was the first robust protocol to describe the 

generation of KO cells in this cell line and also performed in-depth characterisation if the 

functionality of the cells was affected by stably expressing Cas9 and going through the 

transduction and selection process. The only other reported genome editing strategy in 

EndoC-βH1 by Cardenas-Diaz et al. targeted HNF1A and PDX1 with a similar lentiviral 

based approach but using only a single sgRNA in a modified plentiCRISPRv2 vector 

(Cardenas-Diaz et al., 2019, 2020). However, it was not characterised if the cells had 

phenotypically changed by going through all the steps of the pipeline and at least 10% of 

the resulting KO cells still contained the targeted protein. The authors used FACS sorting to 

purify the population and only utilised cells without residual protein for final functional 

experiments. Based on only those cells, they were able to achieve functional insights into 

HNF1A’s and PDX1’s role in the beta cell as a repressor of alpha cell genes and illustrated 

how EndoC-βH1 KO cells can provide important insights. My previously described KO 

pipeline demonstrated complete protein depletion and can therefore potentially identify 

effects that would be masked otherwise due to a low level of residual protein without having 

to sort for negative cells first. The complete protein depletion in my model compared to the 

insufficient protein deficiency in the study by Cardenas-Diaz et al. likely results from using 

the dual sgRNA approach and a higher editing efficiency instead of only relying on a single 

sgRNA, therefore demonstrating the advantage of this approach. 
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3.4.3 CRISPR KO can lead to potentiated or diminished phenotypes compared to 

siRNA models 

CRISPR/Cas9 KO and siRNA based KD both offer the possibility to achieve a complete 

loss or reduction of a transcript and protein of interest to study the phenotypic consequences, 

they are, however, distinct methods with unique functional outcomes. To compare the 

CRISPR KO pipeline to a transient model and assess potential different phenotypes, I 

created NEUROD1-KO and SLC30A8-KO cells and examined specific beta cell relevant 

readouts in comparison to siRNA models. Interestingly, NEUROD1-KO and SLC30A8-KO 

demonstrated opposite directions of effect compared to transient siRNA KD. NEUROD1-

KO cells had a more pronounced and severe phenotype on ER stress and apoptosis whereas 

no effect on KATP channel expression and insulin secretion was observed in SLC30A8-KO 

cells compared to their respective siRNA model. Previous studies assessing the relationship 

between KO and KD approaches observed similar discrepancies between the phenotypes 

arising from the two strategies (Karakas et al., 2007; Rossi et al., 2015; Morgens et al., 

2016). Phenotypes might also be diminished in the case of KO cell lines due to the genetic 

compensation response, an effect describing the nonsense-induced transcriptional 

compensation through degradation of PSC containing mRNA (El-Brolosy et al., 2019; Ma 

et al., 2019). This effect could be avoided if a dual sgRNA strategy would be designed to 

target the complete gene so no degradable mRNA product could be transcribed to initiate a 

compensatory response. In the case of siRNA-based experiments, it has to be considered if 

partial sequence complementarity to 3′ UTRs regions of other mRNA transcripts might have 

induced unwanted seed-based, microRNA-like off-target effects (Doench, Petersen, & 

Sharp, 2003). To confirm that the observed phenotype is a direct result from the intended 

siRNA based strategy, multiple individual siRNAs can validate pooled experiments or an 

alternative confirmation would be shRNA mediated downregulation via lentiviral delivery 
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or rescue experiments (Jackson & Linsley, 2010; Klinghoffer et al., 2010). Of course it also 

has to be considered that the KO and KD experiments require substantially different 

experimental setups and reagents which might have contributed to the observed differences 

for example by inducing an increased susceptibility to cell death in the case of NEUROD1-

KO cells. 

3.4.4 NEUROD1 is required for beta cell survival 

Interestingly, the characterisation of KO cell lines emerging from the CRISPR pipeline also 

demonstrated that NEUROD1-KO cells were not able to survive, consistent with a detected 

increase in markers of ER stress and apoptosis. Previously, it has been shown that NeuroD1 

null mice have 14-fold higher apoptosis in pancreatic cells (Naya et al., 1997). Conditional 

NeuroD1-KO in insulin expressing cells in mice on the other hand did not demonstrate an 

increased apoptosis as measured by activated caspase 3 (Gu et al., 2010). Ddit3 (CHOP) has 

been highlighted previously as a direct downstream target of NeuroD1 when overexpression 

of NeuroD1 in rodent beta cells prevented ethanol induced expression of Ddit3 and reduced 

apoptosis (Wu et al., 2016). This is consistent with my study showing that both, KO and KD 

models of NEUROD1 reduction induce an increase in CHOP protein and for the first time 

to my knowledge, confirm the relationship between NEUROD1 and CHOP in a human beta 

cell line and without an extrinsic stress stimuli. The siRNA model based on transient 

silencing caused a phenotype in EndoC-βH1 similar to chronic ER stress but without 

inducing apoptosis, NEUROD1-KO cells in contrast were not able to compensate for the 

permanent and complete loss of NEUROD1 protein and demonstrated elevated ER stress 

and apoptosis as shown in a proposed regulatory mechanism in Figure 3.18. It would be an 

interesting future follow-up investigation beyond this thesis to study the role of NEUROD1 

in the regulation of ER stress and CHOP and its potential implications for diabetes. 
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Figure 3.18 - NEUROD1 KO and KD in ER stress. NEUROD1 (turquoise protein) is depleted in 

CRISPR/Cas9 KO cells and reduced in an siRNA model in EndoC-βH1. The protein is proposed to 

directly regulate DDIT3 expression, therefore inducing ER stress in both models. NEUROD1 KO 

cells cannot adapt or compensate the permanent loss of NEUROD1 and apoptosis is induced, 

indicated by flames. NEUROD1 siRNA cells on the other hand can adapt to the transient reduction 

of NEUROD1 through transcriptional modulation of other ER stress regulators such as XBP1s and 

HSPA5 and apoptosis is prevented, shown by the equilibrium. The figure was created based on icons 

from Biorender. 
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3.4.5 Conclusion 

This CRISPR/Cas9 pipeline in EndoC-βH1 is an efficient and robust approach to create LoF 

cell lines and study the implications of gene KOs in human beta cell function and diabetes 

pathogenesis. As it is the case with specific LoF models and as I demonstrated when 

comparing siRNA and CRISPR KO models, functional effects could be specific to this 

method and should be validated using a complementary approach. This successful creation 

of KO cell lines and the efficiency of low MOI transductions also support future CRISPR 

based studies in EndoC-βH1 such as genome-wide CRISPR screening. In total, I created 

seven KO cell lines using this pipeline, six of which have been described in this chapter. 

These cell lines also formed the basis of independent functional studies by fellow DPhil 

students to study the role of these genes in beta cell function (RREB1-KO, Dr Katia Mattis) 

or use the KO cell lines as a protein free cellular system to overexpress and study genetic 

variants implicated in T2D (PAM-KO, Dr Shahana Sengupta and INS-KO, Claire Duff). 
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4.1 Introduction 

4.1.1 Genome-wide CRISPR screen 

GWAS have so far identified more than 400 distinct association signals that have been 

robustly associated with T2D risk (Mahajan et al., 2018b, 2018a; Spracklen et al., 2020; 

Vujkovic et al., 2020). At the majority of these disease loci, the causal gene and tissue have 

not been identified yet. Follow-up studies focussing on a single or a few genes at a locus 

have been successful in linking effector transcripts to their causal role in T2D but the 

required individual functional studies are highly time and labour-intensive and not a feasible 

strategy to prioritise potential causal genes on a large scale  (Carrat et al., 2017; Thomsen et 

al., 2018; Dwivedi et al., 2019). High-throughput studies on the other hand can overcome 

this difficulty by investigating up to thousands of genes and their functional role in disease 

simultaneously. Genome-wide pooled CRISPR screens are one of these ground-breaking 

approaches that can prioritise potential causal genes at T2D GWAS loci on a large scale by 

assigning a functional mechanism and a cell type of action. In pooled LoF CRISPR screens, 

all cells are located within the same cellular flasks and are being transduced with a genome-

wide CRISPR library delivered via titered lentivirus, therefore resulting in only one viral 

particle or sgRNA integration per cell (Shalem et al., 2015). The cells are then selected for 

a phenotype of interest, from simple survival readouts to highly complex FACS-based 

screens and enriched sgRNAs and gene hits are being determined using next generation 

sequencing. Genome-wide pooled CRISPR screens have not been applied yet to identify 

novel regulators of human beta cell function or to prioritise T2D risk genes. Previous screens 

addressing these questions have either applied siRNA based KD approaches, rodent beta 

cell models or only targeted certain genes, therefore relying on incomplete protein depletion 

and restricted translation into functional mechanisms in human beta cells (Thomsen et al., 

2016a; Pappalardo et al., 2017; Fang et al., 2019). 
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4.1.2 Experimental outline 

In this chapter, I aim to perform the first genome-wide pooled LoF CRISPR screen in a 

human beta cell line to identify novel regulators of beta cell function and support the 

prioritisation of causal genes at T2D GWAS loci. The experimental outline of this chapter 

is shown in Figure 4.1. First, I developed a beta cell relevant CRISPR screening pipeline 

using a FACS based phenotypic readout for intracellular insulin content in the human beta 

cell line EndoC-βH1. To be able to have high confidence in the specificity and sensitivity of 

the antibody-based insulin staining, I extensively optimised and validated all steps and 

conditions of the FACS protocol. Prior to performing the genome-wide CRISPR screen, I 

also performed a small-scale CRISPR screen focusing only on a subset of genes to assess 

the transduction, selection and sorting pipeline. Over several months, the genome-wide 

CRISPR screen was then performed in EndoC-βH1 followed by extensive computational 

analysis of the next generation sequencing data to identify genes of interest. Using the 

extracted sgRNA read counts, I initially performed several quality control steps such as 

assessing sgRNA representation and replicate consistency to ensure the screen performance 

was up to high technical standards. To identify genes with a significant effect on insulin 

content, I initially performed a routine CRISPR screen analysis using the MAGeCK 

algorithm followed by developing a custom set of criteria to generate a high confidence gene 

hit list. Based on these hits, I assessed if the screen was able to identify genes relevant for 

beta cell function by investigating pathway enrichment, protein networks and known 

regulators of insulin content and beta cell function. I then further integrated the hits with 

predicted effector genes at T2D GWAS loci to support their potential causal role with 

functional evidence. I also identified which genes were commonly identified in this CRISPR 

screen and previous KD and rodent beta cell screens (Thomsen et al., 2016a; Fang et al., 

2019).  
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Figure 4.1 – Experimental outline. The subheadings of this chapter are shown on the left with 

their respective experimental investigations and analysis approaches on the right.  
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4.2 Material and Methods 

4.2.1 CRISPR screen optimisation 

4.2.1.1 RNA interference 

Transient mRNA silencing was performed in EndoC-βH1 using siRNAs (INS #L-011058-

00, NT control pool #D-001810-10, Dharmacon) as previously described in section 2.3. In 

brief, the cells were harvested after 72 h incubation with siRNAs and KD efficiency was 

determined on the mRNA level by RT-qPCR. 

4.2.1.2 TaqMan gene expression analysis 

To assess gene expression levels, RNA was extracted and converted into cDNA using the 

GoScript Reverse Transcriptase System (Promega). The details of the gene expression 

protocol are described in section 2.4. Gene expression differences between samples were 

analysed using TaqMan Gene Expression Assays (Applied Biosystems, Table 3.2), analysed 

based on the ΔΔCt method and normalised to the housekeeping genes TBP, PPIA and 

GAPDH. 

 

TaqMan Probe Assay details Target region 

INS Hs00355773_m1 Exon 1-2 

GAPDH Hs02786624_g1 Exon 8 

TBP Hs00427620_m1 Exon 3-4 

PPIA Hs01634221_s1 Exon 1 

Table 4.1 – TaqMan gene expression assays. 
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4.2.1.3 SYBR green sgRNA analysis 

To quantify sgRNA integrations between samples in a small-scale proof of concept screen, 

I developed and optimised a custom SYBR green analysis pipeline. DNA was extracted from 

transduced and FACS sorted EndoC-βH1 as described in section 2.2.1. Samples were 

assayed in triplicates per gene and analysed on a 384-well plate. No-template control assays 

were included for each gene. Each sample contained 20 ng DNA template in a total volume 

of 8.75 μl, 10 μl SYBR Green PCR Master mix (Bio-Rad) and 0.625 μl each of forward and 

reverse primer (10 μM, Table 4.2). The samples were amplified on a 7900HT (Applied 

Biosystems) for 2 min at 98°C, 35 cycles of 10 sec at 98°C and 30 sec at 60°C, followed by 

the default melt curve analysis. Melt curves were verified visually to ensure specific 

amplification and Ct-values were analysed using the ΔΔCt method. sgRNA targets were 

normalised to the average of the three housekeeping genes TBP, PPIA and GAPDH. 
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Target Sequence (5’ → 3’) 

GAPDH_F AGGCAACTAGGATGGTGTGG 

 
GAPDH_Rev TTGATTTTGGAGGGATCTCG 

 
TBP_F TGTTTGTTTCTTGCGAGTGC 

 
TBP_Rev CCCGGGAGGGTTCTTAGTAG 

 
PPIA_F AAGGGCTTTCGTGGAAACTT 

 
PPIA_Rev CCCCTCCATTCTCATCAAGA 

 
LKO1.5R GTTGATAACGGACTAGCCT 

 
EV TTTTTGTACGTCTCTGTTTTAGAGC 

 
PAM_sgRNA2 GACGAAACACCGGTTCAGAAC 

 
INS_sgRNA5 CAATGCCACGCTTCTGCAG 

 
INS_sgRNA6 CATCTGCTCCCTCTACCAGC 

 
NMS_sgRNA7 AAACACCGTGCAGGATCACA 

 
NMS_sgRNA8 ACACCGACAATATCCAAGCCA 

 
IDE_sgRNA3 AAACACCGTACCCACACAGG 

 
IDE_sgRNA4 CGCATTAATGTGGACTTGACCG 

 
Table 4.2 – SYBR green primer. 

 

4.2.2  Genome-wide CRISPR screen 

To increase the reproducibility and be able to identify true hits, two independent genome-

wide CRISPR screens were performed consecutively with separate viral transductions, 

FACS sorting and sequencing. The following protocols indicate the procedures per replicate 

if not indicated otherwise. 
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4.2.3 Amplification and viral production of TKOv3 CRISPR library 

The TKOv3 library was purchased on Addgene (#90294) and contains 70948 sgRNAs 

targeting 18053 genes and 142 control sgRNAs in a plentiCRISPRv2 backbone (Hart et al., 

2017). The same amplified plasmid sample was used for both replicates. To maintain library 

representation, four electroporation reactions were set up using 2 µl of 50 ng/µl TKOv3 

library to 25 µl of Endura Competent Cells (Lucigen) each. The electroporation was 

performed following manufacturer’s instructions and 975 µl recovery medium (Lucigen) 

was added to the electroporated cells. The cells were added to a culture tube containing an 

additional 1 ml of recovery medium and placed in a shaking incubator at 250 rpm for 1 h at 

37°C.  All 8 ml of recovered cells were pooled and mixed well. To ensure full library 

representation, a titer to estimate the transformation efficiency was performed in parallel to 

the actual library amplification. For the titer, 10 µl of cells were added to 990 µl of recovery 

medium, mixed and 20 µl were plated onto pre-warmed 10 cm LB agar plates containing 

100µg/ml carbenicillin (all Sigma-Aldrich). This dilution plate is equivalent to a 40 000-

fold dilution of the full transformation reaction. For the library amplification, 400 µl of the 

recovered cells were spread on one pre-warmed 15 cm LB agar plate containing 100µg/ml 

carbenicillin, in total 20 plated were prepared. All plates were incubated for 14-16 h at 30°C. 

To calculate the transformation efficiency, the number of colonies on the dilution plate were 

counted and multiplied by 40 000 to get the total number of colonies. To maintain a coverage 

of 200 colonies per sgRNA and proceed with the library amplification, more than 1.4 x 107 

colonies were required. To harvest the library colonies, 7 ml of LB media containing 

100µg/ml carbenicillin was added to each 15 cm plate, the colonies were scraped with a cell 

spreader and pooled into a centrifuge bottle. The bottle was centrifuged for 10 min at 5000 

rpm, the media was discarded and the wet pellet was weighed to estimate the amount of 

plasmid purification columns. The plasmids were extracted using the plasmid mega kit 
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(Qiagen) and once sgRNA representation was validated, lentivirus was produced following 

the protocol described in section 2.7.1. sgRNA representation was confirmed by sequencing 

on a NextSeq500 (Illumina) using 75 base pair (bp) single end reads with a total mapped 

read depth of 22.7 million reads, equivalent to 319 mapped reads per sgRNA. 70816 

sgRNAs or 99.61% could be detected and reads were normally distributed with a low 

number of over- or underrepresented sgRNAs, indicating even and good library 

representation (Figure 4.2). The sequencing was performed by the Oxford Genomics Centre 

and the library amplification was performed by Dr Dylan Jones at the TDI, University of 

Oxford. 

 

 

Figure 4.2 – TKOv3 plasmid representation.  TKOv3 library sequencing read counts per gene 

after plasmid amplification are displayed as histogram with 100 bins, the red line indicates the 

distribution. 
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4.2.4 Cellular growth and transduction 

The genome-wide screen was performed at a coverage of 500 cells per sgRNA and a MOI 

of 0.3. To have enough cells for the screen and due to the slow growth rate of EndoC-βH1, 

the cells were grown up over 18 weeks. The first replicate was performed after 10 weeks 

and the second replicate after another 8 weeks. 670 Million cells were transduced with the 

CRISPR library in replicate 1 and 744 Million in replicate 2. The average growth rate per 

week for replicate 1 was 1.56 ± 0.18 and 1.36 ± 0.13 for replicate 2. The cells were grown 

in T175 flasks at a seeding density of 12 million cells per flask and were split consistently 

every week on the same day by me. The cells were split in batches of six flasks at once and 

to keep the population homogenous, different flasks were combined as one batch each week. 

The cells were transduced for 6 h with the TKOv3 library or Cas9 only vector at a MOI of 

0.3. Wildtype, EV cells and antibiotic selection controls were also included for subsequent 

steps. After 72 h, 5 µg/ml puromycin was added to all transduced cells and the antibiotic 

selection control and the cells were selected for 7 days. After 3 days in selection, media was 

changed to remove dead cells and supplement fresh puromycin.  

4.2.5 Flow cytometry 

Individual FACS analysis for optimisation experiments was performed using the following 

protocol with specific adaptions as explained in the main results. In the genome-wide screen, 

cells were harvested for FACS staining and sorting after puromycin selection. Cells were 

harvested in batches of 6 flasks following routine splitting protocols, as described in section 

2.1. The cell pellet was washed in PBS supplemented with 1% BSA and split into separate 

tubes with a maximum of 5x106 cells per tube. To exclude dead cells in the analysis, a 

live/dead stain using the LIVE/DEAD Fixable Far Red Dead Cell Stain Kit (Thermo Fisher) 

was performed. The samples were incubated at RT for 30 min in the dark and washed with 
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1% BSA in PBS. To fix and permeabilise the cells, the samples were vortexed and incubated 

with the Fixation/Permeabilization solution from the BD Cytofix/Cytoperm kit (BD 

Biosciences) for 20 min at 4°C. Subsequently, the cells were washed in Perm/Wash Buffer 

(BD Biosciences) and incubated with primary antibodies (Table 4.3) overnight at 4°C. The 

following day, the samples were washed twice with 1% BSA in PBS and incubated with a 

suitable secondary antibody (Table 4.3) for 1 h at RT in the dark. All antibodies were diluted 

in Perm/Wash Buffer (BD Biosciences). The samples were then analysed on a BD 

FACSAria III (BD Biosciences) or SH800 (Sony) flow cytometer using a 100 μm nozzle. 

Samples were filtered through a 35 μm cell strainer to achieve a single cell suspension. 

Isotype controls and individual controls stained with each antibody alone were analysed 

alongside the samples. Initial FACS staining and flow cytometer analysis for optimisation 

experiments was performed in collaboration with Dr Elena Navarro-Guerrero at the Target 

Discovery Institute. Flow cytometry data was analysed using Flowjo 10.6 (BD Biosciences).  

 

Antibody Dilution Species Manufacturer details 

INS 1:10 Rabbit monoclonal Cell Signaling, #3014 

INS 1:10 Rat monoclonal  DHSB, GN-ID4 

INS 1:10 Rat monoclonal R&D, MAB1417 

IgG 1:10 Rabbit monoclonal Cell Signaling, #3900 

IgG 1:10 Rat monoclonal Invitrogen, 02-9602 

Anti-rat IgG-AF488 1:500 Chicken polyclonal Invitrogen, A-21470 

Anti-rabbit IgG-AF488 1:200 Goat polyclonal Invitrogen, A-11034 

Table 4.3 – Flow cytometry antibodies and dilutions 
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In the genome-wide screen, the harvesting and staining protocol was performed 

simultaneously in a team of three, with one person harvesting and two colleagues performing 

different batches of staining. FACS staining was performed by Dr Roberta Baronio and Dr 

Elena Navarro-Guerrero and flow cytometer sorting in collaboration with Dr Ruddy 

Montandon at the Wellcome Centre for Human Genetics. 

4.2.6 DNA extraction and PCR processing 

DNA was extracted from frozen cell pellets using the QIAamp Blood Maxi/Mini Kit 

(Qiagen) by following manufacturer’s instructions. To enrich the integrated sgRNAs within 

the genome and add barcodes and Illumina adapters for sequencing, two rounds of PCR 

amplification were performed as shown in Figure 4.4. PCR cycle numbers in PCR1 and 

PCR2 were optimised for each sample to avoid overamplification and introduce PCR-based 

biases. PCR1 amplified the integrated sgRNAs and one reaction contained 25 µl of 2x 

NEBNext Ultra II Q5 Master Mix (NEB), 2.5 µl each of PCR1_F and PCR1_R primer (10 

µM regular desalted oligonucleotides, Table 4.4), 2.5 µg genomic DNA and nuclease-free 

H2O up to 50 µl. PCR1 reactions were amplified for 30 sec at 98°C, a custom number of 

cycles per sample for 10 sec at 98°C, 30 sec at 66°C and 15 sec at 72°C followed by 2 min 

at 72°C and final cooling down to 10°C until each sample was pooled and further processed. 

To confirm amplification, the 600 bp product of PCR 1 product was visualised on a 1% gel 

(Figure 4.3). To be able to run all samples on one sequencing lane, each sample was 

equipped with a unique barcode in PCR2 by using a specific reverse primer for each sample 

(R01-R04, Table 4.4). To increase the complexity of the low diversity sgRNA samples, 

forward primers (F01-09, Table 4.4) contained different staggers and were used in a pool 

with a single reverse primer per sample. For PCR2, 25 µl of 2x NEBNext Ultra II Q5 Master 

Mix (NEB), 2.5 µl each of one reverse primer (R01-04) per sample and a pool of F01-09 

(10 µM HPLC purified, Table 4.4), 5 µl of PCR1 and nuclease-free H2O up to 50 µl. The 



112 

 

reaction was amplified for 30 sec at 98°C, a custom number of cycles per sample for 10 sec 

at 98°C, 30 sec at 55°C and 15 sec at 65°C followed by 5 min at 65°C and final cooling 

down to 10°C. To clean up the PCR samples for sequencing, all PCR2 products were pooled, 

50 µl per lane were run on a 2% gel and extracted using the QIAquick Gel extraction kit 

(Qiagen) followed by isopropanol precipitation if necessary due to low 260/230 ratios 

(Figure 4.3). The DNA samples were stored at -80°C until they were submitted for 

sequencing. The DNA extraction and PCR processing were performed by Dr Elena Navarro-

Guerrero and Dr Roberta Baronio at the TDI, University of Oxford.  

 

 

Figure 4.3 – sgRNA PCR amplification. PCR1 (A) and PCR2 (B) products were run on a 1% and 

2% gel, respectively to confirm amplification. REF, LOW, MED and HIGH indicate CRISPR screen 

insulin content samples. 
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Primer  Sequence (5’ → 3’) 

PCR1_F AATGGACTATCATATGCTTACCGTAACTTGAAAGTATTTCG 

PCR1_R TCTACTATTCTTTCCCCTGCACTGTTGTGGGCGATGTGCGCTCT

G R01 *AAGTAGAG#TTCTACTATTCTTTCCCCTGCACTGT 

R02 *ACACGATC#ATTCTACTATTCTTTCCCCTGCACTGT 

R03 *CGCGCGGT#GATTCTACTATTCTTTCCCCTGCACTGT 

R04 *CATGATCG#CGATTCTACTATTCTTTCCCCTGCACTGT 

F01 +TAAGTAGAGTCTTGTGGAAAGGACGAAACACCG 

F02 +ATACACGATCTCTTGTGGAAAGGACGAAACACCG 

F03 +GATCGCGCGGTTCTTGTGGAAAGGACGAAACACCG 

F04 +CGATCATGATCGTCTTGTGGAAAGGACGAAACACCG 

F05 +TCGATCGTTACCATCTTGTGGAAAGGACGAAACACCG 

F06 +ATCGATTCCTTGGTTCTTGTGGAAAGGACGAAACACCG 

F07 +GATCGATAACGCATTTCTTGTGGAAAGGACGAAACACCG 

F08 +CGATCGATACAGGTATTCTTGTGGAAAGGACGAAACACCG 

F09 +ACGATCGATAGGTAAGGTCTTGTGGAAAGGACGAAACACCG 

Table 4.4 – CRISPR screen sgRNA PCR primer. The following sequences were abbreviated: 

CAAGCAGAAGACGGCATACGAGAT (*), GTGACTGGAGTTCAGACGTGTGCTCTTCCGA 

TCT (#) and AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTT 

CCGATCT (+). 

 

4.2.7 Illumina sequencing 

To assess the differences in sgRNA integrations between samples, the amplified sgRNA 

DNA samples were sequenced at the Oxford Genomics Centre (Wellcome Centre for Human 

Genetics). The multiplexed and pooled samples were run on one lane of the NEXTSeq500 

(Illumina) as 75 bp paired-end reads. FASTQ were provided by Genomics Centre and used 

for downstream analysis. All samples in replicate 1 and 2 had a mean read depth of 83.5 ± 

8.3 million reads and 82.7 ± 10.3 million reads, respectively. 
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4.2.8 Data analysis 

CRISPR screen analysis was performed using Python 3.8 and R 3.5. 

4.2.8.1 Model-based Analysis of Genome-wide CRISPR-Cas9 Knockout 

Sequencing reads for each sample were merged using the cat command. To analyse sgRNA 

enrichment between samples, the Model-based Analysis of Genome-wide CRISPR-Cas9 

Knockout v0.5.9.2. (MAGeCK) algorithm was used (Li et al., 2014). In brief, MAGeCK 

generates read count tables from raw sequencing files followed by ranking sgRNAs based 

on their level of significance and identifying genes as hits that have consistently higher 

ranked sgRNAs as shown in Figure 4.4. 

The count command was used to extract and count sgRNA sequences from the raw 

sequencing files. The input for the count command was the TKOv3 library file containing 

information about sgRNA sequences for each gene and compressed FASTQ files from all 

samples in both replicates. The output was a read count table for each sample across all 

genes and mapping information for each sample. All samples had more than 76.5% of all 

reads mapped to sgRNAs, well over 60% which indicate good sequencing quality. sgRNAs 

with zero counts in both reference samples were below 1%, demonstrating excellent sgRNA 

representation in the initial cell populations. Due to the FACS sorting, insulin selection 

samples should demonstrate sgRNA depletion or enrichment and showed as expected a 

higher percentage of missing sgRNAs than the reference sample (up to 8% of sgRNAs).  

To identify read count changes between samples, MAGeCK first median-normalizes read 

counts across samples to be able to compare read count values between independent samples 

and replicates. The algorithm then uses a mean-variance model to estimate the variance of 

read counts and based on this variance, models the actual read count differences. To assess 

if these read count changes are significantly different between samples, MAGeCK assumes 
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that sgRNA read counts follow a negative binomial distribution and generates the probability 

(p-value) indicating how likely it is that the sample distribution deviation compared to the 

control population is random. The algorithm generates two one-sided p-values, one p-value 

for enrichment and one for depletion. MAGeCK subsequently ranks the sgRNA p-values 

and identifies if the sgRNA ranks for one gene are significantly different using a robust rank 

aggregation (RRA) algorithm. This algorithm examines if a significant fraction of all 

sgRNAs targeting one gene are ranked within top ranked sgRNAs. The RRA algorithm 

performs permutations (100 x number of genes) to test if randomly assigned sgRNAs have 

a significantly different distribution resulting in the computation of the false discovery rate 

(FDR) for each gene using the Benjamini-Hochberg procedure. These sgRNA and gene 

rankings were performed using the test command. This command used the raw count table 

and information about sample classification (treatment or control) as an input and generated 

a sgRNA and gene summary table as output. The test command was run with the paired 

option which performs paired comparison between treatment and control samples within 

replicates. The MAGeCK RRA analysis was performed to compare low and high insulin 

samples from both independent replicates. Only the sgRNA ranking was used for the 

subsequent high confidence hit calling pipeline. 

4.2.8.2 High confidence gene hit classification  

Due to high variation within the replicates of the insulin low samples, I decided to develop 

additional stringent criteria to classify genes as high confidence hits instead of using the 

MAGeCK gene ranking method, similar to a previously published approach (Fang et al., 

2019). MAGeCK considers all sgRNAs from both replicates independently, thus only 

analysing overall enrichment or depletion. Therefore, genes could be wrongly identified as 

hits even if only a small number of sgRNAs demonstrate the direction of effect which is 

often the case in data with high variance such as the insulin low sample (Figure 4.4). My 
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approach on the other hand focussed on the strongest sgRNAs within a gene that are 

consistent between replicates and therefore only identified genes as hits that have conclusive 

evidence for reproducibility and a strong effect on insulin content. This modified hit calling 

used the FDR thresholds for individual sgRNAs from the sgRNA ranking in the MAGeCK 

analysis (described in 4.2.8.1). To be classified as hits, genes had to have two or more 

sgRNAs out of their total four with an FDR<0.1 in both replicates. One gene with two 

significant sgRNAs in either direction and genes that were not expressed in beta cells were 

excluded. The hits determined based on this strategy were called high confidence hits. 
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Figure 4.4 - CRISPR screen analysis pipeline. The pooled CRISPR screen was FACS sorted and 

the DNA extracted from individual samples (1), integrated sgRNAs were amplified and equipped 

with sequencing adapters in two rounds of PCRs (2), the fragments were sequenced and reads per 

sgRNA were counted (3), quality control was performed for read count distributions and replicate 

correlations (4) followed by assessing the sgRNA count differences between samples and assessing 

if they significantly deviated from the control population distribution (5). In addition to MAGeCK 

gene level analysis, a custom analysis focusing on high confidence hits was developed (6). More 

than two sgRNAs (each represented by the same colour per replicate) had to demonstrate consistent 

effects across replicates to be a high confidence hit whereas MAGeCK only assessed a general effect 

across sgRNAs without considering individual replicates. 
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4.2.9 Gene ontology and pathway enrichment 

The Database for Annotation, Visualization and Integrated Discovery (DAVID) v6.8 

(https://david.ncifcrf.gov/) was used to identify enriched pathways within gene hits (Huang, 

Sherman, & Lempicki, 2009). The high confidence hits were submitted with homo sapiens 

as list and background species. The following DAVID categories with significant 

enrichment were selected for analysis: Online Mendelian Inheritance in Man (OMIM) 

disease, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway, gene ontology (GO) 

terms for biological process, cellular component and molecular function.  Categories of 

interest with p-values less than 0.05 were highlighted. Corresponding enrichment and 

statistical details including the FDR value were indicated for each pathway. 

4.2.10 Gene set enrichment analysis 

Gene set enrichment analysis was performed on the ranked gene level list using GSEA 4.0.3 

(Subramanian et al., 2005). Positive and negative sorted lists of MAGeCK ranked genes 

were analysed separately using the ‘Run GSEA on pre-ranked gene list’ feature with 1000 

permutations and KEGG pathway and GO terms as outputs.  Highest-ranked pathways of 

interest based on the enrichment score were presented with corresponding p-values, albeit 

none of them passed the recommended FDR threshold of 0.25. 

4.2.11 Protein interaction networks 

To identify protein connectivity networks within the identified gene hits, STRING v11 was 

used to map physical and functional protein-protein interactions (https://string-db.org/) 

(Szklarczyk et al., 2019). The genes classified as high confidence hits were submitted and 

correctly identified proteins were selected for mapping. Only interactions with a high 

confidence score of 0.9 or higher were chosen to reduce the number of false positive 

interactions. Specific subnetworks were identified manually and replotted individually.  
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4.3 Results 

4.3.1 Establishing a genome-wide CRISPR screen for beta cell function 

The successful implementation of a genome-wide CRISPR screen requires a disease relevant 

and experimentally suitable phenotypic readout and cell line. In T2D, the pancreatic beta 

cell has shown to be central to disease pathogenesis as described in detail in section 1.2.4 

(Dimas et al., 2014; Mahajan et al., 2018b; Thurner et al., 2018). The EndoC-βH1 cell line 

is the only established in vitro human beta cell model and the most similar cell line to 

primary beta cells (Ravassard et al., 2011; Hastoy et al., 2018; Lawlor et al., 2019). In 

addition, the cell line is amendable to CRISPR/Cas9 genome editing as investigated in 

Chapter 3 and therefore an appropriate model system for genome-wide CRISPR screens. 

Suitable phenotypic readouts for pooled CRISPR screens are either simple sgRNA 

enrichment readouts based on proliferation or cell death or more complex FACS based 

sorting for intracellular proteins of interest. The primary function and phenotype of 

pancreatic beta cells is insulin secretion. However, in the setting of a pooled screen which 

contains all cells with distinct gene KO in the same flask, insulin secretion is not a suitable 

phenotypic readout as it cannot be associated with an individual gene KO when all cells 

secrete into the same shared media. A T2D relevant phenotype in human beta cells which 

is, in contrast to insulin secretion also suitable for FACS sorting and pooled CRISPR screens 

is intracellular insulin content. Insulin content is significantly reduced in patients with T2D 

and has shown to be causally implicated in disease pathogenesis based on studies for the 

gene PAM (Henquin, Ibrahim, & Rahier, 2017; Thomsen et al., 2018). PAM has been 

causally linked to T2D through two coding variants that have been independently associated 

with disease risk and fine-mapping of one association signal have confirmed its causal role 

at this locus (Huyghe et al., 2013; Steinthorsdottir et al., 2014; Mahajan et al., 2018b). 

Further experimental studies have demonstrated that reduction of PAM induces beta cell 
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dysfunction and reduced insulin secretion through a decrease in insulin content (Thomsen 

et al., 2018). Insulin content is therefore a phenotypic readout which is not only amendable 

to a pooled screen as it is an intracellular FACS sortable marker but most importantly, it is 

also a T2D relevant phenotype. In summary, I created an outline for a genome-wide pooled 

CRISPR screen for beta cell function based on an insulin content readout in the human beta 

cell line EndoC-βH1. As shown in Figure 4.5, EndoC-βH1 were transduced with a genome-

wide CRISPR library at a low MOI of 0.3 so every cell on average only gets one viral 

particle, one sgRNA integration and a single gene KO. After puromycin selection to 

eliminate untransduced cells, FACS staining and sorting were performed for low and high 

insulin content, which are the populations of interest with altered insulin content. DNA was 

extracted from the sorted cell populations, integrated sgRNA sequences were amplified 

using PCR and analysed by next-generation sequencing. sgRNA count was compared 

between low and high insulin content samples and enriched or depleted sgRNAs within each 

sample gave an indication about that gene’s role in insulin content regulation. To validate 

the functional role of these genes and confirm the results of the CRISPR screen, subsequent 

validation studies were performed followed by downstream analysis including pathway 

enrichment and integration with complementary datasets.   
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Figure 4.5 - Genome-wide pooled CRISPR screen for human beta cell function. To identify 

regulators of beta cell function in an unbiased and genome-wide approach, a CRISPR screen pipeline 

was developed. The human beta cell line EndoC-βH1 was transduced with a genome-wide CRISPR 

library at a MOI 0.3 to ensure single sgRNA integration. After puromycin selection, populations for 

different levels of insulin content were sorted using FACS and analysed for sgRNA integration. In 

this schematic, sgRNA2 is enriched in the low insulin content sample (dark blue) and depleted in 

high insulin content, indicating that KO of gene KO results in decreased insulin content. The sgRNA 

analysis was followed by individual validation and follow-up studies and downstream analysis such 

as integrating with pathway analysis and complementary datasets.   
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4.3.2 CRISPR screen optimisation 

Pooled CRISPR screens based on complex FACS staining and sorting require extensive 

optimisation and validation to ensure a highly specific and sensitive phenotypic readout. 

Crucial steps in the optimisation pipeline include antibody testing and optimising the 

staining conditions. 

4.3.2.1 Insulin content readout 

Initially, antibodies from different manufacturers, species backgrounds and fluorophore 

conjugations were tested to achieve a specific signal for intracellular insulin in EndoC-βH1 

(Figure 4.6). The first tests were performed under standard staining conditions using 4% 

PFA for cell fixation and 0.2% Triton-X100 for cell permeabilisation. A rabbit antibody 

from Cell Signaling and a rat antibody from R&D in combination with a species-specific 

secondary antibody both resulted in specific staining for insulin compared to isotype controls 

(Figure 4.6 A, B). Maximal separation between the insulin stained cells and isotype controls 

was not yet achieved, likely due to suboptimal staining conditions. Due to higher consistency 

between independent replicates and better availability for shipments in larger quantities, the 

Cell Signaling antibody was superior to the DHSB antibody. Antibodies which are directly 

conjugated to their fluorophore would allow for a faster staining process without the need 

for separate secondary antibody incubations. However, the signal for insulin in EndoC-βH1 

from directly conjugated antibodies using two independent antibodies (Cell Signaling and 

R&D) was not different compared to cells stained with isotype controls only (Figure 4.6 C, 

D). Hence, I decided to proceed with the Cell Signalling antibody in combination with a 

secondary antibody to perform further optimisation and validation experiments. 
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Figure 4.6 – Insulin antibody testing. FACS staining in EndoC-βH1 comparing staining for 

intracellular insulin (blue graph) and respective isotype controls (pink graph) using different 

monoclonal antibodies: (A) Cell Signalling rabbit antibody (purple) and a secondary Ab (grey) 

conjugated to AF488 (green), (B) DHSB rat antibody (blue) and a secondary Ab (grey) conjugated 

to AF488 (green), (C) Cell Signalling rabbit antibody (purple) directly conjugated to FITC (green), 

(D) R&D rat directly conjugated to FITC (green). Three independent experiments were performed 

and representative FACS plots are shown. 

 

To ensure that the Cell Signaling antibody specifically detects insulin, I performed 

validation studies in other cell lines. Positive staining in the insulin expressing rat insulinoma 

cell line INS-1 indicated that the antibody was not specific for human insulin but also cross 

reacted with rat insulin (Figure 4.7 A). Negative insulin staining in the human embryonic 

kidney cell line HEK293T compared to isotype controls indicated that the antibody was 

indeed specific for insulin only and did not demonstrate any unspecific binding to other 

human proteins (Figure 4.7 B). The absence of insulin expression in HEK293T cells was 

confirmed on the mRNA level using RT-qPCR.  

To further validate the sensitivity of the antibody and its ability to detect different levels of 

insulin content, I performed siRNA silencing of insulin in EndoC-βH1. An efficient 

silencing of 97.42% on the mRNA level induced a clear shift in average fluorescence 

towards less insulin in insulin silenced cells compared to non-targeting control cells (Figure 

4.7 C, D). In addition to this shift of average fluorescence intensity, the proportion of insulin 

negative cells compared to the isotype control increased from 3% in siNT to 25.3% in insulin 

silenced cells. Less efficient silencing of only 52.79% of the insulin transcript demonstrated 
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a proportionally smaller reduction in insulin signal (Figure 4.7 E, F). The residual insulin 

protein and FACS signal even when silencing efficiencies close to 100% were achieved, was 

in accordance with remaining insulin that was measured by the sensitive and complementary 

alphaLISA based method (Figure 4.7 G). siRNA induced KD of insulin achieved on average 

only a mean reduction of 54.23% (p=0.16) in insulin content, likely due to residual insulin 

granules that usually have a half-life of 3-5 days (Halban & Wollheim, 1980). Conclusively, 

the Cell Signaling antibody is specific for insulin and able to reflect varying levels of insulin 

content with a corresponding FACS signal.  

 

 

Figure 4.7 – Insulin antibody specificity. (A, B) FACS staining using the insulin targeted Cell 

Signaling antibody (blue) or a respective isotype control (pink) in the rat insulinoma cell line INS-1 

(A) and the human embryonic kidney cell line HEK293 (B). (C, E) FACS staining using the insulin 

targeted Cell Signaling antibody in insulin silenced cells (blue) or their respective non-targeting 

control (pink) in EndoC-βH1. (D, F) mRNA expression of INS in insulin silenced cells and siNT 

controls. Analysis in D and F correspond to FACS plots in C and E, respectively. (G) Insulin content 

in siNT cells compared to siNT, measured by alphaLISA. All data are mean ± SEM from three (G) 

independent experiments and representative FACS plots are shown (A, B, C, E) with their respective 

silencing efficiency (D, F). Data were analysed using two-sample t-test (G). NT, non-targeting. 
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Although the Cell Signaling insulin antibody resulted in a specific and sensitive FACS signal 

for insulin in EndoC-βH1, the signal was not fully separated from the isotype control to form 

a distinct population. I therefore further optimised the fixation and permeabilisation 

conditions in the FACS protocol to achieve a better separation and improved insulin staining. 

Changing the fixation reagent in the previously applied staining protocol from 4% PFA into 

100% Methanol decreased the proportion of insulin positive cells even further from 51.3% 

to 39.3% (Figure 4.8 C, D). However, when the commercially available BD Phosflow 

fixation and permeabilisation reagents were used with their recommended protocol 

adaptions, the proportion of insulin positive cells increased to 89%, indicating a near 

complete separation from the isotype control (Figure 4.8 A). Changing the fixation reagent 

from 4% PFA into BD Phosflow’s fixation reagent was thereby the crucial step in improving 

the insulin signal (87.2%, Figure 4.8 B). Subsequent FACS staining for insulin and the 

CRISPR screen were performed with the BD Phosflow staining protocol using the Cell 

Signaling antibody.  

 

Figure 4.8 - Fixation and permeabilization optimisation. FACS staining in EndoC-βH1 

comparing insulin staining for intracellular insulin (blue graph) and respective isotype controls (pink 

graph) using different staining protocols: (A) Commercial BD Phosflow fixation and 

permeabilisation buffer, (B) BD Phosflow fixation buffer and 0.2% Triton-X100 for 

permeabilisation, (C) 4% PFA as fixation buffer and 0.2% Triton-X100 for permeabilisation, (D) 

100% Methanol as fixation buffer and 0.2% Triton-X100 for permeabilisation. Three independent 

experiments were performed and representative FACS plots are shown. 
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4.3.2.2 CRISPR library 

In addition to optimising the conditions of the phenotypic readout, selecting a suitable 

CRISPR library is essential for successful pooled screening and depends on a wide range of 

distinct factors such as cell requirements or sgRNA targets. The choice for this screen was 

between the TKOv3 and Genome-scale CRISPR Knock-Out v2 (GeCKOv2) human 

CRISPR LoF libraries as they were well established at our screening collaborators laboratory 

at the Target Discovery Institute (University of Oxford) (Sanjana et al., 2014; Hart et al., 

2017). Both CRISPR libraries use the same sgRNA and Cas9 plasmid backbone 

(plentiCRISPRv2) but differ in their sgRNA design, the number of sgRNAs per target and 

the total number of targets. GeCKOv2 targets more genes than TKOv3 (19050 versus 18053) 

with a higher number of sgRNAs per gene (6 versus 4). More sgRNAs also means a much 

higher number of cells is required to keep appropriate sgRNA coverage during the screen. 

Due to the slow growth rate of EndoC-βH1, fewer cells and therefore the TKOv3 library is 

preferential. In addition, it has been shown that increasing the number of sgRNAs into more 

than four sgRNAs per gene does not substantially increase the number of hits even further 

(Hart et al., 2017). Further, it has emerged that a design flaw in the GeCKOv2 library 

resulted in a significant proportion of duplicate and non-specific sgRNAs. Conclusively, the 

TKOv3 CRISPR library targeting 18 053 genes with four sgRNAs per gene was the best 

library for this FACS based insulin content screen.  

4.3.2.3 Small-scale proof of concept screen 

Before performing the large-scale genome-wide CRISPR screen, I validated the CRISPR 

screen protocol and pipeline by performing a small-scale proof of concept screen. Instead of 

a genome-wide CRISPR library, I used the constructs and lentivirus that were previously 

generated in Chapter 3 for the selected genes of interest PAM, IDE, INS, NMS and the EV 

control. Both, PAM and INS are known to reduce insulin content upon protein reduction and 
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function as positive controls in the small-scale screen (Thomsen et al., 2018). NMS, which 

is not expressed in EndoC-βH1 and EV on the other hand are negative controls that should 

not affect insulin content. Controls for the opposite direction of effect, an increase in insulin 

content were not as easily identifiable compared to many well characterised genes that 

induce a reduction in insulin content. Due to IDE’s role in the degradation of insulin and its 

expression in human beta cells, I hypothesised that IDE KO might lead to an increase in 

insulin content due to reduced insulin degradation. However, the consequences of IDE 

deletion on insulin content in EndoC-βH1 have not been tested before and are unknown. 

EndoC-βH1 cells were transduced with a pooled lentivirus to achieve a combined MOI of 

0.3 and including two sgRNAs per gene. In parallel, cells were separately transduced with 

EV virus as a control for a normal insulin content distribution in FACS. The FACS sorting 

was performed following puromycin selection using the previously optimised staining 

protocol which was also adopted for the genome-wide screen. Upon analysis by FACS and 

after gating for alive and single cells, the screening sample demonstrated a larger proportion 

of cells with lower insulin content compared to EV control cells (Figure 4.9 A). The sorting 

gate for low insulin (INSlow) was set to the lower limit of EV cells and contained 38.5% of 

the screening population. All cells with higher insulin content beyond the sorting gate were 

collected as insulin high sample (INShigh, 56.2%). Instead of performing next-generation 

sequencing to assess sgRNA enrichment in the FACS sorted cell samples, I developed a 

SYBR green based qPCR-based approach using sgRNA specific primer on the extracted 

DNA samples. Apart from PAM_sgRNA1, all sgRNA amplifications were specific based on 

melt curve analysis. Based on two independent replicates of this small-scale screen, the 

control samples NMS and EV showed no change between INSlow and INShigh samples (EV: 

log fold change (LFC)=0.042, p=0.935; NMS: LFC=0.052, p=0.833, Figure 4.9 B). sgRNAs 

targeting the positive controls INS and PAM were, as expected enriched in the INSlow 
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population. More specifically, sgRNAs for INS were significantly enriched (p=0.014) with 

a strong and consistent effect (LFC: 1.476) across sgRNAs and replicates. The single sgRNA 

for PAM demonstrated as anticipated a highly replicable but smaller enrichment than INS, 

consistent with its lower effect on insulin content (LFC=0.373, p=0.061). Deletion of IDE 

did not significantly change insulin content in EndoC-βH1 (LFC=0.251, p=0.259). In 

contrast to my hypothesis that IDE KO might induce an increase in insulin content based on 

its function to degrade insulin, it did not actually affect the level of insulin in EndoC-βH1. 

Based on the correct identification of the positive controls INS and PAM, while the negative 

controls NMS and EV showed no effect, it can be concluded that the screening protocol 

including the viral transduction, antibiotic selection, FACS sorting and sgRNA enrichment 

testing is highly specific and sensitive to detect regulators of insulin content and suitable for 

genome-wide expansion.  

 

Figure 4.9 – Small-scale CRISPR screen in EndoC-βH1. (A) FACS staining in EndoC-βH1 

comparing insulin staining of EV control cells (pink) and cells from the small-scale CRISPR screen 

(blue). Respective boxes indicate sorting gates for low (INSlow) and high insulin content samples 

(INShigh). (B) sgRNA enrichment for all individual sgRNAs in INSlow compared to INShigh from 

control (grey) samples and positive controls (INS and PAM, purple and dark pink). Significance was 

tested for combined sgRNAs per gene. All data are mean ± SEM from two independent experiments 

and representative FACS plots are shown (A). Data were analysed using one-sample t-test (B). LFC, 

log2(fold change); EV, empty vector. P-value * < 0.05. 
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4.3.3 CRISPR screen performance 

4.3.3.1 FACS CRISPR screening 

This genome-wide CRISPR screen was independently performed twice in EndoC-βH1 to 

ensure the effects of certain sgRNAs on insulin content were reproducible and to increase 

the power to detect associations. As shown in Figure 4.10, each replicate required around 

700 million cells to achieve a coverage of 500 cells per sgRNA and factoring in that only 

around 30% of the cells will survive after puromycin selection. It took around four months 

of continuous culturing to grow enough EndoC-βH1 in up to 70 large cell culture flasks 

which took up to 12 h of cell splitting at once to ensure cell synchronization and 

homogeneity. Within each replicate and after 7 days in puromycin, a reference cell sample 

was taken in addition to an insulin low and high sample after FACS sorting. The samples 

were then processed, sequenced and underwent downstream analysis.  
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Figure 4.10 – Genome-wide CRISPR screen outline. Key steps and the timeline of the genome-

wide CRISPR screen are shown. A common stock of lentiviral CRISPR library was produced and 

titered followed by bulking up EndoC-βH1 cells over four months to reach the required amount of 

around 700 million cells per replicate (bottom images). Each of the two replicates followed a precise 

time plan per day for key steps and sample collection as depicted in the enlarged box. After cell 

collection, the samples were processed and sequenced followed by sgRNA enrichment and 

downstream analysis and functional follow-up studies.  

 

To assess different levels of insulin content in the screening cells that were transduced with 

the genome-wide CRISPR library, the extensively optimised FACS sorting for intracellular 

insulin was performed. Fixed, permeabilised and stained EndoC-βH1 cells were initially 

analysed based on their granularity and size to exclude debris and doublets (Figure 4.11 A). 

An additional live/dead stain was implemented to ensure that effects on insulin content were 

only assessed in viable cells. Only around 67.55% of cells as an average of both replicates 

passed this viability quality control, highlighting a remaining high percentage of dead cells 

from the puromycin selection or the staining process that would have compromised the 

downstream insulin content analysis. The sorting gates for insulin content were determined 

based on the isotype control and the control WT sample. As the isotype control functioned 
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as insulin negative control, its upward limit was set as a gate to separate cells with negative 

or low insulin staining from cells that stained positively for insulin (Figure 4.11 B). The 

positive control cells clustered as expected beyond that border with around 81.43% of cells 

that were classified as insulin positive, which is comparable to levels achieved in 

optimisation experiments (Figure 4.11 C). The screening cells demonstrated a clearly 

different distribution with a higher percentage of cells having low insulin (INSlow) staining 

compared to control cells, indicating the cells of interest where CRISPR editing induced a 

reduction in intracellular insulin (Figure 4.11 D-F). The upper limit in insulin content 

(INShigh) was determined as encompassing the top 10% of cells in the control population, 

resulting in similar proportions in the screening cells. A subset of the final sorted cells 

underwent a reanalysis to assess the accuracy of the sorting process and demonstrated a high 

purity of the population (99.1%, Figure 4.11 G).  

The cell samples were then processed to extract the DNA, amplify the integrated sgRNA 

and attach sequencing adapters using a PCR approach with optimised cycles per sample to 

ensure ideal amplification without introducing bias. The samples were subsequently sent for 

sequencing at the Oxford Genomics Centre on a NEXTSeq500 followed by quality control 

and sgRNA mapping of the raw FASTQ sequencing files.  
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Figure 4.11 - FACS sorting of the genome-wide CRISPR screen. Representative FACS images 

and sorting gates from replicate one of the two genome-wide CRISPR screens. (A) Sorting gates 

assessing cell size, granularity and viability to exclude debris, define singlets and live cells. (B-F) 

Insulin staining of the isotype control (B), control cells (C) and screening cells (D). Overlay of 

control (pink) and screening cells (blue) as dot plot (E) or histogram (F). (G) Resorting of low insulin 

cell population to assess the sample purity. SSC-A, side scatter area; FSC-A, forward scatter area; 

FSC-W, forward scatter width. 
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4.3.3.2 Sample quality control 

Initially, read counts from the sequencing files were assigned to sgRNAs from the CRISPR 

library as part of the MAGeCK analysis pipeline (Li et al., 2014). The percentage of mapped 

reads is a good indication for sequencing and sample quality and should exceed 60% in each 

sample (Li et al., 2015). With an average mapping proportion of 80.95%, all samples from 

both replicates passed the sgRNA mapping quality control (Figure 4.12 A). A low 

percentage of missing sgRNAs with less than 0.5% in both reference samples were 

indicative of near complete library transduction, stable integration of nearly all sgRNAs and 

no over selection during puromycin incubation (Figure 4.12 B). A higher percentage in the 

selected samples (low and high insulin) was expected and desirable due to the positive 

selection in the FACS sorting leading to sgRNA enrichment and depletion. The normalized 

read counts were consistent between samples with an average read count of 980.79 per 

sgRNA, thereby considerably exceeding the minimum requirement of around 300 

reads/sgRNA which is necessary to achieve sufficient statistical power (Figure 4.12 C). In 

addition, the standard deviation of sgRNA read counts was lowest in the reference sample 

where no sample selection was performed. The larger spread in the low and high insulin 

samples represented the sgRNAs of interest which are enriched or depleted in either 

population. Overall, the screen has demonstrated an excellent technical performance and the 

sequencing and sgRNA read count samples have passed all quality controls.   
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Figure 4.12 – Mapped sequencing read quality control. Read count and mapped sgRNA quality 

control for low insulin (LOW1, LOW2), high insulin (HIGH1, HIGH2) and reference samples 

(REF1, REF2) from both replicates including: (A) total read counts and the proportion of mapped 

reads, (B) the number of zero-count sgRNAs as proportion of total sgRNAs and (C) normalized read 

count distributions. 

 

Following the sequencing quality control, I assessed the read counts on a sample level to 

determine the consistency between the samples and replicates. A Principle Component 

Analysis (PCA) demonstrated clear separation between the individual samples based on 

their screening group, here shown for the first two PCs (Figure 4.13 A). The reference and 

high insulin sample showed a close localisation within their replicates while the low insulin 
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sample, albeit clustering together, demonstrated a larger separation between both replicates. 

No batch effects between replicate 1 and replicate 2 or sample independent clustering were 

visible. This correlation between samples was confirmed using a pairwise Pearson 

correlation analysis on log read counts. Reference and high insulin content samples were 

highly correlated within their replicates with a correlation coefficient of 0.94 and 0.96 

(p<2.2x10-16), respectively (Figure 4.13 B, E). The overall correlation between both 

replicates within the screen was assessed by correlating the fold changes between low and 

high insulin content samples within each sample, resulting in a correlation coefficient of 

0.50 (p<2.2x10-16). Low correlation coefficients down to 0.1 are however not a cause of 

concern in positive selection screens where commonly only a small proportion of sgRNAs 

are consistently enriched or depleted (Li et al., 2015; Hanna & Doench, 2020). This lower 

overall correlation compared to the reference and high insulin content sample was driven by 

variation within the low insulin content samples (r=0.35, p<2.2x10-16), which was already 

indicated by a larger separation in the PCA analysis and varying levels of missing sgRNAs 

(Figure 4.13 D). This higher variability and reduced insulin content were likely a result of 

cellular stress due to CRISPR screen associated side effects such as the transduction and 

antibiotic selection and therefore effects on insulin content which are independent of the 

gene KO introduced by the sgRNA.  
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Figure 4.13 - CRISPR screen replicate correlation. (A) Principle Component Analysis for the first 

two components of low (grey) and high (blue) insulin content and reference samples (purple) from 

both replicates. (B-E) Pairwise Pearson correlation analysis of reference replicates (B), fold changes 

between low and high insulin content for each replicate (C), low insulin content replicates (D) and 

high insulin content replicates (E). The purple line indicates the linear regression line. Log2FC, log2 

(fold change); r, Pearson correlation coefficient.  
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4.3.4 CRISPR screening hits 

Significantly enriched or depleted genes in the FACS sorted insulin content samples of this 

genome-wide CRISPR screen were assessed using the MAGeCK analysis pipeline (Li et al., 

2014). This algorithm to analyse CRISPR screens first performs an enrichment analysis for 

individual sgRNAs between two groups of interest before collapsing the sgRNAs into a gene 

level-based analysis. Initially, this gene-level analysis was applied comparing the low and 

high insulin content groups followed by the development of a custom sgRNA-level based 

identification of high confidence hits. 

This initial gene level hit analysis using a less stringent FDR threshold (<0.5), similar to 

thresholds in previously published studies identified 117 negative regulators and 1382 

positive regulators of insulin content (Figure 4.14) (Cortez et al., 2020). Negative regulators 

demonstrate enriched sgRNAs in the high insulin content population and increased insulin 

content upon gene KO. sgRNAs which are enriched in the low insulin content population 

on the other hand reflect positive regulators with a decrease in insulin content upon gene 

KO. This genome-wide CRISPR screen was strongly biased towards detecting positive 

regulators, which is consistent with the observed effect in the FACS readout. This is likely 

a consequence of identifying many factors that are critical for general transcription and 

translation, in addition to detecting specific regulators of insulin content.  
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Figure 4.14 - Genome-wide CRISPR screen gene-level volcano plot. Screening hits based on 

MAGeCK gene-level analysis. Positive regulators (pink) and negative regulators (purple) leading to 

reduced and increased insulin content upon gene KO, respectively were indicated based on an 

FDR<0.5. Specific genes have been highlighted (pink label) based on their previous association with 

T2D risk or known role in beta cell function. Further comprehensive visualisation of these genes is 

shown in Figure 4.21. Other labelled genes indicate selected top hits. Data are from two independent 

genome-wide CRISPR screen replicates. FC, fold change; FDR, false discovery rate. 
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4.3.4.1 Known regulators of beta cell function and diabetes 

As expected, sgRNAs targeting INS (LFC=1.06, FDR=0.49) were enriched in the low 

insulin content population. Both sgRNAs that had been used previously to generate INS-KO 

in Chapter 3 were efficient in introducing an effect on insulin content in the CRISPR screen. 

One of the four sgRNAs however, highlighted in grey in Figure 4.15 A did not affect insulin 

content in both replicates. It is therefore likely that this sgRNA did not introduce a gene KO 

in INS and no reduction in insulin content, leading to an overall smaller fold change and less 

significant result compared to other positive regulators with four consistent sgRNAs.  

Most importantly, the screen was able to identify known regulators of beta cell function, 

insulin content and insulin secretion such as the beta cell transcription factor NKX2.2 

(LFC=1.21, FDR=0.26), the glucose transporter SLC2A2 (LFC=0.87, FDR=0.22), the 

glucokinase GCK (LFC=-2.04, FDR=0.49) and the glucose-6-phosphatase catalytic subunit 

G6PC2 (LFC=0.67, FDR=0.21, Figure 4.15). NKX2.2 is essential in the development of beta 

cells but has also shown to play a crucial role in mature beta cells where loss of Nkx2.2 in 

islets of transgenic adult mice led to reduced insulin expression, insulin content and impaired 

insulin secretion (Sussel et al., 1998; Doyle & Sussel, 2007). Homozygous LoF mutations 

in SLC2A2, which encodes the glucose transporter GLUT2 have been identified as a rare 

cause of neonatal diabetes, demonstrating its crucial role in the uptake of glucose and human 

beta cell function (Sansbury et al., 2012). GCK is the primary glucose sensor in human beta 

cells, mediates the rate limiting step to phosphorylate glucose to glucose-6-phosphate and 

has been associated with MODY and neonatal diabetes (Matschinsky, 1990, 2005; Vionnet 

et al., 1992; Thomson et al., 2003). G6PC2 catalyses the hydrolysis of glucose-6-phosphate 

(G6P) to glucose and has been established as an effector gene for glycaemic traits, a 

regulator of insulin secretion and loss of G6PC2 has been shown to reduce insulin content, 

consistent with the observed direction of effect upon KO in this screen (Pound et al., 2013; 



140 

 

Mahajan et al., 2015; Ng, 2016). The opposing effects of G6PC2 and GCK in the beta cell 

were reflected in the results of this CRISPR screen by showing opposite effects on insulin 

content.  

 

Figure 4.15 – Known regulators of beta cell function. Changes in sgRNA count from low to high 

insulin content sample with each colour representing the same sgRNA across the two screen 

replicates for (A) INS, (B) NKX2-2, (C) SLC2A2, (D) G6PC2, (E) BLK and (F) GCK. The black 

dashed line represents the median sgRNA count for this gene. sgRNA with zero counts were 

removed.  

 

To provide further confidence in the hits of this genome-wide CRISPR screen, a Fisher’s 

Exact enrichment analysis was performed to assess if genes involved in monogenic diabetes 

were significantly enriched. A list of genes involved in monogenic diabetes such as MODY 

or neonatal diabetes was manually curated based on publications reviewing the genetic 

causes of monogenic diabetes (Greeley et al., 2011; Flanagan et al., 2014; Bansal et al., 
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2017; Misra & Owen, 2018). It should be noted however that not all genes are widely 

accepted as a cause of monogenic diabetes (e.g. BLK). Nevertheless to be able to capture all 

potential genes involved in monogenic diabetes, I decided to compile a broad list instead of 

applying very stringent criteria and only focussing on genes that are well characterised 

causes of monogenic diabetes such as KCNJ11. Out of the 31 tested genes that have been 

shown to be involved in monogenic diabetes, seven were classified as screening hit (GCK, 

INS, GATA6, SLC2A2, SLC19A2, BLK, NKX2.2), resulting in a significant enrichment 

(p=0.012). 

4.3.4.2 Top screening hits 

In addition to assessing well characterised regulators of beta cell function and insulin 

content, I evaluated the top hits of the CRISPR screen and their potential role in the human 

beta cell (Figure 4.14). A large proportion of positive regulators were involved in general 

transcription and translation and thus affected insulin content indirectly through decreasing 

total protein levels. Within the top hits were the spliceosomal factor SMU1 (LFC=3.98, 

FDR=0.007), the 27S pre-rRNA processing factor EBNA1BP2 (LFC=3.69, FDR=0.008), the 

transcriptional elongation subunit ELP2 (LFC=2.67, FDR=0.02), the translation initiation 

factor EIF3B (LFC=2.87, FDR=0.02), the ribosomal protein RPL12 (LFC=2.05, FDR=0.02) 

and the mitochondrial tRNA synthetase HARS2 (LFC=2.43, FDR=0.03). Most of these hits 

are likely required for survival and the cells would not be viable during longer culturing 

following gene KO. Consistent with this crucial role in protein synthesis was the 

classification of all of these genes as common essential genes in the Cancer Dependency 

Map (DepMap) based on large CRISPR and RNAi screens (Dempster et al., 2019b).  

Beside genes that are involved in general transcription and translation, the screen has 

identified many genes of interest among the top hits who map to important pathways or 

functions within the beta cell but who have not been characterised in human beta cells yet. 
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These genes would therefore be compelling targets for in-depth follow up studies and 

include the vesicle fusing ATPase NSF (LFC=2.58, FDR=0.03), the ER cargo receptor 

SURF4 (LFC=-2.21, FDR=0.04), the fucose-1-phosphate guanylyltransferase FPGT 

(LFC=-3.87, FDR=0.08), the fatty acid desaturase FADS1 (LFC=-1.53, FDR=0.23), the 

transcription factor SIX5 (LFC=-1.25, FDR=0.30), the calcium-transporting ATPase 

ATP2C2 (LFC=3.59, FDR=0.02), the phospholipid biosynthesis acyltransferase AGPAT5 

(LFC=2.13, FDR=0.007) and the scavenger receptor COLEC12 (LFC=3.35, FDR=0.01). 

NSF has been shown to play a role in beta cell function by catalysing the disassembly of the 

SNARE complex upon insulin vesicle fusion in exocytosis but the consequences of its loss 

of function on insulin secretion have not been characterised yet (Littleton et al., 2001; 

Vikman et al., 2003). SURF4 is involved in the export of proteins in the ER and has been 

found in a purification of rough ER from the mouse beta cell line MIN6, highlighting its 

potential role in beta cell ER homeostasis (Lee et al., 2015). FPGT is involved in hexose 

biosynthesis and has been identified as a target gene of NKX6.1 in islets of beta cell 

conditional Nkx6.1 KO mice, but its role in insulin secretion or beta cell function has not 

been investigated yet (Taylor, Liu, & Sander, 2013). FADS1 regulates the synthesis of highly 

saturated fatty acids and increased islet expression has been associated with raised fasting 

glucose in GWAS (Dupuis et al., 2010; van de Bunt et al., 2015). Although its lipid 

associated function might indicate a role linked to insulin sensitivity, the GWAS allele has 

also been associated with HOMA-B, a measurement of beta cell function and insulinogenic 

index, hinting at a beta cell mediated effect (Dupuis et al., 2010; Ingelsson et al., 2010). 

FADS1 expression might modulate insulin secretion through altered levels of unsaturated 

fatty acids which has been observed to be associated with the level of insulin secretion and 

gluco-sensitivity in islets (Pareja et al., 1997). Interestingly, both AGPAT5 and COLEC12 

have been identified as being differently expressed in human islets from donors with T2D 
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(HbA1c>6.5) compared to normoglycemic donors (HbA1c<6), but their role in human beta 

cells remains to be determined (Asplund et al., 2019). 

4.3.4.3 High confidence gene hit analysis 

Even though the MAGeCK gene level analysis has provided a gene ranking demonstrating 

an enrichment of known regulators of beta cell function and insulin content, its algorithm to 

collapse sgRNAs into genes is not ideally suited for all CRISPR screens. The analysis 

pipeline considers all sgRNAs from both replicates as independent, therefore not putting 

special focus on sgRNAs which are only enriched or depleted consistently between both 

replicates. This is especially important in screens with a lower correlation between samples 

such as in the low insulin sample. Using MAGeCK, a gene could have been classified as hit 

by only having four or even less sgRNAs from one replicate with an effect. I therefore 

decided to perform an additional analysis and compiled a high confidence hit list containing 

only genes that have at least two out of the total four sgRNAs with a highly significant effect 

(FDR<0.1) in both replicates. This approach is similar to a previously published analysis, 

albeit using much more stringent criteria (Fang et al., 2019). This high confidence hit list 

contained 580 genes (Supplementary Table 1), still including the strong and consistent beta 

cell regulators such as INS, SLC2A2, NKX2.2 and previously strong hits including FADS1, 

NSF, EIF3B or AGPAT5. If not indicated otherwise, the subsequent downstream analyses 

were performed based on this high confidence hit list.  
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4.3.4.4 Negative control sgRNAs 

In addition to assessing positive or negative hits in the CRISPR screen, it is essential to 

investigate the distribution of negative control sgRNAs targeting LacZ, luciferase and EGFP 

to evaluate a potential bias, a skewed distribution and background noise. The mean of the 

284 control sgRNAs was not significantly different compared to the mean of all sgRNAs 

(p=0.298), highlighting that control sgRNAs with no effect on insulin content were not 

enriched or depleted in either low or high insulin content population (Figure 4.16).  

 

 

Figure 4.16 – sgRNA distribution in genome-wide CRISPR screen. sgRNA distribution of 

log2(FC) for the following groups: all sgRNAs independent of their sequence and effect on insulin 

content (blue), only control sgRNAs targeting LacZ, EGFP and luciferase (grey), sgRNAs from 

negative (purple) or positive regulator (pink) hits from the high confidence hit list. The black line 

indicates the median values for each group. Data are from two independent genome-wide CRISPR 

screen replicates and differences between all sgRNAs and controls were analysed using a two-sample 

t-test. Log2(FC), log2(fold change). 
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4.3.5 The CRISPR screen identified T2D and beta cell pathways 

4.3.5.1 Pathway enrichment analysis 

Initially, I manually assessed if individual genes known to play a role in beta cell function 

or T2D could be found within the hits of the CRISPR screen, a pathway analysis of all 

screening genes however can perform an unbiased overall enrichment analysis. I used two 

distinct methods to investigate pathway enrichment, Gene Set Enrichment Analysis (GSEA) 

using the ranked genes of the MAGeCK gene level analysis and DAVID pathway 

enrichment analysis using only the high confidence hits. GSEA determines enrichment 

based on the localisation of specific pathway genes across the ranks of the submitted list, 

therefore not specifically distinguishing between hit or not hit but rather assessing if the 

genes are higher ranked than others. Pathway enrichment analysis on the other hand 

evaluates if genes from the submitted hit list are enriched for certain pathways.  

GSEA was performed separately for negative and positive regulators to have either at the 

top of the ranking. Within each category, the highest-ranked pathways based on their 

enrichment score are presented, albeit none of them passed the recommended FDR threshold 

of 0.25. Consistent with our bias to detect positive regulators, no KEGG pathway enrichment 

was detected amongst negative regulators. Enriched KEGG pathways for positive regulators 

were MODY (normalised enrichment score (NES)=1.32, p=0.019) and T2D (NES=1.30, 

p=0.003, Figure 4.17 A). Highly enriched GO terms for negative regulators include the beta 

cell pathways insulin receptor binding (NES=1.45, p=0.003), SNARE complex assembly 

(NES=1.44, p=0.012) and regulation of vesicle fusion (NES=1.31, p=0.022, Figure 4.17 B). 

As previously demonstrated for individual top hits, positive regulators are highly enriched 

for transcription and translation pathways such as regulation of translational elongation 

(NES=1.38, p=0.018) or mRNA transcription by RNA Polymerase II (NES=1.37, p=0.018, 

Figure 4.17 C). In addition, pathways important for beta cell function such as ER quality 
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control (NES=1.37, p=0.013) were also among the most highly enriched pathways. 

Conclusively, GSEA analysis demonstrated a strong enrichment for genes relevant for beta 

cell function, insulin content, insulin secretion and total protein levels within the top hits of 

the MAGeCK ranking, increasing the confidence that this genome-wide CRISPR screen was 

indeed able to robustly identify genes relevant to the selected phenotype.  

 

Figure 4.17 – Gene Set Enrichment Analysis. GSEA based on MAGeCK ranked genes for KEGG 

pathways of positive regulators (A), GO-Biological process for negative regulators (B) and positive 

regulators (C). Green profile (top) reflects the enrichment profile with peaks demonstrating 

enrichment. Black lines (middle) indicates genes from this selected pathway and their position within 

the sorted ranks of the screening hits going from top-ranked genes (red) to bottom-ranked genes 

(pink). 
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To assess if beta cell relevant pathways were enriched in the genes classified as hits, I 

performed pathway analysis using the high confidence hit list as input. The most 

significantly enriched KEGG pathways among screening hits were ‘FoxO signalling 

pathway’ (Fold enrichment (FE)=2.75, p=0.004, FDR=0.05), ‘ubiquitin mediated 

proteolysis’ (FE=2.69, p=0.004, FDR=0.06) and ‘insulin resistance’ (FE=2.84, p=0.008, 

FDR=0.10). T2D was also among the significantly enriched pathways and demonstrated the 

strongest enrichment (FE=3.84, p=0.019, FDR=0.21, Figure 4.18 A). GO terms for 

molecular function showed the most significant enrichment for ‘protein binding’ (FE=1.22, 

p=5.64x10-8, FDR=8.47x10-7) and ‘Poly(A) binding’ (FE=1.72, p=5.27x10-5, 

FDR=7.91x10-4, Figure 4.18 B). Consistent with the previous enrichment of insulin 

resistance among KEGG pathways, genes mapping to ‘insulin receptor binding’ (INS, IGF2, 

PTPN1, IRS2, DOK1, DOK4) were highly enriched (FE=6.38, p=0.002, FDR=0.03). The 

strongest GO terms for biological processes focussed again on transcription and translation 

including ‘regulation of mRNA stability’ (FE=3.55, p=0.001, FDR=0.02) and ‘translation’ 

(FE=2.37, p=0.001, FDR=0.03, Figure 4.18 C). In line with previous pathways, ‘protein 

ubiquitination involved in ubiquitin-dependent protein catabolic process’ (FE=2.83, 

p=0.002, FDR=0.04) and ‘insulin receptor signalling pathway’ (FE=3.41, p=0.008, 

FDR=0.14) were also strongly enriched. Additional beta cell relevant pathways including 

‘fatty acid homeostasis’ (FE=7.67, p=0.056, FDR=0.63) and ‘regulation of glucose 

transport’ (FE=4.03, p=0.076, FDR=0.74) could be found just below the p-value threshold. 

Collectively, GSEA of ranked genes and pathway analysis of prioritised high confidence 

hits demonstrated commonly enriched pathways and networks including general protein 

homeostasis and specific beta cell pathways. Especially insulin receptor signalling and T2D 

pathways could be found throughout all pathway categories and analysis approaches. The 

unbiased pathway analysis demonstrated that this CRISPR screen was indeed able to 
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specifically identify known regulators of insulin content, increasing the confidence to also 

be able to identify novel regulators.  

 

Figure 4.18 – Pathway enrichment analysis. Pathway enrichment analysis using DAVID 6.8 based 

on the high confidence hit list containing 580 genes and analysing KEGG pathways (A), GO terms 

for molecular function (B) and GO terms for biological process (C). Selected pathways are shown, 

ranked by colour coded p-value.  
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4.3.5.2 Protein-protein interaction networks 

In addition to pathway analysis, protein-protein associations can give an unbiased indication 

which protein networks are involved in the regulation of insulin content and if the screen is 

able to identify complete protein clusters. I performed STRING analysis on the high 

confidence gene hit list to map physical and functional protein association networks 

(Szklarczyk et al., 2019). The network was significantly enriched for interactions 

(p=0.0004), demonstrating that the screening hits mapped to protein networks and were not 

a random compilation of genes. Based on the large network containing all genes, I manually 

assigned gene functions, identified protein clusters and replotted the clusters individually. 

As expected, INS took up a central node within the cluster and was widely connected to 

other proteins (Figure 4.19). Association partners within the network included the 

transcription factor NKX2.2, cellular receptors such as FFAR1 and components of the 

insulin signalling pathway such as DOK1 and IRS2. 

 

Figure 4.19 – INS protein association network. STRING pathway analysis showing protein-

protein associations including physical and functional interactions for INS and other genes within 

the high confidence hit list. Confidence level to determine interactions was set to high confidence 

(0.7).  
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Specific proteins indicated for each of the following networks represent in most cases only 

a small subset of the full network which is shown in Figure 4.20. Consistent with the 

pathway analysis, transcription and translation associated networks made up a large 

proportion of all assigned networks and included transcriptional regulation (MED4, SIN3A, 

JARID2), nuclear import and export through the nuclear core complex (NUP107, NUP54, 

NUP188), mRNA splicing (ZPR1, ELAVL1, RNPS1), mRNA processing (PARN, 

PDCD11, RSRC1) and translational initiation (EIF3D, EIF3J, EIF3B).  

The second largest cluster contained proteins related to ubiquitin mediated proteolysis 

including ubiquitin conjugating enzymes (UBE2J1, UBE2C, UBE2D1), ubiquitin ligases 

(SMURF1, SMURF2, TRIM39) and deubiquitinases (USP14, OTUB1). Ubiquitin mediated 

proteolysis is essential in maintaining cellular homeostasis by degrading cellular proteins 

that are marked for degradation by ubiquitination but has also shown to play an important 

role in beta cells by modulating insulin synthesis and secretion (Kitiphongspattana et al., 

2005; López-Avalos et al., 2006; Hartley, Brumell, & Volchuk, 2009). Previously 

characterised proteins in beta cells within this cluster include HUWE1, which has been 

shown to impair insulin exocytosis in pancreas-specific KO mice and RFWD2/COP1, which 

has been associated with insulin granule docking defects and diabetes in beta cell specific 

KO mice (Wang et al., 2014a; Suriben et al., 2015). Closely related to ubiquitin mediated 

degradation was the autophagy network (CALCOCO2, TBK1, SQSTM1).  

Mitochondrial function also made up a central component of all protein associations 

including the clusters mitochondrial translation (MRPL19, MRPS24, MRPL28), ATP 

synthesis (ATP5H, NDUFA1, NDUFAF4) and membrane proteins (ACO2, TOMM6, 

SLC25A12). Even though mitochondria are critical for cellular metabolism, many of the 

associated proteins were not classified as essential common genes within DepMap, hinting 

at a potential cell type specific role within beta cells in regulating insulin content.  
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Further networks within the screening hits that are known to play a role in beta cell function 

or insulin secretion include vesicle trafficking and exocytosis (NSF, VAMP4, SYNJ1), 

GPCR signalling (SSTR1, NPY, KALRN), GTPase activity (RUFY1, RAP1A, RAB19), 

lipid metabolism (AGPAT2, AGPAT5, DGAT1) and MAPK pathway (MAPK1, DOK4, 

DUSP4).  

Fine-tuned insulin vesicle trafficking within the cell and subsequent fusion with the plasma 

membrane are essential for insulin secretion and thus also for the intracellular level of insulin 

content. The identification of this protein network therefore clearly highlights that the screen 

was able to specifically identify genes and networks important for the regulation of insulin 

content.  

GPCR are critical to beta cell function by modulating cAMP and calcium levels within the 

cell. Proteins within the GPCR signalling cluster include the receptor FFAR1 (GPR40) 

which is well established to enhance insulin secretion upon activation and TIAM1, that has 

been shown to potentiate insulin secretion upon KD in a rat beta cell line (Veluthakal et al., 

2009; Tsuda et al., 2017).  

The related small GTPase are a superfamily that bind to GTP and hydrolyse it to GDP to 

initiate a wide range of downstream signalling processes. Within the GTPase cluster, 

previously studied proteins in the beta cell include ARAP1, which has initially been 

associated as a candidate gene mediating T2D risk at a disease locus but more recent studies 

have pointed to the nearby genes STARD10 and FCHSD2 (Kulzer et al., 2014; Carrat et al., 

2017; Hu et al., 2020). Another associated gene within the cluster, the Rab GTPase-

activating TBC1D4/AS160 is a T2D associated gene linked to severe insulin resistance 

through modulating glucose uptake in insulin sensitive tissue but has also been shown to 

affect insulin secretion upon KD in MIN6 cells and was downregulated in human islets from 
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diabetic donors (Bouzakri et al., 2008; Sakamoto & Holman, 2008; Dash et al., 2009, 2010; 

Moltke et al., 2014).  

Lipid metabolism is important for beta cell homeostasis with fatty acids supporting and 

enhancing glucose stimulated insulin secretion while lipotoxicity induces impaired beta cell 

and apoptosis (Imai et al., 2020). Within this cluster, the sphingolipid phosphatase SGPP2 

has been characterised previously in beta cells with KO mice demonstrating increased beta 

cell ER stress, highlighting its essential role for normal beta cell function (Taguchi et al., 

2016).  

Another large cluster among screening hits was the MAPK pathway centred around 

MAPK1/ERK2 which is involved in a wide range of cellular processes including 

proliferation and transcriptional regulation. MAPK1 itself has been shown to be regulated 

by glucose and KD in rodent beta cells has been linked to reduced insulin secretion (Longuet 

et al., 2005). The MAPK pathway plays an essential downstream role in the insulin 

signalling pathway and the associated protein cluster contained crucial components of the 

insulin/IGF1 signal transduction network such as IGF2, IRS2 and PTPN1. Both, 

overexpression and KO of IGF2 have been associated with reduced beta cell function and 

demonstrated inhibited glucose stimulated insulin secretion in beta cell specific 

overexpression and female KO mice, respectively (Casellas et al., 2015; Modi et al., 2015). 

KO of the insulin receptor substrate Irs2 in pancreatic KO mice demonstrated impaired 

insulin secretion while upregulation of Irs2 on the other hand increased insulin content and 

secretion in mice with beta cell specific overexpression (Hennige et al., 2003; Cantley et al., 

2007). PTPN1 acts as a negative regulator of insulin receptor signalling and has been linked 

to T2D risk and increased insulin secretion in KO mice (Bento et al., 2004; Fernandez-Ruiz 

et al., 2014). 
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The majority of genes mapping to the centrosome assembly cluster (AURKA, HAUS2, 

NPHP4) have not been associated with beta cell function before but could be linked to 

insulin secretion through regulating the cytoskeleton including microtubules and actin which 

are critical in mediating insulin granule transport (Henquin, Mourad, & Nenquin, 2012; Zhu 

et al., 2015). One of the genes within the cluster, PCNT has been studied regarding its 

function in beta cells and demonstrated reduced insulin content mediated through its effect 

on F-actin upon silencing in MIN6 cells (Zu et al., 2015). 

The related protein network containing genes from the cohesion complex (SMC3, SMC1A, 

PDS5A) is involved in connecting sister chromatids and therefore crucial for chromosome 

segregation during mitosis (Peters, Tedeschi, & Schmitz, 2008). This protein network has 

recently been associated with beta cell function for the first time with Nipbl regulating Ins2 

expression and insulin secretion in MIN6 cells (Fang et al., 2019). 

Collectively, this CRISPR screen for insulin content in EndoC-βH1 was able to identify 

protein networks that are known to be crucial in beta cell function. The cluster contained 

previously well characterised genes but in addition also novel genes that had not been 

associated with insulin homeostasis within the beta cell before. Many of these genes have 

only been studied in mice or rodent cell lines previously, so the screen has provided a 

confirmation of the functional mechanisms in human beta cells. Furthermore, the screen has 

also identified novel and less known protein clusters containing genes that have not been 

linked to beta cell function previously.  
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Figure 4.20 – Protein association networks of screening hits. STRING pathway analysis showing 

protein-protein associations including physical and functional interactions for genes from the high 

confidence screening hit list. Clusters were manually identified, annotated and individually plotted. 

Selected clusters are shown. Confidence level to determine interactions was set to highest confidence 

(0.9). 
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4.3.6 The CRISPR screen identified T2D effector genes 

A primary objective of the genome-wide CRISPR screen in the human beta cell line EndoC-

βH1 was to prioritise causal genes at T2D GWAS risk loci. As an initial prioritisation 

approach, the screening hits were integrated with a list of predicted T2D effector genes that 

were manually curated by Anubha Mahajan and Mark McCarthy based on combined 

genetic, regulatory and perturbation evidence for genes associated with T2D (Accelerating 

Medicines Partnership, 2020). Supporting genetic evidence would for example be a coding 

variant with a high posterior probability or monogenic associations, regulatory evidence 

includes tissue-relevant cis-eQTLs while perturbation evidence includes model system 

mutant phenotypes or siRNA screens. The list classifies the predicted genes into "Causal", 

"Strong", "Moderate", "Possible" or "Weak" based on their combined evidence and resulting 

likelihood to be causal for T2D with each class requiring a higher level of supporting 

evidence. In addition to genes associated with T2D, genes linked to glycaemic traits are also 

included. In total, 132 T2D GWAS genes met the criteria and are classified as predicted T2D 

effector genes on this list. Both, MAGeCK gene hits and additional hits from the high 

confidence hit list were integrated with these predicted T2D effector genes and the resulting 

18 common genes were highlighted in Figure 4.21. The additional perturbation evidence 

from this genome-wide CRISPR screen would support the predicted role of T2D genes that 

rely on only a single line of evidence, have not been functionally characterised or associated 

with a predicted tissue of action and not been classified as causal or strong yet. In addition, 

the screening results further confirm and support the genes that have already been classified 

as causal.  
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Figure 4.21 – Predicted T2D effector genes in the genome-wide CRISPR screen volcano plot. 

Screening hits based on MAGeCK gene-level analysis. Positive regulators (pink) and negative 

regulators (purple) leading to reduced and increased insulin content upon gene KO, respectively 

were indicated based on an FDR<0.5. Screening hits that are also part of the predicted T2D effector 

gene hit list that was generated by Anubha Mahajan and Mark McCarthy were highlighted 

(Accelerating Medicines Partnership, 2020). Detailed criteria on how the list was curated and genes 

were classified as predicted casual gene can be found in the associated main text. Data are from two 

independent genome-wide CRISPR screen replicates. FC, fold change; FDR, false discovery rate  
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Of the 18 genes that have been predicted to be T2D effector genes and have a phenotypic 

effect on insulin content in the genome-wide CRISPR screen as shown in more detail in 

Table 4.5, six genes (NKX2-2, BLK, GATA6, GCK, INS, SLC19A2) have a known role in 

monogenic diabetes and have already been predicted as being causal for T2D or related 

traits. In addition, their causal role and function in human beta cells has already been 

characterised previously. Five genes (G6PC2, SLC2A2, PPP1R15B, IRS2, IGF2) have been 

linked to beta cell function and their effect on insulin content has been discussed previously.  

The remaining seven genes, however, consist of novel genes of interest that have not been 

characterised or linked to beta cell function before. AGPAT2, KLF14, MACF1 and MC4R 

are primarily associated with T2D risk through a different tissue and mechanism of action 

namely lipodystrophy, adipocyte size and fat distribution, insulin action in muscle and 

adiposity, respectively (Agarwal et al., 2002; Mahajan et al., 2018b; Small et al., 2018). 

KLF14 has recently been shown to mediate its effect on T2D risk through modulating fat 

distribution and adipocyte cell size while the effects from the risk allele are female-specific 

and maternally imprinted (Small et al., 2018). The potential effect on insulin content by 

these genes as shown in the genome-wide CRISPR screen could nevertheless also indicate 

a potential important role in beta cell function as well, albeit potentially not being the 

primary functional mechanism through which the associated T2D GWAS loci exert their 

effect on disease risk. Such a dual role has been previously demonstrated for TCF7L2 which 

influences glucose homeostasis and potentially T2D risk through simultaneously modulating 

insulin production in the beta cell and glucose production in the liver (da Silva Xavier et al., 

2009; Boj et al., 2012; Mitchell et al., 2015). Especially the screening hits AGPAT2 and 

MACF1 demonstrated a high expression in EndoC-βH1 and primary pancreatic beta cells, 

indicating a functional role in human beta cells. These genes would therefore be interesting 

targets for follow-up studies to better understand their potential role in human beta cells.  
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Gene  

 

CRISPR screen 

LFC (FDR) 

Classification Contributing evidence for classification 

 

MC4R 

 

 

1.32 (0.20) 

 

 

Causal Monogenic obesity (Farooqi et al., 2000) 

Coding variant (Mahajan et al., 2018a; Flannick 

et al., 2019) 

G6PC2 

 

 

 

0.67 (0.21) T2D related Gene-based signal driven by multiple coding 

variants and independent non-coding signal for 

fasting glucose (Mahajan et al., 2015; Ng et al., 

2019) 

 PPP1R15B 

 

1.39 (0.22), HCL T2D related Juvenile-onset diabetes (Abdulkarim et al., 

2015) 

SLC2A2 

 

 

0.87 (0.22), HCL Strong Neonatal diabetes (Sansbury et al., 2012) 

Glycogen storage disease (Santer et al., 1997) 

Liver cis-eQTL (Zhou et al., 2016) 

FADS1 

 

-1.53 (0.23), HCL Possible Islet cis-eQTL for fasting glucose (van de Bunt 

et al., 2015) 

NKX2-2 1.21 (0.26), HCL Causal Neonatal diabetes (Flanagan et al., 2014) 

BLK 1.09 (0.28) T2D related MODY (Borowiec et al., 2009) 

MACF1 

 

0.88 (0.30) Moderate Coding variant (Mahajan et al., 2018b) 

Muscle cis-eQTL (Scott et al., 2016) 

IRS2 

 

 

1.57 (0.32) Causal Syndrome of severe insulin resistance 

(Bottomley et al., 2009) 

Coding variant (Mahajan et al., 2018a) 

CALCOCO2 1.07 (0.35), HCL Possible Coding variant (Mahajan et al., 2018b) 

KLF14 

 

0.64 (0.35) Strong Adipose cis- and trans-eQTL (Small et al., 

2011, 2018) 

C2CD4B 

 

 

0.16 (0.40) Strong Islet cis-eQTL (Varshney et al., 2017) 

Islet chromatin conformation (Greenwald et al., 

2019) 
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GATA6 0.18 (0.47) T2D related Neonatal diabetes (Allen et al., 2011) 

GCK 

 

 

 

-2.04 (0.49) Causal MODY, neonatal diabetes (Hattersley et al., 

1992; Njølstad et al., 2001) 

Coding variant (Flannick et al., 2019) 

INS 

 

1.06 (0.49), HCL Causal MODY, neonatal diabetes (Stoy et al., 2007; 

Molven et al., 2008) 

SLC19A2 0.33 (0.50) T2D related Neonatal diabetes (Shaw-Smith et al., 2012) 

AGPAT2 0.54 (0.63), HCL Moderate Lipodystrophy (Agarwal et al., 2002) 

IGF2 

 

0.85 (0.64), HCL Causal Coding variant (Mercader et al., 2017; Flannick 

et al., 2019) 

Table 4.5 – Predicted T2D effector genes in the genome-wide CRISPR screen. Previously 

associated genes at T2D risk loci that have been predicted to be T2D effector genes by Anubha 

Mahajan and Mark McCarthy (Accelerating Medicines Partnership, 2020). ‘T2D related’ genes are 

not genetically associated with T2D but have strong associations with glycaemic traits instead.  Only 

genetic and regulatory evidence that have been used for this classification are indicated under 

‘Evidence for role in T2D’. If several lines of evidence are present, the strongest evidence is 

indicated. HCL, High confidence screening hit list. 

 

The other three genes of interest, C2CD4B, FADS1 and CALCOCO2 have not been 

classified as causal yet and little is known about their role in beta cell function.  

A T2D risk variant at C2CD4B has been associated with islet function through an islet cis-

eQTL which also overlaps an islet enhancer (Varshney et al., 2017; Kycia et al., 2018; 

Greenwald et al., 2019). However, a role in insulin secretion was recently attributed to 

C2CD4A at this VPS13C-C2CD4A-C2CD4B locus using a beta cell specific KO mice model 

(Kuo et al., 2019). C2CD4B was not assessed in parallel in this investigation and a recent 

study using global KO mice for C2CD4A and C2CD4B demonstrated defective insulin 

secretion in female C2CD4B KO mice with no effect observed in C2CD4A KO mice  

(Gharavy et al., 2020). The functional role of C2CD4B in human beta cells and the 

mechanism through which it affects beta cell function are still unclear. 
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The fatty acid desaturase FADS1 has been linked to insulin secretion through an islet cis-

eQTL for fasting glucose while physiological clustering suggested a defect in early insulin 

secretion, as described in section 4.3.4 (Dupuis et al., 2010; Ingelsson et al., 2010; van de 

Bunt et al., 2015). The T2D GWAS risk allele is associated with higher fasting glucose and 

increased FADS1 expression, which is in line with the CRISPR screen that demonstrated 

increased insulin content upon loss of FADS1. The functional role of FADS1 in human beta 

cells and its role in the regulation of insulin content and secretion remain to be characterised.  

The autophagy receptor CALCOCO2 has been associated with T2D risk through a coding 

variant with a partial role in driving the disease risk and the GWAS locus has been classified 

as acting through insulin secretion (Mahajan et al., 2018b). However, the gene has not been 

studied in beta cells so far and its potential role in beta cell dysfunction remains to be 

explored.  

Collectively, these genes that have been associated with T2D risk but their function in 

human beta cells has not been explored or determined yet, form compelling targets for 

functional follow-up studies to understand their involvement in human beta cell dysfunction 

and T2D risk.  
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4.3.7 Integration with complementary screening approaches  

While this has been the first genome-wide CRISPR screen in human beta cells, previous 

screens as described in section 1.5 have explored insulin secretion in an siRNA screen or 

used a similar FACS based CRISPR screening approach for insulin content which was 

performed in mouse MIN6 cells (Thomsen et al., 2016a; Fang et al., 2019). 

Thomsen et al. performed an arrayed siRNA based KD screen in EndoC-βH1 analysing 300 

candidate genes from 75 T2D GWAS loci for their effect on insulin secretion and cellular 

proliferation (Thomsen et al., 2016a). A direct comparison with this pooled CRISPR screen 

in EndoC-βH1 however is not possible as both screens assessed different phenotypic 

readouts (insulin content vs insulin secretion). Both phenotypes indicate a defect in beta cell 

function but are not necessarily related or directly associated. A reduction in insulin content 

could be associated with an increased compensatory mechanism in the actual secretion, 

leading to no change in total insulin secretion. If the defect affecting insulin content also 

affects the secretory machinery, it might also lead to impaired insulin secretion. Of the 45 

genes that were identified as hits affecting beta cell function by Thomsen et al., 9 hits or 

20% (ADIPOQ, DGKQ, ELAVL4, HEYL, IGF2, INS, PLA2R1, RND3, SOCS7) also affected 

insulin content in this genome-wide CRISPR screen (Figure 4.22). 
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Figure 4.22 – Hit comparison with Thomsen et al. CRISPR screening hits including MAGeCK 

and high confidence hit genes were compared with hits from the siRNA screen in EndoC-βH1 from 

Thomsen et al. (Thomsen et al., 2016a). Common genes are indicated as blue, hits specific to 

Thomsen et al. are indicated as purple.  

 

Fang et al. performed a similar pooled LoF CRISPR screen based on a FACS readout for 

intracellular insulin (Fang et al., 2019). The main distinction between the two CRISPR 

screens was that Fang et al. used the mouse beta cell line MIN6 while this screen was 

performed in the human beta cell line EndoC-βH1. Rodent and human beta cell however 

have distinct genetic, structural, transcriptional and functional characteristics, which makes 

it impossible to directly translate functional insights from rodent cells into mechanistic 

understanding in human beta cells as described in more detail in section 1.4.4. Consistent 

hits between my CRISPR screen and Fang et al. could therefore indicate which genes are 

conserved regulators of insulin content in human and mouse beta cells while also 

demonstrating which hits are highly reproducible between independent experimental 

investigations. When comparing the 580 high confidence hits from this screen with the 907 

tier 1 and 2 hits from Fang et al. that they used for downstream analysis, I identified 43 

common genes (Figure 4.23 A). Consistent hits in both screens included as expected INS but 

also important regulators of insulin secretion such as NSF and general regulators of 

transcription and translation such as EIF3D and EIF3B. The T2D associated gene FADS1 
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which was highlighted as a potential interesting follow-up gene in section 4.3.6, was also 

detected as a regulator of insulin content in both screens, emphasising its important but yet 

unresolved role in beta cell function. Another consistent hit between both screens was 

NIPBL, a major subunit of the cohesion complex. NIPBL was identified as a novel regulator 

of insulin content in Fang et al. and one of their target genes for functional follow-up studies 

that demonstrated its effect on insulin content was mediated through regualting Ins2 

expression.  

Even though only around 7.4% of the screening hits from the CRISPR screen in human 

EndoC-βH1 were also found in the CRISPR screen in mouse MIN6, both screens identified 

similar protein networks as regulators of insulin content (Figure 4.23 B). More than half 

(55.6%) of the protein networks from Fang et al. that were identified by STRING were also 

established as regulatory networks in my CRISPR screen (section 4.3.5). This demonstrated 

that even though individual genes might not be consistent due to experimental or analytical 

deviations or distinct roles in human and mouse beta cells, both screens identified consistent 

results as measured by assessing common protein networks. Beside protein association 

networks that are known to be essential in beta cell function such as GPCR signalling, 

vesicle trafficking and exocytosis, mitochondrial ATP production and general protein 

transcription and translation, both screens also identified a protein cluster containing genes 

associated with the cohesion loading complex. This network was classified as a novel and 

previously unknown regulator of beta cell function and insulin content in Fang et al. The 

results of this CRISPR screen in EndoC-βH1 therefore independently confirm the regulatory 

effect of this protein network in human beta cell function.  
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Figure 4.23 - Hit comparison with Fang et al. CRISPR screening hits (A) and protein networks 

(B) based on the high confidence hit genes were compared with hits from the CRISPR screen in 

MIN6 cells from Fang et al. (Fang et al., 2019). (A) Venn diagram comparing hits from this CRISPR 

screen (Grotz et al, purple) compared to Fang et al (blue). Numbers indicate the number of genes 

within each group. (B) Common protein networks are indicated as blue, networks specific to Fang 

et al. are indicated as purple. 

 

In addition to only focussing on individual genes, an interesting line of investigation would 

have been to compare the variability between individual replicates within both screens to 

the variability of the final analysis from human and mouse screens to assess if the 

interspecies variation is substantially different from variation between two replicates of the 

same screening approach. Unfortunately, this was not possible as the required data to 

perform this analysis was not provided by Fang et al. (Fang et al., 2019). 

Collectively, this CRISPR screen in EndoC-βH1 identified many genes and protein 

networks that were also discovered in previous screens for beta cell function. The majority 

of hits were distinct to this screen and suggest a great potential to identify true and specific 

regulators of human beta cell function and insulin content in functional validation and 

follow-up studies.  
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4.4 Discussion 

4.4.1 A successful first genome-wide CRISPR screen in human beta cells  

Genome-wide pooled CRISPR screens are a powerful and most importantly an unbiased 

approach to identify regulators of a specific phenotype which can also be exploited to 

prioritise causal genes at GWAS disease loci. Here, I performed a genome-wide FACS-

based pooled LoF CRISPR screen in the human beta cell line EndoC-βH1 to identify 

regulators of insulin content and beta cell function. This is the first genome-wide CRISPR 

screen studying beta cell function that has been performed in human beta cells. Previous 

investigations focused on either rodent beta cell lines which are easier to culture and grow 

than EndoC-βH1 or only on a subset of genes while using an siRNA silencing based method 

(Thomsen et al., 2016a; Fang et al., 2019). This screen identified 580 hits which contained 

both, genes known to play a role in beta cell function and novel regulators of insulin content.  

Before the actual genome-wide screen was performed, I spent the first 2.5 years of my PhD 

developing and optimising the pipeline. The key challenges of this project were the FACS-

based readout of the CRISPR screen, which had to be highly optimised and tested for its 

sensitivity and specificity and the use of the human beta cell line EndoC-βH1, which had 

not been used for CRISPR editing before and demonstrated extremely challenging growth 

and culture characteristics. By initially establishing a robust CRISPR editing pipeline in 

EndoC-βH1 (Chapter 3) followed by in-depth validation and optimisation of antibodies and 

staining conditions of the FACS readout, all steps and processes crucial to the success of the 

genome-wide CRISPR screen were previously tested and optimised.  

Two independent CRISPR screen replicates were performed separately with EndoC-βH1 at 

different passages and independent CRISPR library transductions, puromycin selections and 

FACS sorting. Previous screens have often relied on a single replicate, the two replicate 
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strategy was essential for this CRISPR screen in determining true regulators of beta cell 

function due to large variation between the insulin low replicates (Park et al., 2017; 

Richardson et al., 2018). This is likely a consequence of variability from the EndoC-βH1 

cells themselves which can change their characteristics depending on the passage. Their 

ability to secrete insulin was verified at both time points, the variation is therefore not a 

result of them losing their beta cell properties. However, the cells could have potentially 

been more sensitive to the puromycin selection depending on the passage which might have 

induced a higher cell death, overall worse culturing conditions for the surviving cells due to 

the pooled setup and therefore affected their level of insulin content. As the EndoC-βH1 are 

extremely sensitive to different external stimuli or culturing, it is not possible to exactly 

understand what might have introduced the variation within the low insulin content sample. 

All possible preventive steps were taken prior to the screen to reduce potential variability 

between the replicates such as cellular handling by the same person only and reagents 

originating from the same lot. The two separate FACS staining processes did not introduce 

significant variation as the high insulin content samples from both replicates were highly 

correlated. The strategy to perform at least two independent replicates of a genome-wide 

CRISPR screen is therefore crucial to a successful hit identification in sensitive cell lines 

such as EndoC-βH1.  

The technical performance of this CRISPR screen including the quality of the sequencing 

reads and the CRISPR library representation was immaculate. In addition to the excellent 

technical performance, the screen was also able to provide important biological insights into 

the regulation of insulin content in human beta cells. The specificity of the screen to identify 

valid regulators of insulin content was verified by identifying many genes, pathways and 

protein networks known to play a role in insulin homeostasis in the beta cell such as of 

course INS itself, genes involved in monogenic diabetes or well characterised genes that are 
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involved in insulin transcription and secretion. In addition, this screen has provided a large 

number of potential novel regulators of insulin which were highlighted through integration 

with T2D GWAS loci and as part of protein association networks. Especially the ubiquitin-

proteasome system and autophagy, transcription and translation and insulin receptor 

signalling pathways were highly enriched in pathway analyses and formed large protein 

network clusters among hits.  

4.4.2 Limitations of the genome-wide CRISPR screen 

This genome-wide pooled CRISPR screen has identified many novel regulators of insulin 

content and potential causal genes for T2D, but the approach is also associated with a 

number of limitations.  

Among the screening hits were many well characterised regulators of insulin content such 

as INS, NKX2.2 or IRS2. On the other hand, some genes with an established effect on insulin 

content such as PAM were not classified as hits and indicate that the screen also 

demonstrated a certain rate of false negatives (Thomsen et al., 2018). Our group has 

previously shown that KD of PAM in EndoC-βH1 induced a reduction in insulin content by 

around 20%. In addition, this was also confirmed in my small-scale proof of concept 

CRISPR screen by demonstrating PAM sgRNA enrichment in the low insulin content 

sample. The fact that PAM was not discovered as a screening hit in the genome-wide screen 

can therefore not be attributed to phenotypic differences between siRNA and CRISPR. It 

also highlights that this pooled CRISPR screen should primarily be regarded as a discovery 

tool of genes with a certain effect on insulin content. If a gene was not classified as hit, that 

does not necessarily mean that it does not affect insulin content. Besides false negatives, the 

screen was also based on a LoF CRISPR approach and tested insulin content only under 

basal glucose conditions. The effects of gene overexpression and glucose or other external 
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stimulation were therefore not tested and it cannot be excluded that certain genes only affect 

insulin content under those conditions. In addition, albeit EndoC-βH1 are the best available 

beta cell model to date with an established functional profile similar to primary cells, it has 

to be taken into account that not all gene functions might be directly translatable into human 

physiology.  

As demonstrated by pathway enrichment and protein clusters, the screening hits could be 

divided into specific regulators of intracellular insulin and genes indirectly affecting total 

insulin content through regulating general transcription and translation. Even though it is 

straightforward to distinguish general from specific hits using databases such as DepMap, a 

potential addition for future similar CRISPR screens would be to include a simultaneous 

FACS staining of a control gene. If the level of the control or housekeeping gene is affected, 

the regulator is not a specific regulator of only insulin. These genes could then be excluded 

through a specific gating strategy. This strategy was initially part of our screening pipeline, 

however as the first CRISPR screen in EndoC-βH1 which was already associated with many 

unknown parameters, it was decided not to further pursue and optimise this additional 

staining pipeline.  

Potential limitations of this screen also include drawbacks of the pooled setup itself and the 

incubation of all cells within the same shared media which could result in the activation of 

unintended cellular pathways such as insulin receptor signalling in other cells. Insulin 

receptor signalling is primarily thought of as a pathway within insulin responsive tissue but 

it has also been shown to affect insulin expression, content and secretion in human beta cells 

(Xu & Rothenberg, 1998; Hennige et al., 2003; Bento et al., 2004; Cantley et al., 2007; 

Wang, Gu, & Chen, 2018). It is therefore possible that in addition to being a strongly 

enriched pathway among hits with a genuine effect on insulin content within those KO cells, 

the pathway might have caused false positives from changed levels of insulin within the 
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pooled media. Other KO cells within the same shared flask might have strongly affected 

insulin secretion, leading to drastically increased or reduced levels of insulin within the 

flask. This could induce an insulin receptor mediated signalling response in other cells 

leading to changes in insulin content that were not a result of their own KO. Nonetheless, it 

can be assumed that many KO cells within a flask do not have an insulin secretion phenotype 

and due to the presence of both, cells with increased and decreased insulin secretion and the 

large volume of the media, it is unlikely that drastic changes in the level of insulin in the 

supernatant have occurred, especially considering it has to be consistently across flasks to 

affect most sgRNAs of a single gene.  

Despite the limitations which are associated with every experimental approach, this CRISPR 

screen has successfully replicated the effect of many well-known regulators of beta cell 

function and generated an extremely powerful genome-wide perturbation dataset. 

4.4.3 Genome-wide CRISPR screen as basis for future studies 

This chapter has focused on establishing that the performed genome-wide CRISPR screen 

has passed all technical quality controls and the generated screening hits can provide 

meaningful biological insights as shown by pathway enrichment analyses, protein networks 

and individual highlighted genes. The generation of the screening data, however, only mark 

the beginning of future studies focusing on this dataset. I already manually curated 

interesting genes for follow-up studies based on protein networks and predicted T2D effector 

genes. This manual curation is going to be expanded by bioinformatic analyses integrating 

the screening hits with all potential causal genes at T2D GWAS loci instead of only 

focussing on a certain subset. This analysis exceeded the scope of my thesis and PhD, but it 

is currently being approached by a collaborator at Stanford University. Compared to only 

assessing specific genes, this approach will provide an unbiased strategy including all genes 
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to prioritise causal genes at T2D GWAS loci. Further large-scale datasets can also be 

integrated to contribute another layer of evidence.  

Independent of manual or high-throughput integration with genetic data or by focusing only 

on the strongest hits, the main priority post CRISPR screening is to prioritise genes for 

follow-up studies and to independently validate the observed hits. These validation and 

follow-up studies will be crucial in confirming the observed effects, excluding false 

positives and connecting genes to their functional mechanism in beta cells and will 

demonstrate the long-term value of this pooled CRISPR screen by generating a large number 

of hypothesis for further investigations. 
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5.1 Introduction 

5.1.1 Prioritising causal genes at T2D GWAS loci 

GWAS aimed at identifying genes mediating T2D risk have so far identified more than 400 

distinct association signals (Scott et al., 2017; Mahajan et al., 2018b, 2018a; Spracklen et 

al., 2020; Vujkovic et al., 2020). However, translating these association signals at disease 

loci into causal genes and functional understanding has been slow and often only been 

focussed on single candidate effector transcripts. Large-scale efforts such as the previously 

described genome-wide CRISPR screen in Chapter 4 can be integrated with genetic evidence 

and used as a powerful tool to prioritise genes at T2D loci for functional in-depth studies. 

This high-throughput pooled CRISPR screen investigated candidate causal genes 

experimentally in a genome-wide and unbiased manner for their involvement in the 

regulation of insulin content in the human beta cell line EndoC-βH1. As described in the 

previous chapter, the genome-wide pooled CRISPR screen identified 580 gene hits with a 

significant effect on insulin content. An enrichment for genes involved in T2D pathogenesis 

and key beta cell pathways indicated a strong functional significance of hit genes for beta 

cell function and a great potential to identify previously unknown causal genes at T2D loci 

and novel regulators of beta cell function within those hit genes. To be certain that the 

CRISPR screening hits are genuine regulators of insulin content and not a technical artifact 

leading to false positives, it is crucial to independently validate the screening hits (Doench, 

2018). These validation studies often focus on many hit genes by performing smaller scale 

secondary screens with focused libraries or alternatively conduct in-depth functional studies 

on a small number of promising novel genes (Dejesus et al., 2016; Cortez et al., 2020; Li et 

al., 2020). 
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5.1.2 Experimental outline 

In this chapter, I aim to prioritise candidate causal genes at T2D GWAS loci for functional 

validation and follow-up studies based on the results from the genome-wide CRISPR screen 

in EndoC-βH1 in Chapter 4. Successful validation and replication of the observed effects on 

insulin content would generally confirm the accuracy and correct identification of positive 

hits in the genome-wide screen while in-depth functional studies of specific genes can 

generate functional insights into a gene’s role in human beta cells. Based on integration with 

genetic data from T2D GWAS, I prioritised the potential causal genes CALCOCO2, 

KCNK17, PLCB3 and QSER1 and performed functional validation and follow-up studies 

using an siRNA KD approach. I validated the effects on insulin content and in addition to 

the readout of the screen, I further characterised their function in human beta cells by 

assessing cell viability, insulin secretion and expression. As an unknown regulator of beta 

cell function, I further expanded the studies into CALCOCO2 by measuring its expression 

and localisation in primary human islets and exocrine pancreatic cells. I also investigated its 

potential role as causal gene at the TTLL6 T2D locus by comparing the sgRNA distribution 

in the screen for all genes across the locus. To compare my experimental results of 

CALCOCO2 KO and KD in human beta cells to other publicly available datasets, I 

integrated several other lines of evidence such as single-cell transcriptomes in T2D and 

healthy pancreatic cells (Lawlor et al., 2017).  
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5.2 Material and Methods 

5.2.1 RNA interference 

mRNA expression in EndoC-βH1 was transiently silenced using siRNAs (CALCOCO2 #L-

010637-0, PLCB3 #L-008485-00, QSER1 #L-014444-00, KCNK17 #L-006260-00, non-

targeted (NT) control pool #D-001810-10, Dharmacon). The specific experimental 

conditions are described in more details in section 2.3. Briefly, the cells were incubated with 

siRNAs for 72 h and silencing efficiency was confirmed on both the mRNA level by RT-

qPCR and protein level by western blot if specific antibodies were available. 

5.2.2 RNA Sequencing  

Normalized expression levels of target genes in EndoC-βH1 were assessed based on 

previously published RNA-Sequencing data (Thomsen et al., 2018). RNA was extracted 

from EndoC-βH1 using TRIzol as described previously in section 2.4.1. The quality of the 

RNA sample was assessed using the 2100 Bioanalyzer and only samples with an RNA 

integrity number higher than 8 were sent for sequencing. Sequencing was performed on a 

HiSeq2000 at the Oxford Genomics Centre (Wellcome Centre for Human Genetics, 

University of Oxford). The resulting sequencing reads were aligned to the human genome 

reference GRCh37.p13 using TopHat2 and gene counts were quantified using RNA-SeQC. 

This extraction and analysis was performed by Dr Soren Thomsen and the results have been 

published previously as part of an independent manuscript (Thomsen et al., 2016a). The 

sequencing data is deposited at the European Nucleotide Archive (ENA; 

http://www.ebi.ac.uk/ena) under accession number PRJEB15283. 
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5.2.3 Long read RNA Sequencing 

RNA was extracted from two independent samples of primary islets (ISL-021 and ISL-094) 

by Dr Carla Burrows. The islets were previously isolated at the Islet Isolation Facility in 

OCDEM. Sample quality was determined as described in section 5.2.2 and sent for 

sequencing at Pacific Bioscience (PacBio). Sequencing reads were analysed using the 

PacBio IsoSeq pipeline and resulting transcripts were used as a reference to quantify 

transcripts from islet RNA-Seq data. The analysis was performed by Dr Anne Ndungu 

(McCarthy group, Wellcome Centre for Human Genetics, University of Oxford). 

5.2.4 Gene expression analysis 

To assess differences in gene expression, RNA was extracted and converted into cDNA 

using the GoScript Reverse Transcriptase System (Promega), which is described in section 

2.4. RT-qPCR was performed using TaqMan Gene Expression Assays (Applied Biosystems, 

Table 3.2) and expression levels were analysed based on the ΔΔCt method with 

normalisation to the housekeeping genes TBP, PPIA and GAPDH. 

TaqMan Probe Assay details Target region 

INS Hs00355773_m1 Exon 1-2 

GAPDH Hs02786624_g1 Exon 8 

TBP Hs00427620_m1 Exon 3-4 

PPIA Hs01634221_s1 Exon 1 

KCNK17 Hs01572770_m1 Exon 4-5 

CALCOCO2 Hs00977443_m1 Exon 9-10 

QSER1 Hs00227078_m1 Exon 9-10 

PLCB3 Hs01100294_m1 Exon 10-11 

KCNK16 Hs01000699_m1 Exon 3-4 

Table 5.1 – TaqMan gene expression assays 
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5.2.5 Protein expression analysis 

To assess different protein levels between samples, EndoC-βH1 cells were lysed in RIPA 

buffer and extracted protein was size-separated and analysed using SDS-PAGE, which is 

described in more detail in section 2.5. Following size-separation, the protein was detected 

by western blotting through subsequent incubation with primary and secondary antibodies 

in 3% BSA (Figure 5.1, Table 3.3). The protein signal was quantified and normalised to its 

respective loading control (GAPDH or β-Tubulin) and non-targeting control sample. 

Antibody Dilution Species Manufacturer details 

β-Tubulin 1:2000 Mouse monoclonal Santa Cruz, sc-365791 

GAPDH 1:10 000 Rabbit monoclonal Abcam, ab37168 

INS  1:1000 Mouse monoclonal Santa Cruz, sc-393887 

C-peptide 1:1000 Mouse monoclonal ExBio, 11-247-C100 

CALCOCO2 1:1000 Mouse monoclonal Santa Cruz, sc-376540 

TALK2 1:1000 Mouse monoclonal Santa Cruz, sc-390435 

Anti-mouse IgG HRP 1:2500 Rabbit polyclonal Thermo Fisher, 31460 

Anti-rabbit IgG HRP 1:2500 Goat polyclonal Thermo Fisher, 31450 

Table 5.2 – Western Blot antibodies and dilutions. 

 

5.2.6 Immunofluorescence staining 

Cryo-embedded human pancreas and islet sections had been prepared previously by Dr 

Romina Jimena Bevacqua at Stanford University and were stored at -20°C until 

immunostaining. The slides were thawed at 42°C for 10 min and dipped into distilled water 

until no residual embedding compound was left. After washing in PBS (Sigma-Aldrich) 

three times for 5 min, the slides were boiled for 20 min in a rice cooker in antigen unmasking 

solution (Dako). After cooling down to room temperature, the samples were washed again 
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three times for 5 min in PBS. The tissue sections were individually circled using a PAP pen 

(Sigma-Aldrich) to form a hydrophobic barrier and permeabilised by adding 1% PBS-Triton 

X-100 (Sigma-Aldrich) to each circle for 10 min at RT. The sections were blocked in 

universal blocking buffer (UBS) containing 1% BSA (Roche), 0.2% non-fat milk, 0.5% 

Triton-X 100, 1% DMSO in PBS (all Sigma-Aldrich) for at least 1 h at RT. Primary 

antibodies (Table 5.3) were diluted together in UBS, each tissue circle was sealed with 

parafilm and the sections were incubated at 4°C overnight. The sections were washed four 

times for 10 min in PBS and incubated in secondary antibody diluted in UBS for 1 h at RT 

in the dark. The sections were washed four times for 10 min in PBS and mounted in 

VectaShield mounting media (Vector Laboratories), covered with a glass coverslip (VWR) 

and sealed using nail polish. The slides were stored at 4°C and imaged on a Zeiss Axio 

imager A1 (Zeiss) microscope with a 20x and 40x objective. Images were collected with 

different laser settings that were optimized for each sample and channel. Files were exported 

as Zeiss Vision Images and processed in ImageJ 1.52 (NIH). 

 

Antibody Dilution Species Manufacturer 

details CALCOCO2 1:100 Mouse monoclonal Santa Cruz, sc-376540 

INS  1:300 Guinea-pig polyclonal Dako, A0564 

Proglucagon 1:100 Rabbit monoclonal Cell Signalling, #8233 

Anti-mouse IgG AF555 1:300 Donkey Invitrogen, #A-31570 

Anti-guinea-pig IgG AF647 1:300 Donkey Abcam, ab150187 

 Anti-rabbit IgG AF488 1:300 Donkey Invitrogen, #A-21206 

Table 5.3 – Immunofluorescence antibodies and dilutions 
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5.2.7 Insulin secretion assays 

Insulin secretion and content in EndoC-βH1 were assessed in 96 well plates and measured 

using the AlphaLISA Detection Kit (Perkin Elmer) as described in section 2.6.2 (Figure 5.1). 

Insulin measured in the cellular supernatant was displayed as percentage of content or after 

normalisation to cell count to account for plating and viability differences. Cell count was 

assessed using the CyQUANT Direct Cell Proliferation Assay (Thermo Fisher Scientific) as 

described in section 2.6.1. 

 

Figure 5.1 – Insulin antibodies used in various detection methods. Antibodies used for 

alphaLISA, FACS and Western Blot detection shown in red target the insulin B-chain and therefore 

detect insulin precursors and mature insulin. The antibody shown in blue, targets specifically the C-

peptide and does therefore only detect proinsulin in Western Blot as C-peptide alone is too small for 

Western Blot based detection.  

 

5.2.8 shRNA plasmid amplification 

Knockdown in primary human islets is going to be induced through stable expression of 

SMARTVECTOR short-hairpin RNAs (shRNAs, Dharmacon, Table 5.4). shRNA 

constructs for genes of interest were selected to target all expressed isoforms. Plasmids were 

tagged with TurboGFP and shRNAs were expressed from a human CMV promoter. To 

amplify the shRNA plasmids, the obtained glycerol stocks were scraped with a pipette tip 
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and used to inoculate 2 ml LB medium containing 100 µg/ml ampicillin. The tubes were 

placed on a shaker at 220 rpm and 37°C for 16 h. After incubation, DNA was extracted using 

the Zyppy Plasmid Miniprep kit (Zymo) by following manufacturer’s instructions. The 

plasmid DNA was stored at -20°C until viral production. 

 

Target gene  Sequence (5’ → 3’) Dharmacon catalogue number 

CALCOCO2 TTCTGATTTACCCATATTC V3SH11240-226316394 

 GTCTAAAACAATCATTTGG V3SH11240-229421198 

 ATTAAAATCCAGACCCATG V3SH11240-225577390 

KCNK17 ACACCCGAAAGTCACATCC V3SH11240-228518648 

 AGTAGAAGCCCTCTGTGTA V3SH11240-228716515 

 AGTGGTTTACTCCCTGCTG V3SH11240-230128256 

RREB1 AAGGGCGGAAGACTGATCT V3SH11240-228732289 

 TTCATCTCAGGCTGGCCCG V3SH11240-225206372 

 GAGAAGTCCGTGAATCCTA V3SH11240-228985761 

FADS1 TAGGCATCTAGCCAGAGCT V3SH11240-227897456 

 TAATCATCCAGGCCAAGTC V3SH11240-229631309 

 TTCACCAACTACCTGCATG V3SH11240-227466114 

Table 5.4 – shRNA specifications. Three shRNA constructs from Dharmacon were chosen per 

prioritised target gene for future knockdown experiments in primary human islets. Each plasmid 

construct was amplified separately.  

 

5.2.9 Statistical analysis 

Data from siRNA silencing experiments were normalised to their respective non-targeting 

control siRNA and statistical analyses were performed in Prism 8.1 (GraphPad Software). 

Protein quantifications from western blot experiments were normalised to their 

corresponding control to account for technical variation between separate blots. Statistical 
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significance was subsequently assessed in these samples using a one-sample Student’s t-test 

and the non-targeting control is indicated in the plot as a dotted line at 100%. Two groups 

such as in gene expression analysis were compared using two-sample Student’s t-test and 

several groups such as in insulin secretion experiments were compared using ANOVA 

followed by Sidak’s multiple comparison test. All fold changes were log-transformed for 

statistical analysis but are plotted as percentage of control. 
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5.3 Results 

5.3.1 Prioritisation of genes for follow-up studies 

To follow-up on the genome-wide CRISPR screen, I focused on several genes in detailed 

functional studies to primarily validate the observed effects on insulin content from the 

genome-wide CRISPR screen and once confirmed, to also further understand the underlying 

functional mechanism and the gene’s role in beta cell function. In addition to discovering 

novel regulators of beta cell function, a key objective of the genome-wide CRISPR screen 

was to prioritise causal genes at T2D loci and to associate potential candidate causal genes 

with a cellular mechanism, tissue of action and direction of effect. I therefore focused on 

screening hits where there is a high degree of confidence that they are effector transcripts at 

T2D GWAS loci but uncertainty over the biological mechanisms as described in more detail 

in section 4.3.6. The following genes were chosen for functional studies: calcium-binding 

and coiled-coil domain-containing protein 2 (CALCOCO2), potassium two pore domain 

channel subfamily K member 17 (KCNK17), glutamine and serine rich 1 (QSER1) and 1-

phosphatidylinositol-4,5-bisphosphate phosphodiesterase beta-3 (PLCB3). 

In the genome-wide screen, KO of CALCOCO2 (log2FC (LFC)=1.08, p=0.013, 

FDR=0.346) induced a reduction in insulin content, corresponding to an enrichment of 

CALCOCO2 sgRNA in the low insulin content sample as shown in Figure 5.2. PLCB3 

(LFC= -0.42, p=0.375, FDR=0.998) and QSER1 (LFC= -0.95, p=0.225, FDR=0.953) on the 

other hand did not show a consistent sgRNA depletion or enrichment and represent control 

genes without an effect on insulin content. Due to its strong and consistent effect across 

sgRNAs in both replicates, CALCOCO2 was part of the high confidence gene hit list in the 

genome-wide screen (Figure 5.2 A, D). KCNK17 (LFC=-0.84, p=0.042, FDR=0.738) caused 

a small increase in insulin content in the screen but did not meet the stringent significance 
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threshold to be classified as hit (Figure 5.2 A, E). However, I had already prioritised 

KCNK17 and initiated the functional follow-up studies before the final analysis had been 

completed. Even though not meeting the significance threshold, the gene demonstrated a 

strong tendency in the final analysis with all sgRNAs showing a consistent effect towards 

increased insulin and was a T2D candidacy gene, it was therefore an interesting gene for in-

depth studies, nonetheless. These genes chosen for follow-up studies thus include a positive 

and a possible negative regulator of insulin content and two genes without a detected effect 

to be able to confirm the sensitivity of the screen for all directions of effect. 

As highlighted in section 4.3.6, CALCOCO2 was recently implicated in T2D risk through 

an exome array based genotyping study in diverse ancestries and demonstrated a high 

posterior probability of association (PPA) for a single coding variant (rs10278, p.Pro347Ala) 

at the TTLL6 locus, consistent with a partial role of this coding variant in driving the 

association signal (Mahajan et al., 2018b). Albeit the gene’s role in beta cell function and 

T2D pathogenesis has not been explored yet, physiological clustering has strongly indicated 

the pancreatic beta cell as the tissue of action as the locus exerts its primary effect on T2D 

risk through insulin secretion (Mahajan et al., 2018b). CALCOCO2 itself classified as 

‘possible’ causal gene on the list of predicted T2D effector genes, as it has no functional 

evidence yet connecting the gene to a role in a relevant tissue (Accelerating Medicines 

Partnership, 2020).  

A coding T2D GWAS variant within KCNK16 (rs1535500) has shown to be associated with 

the neighbouring gene KCNK17 through an islet cis-eQTL in two independent studies (Cho 

et al., 2012; Fadista et al., 2014; Varshney et al., 2017). Based on this regulatory evidence, 

KCNK17 has been classified as having a ‘moderate’ likelihood to be the causal gene at this 

locus (Accelerating Medicines Partnership, 2020). The causality at both loci 



183 

 

(CALCOCO2/TTLL6 and KCNK17/KCNK16), however, has not been resolved yet and no 

functional mechanism in the human beta cell has been attributed to these genes.  

QSER1 and PLCB3 both contain coding variants consistent with a causal role but their role 

in T2D remains to be determined (Mahajan et al., 2018b, 2018a). Both genes were classified 

as ‘causal’ on the list of predicted T2D effector genes (Accelerating Medicines Partnership, 

2020). Consistent with the lack of an effect in the genome-wide screen, PLCB3 has been 

previously shown to play a role in the amplification pathway in the beta cell while it has also 

been classified as having an effect on insulin action in a multi-trait physiological clustering 

approach (Thore et al., 2005; Mahajan et al., 2018b). QSER1’s general function or role 

within the beta cell has not been determined yet. 

The genes were assessed using an siRNA based silencing approach in EndoC-βH1 as a 

complementary method to the previous CRISPR KO. If the insulin phenotype can be 

validated using this orthogonal method, it is certain that the phenotype is caused by the 

protein reduction itself and is not specific to the LoF approach. In addition, the main 

advantage of siRNA-based studies in EndoC-βH1 compared to CRISPR is their simplicity 

and rapidness. If the siRNA KD approach shows a different effect than the CRISPR 

approach, it could be a consequence of using two separate methods as described in Chapter 

3. In the case of this scenario, further experiments using CRISPR should be performed to 

assess if the effect on insulin content can only be achieved using a permeant and complete 

protein reduction. In addition to the insulin content screen readout, I also assessed insulin 

secretion as the primary phenotype in the beta cell for all genes in comparison to non-

targeting control siRNAs. 
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Figure 5.2 - Prioritised genes for follow-up studies. sgRNA fold change (A) and count distribution 

(B-E) for all 8 sgRNAs per gene in the genome-wide CRISPR screen. (A) Each line indicates a 

single sgRNA and is either depleted (left) or enriched (right) in the low insulin content sample for 

the control genes QSER1 and PLCB3 (black), the positive regulator CALCOCO2 (purple) and the 

negative regulator KCNK17 (pink). The grey dashed line at 0 LFC indicates no enrichment or 

depletion. (B-E) Changes in sgRNA count from low to high insulin content sample with each colour 

representing the same sgRNA across the two screen replicates. The black dashed line represents the 

median sgRNA count for this gene. sgRNA with zero counts in PLCB3 and QSER1 were removed. 

LFC, log2 (fold change); INSlow, low insulin content sample. 
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5.3.2 Control genes do not affect insulin content and secretion 

To confirm the lack of an effect on insulin content as observed in the genome-wide screen 

and to also determine any potential effects on insulin secretion, the control genes QSER1 

and PLCB3 were silenced in EndoC-βH1 using siRNA. 

The molecular function of QSER1 in the cell is still unknown and no studies have been 

published yet to explore its role. In addition to its coding variant association with T2D, 

QSER1 has been implicated as an upregulated plasma peptide in ovarian cancer and 

identified as being close to a GWAS SNP with the strongest association for age of onset in 

Parkinson disease (Latourelle et al., 2009; Dufresne et al., 2018; Barbitoff et al., 2018; 

Mahajan et al., 2018a). QSER1 silencing in EndoC-βH1 was highly efficient as only 21.7% 

(p=0.001) of residual mRNA expression was detected compared to non-targeting control 

cells (Figure 5.2 A). It was not possible to determine the level of reduction on the protein 

level, as all tested QSER1 antibodies were unspecific (Supplementary Figure 1). Confirming 

the results of the genome-wide CRISPR screen, there was no difference in insulin content 

between QSER1 silenced cells and controls (11 372 pg vs 10 173 pg, p=0.257, Figure 5.3 

B). INS expression was also not affected by QSER1 reduction with a mean expression of 

97.1% of the non-targeting control (p=0.814, Figure 5.3 C). In addition to not having an 

effect on insulin content, insulin secretion was not significantly different in QSER1 silenced 

cells compared to control cells (p>0.450 across different conditions, Figure 5.3 D). As 

expected, when normalised to insulin content, insulin secretion was also not significantly 

changed between the two groups (p>0.474 across different conditions, Figure 5.3 F). In 

response to raised glucose concentration, QSER1 silenced cells increased their insulin 

secretion by 1.55 and 1.64 compared to 1.57 and 1.65 in control cells when assessing raw 

insulin secretion (p=0.963) or normalised to insulin content (p=0.999), respectively (Figure 

5.3 E, G). 
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Figure 5.3 - QSER1 follow-up studies. All data are from siQSER1 treated cells compared to non-

targeting control cells. (A) mRNA expression of QSER1. (B) Insulin content in pg per 20 000 cells. 

(C) mRNA expression of INS. (D, F) Insulin secretion normalised to siNT (D) or to insulin content 

and siNT (F) in 1 mM, 20 mM, 1 mM+100 μM tolbutamide or 20 mM glucose+100 μM diazoxide. 

(E, G) Insulin secretion fold change from 1 to 20 mM glucose. All data are mean ± SEM from three 

independent experiments and 12 independent replicates from three experiments for insulin content. 

Data were analysed using two-way ANOVA Sidak’s multiple comparison test (D, F), two-sample t-

test (A, E, G) and one-way ANOVA with Sidak’s multiple comparison test (C, B). P-values *** < 

0.001. FC, fold change; NT, non-targeting. 
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PLCB3 encodes the phospholipase PLC-β3 and is one of 13 PLC isozymes which play a 

major role in intracellular signal responses. Upon activation by G protein-coupled receptors 

(GPCR), PLC-β3 catalyses the hydrolysis of phosphatidylinositol 4,5-biphosphate to 

generate the protein kinase-activating second messenger diacylglycerol and the Ca2+-

mobilising secondary messenger inositol 1,4,5-trisphosphate (IP3) (Gresset, Sondek, & 

Harden, 2012). (Zawalich & Zawalich, 1996). In pancreatic beta cells, PLC is involved in 

the amplifying pathway to mediate the effects of extracellular stimuli on insulin secretion 

(Thore et al., 2005). 

PLCB3 was silenced by 51.2% (p=0.0005) in EndoC-βH1 as measured on the mRNA level 

(Figure 5.4 A). The silencing on the protein level could not be determined as the antibodies 

in the western blot-based detection were not specific (Supplementary Figure 1). Consistent 

with the results observed in the genome-wide CRISPR screen, PLCB3 silencing did not 

induce a difference in insulin content with 10 173 pg per 2x104 cells compared to non-

targeting control cells at 10 891 pg (p=0.372, Figure 5.4 B). Furthermore, INS expression 

was not affected by PLCB3 reduction (84.9%, p=0.334, Figure 5.4 C). While PLC plays an 

important role in mediating the amplification response in insulin secretion downstream of 

GPCR activation, insulin secretion upon glucose stimulation was not significantly different 

between PLCB3 silenced and control cells (p>0.237 across different conditions, Figure 5.4 

D, F). The glucose stimulation index between low and high glucose was not affected by 

silencing of PLCB3 based on raw insulin secretion (1.48 vs 1.57, p=0.869) and neither when 

based on values normalised to insulin content (1.47 vs 1.65, p=0.918, Figure 5.4 E, G). 
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Figure 5.4 – PLCB3 follow-up studies. All data are from siPLCB3 treated cells compared to non-

targeting control cells. (A) mRNA expression of PLCB3. (B) Insulin content in pg per 20 000 cells. 

(C) mRNA expression of INS. (D, F) Insulin secretion normalised to siNT (D) or to insulin content 

and siNT (F) in 1 mM, 20 mM, 1 mM+100 μM tolbutamide or 20 mM glucose+100 μM diazoxide. 

(E, G) Insulin secretion fold change from 1 to 20 mM glucose. All data are mean ± SEM from three 

independent experiments and 12 independent replicates from three experiments for insulin content. 

Data were analysed using two-way ANOVA Sidak’s multiple comparison test (D, F), two-sample t-

test (A, E, G) and one-way ANOVA with Sidak’s multiple comparison test (C, B). P-values *** < 

0.001. FC, fold change; NT, non-targeting. 
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Taken together, silencing of the T2D GWAS genes PLCB3 and QSER1 did not affect the 

level of intracellular insulin in EndoC-βH1 which confirmed the lack of an effect observed 

in the genome-wide CRISPR screen. In addition, reduction of both genes did not affect INS 

expression or insulin secretion at different glucose concentrations in human beta cells. 

PLCB3 has shown to be involved in the amplification pathway. However, the response to 

external stimuli such as GLP1 were not specifically tested. 

5.3.3 CALCOCO2 knockdown reduces insulin content and secretion 

Macroautophagy (referred to as autophagy) describes a process within the cell to clear 

protein aggregates, damaged organelles or invading pathogens by packaging them into 

vesicles called autophagosomes followed by degradation by the lysosome (Glick, Barth, & 

Macleod, 2010). CALCOCO2/NDP52 is a ubiquitin-binding autophagy receptor and plays 

an essential role in selective autophagy (Xie et al., 2015; Boyle, Ravenhill, & Randow, 

2019). Autophagy receptors directly bind to prospective autophagosome cargo and act as a 

bridge between the autophagic machinery and the degradation target. CALCOCO2 has so 

far been identified to selectively bind invading pathogens including Salmonella enterica and 

Mycobacterium tuberculosis (xenophagy) and damaged mitochondria (mitophagy) (Xie et 

al., 2015; Furuya et al., 2018; Boyle et al., 2019). 

The silencing of CALCOCO2 in EndoC-βH1 was highly efficient with a mean reduction of 

78.1% on the mRNA level (p=0.0002, Figure 5.5 A). In line with the RNA expression 

results, the protein level was also decreased by 80.0% compared to non-targeting control 

cells (p=0.0008, Figure 5.5 B, C). To assess the effects of CALCOCO2 silencing on the 

function of human beta cells, insulin content was measured using several independent 

approaches in addition to investigating its effects on insulin secretion and expression.  
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Figure 5.5 – CALCOCO2 silencing. All data are from siCALCOCO2 treated cells compared to non-

targeting control cells. (A) mRNA expression of CALCOCO2. (B) Protein level of CALCOCO2 and 

its loading control GAPDH. (C) Quantification of CALCOCO2 western blot data, normalised to 

GAPDH and siNT control cells. The protein level is displayed as percentage of siNT which is 

highlighted as dotted line at 100%. All data are mean ± SEM from three independent experiments. 

Data were analysed using two-sample t-test (A) and one-sample t-test (C). P-value *** < 0.001. NT, 

non-targeting. 

 

Insulin content was measured in CALCOCO2 silenced cells using two complementary 

antibody-based detection methods (Figure 5.6 A-C). Consistent with the screening results, 

insulin content was significantly reduced by 24.0% in CALCOCO2 silenced cells using an 

alphaLISA based detection method (7735 pg vs 10173 pg, p=0.017, Figure 5.6 A). This 

reduction in total intracellular insulin was not due to lower cell numbers from decreased cell 

viability as there was no difference in a combined readout of proliferation and apoptosis 

between the two groups (94.4%, p=0.5305, Figure 5.6 D). In addition, a western blot-based 

detection approach also identified a significant reduction of insulin content by 38.0% 

(p=0.002) upon CALCOCO2 silencing (Figure 5.6 B, C). Such a reduction in insulin content 

could potentially be a consequence from defects in various pathways or cellular processes 

including reduced INS transcription or impaired proinsulin processing.  
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Insulin expression was not significantly different in CALCOCO2 silenced cells compared to 

controls (95.9%, p=0.928), indicating no transcriptional effect upon loss of the protein 

(Figure 5.6 E). To assess a potential processing defect in the maturation from preproinsulin 

and proinsulin to insulin, an antibody specifically targeting the insulin precursors was used 

to detect differences in the levels of immature insulin between non-targeting controls and 

CALCOCO2 silenced cells. The antibody is C-peptide specific and therefore not able to 

detect mature insulin while C-peptide alone is too small for SDS-Page based detection and 

does therefore not produce a signal, as shown in Figure 5.1. Proinsulin was reduced by 

46.6% upon CALCOCO2 KD. However, due to large variation between replicates which is 

common in western blot based approaches, the difference was not significantly different 

(p=0.12, Figure 5.6 F, G). Normalisation of the level of proinsulin to insulin contained the 

same technical variance but confirmed an unaffected ratio with a mean of 85.5% compared 

to the ratio of control cells (p=0.47, Figure 5.6 H). The equal reduction in both, proinsulin 

and insulin therefore demonstrated that the processing from insulin precursors to mature 

insulin is not affected. The decrease in insulin content, both on the level of proinsulin and 

mature insulin can therefore not be attributed to reduced gene expression or incomplete 

processing suggesting a mechanism potentially involving increased granule or protein 

degradation or reduced translation.  
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Figure 5.6 – Insulin content in CALCOCO2 silenced cells. All data are from siCALCOCO2 treated 

cells compared to non-targeting control cells. (A) Insulin content in pg per 20 000 cells. (B) Protein 

level of Insulin and its loading control GAPDH. The antibody also detects proinsulin but only gives 

a weak signal compared to mature insulin. (C, G) Quantification of Insulin (C) and Proinsulin (G) 

western blot data normalised to GAPDH or β-Tubulin and siNT control cells. The protein level is 

displayed as percentage of siNT which is highlighted as dotted line at 100%. (D) Cell count 

measurements. (E) mRNA expression of INS. (F) Protein level of Proinsulin and its loading control 

β-Tubulin. (H) Proinsulin to insulin ratio based on western blot data from C and G. All data are mean 

± SEM from three (B, C, E-H) or four (D) independent experiments and 12 independent replicates 

from three experiments (A). Data were analysed using one-way ANOVA with Sidak’s multiple 

comparison test (A, D, E) and one-sample t-test (C, G, H). P-values * < 0.05, ** < 0.01. NT, non-

targeting. 
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In addition to validating the insulin content-based readout of the genome-wide CRISPR 

screen, I also investigated if glucose stimulated insulin secretion was affected by 

CALCOCO2 reduction as these effects cannot be concluded on the basis of changes in the 

level of insulin content alone. Total insulin secretion could be reduced as a result of 

decreased insulin content with an unchanged proportion of insulin being secreted as seen for 

PAM, the proportion of secreted insulin could be increased to compensate for the decrease 

in intracellular insulin as seen in unpublished studies for RREB1 or the reduction in insulin 

content is a consequence of increased overall secretion (Thomsen et al., 2018; Mattis et al., 

2019). When normalised to non-targeting control cells, insulin secretion is significantly 

decreased (p<0.034 in all conditions) in EndoC-βH1 cells treated with CALCOCO2 siRNA 

(Figure 5.7 A). Across all glucose and KATP modulator conditions, insulin release was 

consistently lower in CALCOCO2 silenced cells with a mean decrease of 39.30%, ranging 

from 43.4% in high glucose and diazoxide to 33.9% reduction under high glucose. The 

glucose stimulation from low to high glucose was not significantly affected (p=0.166, Figure 

5.7 B). When normalising insulin secretion to insulin content, CALCOCO2 silenced cells 

still demonstrated a reduction of around 30.2% across all conditions compared to control 

cells, but the difference did not meet statistical significance likely due to a smaller sample 

size (p>0.412, Figure 5.7 C). Consistent with the raw secretion, the induction of insulin 

secretion from low to high glucose was not statistically different between the two groups 

when normalising to insulin content (p=0.673, Figure 5.7 D). 
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Figure 5.7 – Insulin secretion in CALCOCO2 silenced cells. All data are from siCALCOCO2 

treated cells compared to non-targeting control cells. (A, C) Insulin secretion normalised to siNT 

(A) or to insulin content and siNT (C) in 1 mM, 20 mM, 1 mM+100 μM tolbutamide or 20 mM 

glucose+100 μM diazoxide. (B, D) Insulin secretion fold change from 1 to 20 mM glucose. All data 

are mean ± SEM from three (C, D) or six (A, B) independent experiments. Data were analysed using 

two-way ANOVA Sidak’s multiple comparison test (A, C) and one-way ANOVA with Sidak’s 

multiple comparison test (B, D). P-values * < 0.05. FC, fold change; NT, non-targeting. 
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5.3.4 CALCOCO2 is the likely causal gene at the TTLL6 GWAS locus 

CALCOCO2 has initially been associated with T2D at a novel disease locus harbouring three 

missense variants located within CALOCOC2, SNF8 and GIP (Mahajan et al., 2014; 

Fuchsberger et al., 2016; Bonàs-Guarch et al., 2018). Further, it has been implicated in an 

exome array based genotyping study in diverse ancestries through a single coding variant 

(rs10278, p.Pro347Ala) with a high PPA, indicating a partial causal role for this coding 

variant in driving the GWAS signal (Mahajan et al., 2018b). This study also attributed a 

partial role to another coding variant in SNF8 (rs57901004, p.Arg155His), albeit to a lesser 

extent (0.092 vs 0.187 for CALCOCO2). Further, an eQTL study in human islets identified 

an eQTL association which colocalised with the T2D signal and implicated UBE2Z, another 

neighbouring gene at this locus (Khamis et al., 2019). Collectively, the causal roles and 

involvement in T2D pathogenesis of all genes at the TTLL6 locus has not been resolved yet 

and is highly complex.  

As I was able to independently reproduce the effect of CALCOCO2 on insulin content and 

attribute a potential functional mechanism and causal role to this gene, I further assessed if 

any of the other genes in the TTLL6 region demonstrated a significant effect on intracellular 

insulin in the genome-wide CRISPR screen (Figure 5.8 A). However, none of the other 

genes at this locus displayed such a strong and consistent effect across sgRNAs as 

CALCOCO2 (LFC=1.08, p=0.013, FDR=0.346), which is therefore the only gene to be 

classified as high-confidence hit (Figure 5.8 B-G). Both of the previously implicated genes 

SNF8 (LFC=0.12, p=0.332, FDR=0.992) and UBE2Z (LFC=0.11, p=0.641, FDR=0.999) did 

not show a significant effect on insulin content (Figure 5.8 E, F). In addition, the other genes 

at this locus including TTLL6 (LFC=0.22, p=0.552, FDR=0.999), ATP5G1 (LFC=-0.68, 

p=0.044, FDR=0.750) and GIP (LFC=0.11, p=0.487, FDR=0.999) did not show a 

significant enrichment of sgRNAs within low or high insulin content (Figure 5.8 C, D, G). 
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Even though the sgRNAs within ATP5G1 demonstrated a consistent direction of effect, it 

was not significant and less pronounced than CALCOCO2’s effect on insulin content. 

Considering the genetic evidence and CALCOCO2’s reproducible effect on insulin content 

and secretion while no significant role in regulation insulin content could be attributed to 

any other gene at the TTLL6 locus, CALCOCO2 is a strong candidate to be the causal gene 

in this region of chromosome 17q21.32.  
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Figure 5.8 – TTLL6 locus. (A) TTLL6 locus with credible set GWAS association signals (top) and 

neighbouring genes (bottom). (B-G) sgRNA count distribution for all 8 sgRNAs per gene in the 

genome-wide CRISPR screen for genes at the TTLL6 locus. Changes in sgRNA count from low to 

high insulin content sample with each colour representing the same sgRNA across the two screen 

replicates. The black dashed line represents the median sgRNA count for this gene. 
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5.3.5 CALCOCO2 is expressed in primary human islets 

CALCOCO2 expression, cellular localisation and function has not been described yet in any 

model of human or rodent beta cells, I therefore performed further studies to determine its 

characteristics and role within the human beta cell and the pancreatic islet in more detail. 

In line with its elementary and cell type independent role as autophagy receptor, 

CALCOCO2 is ubiquitously expressed across tissues and cell types based on the GTEx 

analysis with medium expression levels ranging from 10 to 110 transcripts per million 

(TPM) (GTEx Consortium, 2017). In EndoC-βH1, the gene is expressed at a similar level to 

primary human islets and at a comparable level to other crucial beta cell genes such as 

KCNJ11 (Thomsen et al., 2016a). CALCOCO2 has five described protein coding isoforms, 

of which two are expressed in islets based on long-read sequencing data (Figure 5.9 A, B). 

The predominant isoform (ENST00000448105) in islets accounts for 89% of the total 

CALCOCO2 expression while the only other expressed isoform (ENST00000258947) 

contributes 11%. Both RNA isoforms translate into proteins with a similar molecular weight 

of 55 and 52 kDa, resulting in simultaneous detection of both isoforms by western blot. 

 

Figure 5.9 – CALCOCO2 isoform expression in human islets. (A) Schematics of protein coding 

isoforms of CALCOCO2 based on the GENCODE basic subset of representative transcripts from the 

ensemble genome browser. Purple boxes indicate exons, separated by introns represented by a black 

line. (B) Expressed isoforms of CALCOCO2 in EndoC-βH1 cells relative to the indicated isoforms 

in (A), based on long read sequencing data by Pacific Bioscience which was performed by Dr. Anne 

Ndungu. 
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In addition to demonstrating CALCOCO2 mRNA expression in the human beta cell line 

EndoC-βH1 and human islets based on published RNA-Seq datasets, I also assessed the 

protein localisation of CALCOCO2 within primary human islets. I performed 

immunofluorescence staining on fixed human pancreas sections to include islet and exocrine 

cell types and simultaneously stained for INS, RREB1 and CALCOCO2 (Figure 5.10). INS 

staining indicated beta cells and highlighted islet areas while RREB1 as a known 

transcription factor served as a positive control for nuclear staining. INS staining colocalised 

with CALCOCO2, indicating that CALCOCO2 protein is expressed in human beta cells and 

islets (Figure 5.10 A). Within the cell, CALCOCO2 localises to the cytoplasm as shown by 

a lack of co-staining with the nuclear counterstain DAPI. The nuclear exclusion is not a 

result of incomplete permeabilization as shown by nuclear localisation of the positive control 

RREB1 (Figure 5.10 B).  

In line with its ubiquitous expression across cell types and tissues, CALCOCO2 staining is 

not specific to the beta cells or islets but can also be found in the exocrine tissue of the 

pancreas (Figure 5.11). More specifically, CALCOCO2 staining also localises to the 

cytoplasm of ductal and acinar cells. 
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Figure 5.10 – CALCOCO2 in primary human islets. Immunofluorescence staining of primary 

human islets in pancreas sections. Sections were double immunostained for INS (green) and 

CALCOCO2 (A) or RREB1 (B, red). Cell nuclei were counterstained with DAPI (blue). A specific 

region of interest was enlarged in the top left corner in each panel. Scale bar is 10 μm. 
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Figure 5.11 – CALCOCO2 in the exocrine pancreas. Immunofluorescence staining of exocrine 

tissue in pancreas sections. Sections were double immunostained for INS (green) and CALCOCO2 

(red). Cell nuclei were counterstained with DAPI (blue). Scale bar is 10 μm. d: ductal cells; a: acinar 

cells; i: islet.  

 

In addition to generally determining CALCOCO2’s expression in human beta cells and due 

to its genetic association with T2D, I investigated if its expression level changes in patients 

with T2D which might support a role in T2D pathogenesis or as a therapeutic target. I 

therefore assessed single-cell transcriptomes for pancreatic cell types in Lawlor et al. from 

nondiabetic (ND) and T2D donors and extracted CALCOCO2 expression data (Lawlor et 

al., 2017). Specific cell types were identified based on expression values in marker genes 

such as a high expression of INS classified a beta cell. Overall and including all cell types, 

there was no significant difference in CALCOCO2 expression between ND and T2D samples 
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(endocrine cells FDR=0.983, exocrine cells FDR=0.737, Figure 5.12 A). When the sample 

was separated based on its cell types to identify cell type and especially beta cell specific 

expression signatures, endocrine cells including alpha, beta and delta cells still demonstrated 

no significant effect on CALCOCO2 expression in patients with T2D (FDR>0.901, Figure 

5.12 B). Even though the study was aimed at measuring single-cell expression levels in 

islets, a small number of exocrine cells were found in the preparations with were 

subsequently included in the analysis. Interestingly, CALCOCO2 expression was 

significantly reduced in acinar cells of T2D patients (FDR=0.019). CALCOCO2 expression 

was not significantly different in ductal cells between ND and T2D donors (FDR=0.655). 

The cell type specific single cell expression data of CALCOCO2 in this dataset from Lawlor 

et al. also confirmed the previously demonstrated ubiquitous expression of CALCOCO2 and 

the immunofluorescence staining with protein localisation in all pancreatic cell types.  

 

 

Figure 5.12 – CALCOCO2 expression in T2D and healthy pancreatic cell types. CALCOCO2 

expression was extracted from the single cell transcriptome dataset from Lawlor et al. (Lawlor et al., 

2017). (A) CALCOCO2 expression in ND and T2D cells in all cell types combined, including 

endocrine and exocrine cell types. (B) CALCOCO2 expression in ND and T2D cells in specific cell 

types. The following number of single cells was assessed within each sample: (A) ND: 387 , T2D: 

263; (B) Alpha ND: 138, T2D: 100; Beta ND: 165, T2D: 93; Delta ND: 16 , T2D: 7; Acinar ND: 15, 

T2D: 9; Ductal ND: 12, T2D: 17. Data were analysed by Lawlor et al. using differential gene 

expression analyses between different cell types and groups using edgeR. FDR * < 0.05. ND, 

nondiabetic; T2D, Type 2 Diabetes; log2CPM, log2 counts per million. 
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5.3.6 KCNK17 knockdown reduces insulin secretion and KCNK16 expression 

KCNK17 encodes the two-pore-domain potassium (K2P) channel TALK2 and is part of one 

of the six K2P subfamilies. K2P channels induce background or leak K+ currents which 

stabilise the resting membrane potential and during KATP channel closure, balance the 

depolarisation plateau to allow for action potential firing (Enyedi & Czirják, 2010). KCNK17 

is highly expressed in human pancreatic beta cells but its functional role is yet to be 

determined (Nica et al., 2013; van de Bunt et al., 2015; Rorsman & Ashcroft, 2018). 

Expression of KCNK17 has shown to be regulated by a T2D GWAS SNP at the KCNK16 

locus, highlighting its potential role as a causal gene at this locus (Fadista et al., 2014; 

Varshney et al., 2017). Even though KCNK17 was not classified as a final hit, it had initially 

been selected for functional follow-up studies as described in section 5.3.1. I silenced 

KCNK17 expression in EndoC-βH1 and assessed insulin content, secretion, cell viability 

and INS expression. 

KCNK17 expression was efficiently reduced by 76.12% (p=0.0004) in EndoC-βH1 using 

siRNA while cell viability was unaffected (109.5%, p=0.509, Figure 5.13 A, B). The 

efficient silencing could not be confirmed on the protein level as the tested western blot 

antibodies for TALK2 did not demonstrate a specific staining (Supplementary Figure 1). 

INS expression was not affected by KCNK17 silencing (115.9%, p=0.628), excluding a 

potential downstream transcriptional effect of TALK2 reduction (Figure 5.13 C). 

Intracellular insulin was assessed using two independent antibody-based approaches (Figure 

5.1). Using the sensitive alphaLISA based assay, KCNK17 silencing induced a 16.64% 

increase in insulin content (11 866 pg vs 10 173 pg), albeit just below the significance 

threshold (p=0.111, Figure 5.13 D). Western blot analysis did not demonstrate a significant 

difference between non-targeting controls and KCNK17 silenced cells (99.62%, p=0.911, 

Figure 5.13 E, F). As in previous studies, I also assessed if insulin processing was affected 
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in KCNK17 silenced cells. Large variations in the proinsulin western blot made it 

challenging to draw any biologically meaningful conclusions, but KCNK17 silencing did not 

significantly affect the proinsulin levels based on the mean of all replicates (131.0%, 

p=0.848), suggesting no defect in insulin maturation which is consistent with the unaffected 

levels of mature insulin (Figure 5.13 G, H). 
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Figure 5.13 –  Insulin content in KCNK17 silenced cells. All data are from siKCNK17 treated cells 

compared to non-targeting control cells. (A) mRNA expression of KCNK17. (B) Cell count 

measurements. (C) mRNA expression of INS. (D) Insulin content in pg per 20 000 cells. (E) Protein 

level of Insulin and its loading control GAPDH. The antibody also detects proinsulin but only gives 

a weak signal compared to mature insulin. (G) Protein level of Proinsulin and its loading control β-

Tubulin. (F, H) Quantification of Insulin (E) and Proinsulin (G) western blot data normalised to 

GAPDH or β-Tubulin and siNT control cells. The protein level is displayed as percentage of siNT 

which is highlighted as dotted line at 100%. All data are mean ± SEM from three independent 

experiments (C, E-H), four independent experiments (A, B) or 12 independent replicates from three 

experiments (D). Data were analysed using one-way ANOVA with Sidak’s multiple comparison test 

(B, C, D), two-sample t-test (A) and one-sample t-test (F, H). P-value *** < 0.001. NT, non-

targeting.  



206 

 

Even though insulin content was not significantly affected by KCNK17 silencing, I also 

assessed if the gene played a role in insulin secretion. Interestingly, reduction of KCNK17 

induced a decrease in insulin secretion under high glucose conditions (Figure 5.14 A). Upon 

incubation with 20 mM glucose or 20 mM glucose and diazoxide, insulin secretion was 

significantly decreased by 39.44% (p=0.034) and 38.78% (p=0.033), respectively. 

Subsequently, the induction from low to high glucose was diminished by 23.95% in 

KCNK17 silenced cells (1.27 vs 1.67, p=0.026, Figure 5.14 B). The same trend was observed 

when insulin secretion samples were normalised to insulin content, albeit due to a lower 

sample size, none of the effects passed the significance threshold (all secretion conditions 

p>0.460, FC: 1.21 vs 1.65, p=0.288, Figure 5.14 C, D). Collectively, silencing of KCNK17 

did not significantly affect insulin content or INS expression but induced a consistent 

reduction of insulin secretion under high glucose conditions.  
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Figure 5.14 – Insulin secretion in KCNK17 silenced cells. All data are from siKCNK17 treated 

cells compared to non-targeting control cells. (A, C) Insulin secretion normalised to siNT (A) or to 

insulin content and siNT (C) in 1 mM, 20 mM, 1 mM+100 μM tolbutamide or 20 mM glucose+100 

μM diazoxide. (B, D) Insulin secretion fold change from 1 to 20 mM glucose. All data are mean ± 

SEM from three (C, D) or six (A, B) independent experiments. Data were analysed using two-way 

ANOVA Sidak’s multiple comparison test (A, C) and one-way ANOVA with Sidak’s multiple 

comparison test (B, D). P-values * < 0.05. FC, fold change; NT, non-targeting. 

 

While I demonstrated a potential functional mechanism how loss of KCNK17 could 

influence T2D risk, it is crucial to integrate these functional results with the underlying 

genetic evidence at this locus to be able to assign a potential causal role. The associated T2D 

GWAS index SNP rs1535500 is a coding variant within KCNK16 and has shown to be linked 

to TALK1 (KCNK16) basal channel activity (Vierra et al., 2015). The SNP is in high LD 
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with four other variants which overlap islet regulatory annotations. Interestingly, the risk 

haplotype at this locus is also associated with increased expression of the nearby gene 

KCNK17 while not affecting KCNK16 expression, linking both genes to a potential causal 

role at this locus (Fadista et al., 2014; Varshney et al., 2017). A single haplotype at this T2D 

GWAS locus is therefore linked to regulatory activity of KCNK17 and coding variation in 

KCNK16. To investigate a potential direct relationship between these genes in my functional 

studies, I also assessed KCNK16 expression in KCNK17 silenced cells. Interestingly, 

KCNK16 expression was reduced by 26.01% (p=0.016) compared to non-targeted control 

cells (Figure 5.15 A). It can therefore not be excluded that the observed effect on insulin 

secretion upon KCNK17 silencing was not mediated by KCNK17 directly but indirectly 

through the reduction of KCNK16. To be certain that the effect is an actual regulatory 

association between the two genes and not a technical artefact from off-target effects due to 

the pooled siRNA-based approach, further replication using independent and individual 

siRNAs or shRNAs should be used.  

Even though KCNK17 did not pass the stringent significance threshold within the genome-

wide CRISPR screen, it showed a consistent effect across sgRNAs which might be the 

consequence of a small effect on insulin content which is challenging to detect robustly 

compared to other genes with stronger effects within the screen. To investigate if any of the 

other neighbouring genes at this locus such as KCNK16, KIF6 or KCNK5 as shown in Figure 

5.15 B,  induced a significant effect on insulin content within the genome-wide CRISPR 

screen and might also be plausible candidates as causal genes, I assessed their sgRNA 

enrichment within the insulin low and high content populations. None of the other genes at 

this locus demonstrated a strong and consistent effect for several sgRNAs and were not 

classified as hits (Figure 5.15 C-F). In addition, based on the MAGeCK gene analysis, 

KCNK16, KCNK5 and KIF6 only possessed three or four supporting sgRNAs (sgRNAs 
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which MAGeCK classifies as having an effect to calculate the gene-level score). KCNK17 

on the other hand demonstrated a much more robust effect with six supporting sgRNAs, 

highlighting the gene as the only gene at this locus with a consistent effect on insulin content 

across sgRNAs.  

 

 

Figure 5.15 – KCNK16/KCNK17 locus. (A) mRNA expression of KCNK16 in KCNK17 silenced 

cells compared to non-targeting controls. Data are mean ± SEM from four independent experiments 

and were analysed using two-sample t-test. (B) KCNK16/KCNK17 locus with GWAS association 

signals (top) and neighbouring genes (bottom). (C-F) sgRNA count distribution for all 8 sgRNAs 

per gene in the genome-wide CRISPR screen. Changes in sgRNA count from low to high insulin 

content sample with each colour representing the same sgRNA across the two screen replicates. The 

black dashed line represents the median sgRNA count for this gene. P-value * < 0.05. NT, non-

targeting. 
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5.4 Discussion 

The previously described genome-wide CRISPR screen is a powerful tool to identify novel 

regulators of insulin content at scale and to prioritise genes at T2D loci. To be certain about 

its accuracy and to confirm the observed phenotypic effects, it is crucial to perform 

functional validation studies for selected hits. In this chapter, I focused on four genes with 

different directions of effect on insulin content that had been previously implicated in T2D. 

The genes were chosen due to their association as potential T2D effector gene but whose 

functional role and association with disease pathogenesis has not been explored or resolved 

yet. I performed extensive siRNA-based follow-up studies to evaluate beta cell phenotypes 

such as insulin content and secretion, INS expression and cell viability. After having 

confirmed its effect on insulin content, I further characterised the expression and localisation 

of CALCOCO2 in human beta cells and its likely causal role at the TTLL6 locus. In addition, 

I demonstrated that KCNK17 regulates insulin secretion during stimulation with high 

glucose while its causal role at the KCNK16/KCNK17 locus remains to be resolved due to 

its coregulation of KCNK16.  

5.4.1 Validation of CRISPR screening hits 

To validate the effects of the genome-wide CRISPR screen, I chose a complementary siRNA 

based silencing approach. In contrast to CRISPR KO which leads to stable and complete 

gene KO, siRNA KD induces a temporary silencing on the mRNA level. As previously 

described in detail in Chapter 3, both approaches might give rise to technique specific 

phenotypes. Using siRNA as a validation approach instead of CRISPR has the advantage to 

be certain that the observed effects within the CRISPR screen are not due to off-target effects 

or other phenotypes caused by CRISPR such as DSB induced toxicity. If the effect of the 

screen can be replicated using this complementary and independent method, the phenotype 
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is most likely a functional consequence of the mRNA and protein reduction of the target 

gene. If it is not possible to replicate the results from the CRISPR based screen, it does not 

necessarily mean that the gene is not a true positive hit as residual protein might be masking 

the functional effects. Even though CRISPR KO have the advantage of complete protein 

depletion, the generation of KO cell lines in EndoC-βH1 is time-consuming, requires 

lentiviral production and a high number of cells. Using siRNAs in EndoC-βH1 on the other 

hand has the essential advantage to be an easy and quick initial validation which can then be 

followed up by using individual stable models such as CRISPR KO.  

The genes PLCB3, QSER1, CALCOCO2 and KCNK17 were chosen for follow-up studies 

due to their association with T2D in genetic studies and because their functional role has not 

been resolved or studied yet in human beta cells (Fadista et al., 2014; Varshney et al., 2017; 

Mahajan et al., 2018b, 2018a). The screening hits were prioritised through integration with 

a list of predicted T2D effector genes and upon filtering for genes without any functional 

evidence or causal classification, the positive regulator CALCOCO2 was prioritised 

(Accelerating Medicines Partnership, 2020). The potential negative regulator KCNK17 had 

been prioritised in the same way as CALCOCO2. This had been done at an earlier time point 

before the final screening analysis was performed resulting in KCNK17 not being one of the 

final hits. The prioritisation of the negative controls QSER1 and PLCB3 was approached in 

the opposite direction by looking for causal genes within the list of predicted T2D effector 

genes that did not demonstrate an effect within the screen. Using an siRNA-based validation 

approach in EndoC-βH1, I was able to confirm all effects on insulin content that were 

observed in the genome-wide CRISPR screen. CALCOCO2 silencing induced a significant 

decrease in insulin content whereas the negative control genes PLCB3 and QSER1 did not 

show any effect on insulin content or secretion. Silencing of KCNK17 induced a small 

increase of around 17% in insulin content but did not reach statistical significance, as it was 
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the case in the CRISPR screen with a modest but robust increase across sgRNAs. By 

correctly identifying a true positive hit and demonstrating no effects for control genes, the 

results of the genome-wide CRISPR screen have shown to be accurate and valid. 

Both QSER1 and PLCB3 did not play a role in insulin content or secretion based on siRNA 

silencing in EndoC-βH1. Nevertheless, this does not necessarily mean that they are not the 

causal genes at their respective loci. The genes might act through another T2D associated 

tissue or cell type such as liver or adipose cells. This is consistent with results from a multi-

trait physiological clustering approach which classifies PLCB3 as having an effect on insulin 

action and not insulin secretion and PLCB3’s association with higher waist-hip ratio and 

lower body fat percentage, a likely consequence of a storage capacity defect in peripheral 

adipose tissue (Lotta et al., 2017; Mahajan et al., 2018b). Further, the affected phenotypes 

within the beta cell might also not have been tested in my specific experimental setup. 

PLCB3 plays a role in the beta cell and insulin secretion by acting as a downstream mediator 

in the amplification pathway  (Thore et al., 2005). However, the insulin secretion conditions 

in my validation approach only included glucose stimulation and KATP channel modulators 

and did therefore not target the potentiating pathway. Further experiments should therefore 

investigate PLCB3’s role in insulin secretion and specifically in the amplification pathway 

by also including specific receptor agonist (Yamada et al., 2016). In line with my results 

there was a study showing that only deletion of PLCB1 and not PLCB3 induced impaired 

glucose tolerance in KO mice with no change in insulin content (Hwang et al., 2019). 
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5.4.2 CALCOCO2 plays a crucial role in beta cell function and T2D 

I demonstrated that loss of CALCOCO2 decreased insulin content in the human beta cell 

line EndoC-βH1 in a CRISPR screen and in independent complementary siRNA follow-up 

experiments. This reduction in intracellular insulin also resulted in a consistent inhibition of 

insulin secretion under both, basal and high glucose conditions. Even though CALCOCO2 

has been associated with T2D through GWAS, its functional role in human beta cells and 

T2D pathogenesis had not been described previously. 

CALCOCO2 has initially been identified in early 2018 as a potential T2D risk gene at a 

novel locus with common missense variants in CALCOCO2, SNF8 and GIP (Bonàs-Guarch 

et al., 2018; Mahajan et al., 2018b, 2018a). It has then been further implicated as a likely 

causal gene in an exome array based genotyping study as having a single coding variant with 

a high PPA which is consistent with a partial role in driving the GWAS signal (Mahajan et 

al., 2018b). In line with my observed effects of CALCOCO2 on insulin secretion in the 

pancreatic beta cell, a physiological clustering approach in this study further identified that 

the signal at the TTLL6 region exerts its primary effect on insulin secretion. To further 

unravel CALCOCO2’s role in human beta cells, I established that it is ubiquitously expressed 

and localises to the cytoplasm in primary human islets. This cellular localisation is in 

accordance with its role as an autophagy receptor, previous studies in non-beta cells and the 

Human Protein Atlas (Xie et al., 2015; Thul et al., 2017; Furuya et al., 2018). To further 

expand the characterisation of CALCOCO2 and its role in pancreatic islets and beta cells, I 

set up an shRNA based knockdown approach in primary human islets in collaboration with 

Prof Seung Kim at Stanford University. This approach offers the advantage of being able to 

assess the consequences of LoF of CALCOCO2 in the physiologically more relevant primary 

cells instead of in a transformed cell line. In addition, the phenotypic readout could be 

extended from only insulin secretion in beta cells to also include glucagon secretion in alpha 
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cells and the initially observed effect on insulin content could be validated using a different 

cellular model and another complementary KD approach. However, due to the worldwide 

COVID-19 pandemic, the functional experiments have not been performed yet.  

The establishment of CALCOCO2’s role in insulin secretion and its association in genetic 

studies for T2D highlight its role as a likely causal gene at this locus and its involvement in 

disease pathogenesis. Identifying the detailed functional mechanism on how loss of 

CALCOCO2 affects insulin secretion would exceed the scale of this thesis and remains to 

be explored. A recent study using protein-protein interaction networks of potential T2D risk 

genes assigned CALCOCO2 to a cluster for protein complex disassembly and 

macroautophagy (Fernández-Tajes et al., 2019). This clustering and CALCOCO2’s function 

as a selective autophagy receptor suggest an autophagy mediated effect on insulin content 

in human beta cells. Autophagy plays an important role in maintaining beta cell function 

and ensuring cell survival and is therefore a key pathway in T2D pathogenesis. Loss of the 

important autophagy enzyme atg7 in beta cell specific KO mice gave rise to increased beta 

cell apoptosis leading to reduced insulin secretion and impaired glucose tolerance (Jung et 

al., 2008). Besides cell survival, autophagy is also crucial for the regulation of insulin 

homeostasis in the beta cell. siRNA mediated KD of atg5 and 7 induced increased proinsulin 

and insulin secretion in INS1 cells while autophagy-hyperactive mice demonstrated 

decreased insulin secretion due to increased degradation of insulin granules (Riahi et al., 

2016; Yamamoto et al., 2018). KD of CALCOCO2 on the other hand did not affect cell 

viability, indicating no crucial role in cell survival and demonstrated the opposite direction 

of effect with reduced insulin content and secretion compared to these studies which 

assessed modulators of autophagy. It is therefore likely that CALCOCO2 does not affect 

beta cell function through regulating general autophagy within the cell.  
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However, CALCOCO2 has been identified as playing a role in selective autophagy, 

specifically as being required for efficient Parkin‐mediated mitophagy (Lazarou et al., 2015; 

Furuya et al., 2018). A potential mechanism on how CALCOCO2 could affect insulin 

content and secretion is therefore potentially by regulating mitophagy.  

Mitophagy describes the cellular process to degrade dysfunctional mitochondria and it was 

shown that CALCOCO2 is an essential receptor to induce mitophagy and localises to 

damaged mitochondria (Lazarou et al., 2015; Fex et al., 2018; Furuya et al., 2018). In 

contrast to the previously described autophagy studies, loss of CALCOCO2 is consistent 

with the functional consequences of other investigations that modulate components of the 

mitophagy pathway and highlight that functional mitophagy is required for beta cell 

function. shRNA mediated KD of the mitophagy regulator Clec16a in the mouse beta cell 

MIN6 cells and pancreas specific deletion in mice decreased GSIS and affected 

mitochondria function (Soleimanpour et al., 2014; Pearson et al., 2018). Overexpression of 

the downstream mitophagy effector Parkin in MIN6 partly rescued insulin secretion under 

diabetic conditions (Hoshino et al., 2014). The reduction of insulin secretion upon loss of 

these autophagy regulators is in line with my results from CALCOCO2 KO and KD. 

Defective mitophagy is therefore a likely functional mechanism how loss of CALCOCO2 

affects insulin secretion and beta cell function and should be investigated in future studies 

(further discussed in Chapter 6). 

The hypothesis that mitophagy affects insulin content and is a possible mechanism of action 

through which CALCOCO2 affects beta cell function is further supported by additional 

screening hits mapping to this pathway. The genome-wide CRISPR screen also identified 

the autophagy receptor SQSTM1 and the protein kinase TBK1 as regulators of insulin 

content. Like CALCOCO2, SQSTM1 is a selective autophagy receptor which links damaged 

mitochondria to autophagosomes (Geisler et al., 2010; Lazarou et al., 2015). TBK1 
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phosphorylates these autophagy receptors resulting in a signal amplification enhancing 

mitophagy of dysfunctional mitochondria (Heo et al., 2015; Richter et al., 2016). Both of 

these genes also have no attributed role in human beta cell function but further highlight that 

mitophagy is an interesting pathway to study in the context of insulin regulation and beta 

cell function.  

In addition to its association with T2D risk in GWAS, CALCOCO2 has also been implicated 

with T2D in a Mendelian randomization (MR) study of the plasma proteome (Emilsson et 

al., 2018; Zheng et al., 2019). Briefly, this study assessed protein quantitative trait loci 

(pQTL) from GWAS for plasma proteins and investigated their potential causal role on 

human phenotypes through MR. MR based approaches use genetic variants as instruments 

instead of modifiable exposures or risk factors to reduce confounding factors and effects 

induced through reverse causation (Smith, 2010). Plasma protein associations are especially 

informative as these proteins represent easily druggable targets and are often dysregulated 

in disease (Imming, Sinning, & Meyer, 2006; Santos et al., 2017). A missense variant in 

CALCOCO2 (rs550510) with its effect allele A has shown to be associated with reduced 

blood protein levels of CALCOCO2 (-0.19) (Emilsson et al., 2018). When the MR analysis 

was applied, Zheng et al. identified that rs550510 was associated with an increased risk of 

T2D (0.156) (Zheng et al., 2019). It can therefore be concluded that reduced circulating 

levels of CALCOCO2 are associated with an increased risk of T2D as shown in Figure 5.16, 

highlighting the protein as a potential biomarker or drug target for T2D treatment. However, 

it is unclear where the circulating CALCOCO2 originates from and if it also affects beta cell 

function. As CALCOCO2 can infiltrate mitochondria through a yet unknown mechanism, it 

might be possible for the protein to also irrupt through the cell membrane from the blood 

stream (Furuya et al., 2018). To assess the function of circulating CALCOCO protein on 

human beta cell function, we acquired recombinant full-length CALCOCO2 and will 
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incubate primary human islets with physiologically relevant levels of the protein followed 

by investigating potential effects on insulin secretion. This line of investigation had already 

been initiated during my research stay at Stanford University but had to be stopped 

prematurely due to the COVID-19 pandemic as the distribution of human tissue was halted 

followed by a shelter-in-place order and the discontinuation of all non-essential research 

activities.  

 

 

Figure 5.16 – CALCOCO2 blood protein levels in T2D risk. Individuals with the risk genotype 

rs550510 A within CALCOCO2 are associated with reduced protein levels of CALCOCO2 

(blue) in the blood plasma (Emilsson et al., 2018). A decrease in circulating CALCOCO2 

has been implicated with an increased risk of T2D in individual B compared to reference 

individual A using an MR based analysis approach (Zheng et al., 2019). 
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5.4.3 KCNK17 may regulate insulin secretion under high glucose conditions 

Using siRNA-based silencing of KCNK17 in the human beta cell line EndoC-βH1, I 

demonstrated for the first time that a decrease in TALK2 reduced insulin secretion under 

high glucose conditions and consequently diminished the glucose stimulation index, 

indicating a glucose-dependant role for TALK2. KCNK17 has been implicated in T2D risk 

through being the target gene of an islet cis-eQTL which colocalises with a T2D GWAS 

SNP (Fadista et al., 2014; Varshney et al., 2017). Interestingly, this GWAS variant maps to 

a coding region within KCNK16, highlighting both genes as potential causal genes at this 

locus. The SNP is in high LD with four other variants which overlap islet regulatory 

annotations (promoter chromatin state and ATAC-Seq peak) and have shown to be the 

mediators of the transcriptional regulation of KCNK17 (Varshney et al., 2017). The complex 

haplotype at this locus therefore regulates transcriptional activity of KCNK17 while also 

containing a coding variant in KCNK16. The risk haplotype has shown to increase KCNK17 

expression, which seems contradictory to my functional experiments that demonstrated a 

reduction in insulin secretion upon decrease of KCNK17 expression. However, as I have not 

directly tested the consequences of KCNK17 overexpression, it cannot be concluded that 

both, a decrease and increase in KCNK17 expression reduce insulin secretion such as 

previously shown for ZMIZ1, which is also implicated in T2D risk (van de Bunt et al., 2015).  

KATP channels are responsible for the majority of K+ currents while other background K+ 

channels such as two-pore domain channels including TALK2 do not significantly affect 

total beta cell conductance under low glucose conditions (Göpel et al., 1999; Ravier et al., 

2009). Under high glucose stimulation, these background channels can significantly affect 

K+ currents and total beta cell conductance, in line with the observed effect of KCNK17 

silencing under high and not basal glucose (Seghers et al., 2000). Studies focussing on other 

two-pore domain channels such as TASK1 (KCNK3) or TALK1 (KCNK16) also 
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demonstrated affected insulin secretion under high glucose conditions only (Dadi, Vierra, & 

Jacobson, 2014; Vierra et al., 2015). Loss of TASK1 or TALK1 induced an increase in 

insulin secretion in mouse islets which is opposite to the direction of effect upon reduction 

of TALK2 that was observed in my KD experiment in human EndoC-βH1. In line with my 

observed effect of KCNK17 in the beta cell, a previous study from our group investigated 

potential T2D risk genes and their effect on insulin secretion in EndoC-βH1 and identified 

as well that silencing of KCNK17 induced a 17.3% reduction in insulin secretion under high 

glucose conditions (Thomsen et al., 2016a). Additional experiments to investigate potential 

functional differences between these channels will be necessary to explain the different 

directions of effect.  

In addition to showing an effect on insulin secretion under high glucose stimulation, I also 

demonstrated that silencing of KCNK17 reduced KCNK16 expression and highlighted why 

this locus is highly complex while also illustrating a crucial functional aspect that is 

necessary to uncover the true causal gene(s) at this locus. Before drawing any functional 

conclusions however, individual follow-up studies using CRISPR KO or individual siRNAs 

should be performed to be certain that the simultaneous reduction of KCNK16 expression is 

not a technical artefact and a consequence of off-target silencing due to high similarity 

between the two genes. If KCNK16 and KCNK17 truly regulate each other’s expression 

while having opposite effects on insulin secretion, that would potentially indicate a 

compensatory mechanism by each channel to stabilise K+ currents and insulin secretion. 

The mechanism on how KCNK17 could regulate KCNK16 expression is unclear and the 

gene does not encode regulatory miRNA or lncRNA that might directly affect KCNK16 

expression.  
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5.4.4 Conclusion 

The functional follow-up studies using an siRNA-based silencing approach confirmed the 

observed effects on insulin content from the genome-wide CRISPR screen, therefore 

validating the accuracy and demonstrating that the screen can identify true regulators of beta 

cell function. The prioritised control genes QSER1 and PLCB3 with likely causal roles in 

T2D did not affect insulin content or secretion, suggesting that they influence T2D 

pathogenesis through beta cell independent mechanisms. KCNK17 at the complex KCNK16 

GWAS locus decreased insulin secretion under high glucose conditions while also lowering 

KCNK16 expression, highlighting that more in-depth experiments are needed to understand 

the causality at this locus. The autophagy receptor CALCOCO2 has been identified as a 

novel regulator of insulin content and insulin secretion in human beta cells. The gene is 

highly expressed in primary human islets and is the candidate causal gene in the TTLL6 

region while also being a potential biomarker or drug target for T2D.  
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6 
Discussion 

6 Discussion 
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6.1 Novel CRISPR/Cas9 approaches in human beta cells to identify T2D effector 

transcripts 

T2D is a common, complex and multifactorial disease and has been associated with 

environmental, epigenetic and genetic risk factors. The underlying genetic predisposition to 

disease risk has been the focus of many studies aimed at better understanding disease 

pathogenesis, identifying novel treatment targets and improving patient stratification 

(McCarthy, 2017; Fitipaldi et al., 2018). Since the first GWAS for T2D in 2007, more than 

400 distinct genetic association signals have been shown to be robustly linked to disease risk 

(Sladek et al., 2007; Scott et al., 2007, 2017; Saxena et al., 2007; Mahajan et al., 2018b, 

2018a; Spracklen et al., 2020; Vujkovic et al., 2020). The majority of these disease loci have 

not been translated into functional understanding and causal genes yet. The work presented 

in this thesis addressed this question by performing a genome-wide pooled CRISPR screen 

in human beta cells aimed at bridging this gap of connecting GWAS T2D signals to causal 

genes, functional mechanisms and tissue of actions. In addition to providing an improved 

functional understanding of T2D pathogenesis, this work has also identified novel regulators 

of beta cell function and explored the strengths and limitations of gene editing and silencing 

in human beta cells.  

The investigation in Chapter 3 described a novel CRISPR/Cas9 pipeline in the human beta 

cell line EndoC-βH1 followed by in-depth functional and genomic characterisation of 

several proof of concept cell lines. I developed a lentiviral-based dual sgRNA CRISPR 

editing pipeline and described the first protocol to robustly genome edit a human beta cell 

line. Using this approach, I created six KO cell lines whose characterisation formed an 

independent first-author manuscript, contributed to important experiments on another co-

author manuscript and also formed the basis for several independent follow-up studies by 

fellow DPhil students. This work has provided an important novel CRISPR pipeline for 
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future investigations into human beta cell function and T2D while also describing essential 

proof of concept work and setting the foundation for a genome-wide CRISPR screen in 

EndoC-βH1. 

The main focus of my thesis, the genome-wide CRISPR screen in EndoC-βH1 was outlined 

in Chapter 4. After demonstrating in Chapter 3 that EndoC-βH1 are indeed a suitable cell 

line for CRISPR based investigations, I developed and performed a genome-wide pooled 

CRISPR screen for human beta cell function using a FACS based phenotypic readout for 

insulin content. 580 genes were classified as regulators of insulin content and to assess if 

potential causal genes for T2D were among the screening hits, I integrated the data with 

predicted T2D effector genes and prioritised several genes for functional follow-up studies 

where the supporting evidence was not sufficient to assign a causal role including 

CALCOCO2, FADS1 and C2CD4B.   

Chapter 5 continued this work by focusing on the functional follow-up studies of prioritised 

genes. Based on the previously described integration with predicted T2D effector genes, I 

chose the autophagy receptor CALCOCO2 as an interesting gene for in-depth functional 

validation as it had not been associated with beta cell function before. I also validated 

negative screening results by choosing genes that were not identified as hits in the genome-

wide screen but had been previously linked to a causal role. By confirming their lack of an 

effect on insulin content in individual follow-up studies, I could evaluate the potential of 

false negatives within the screen. The genes chosen for this line of investigation were QSER1 

and PLCB3. In addition, as I had already initiated some follow-up experiments while the 

final analysis was still being undertaken, the potential causal gene KCNK17 was also 

prioritised for follow-up studies albeit not being a final screening hit. I individually assessed 

all of these genes using a complementary siRNA approach to confirm that the observed 

phenotypes were independent of their LoF strategy and using this strategy, I was able to 
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independently validate all results from the genome-wide CRISPR screen. Based on the 

initial identification as a screening hit followed by further individual follow-up studies, I 

was able to assign a functional role to CALCOCO2 in the human beta cell and highlight its 

role as a likely causal gene for T2D.  

Collectively, this thesis described the process from an initial individual CRISPR proof of 

concept study to a high-throughput genome-wide pooled CRISPR screen which was then 

used to prioritise and validate a novel regulator of beta cell function and T2D. 
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6.2 CALCOCO2 and its role in human beta cell function and T2D 

In Chapter 5, I established for the first time that the screening hit CALCOCO2 plays an 

important role in maintaining intracellular insulin and regulating the level of secreted insulin 

in human beta cells. In combination with its coding genetic association with T2D, it is also 

the likely causal gene at this GWAS locus, one of 24 genes in this region of chromsome 

17q21.32 within 1 Mb of the index/lead variant. Integration with previous studies 

demonstrated that CALCOCO2’s effect on insulin secretion is consistent with the role of 

other components of the mitophagy pathway in beta cell function, as previously explained 

in Chapter 5 (Soleimanpour et al., 2014; Pearson et al., 2018; Furuya et al., 2018; 

Fernández-Tajes et al., 2019). I therefore hypothesised that CALCOCO2, in its function as 

selective autophagy receptor regulates beta cell function, insulin content and secretion 

through being an essential modulator of the mitophagy pathway in human beta cells (Figure 

6.1).  

Damaged mitochondria within the cell are being removed in the process of Parkin-mediated 

mitophagy through interaction of the kinase PINK1 with the ubiquitin ligase Parkin. This 

process in turn recruits selective autophagy receptors that bind to phagophores and initiate 

the formation of autophagosomes around the dysfunctional mitochondria (reviewed in 

Pickles, Vigié, & Youle, 2018). Initially, upon mitochondrial stress or damage, PINK1 

stabilizes on the outer mitochondrial membrane and phosphorylates ubiquitin and Parkin, 

leading to Parkin-mediated formation of ubiquitin chains (Clark et al., 2006; Lazarou et al., 

2012; Kondapalli et al., 2012; Koyano et al., 2014; Okatsu et al., 2015). Autophagy 

receptors subsequently connect ubiquitinated mitochondria and autophagosomes to induce 

mitophagy (Lazarou et al., 2015). In mammalian cells, five autophagy receptors have been 

identified as mediating mitophagy: CALCOCO2/NDP52, OPTN, SQSTM1/p62, NBR1 and 

TAX1BP1.  
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Only CALCOCO2 and OPTN have shown to be essential with the presence of either of these 

sufficient to induce mitophagy as shown in single and double KO models in HeLa cells 

(Lazarou et al., 2015). Distinct expression levels of both receptors within different tissues 

however hint at tissue specific roles of each receptor. In addition, SQSTM1 was also a 

significant hit in the genome-wide CRISPR screen. Based on this crucial role of CALCOCO2 

in mitophagy, I propose that in human beta cells, deletion of CALCOCO2 is sufficient to 

impair the recruitment of phagophores to damaged and ubiquitinated mitochondria, which 

cannot be fully compensated for by OPTN (Figure 6.1). This impaired mitophagy 

subsequently leads to the accumulation of damaged mitochondria within the cell, inducing 

mitochondrial respiratory dysfunction and leading to impaired insulin secretion. 

To understand the functional role of CALCOCO2 in human beta cells, future studies should 

focus on experimentally investigating the proposed hypothesis. Potential experimental 

strategies to approach the question include assessing the accumulation of damaged 

mitochondria by electron microscopy and measuring intracellular ATP levels and the level 

of mitophagy directly. This could be approached by assessing the degradation of 

mitochondrial DNA or mitochondrial DNA encoded inner membrane protein cytochrome C 

oxidase subunit II (CoxII) upon extrinsic initiation of mitophagy using the mitochondrial 

depolarizer protonophore carbonyl cyanidem-chlorophenyl hydrazine (CCCP) or the 

inhibitors oligomycin and antimycin A (OA). 

In addition to these functional investigations, further experiments could focus on specifically 

connecting the T2D GWAS variant in CALCOCO2 to its functional mechanism within the 

beta cell. The coding missense variant with a partial role in driving the GWAS association 

signal was classified as benign and tolerated on common in silico prediction tools, therefore 

likely not to be damaging whereas my functional studies were performed using a LoF model 

(Ng & Henikoff, 2003; Adzhubei, Jordan, & Sunyaev, 2013). 
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Figure 6.1 – Impaired mitophagy in CALCOCO2 KO beta cells. WT beta cells (left) perform 

PINK1 and Parkin initiated mitophagy to degrade damaged mitochondria (red) using CALCOCO2 

and OPTN as autophagy receptors which bind to ubiquitin chains on the mitochondria membrane. 

WT cells can therefore produce a high level of ATP and secrete insulin accordingly. In CALCOCO2-

KO beta cells (right), OPTN alone is not sufficient to induce the required level of mitophagy, leading 

to an accumulation of damaged mitochondria, insufficient ATP production and insulin secretion. 
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Functionally connecting the variant and the functional investigations would link 

CALCOCO2 with certainty to its role as causal gene in T2D.  Experiments to make this 

functional connection include overexpressing the GWAS SNP and a control construct in 

CALCOCO2-KO EndoC-βH1 or assessing beta cell function and insulin secretion in primary 

islets from risk variant carriers such as previously done for PAM (Thomsen et al., 2018). 

The identification of CALCOCO2 as a novel regulator of beta cell function and insulin 

secretion also justifies the consideration if the gene would be a promising drug target to treat 

T2D. Based on my functional data, loss of CALCOCO2 reduces beta cell function. Targeted 

supplementation or gene overexpression would therefore be a potential strategy to restore or 

improve beta cell function in patients with LoF CALCOCO2 mutations. General 

overexpression or activation of CALCOCO2 beyond its normal level has not been 

experimentally tested yet and it is therefore unclear if it would be beneficial as a 

generalisable treatment strategy in T2D. Although CALCOCO2 might be a suitable drug 

target due to its function as cellular receptor, its ubiquitous expression across tissues and its 

role in innate immunity and bacterial degradation might be associated with severe side 

effects outside of beta cells upon targeting (Xie et al., 2015; Thul et al., 2017; Boyle et al., 

2019). If naturally occurring LoF variants in CALCOCO2 or “human knockouts” can be 

found in cohorts with high rates of consanguinity such as the East London Genes & Health, 

it would support the feasibility of a treatment strategy based on reducing the levels of 

CALCOCO2 and the specific phenotypic consequences could be further assessed through 

electronic health record data or genotype-based recall (Finer et al., 2020). 
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6.3 Challenges associated with translating CRISPR screening hits into causal genes 

at T2D GWAS loci 

One of the main objectives of the genome-wide CRISPR screen and subsequent functional 

follow-up studies was to prioritise causal genes at T2D GWAS loci. By identifying a 

functional role in insulin regulation in human beta cells for the potential T2D risk gene 

CALCOCO2, this work has showcased how the screening data can be applied to prioritise 

and identify a likely causal gene. Based on the screening data alone, it is not possible to 

distinguish if the hit gene is a causal gene for T2D and mediates disease risk or if it is solely 

a regulator of beta cell function. It is therefore crucial to line up and integrate the evidence 

from other complementary studies to be able to pinpoint the causal role and mechanism of 

the gene within T2D. Other lines of evidence include genetic studies linking the disease-

associated variants directly to target genes through fine-mapped coding variants or 

colocalisation of non-coding variants with eQTLs or epigenomic annotations. In addition, 

directly investigating the risk alleles in physiological studies or functional experiments can 

conclusively connect a gene and functional mechanism to its GWAS and disease risk 

association. The genome-wide screening hits therefore provide a prioritisation approach 

which presents only one line of evidence connecting a potential causal gene to its direction 

of effect, tissue of action and functional mechanism. This dataset also offers a validation 

tool to assess if effector transcripts proposed by other investigations demonstrate a disease-

relevant effect in a cell type of interest. 
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This genome-wide CRISPR screen focussed on a single tissue of interest, the pancreatic beta 

cell. Even though the pancreatic beta cell and insulin secretion have been highlighted as 

being central to T2D pathogenesis in a wide range of studies, many causal genes exert their 

effect on disease risk through other disease relevant tissues such as the liver or muscle 

(Ingelsson et al., 2010; Mahajan et al., 2018b; Udler et al., 2018). In addition, this screen 

only assessed insulin content under basal glucose conditions, some genes however might 

only display an effect upon glucose stimulation or after incubation with other external 

stimuli. Further, the screen used a CRISPR KO library, thereby only investigation genes and 

their effect upon LoF. To be able to link all potential causal genes to their tissue of action, 

direction of effect and functional mechanism, a comprehensive investigation with a range of 

screens in different tissues and under various conditions would be required. One of the 

strengths of this screen was its unbiased and genome-wide approach which allows to 

potentially identify every single regulator of beta cell function. However, if the main goal 

of the investigation is to primarily identify T2D risk genes, only focussing on a smaller 

subset of genes would also be suitable. A smaller screen targeting only a few hundred genes 

at T2D loci would also make the investigation of several cell types and conditions feasible. 

Depending on the number of target genes, the screen could be performed in an arrayed 

setting, similar to Thomsen et al. or use a subset CRISPR library in a pooled setting 

(Thomsen et al., 2016a). 

In summary, this screen provides a field-enhancing resource to be able to identify novel 

regulators of beta cell function in a genome-wide and unbiased manner and as an additional 

advantage, the data can also be used to prioritise causal genes at T2D GWAS loci and 

provides a look-up resource to demonstrate that effector transcripts proposed by other 

complementary approaches are indeed disease relevant. If the main goal is to focus on 

potential T2D risk genes, a smaller screen which is not genome-wide is also suitable.  
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6.4 Future directions 

The optimisation, execution and follow-up studies of this genome-wide pooled CRISPR 

screen in EndoC-βH1 have revealed a large number of novel but yet unanswered questions 

which should be addressed by in-depth future investigations. While developing the CRISPR 

pipeline in EndoC-βH1 in Chapter 3, I discovered a novel role for NEUROD1 and 

demonstrated a yet unexplained lack of effect in SLC30A8-KO cells, both discoveries would 

be interesting starting points for future studies to better understand the function of these 

respective genes within the human beta cell. The CRISPR screen itself is by design a 

discovery and prioritisation tool to be followed-up by further functionals studies focussing 

on individual genes. One of these follow-up studies has already been performed for the hit 

gene CALCOCO2. Specific questions arising from the work on CALCOCO2 have already 

been discussed in more detail in section 6.2. Throughout Chapter 4, many other interesting 

hits such as FADS1 or C2CD4B have been highlighted and would provide a rationale for 

future studies. Due to being one of the strongest hits, its previous association with T2D, its 

hit classification in the CRISPR screen by Fang et al. and its unresolved role in human beta 

cells I also prioritised FADS1 besides CALCOCO2 for shRNA based functional studies in 

primary human islets (van de Bunt et al., 2015; Fang et al., 2019). However, due to the 

COVID-19 associated shortening of my stay at Prof Seung Kim’s lab at Stanford University, 

it was not possible to generate any functional date for FADS1 as I was only able to set up 

and amplify the shRNA constructs. Once the normal laboratory-based research will be 

possible again, our collaborators will continue to perform this functional investigation.  
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This genome-wide dataset also has the potential to discover novel biological insights and 

regulators of beta cell function beyond the genes originating from T2D GWAS which were 

the focus of this follow-up investigation. Unbiased follow-up studies or small-scale screens 

focussing on a certain number of top hits will reveal genes associated with insulin content 

regulation that would have not been prioritised based on the integration with other 

complementary datasets. This work therefore has far-reaching implications beyond this 

thesis and the initial integration and follow-up approach focussing only on potential causal 

genes in T2D.  

Throughout my PhD, I have also been involved in generating a list of potential T2D target 

genes which are currently being investigated in in vivo screens across disease relevant 

phenotypes in Drosophila by Prof Seung Kim at Stanford University and in Zebrafish by 

Prof Marcel den Hoed at Uppsala University. The focused list contains all candidate genes 

at T2D loci which are most likely to be causal to allow for a simultaneous and high-

throughput comparison of several genes at a single locus. The most recent addition of genes 

also included hits from my CRISPR screen such as CALCOCO2. The emerging data from 

these model system screens will be integrated with my screening hits to combine 

independent lines of evidence and it will also shed further light on the in vivo role of specific 

genes such as CALCOCO2. 

To further build on the extensive work I put into optimising the pooled CRISPR screening 

approach and the FACS readout in EndoC-βH1, we are also going to perform a 

complementary gain of function (GoF) screen with our collaborators at the Target Discovery 

Institute (University of Oxford). This screen is going to apply the same screening pipeline 

based on the insulin content readout but instead of using the TKOv3 CRISPR KO library, 

this screen makes use of the CRISPR activation library Synergistic Activation Mediator 

(SAM) which induces a genome-wide transcriptional activation of target genes (Konermann 
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et al., 2015). The results will provide the opposite direction of effect to the already 

performed LoF screen resulting in the identification of novel genes which might induce 

specific effects only upon overexpression and add additional confidence and mechanistic 

insights for genes already identified by my screen.  

Overall, I have developed the first robust CRISPR/Cas9 editing pipeline in EndoC-βH1, 

successfully performed the first genome-wide CRISPR screen for human beta cell function 

and identified the autophagy receptor CALCOCO2 as a novel regulator of beta cell function 

and likely causal gene mediating T2D risk. This study exemplifies the power of robust 

individual and high-throughput genome editing approaches to promote an improved 

functional understanding of human beta cells and T2D pathogenesis.  
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Appendices 

Gene 

AAAS ARNT2 CAPN7 DCAF13 EP300 GALE 

ABCB6 ASAP1 CARHSP1 DCUN1D4 EPB41L1 GALNT7 

ABHD8 ASCC3 CASC5 DDAH2 EXOSC3 GATAD1 

AC018755.1 ASH2L CAT DDX23 EXOSC9 GBP3 

ACO2 ASXL3 CBR4 DDX26B F2R GEMIN6 

ACTN1 ATP5H CCDC66 DDX3Y F3 GEMIN8 

ACTR3B ATP5I CDH16 DDX56 FADS1 GINS3 

ADAMTS5 ATP6V1C1 CDK5R2 DEDD2 FAM109A GJD2 

ADCY6 ATP8B2 CDK5RAP2 DERL2 FAM172A GJD3 

ADNP AURKA CDK5RAP3 DGAT1 FAM175B GLCE 

AGO1 B4GALNT4 CDYL2 DHRS1 FAM178A GLI4 

AGO3 BAZ2B CEP85L DHX36 FAM184A GLTSCR1L 

AGO4 BLCAP CETN3 DHX8 FAM212B GMEB1 

AGPAT2 BMPR1A CFLAR DLL3 FAM213A GNL3 

AGPAT5 BTBD10 CHD4 DMTN FAM46C GPAA1 

AGPS BTBD2 CHODL DNAJB7 FBXL2 GPM6A 

AIMP2 BTF3L4 CHRNA5 DNAJC1 FBXO16 GPR119 

ALG2 BTN3A1 CHST8 DNAJC4 FBXO21 GPR137 

AMER3 C11orf21 CHTOP DOCK7 FBXO22 GPR98 

ANAPC5 C12orf29 CIAO1 DOK1 FBXO46 GPS1 

ANKRD13D C12orf52 CLK4 DOK4 FBXO48 GPSM2 

ANKRD46 C14orf39 CMTM6 DOPEY2 FBXW8 GRB2 

ANKRD7 C17orf59 CNBP DPCD FDX1 GRIP1 

ANO6 C1orf198 CNPY2 DPH1 FERMT2 GSDMB 

ANP32E C20orf112 COA5 DPYSL2 FFAR1 GSN 

ANTXR2 C21orf2 COL1A1 DPYSL5 FGFR1OP HARS2 

ANXA10 C2orf76 COL4A1 DUSP10 FGFR3 HAUS2 
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ANXA13 C3orf14 COL4A3BP DUSP18 FIBP HBS1L 

AP1S1 C3orf70 COX19 DUSP3 FKBP14 HDAC2 

AP5S1 C7orf41 CPM DUSP4 FLII HDDC3 

ARAP1 C7orf49 CPNE4 DVL2 FLNB HDGF 

ARF1 C7orf60 CRB3 EID2B FPGS HEXIM2 

ARIH2 C9orf37 CREB3 EIF2D FRMD5 HIST1H2BK 

ARL10 CACNB3 CSTF2 EIF3B FSTL3 HM13 

ARL14EP CALCOCO2 CTNNA2 EIF3D FTSJ1 HMGXB4 

ARL6IP6 

ARMCX5 

CALM3 CXorf56 EIF3J FUT4 HNRNPDL 

ARMCX5 CALY CYB561D2 ELAVL1 GABRB3 HNRNPM 

HOMER2 MARCH3 NISCH PGLS RAB14 SERPINA6 

HSPA8 MARCH9 NKX2-2 PHACTR2 RAB19 SERPINH1 

HUWE1 MB21D2 NLK PHF8 RAD23A SERTAD2 

IBTK MBD2 NME3 PIBF1 RAD52 SFR1 

IER2 MBNL1 NOC2L PITPNM2 RAI14 SGPP2 

IFNGR2 MCCC1 NOL8 PKM RAP1A SGTB 

IFT88 MED11 NPHP4 PLA2G4C RBBP6 SH3GL2 

IGF2 MED13L NPY PLCL2 RBM19 SHQ1 

IKBKG MED18 NRAS PLD3 RBM43 SIDT2 

IKZF4 MED23 NSF PLK1 RBMS1 SIN3A 

IL1R2 MED4 NUDT14 POLD2 RBP1 SIPA1L2 

INPP5J MESDC2 NUDT3 POLH RCC2 SLC10A3 

INS METTL5 NUP107 POLM RDX SLC16A10 

INTS6 MGA NUP188 POLR2G RELB SLC25A10 

IPO4 MID1 NUP54 POP4 REXO2 SLC25A12 

IQSEC1 MIF NUPL1 PPA2 RFWD2 SLC25A19 

IREB2 MIPEP ORAOV1 PPAP2B RND3 SLC25A39 

IRS2 MLH3 OSBP2 PPAPDC2 RNF115 SLC25A40 

ITM2C MMP16 OSBPL7 PPP1R15B RNPS1 SLC25A43 

JAKMIP2 MOB1B OTUB1 PPP2R3A RPF1 SLC27A5 

JARID2 MPDU1 PAFAH1B1 PPP2R3C RPL10 SLC29A4 

KALRN MPST PALLD PPP6R3 RPL10A SLC2A11 

KANK1 MRPL16 PALM2-

AKAP2 

PRDM10 RPL12 SLC2A2 

KIAA0247 MRPL19 PANK3 PRKAA1 RPL18A SLC35G2 

KIAA1524 MRPL28 PARN PRKAB1 RPL35 SLC44A3 

KIAA1586 MRPL53 PARP12 PRKCD RPS6KC1 SLC45A4 

KREMEN1 MRPS24 PARVA PRKD1 RPUSD1 SLC6A8 

LAMC1 MRPS25 PBK PRPF18 RPUSD2 SLC7A1 

LAS1L MTERFD1 PBX3 PRPF38A RPUSD3 SLC7A2 

LCAT MTIF2 PCDHA2 PRSS23 RRAGB SLC7A5 

LETMD1 MVK PCED1A PSAP RSPH9 SLC7A6 
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LHFP MYO9A PCGF5 PSEN1 RSPRY1 SLC8B1 

LMBR1L NAA40 PCMT1 PSMB2 RSRC1 SLMAP 

LONRF1 NAV1 PCNT PSMC4 RTN3 SLX4 

LOXL4 NCOA4 PDCD11 PSME4 RUFY1 SMARCC1 

LRRC61 NCOA6 PDE4D PTP4A1 SAE1 SMC1A 

LRRN3 NDUFA1 PDS5A PTPN1 SAMD4A SMC3 

LURAP1L NDUFAF2 PELO PTS SCO2 SMIM5 

MAFG NDUFAF4 PEX10 QDPR SCRIB SMTN 

MAGOH NECAB2 PEX13 QSOX2 SDCCAG8 SMURF1 

MAPK1 

 

NIPBL PGBD4 RAB11FIP3 SEMA4F SMURF2 

SMYD5 TAGLN TMEM251 TSTD1 WDR7 ZNF259 

SOCS7 TAP1 TMEM256 TTYH3 WDR81 ZNF329 

SON TAPBPL TMEM30B TUBE1 WDR83 ZNF404 

SOWAHC TBC1D19 TMEM39B UBE2C WIPF1 ZNF426 

SP1 TBC1D4 TMEM68 UBE2D1 XYLT2 ZNF432 

SPATA24 TBK1 TMEM86B UBE2J1 YPEL5 ZNF503 

SQSTM1 TCEAL4 TMX4 UBE4B ZBTB22 ZNF510 

SRD5A3 TCF19 TNFAIP8L1 UBR1 ZBTB24 ZNF524 

SRRM1 TENM2 TNFRSF11A USP12 ZCCHC2 ZNF529 

SRRM3 TEX10 TNPO3 USP14 ZCCHC4 ZNF550 

SSR2 TEX2 TOMM6 USP45 ZCCHC9 ZNF608 

SSTR1 TIAM1 TP53BP2 USP6NL ZDHHC4 ZNF616 

STAM TIGD2 TPP1 VAMP4 ZFP30 ZNF654 

STARD4 TIMM23 TRIM39 VIL1 ZGLP1 ZNF672 

SYDE2 TLDC1 TRIM41 VPS37A ZNF101 ZNF684 

SYNJ1 TM2D2 TRIM45 WASF2 ZNF141 ZNF821 

TAF3 TMEM132D TRPM2 WDFY1 ZNF155 ZNF846 

TAF7 TMEM144 TSHZ2 WDR27 ZNF214  

TAF8 TMEM2 TSPAN2 WDR35 ZNF24  

Supplementary Table 1 – High confidence CRISPR screening hits. 580 genes representing the 

high confidence hits from the genome-wide CRISPR screen as described in Chapter 4. Genes are 

sorted alphabetically.   
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Supplementary Figure 1 – Unspecific antibody staining. Western Blot analysis with unspecific 

protein detection using antibodies for QSER1 (A), PLCB3 (B) and TALK2 (C) in their respective 

siRNA silenced samples and no-targeting control (siNT). Western Blots refer to functional follow-

up studies in Chapter 5.  
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Abstract
Purpose of Review Genome-wide association studies
(GWAS) for type 2 diabetes (T2D) risk have identified a large
number of genetic loci associated with disease susceptibility.
However, progress moving from association signals through
causal genes to functional understanding has so far been slow,
hindering clinical translation. This review discusses the bene-
fits and limitations of emerging, unbiased approaches for
prioritising causal genes at T2D risk loci.
Recent Findings Candidate causal genes can be identified by
a number of different strategies that rely on genetic data, ge-
nomic annotations, and functional screening of selected genes.
To overcome the limitations of each particular method, inte-
gration of multiple data sets is proving essential for establish-
ing confidence in the prioritised genes. Previous studies have
also highlighted the need to support these efforts through iden-
tification of causal variants and disease-relevant tissues.
Summary Prioritisation of causal genes at T2D risk loci by
integrating complementary lines of evidence promises to ac-
celerate our understanding of disease pathology and promote
translation into new therapeutics.

Keywords Genome-wideassociationstudy .Type2diabetes .

Genetic mechanism . Functional genomics . Causal gene .

Effector transcript

Abbreviations
CRISPR Clustered Regularly Interspaced Short

Palindromic Repeats
CRM Cis-regulatory modules
ENCODE Encyclopaedia of DNA elements
eQTLs Expression quantitative trait loci
GOF Gain of function
GWAS Genome-wide association studies
LD Linkage disequilibrium
lncRNAs Long non-coding RNAs
LOF Loss of function
MTNR1B Melatonin receptor 1B
PMCA Phylogenetic module complexity analysis
RNAi RNA interference
siRNA Small interfering RNA
SNP Single-nucleotide polymorphism
TFBS Transcription factor binding sites
T2D Type 2 diabetes

Introduction

In the last decade, genome-wide association studies (GWAS)
have evolved as a powerful tool for deciphering the genetic
component of type 2 diabetes (T2D) risk. By associating re-
gions of the genomewith disease susceptibility, more than 100
loci influencing T2D risk have been identified so far [1–6,
7••]. Moving on from an era of disease locus discovery,
post-GWASmethodologies are now advancing to functionally
characterise the underlying genes and to interrogate disease
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pathways. These comprehensive efforts promise to enable
subsequent translation into improved disease diagnostics,
treatment, and prevention. However, the progression from as-
sociation signals at T2D loci to causal genes and a functional
understanding of diabetes pathology has been limited. The
slow progress is due, in part, to problems arising from the
methodology itself and, in part, a consequence of the under-
lying nature of the association signals.

GWAS exploit the fact that single-nucleotide polymor-
phisms (SNP) tend to be located in linkage disequilibrium
(LD) with other variants [8]. By analysing SNPs that lie in
LD with non-genotyped variants, these can serve as represen-
tatives for their haplotype (‘tag SNPs’), and it is thus possible
to achieve reasonable genome-wide coverage of common var-
iation by analysing between 0.5–1million SNPs [9–12]. Thus,
the GWAS paradigm is designed to detect SNPs that act as a
proxy for disease-associated regions or loci, and not necessar-
ily the actual causal variants. Additionally, the majority of
association signals (~90%) are found in non-coding regions,
presumably influencing disease risk through effects on gene
regulation [13]. The detected SNPs in non-coding regions are
named after the nearest protein-coding gene, but proximity to
a gene does not imply causality.

The challenge for functional follow-up studies in elucidating
disease mechanisms lies therefore in finding both causal vari-
ants and the genes through which they impact on disease risk
for the corresponding SNPs. Here, we first discuss the benefits
of determining the causal variant(s) and affected tissue(s) as a
prerequisite for identifying effector transcripts. We review sev-
eral approaches for prioritising causal genes at T2D loci and
provide recent and prominent examples of likely effector tran-
scripts identified by these strategies. Finally, we highlight the
importance of triangulating from multiple datasets and discuss
the prospects for future integrative studies.

Prerequisites for Finding Causal Genes

Uncovering the underlying causal mechanisms of T2D risk
loci is not exclusively a matter of finding causal genes, since
these efforts are complicated by the need to identify both
causal variant(s) and the affected tissue(s) in order to obtain
a complete picture of disease pathology. Moreover, this addi-
tional information is often an inevitable requirement for
performing functional follow-up studies in an appropriate
model system.

Causal Variants

In GWAS, the variant most strongly associated with disease
risk is reported for each locus, though such ‘lead SNPs’ may
only serve as surrogate markers for other genetic perturbations
that directly contribute to disease pathology. Identifying the

true causal variants can provide a direct functional link be-
tween genotype and the observed disease phenotype, especial-
ly in cases where the variant is protein altering. To identify a
causal variant, or a set of likely causal variants, several strat-
egies have been developed, including fine-mapping of
disease-associated regions, experimental prioritisation, and
in silico prediction tools.

Fine-mapping of a locus involves analysing SNPs in a de-
fined region of the genome for disease association and is used
to refine a GWAS association signal from the surrogate lead
SNP to the actual causal variant(s). The SNPs are assayed by
deep sequencing, or custom array-genotyping based on
GWAS variants and imputation from extensive sequencing
efforts such as the 1000 Genomes Project [14, 15]. To achieve
sufficient statistical power to detect the association of the true
causal variant, large sample sizes are required and the studies
often include populations drawn from diverse ancestries to
exploit differences in LD patterns [16].

Even so, most fine-mapping efforts uncover a large number
of variants that, between them, are likely to be driving a partic-
ular association signal—a so-called credible set. In some excep-
tional cases, however, it is possible to narrow down the credible
set to a single variant, as is the case for the melatonin receptor
1B gene (MTNR1B) [17•]. The MTNR1B locus has previously
been implicated in T2D risk and the identification of the single
causal variant revealed a likely, direct functional link to the
causal gene [18]. The risk allele creates a binding site for the
transcription factor NEUROD1 and is associated with preferen-
tial binding in human pancreatic beta cells. This additional tran-
scription factor binding event also implicates increased
FOXA2-bound enhancer activity andMTNR1B expression.

Another way to approach the search for causal variants at
GWAS loci is by experimentally testing prioritised SNPs. This
strategy was, for example, pursued at the JAZF1 and CDC123/
CAMK1D loci [19–21]. Variants in high LD (r2 > 0.8) with the
lead GWAS SNPwere selected for functional analysis based on
maps of open chromatin. Effects on gene expression were test-
ed in luciferase reporter assays, and DNA binding capability
was analysed through electrophoretic mobility shift assays. The
identified potential causal variants at the JAZF1 and CDC123/
CAMK1D loci appear to act as part of cis-regulatory modules
(CRMs). These specific regions harbour combinatorial tran-
scription factor binding sites (TFBS), and the variants affect
binding of PDX1 and FOXA1/FOXA2, respectively.
However, due to practical limitations, this type of experimental
studies mostly analyses a subset of regional variants, opening
up the possibility of missing potential true causal variants.
Further, the evidence generated is only circumstantial, since
establishing functionality is necessary but not sufficient to
prove causation. The emergence of new experimental lines of
evidence may affect the prioritisation of the true causal variants
and should ideally involve integration of different types of anal-
yses (see section on “Integrative approach”).
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To overcome the practical limitations of functional ap-
proaches for identifying causal variants, in silico prediction
tools offer an alternative method based on specific assump-
tions regarding their properties. A recent study, for example,
leveraged phylogenetic conservation of TFBS within CRMs
to predict causal variants at the PPARG and FTO T2D risk loci
[22, 23•]. This computational approach, termed phylogenetic
module complexity analysis (PMCA), identified a clustering
of homeobox TFBS at T2D risk loci, and initially proposed a
potential causal variant at the PPARG locus, which allowed for
a subsequent functional interpretation [22]. The risk allele at
PPARG2 leads to enhanced binding of the repressive homeo-
box transcription factor PRRX1, and thus reduced PPARG2
expression, defective lipid handling, and insulin sensitivity.
PMCA was also successfully applied to identify the causal
variant and a potential disease mechanism at the obesity-
associated FTO locus, a region showing the strongest genetic
association in GWAS for obesity and body mass index traits
[24, 25]. The proposed causal allele was shown to alter an
ARID5B repressor motif, leading to activation of the distant
IRX3 and IRX5 in adipocyte precursor cells, and pro-obesity
consequences for adipocyte thermogenesis regulation [23•].
This work also highlights the additional complexity arising
from having multiple causal genes for disease-associated hap-
lotypes. Though post-GWAS efforts have tended to focus on
the idea of a single causal gene per locus, causal variant(s)
may influence any number of regional genes, and not neces-
sarily in the same manner across different contexts.

Causal Contexts

An important aspect of the prioritisation of causal genes and
variants at GWAS loci is to consider the appropriate tissue(s)
and developmental stage(s), which allow any functional
follow-up studies to be performed in a disease-relevant model.
As the majority of T2D association signals are located in non-
coding regions and exert regulatory effects, their influence on
gene expression may be subject to context-specific activity
[26]. Thus, studies analysing the implicated variants and
genes need to consider the surrounding genomic context and
expression patterns. A notable example is provided by work
on the PTF1A gene, where a disease-relevant model, human
pancreatic progenitor cells, was critical to elucidating a mech-
anism for isolated pancreatic agenesis [27•]. The identified
mutations were found to disrupt an enhancer region that is
selectively active in pancreatic progenitor cells and, impor-
tantly, show no activity in corresponding adult cell lines.

Strategies for Prioritising Causal Genes

The aim of translating genetic variants into molecular mecha-
nisms will ultimately centre on the identification of causal

genes. It is enhanced understanding at this level that holds
the key to discovering novel treatments, prevention targets,
and diagnostic markers. Several strategies to address this issue
are being pursued, including the interrogation of coding vari-
ants, establishing variant-gene links for non-coding variants,
and using high-throughput screens to prioritise candidate
genes.

Coding Variants

Recent GWAS endeavours have shifted attention towards
exome-arrays and exome-sequencing to enable identification
of rare and low-frequency variants with potentially larger ef-
fect sizes—and a more direct biological interpretation—than
common variants [7••, 28–30]. Missense variants in coding
regions have a protein-altering effect that can directly pinpoint
causal genes, offering the possibility of a straightforward and
rapid translation into the clinic (Fig. 1).

The importance of coding variants for ascertaining causal
mechanisms is illustrated by SLC30A8, which encodes a zinc
transporter (ZnT8) that is active in the secretory vesicles of
beta cells. SLC30A8 was initially identified as a T2D suscep-
tibility gene harbouring a common missense variant [2].
Contradictory to the supposed negative impact of this risk
allele, recent efforts to identify protein-truncating variants
leading to loss of function (LOF) in T2D genes discovered
several rare protein-truncating variants in SLC30A8 [31•].
Strikingly, the haploinsufficiency conferred by this class of
variants was found to be associated with a 65% reduction in
T2D risk. By discovering multiple independent coding vari-
ants at this GWAS locus, SLC30A8 has been validated with
high confidence as the causal gene. Furthermore, this study
highlights the importance of discovering an extended allelic
series to understand functional mechanisms. More broadly, it
has established reduced activity of ZnT8 as a protective dis-
ease mechanism in T2D and a potential treatment strategy
based on antagonism [32].

The power to detect causal genes through coding variants
can be further harnessed by performing genetic association
studies in isolated populations. These populations, founded
by a bottleneck event, show a higher degree of LD, less ge-
netic complexity, and higher allelic frequencies due to genetic
drift, which leads to fixation or extinction of specific alleles
over time [33]. Furthermore, these studies also benefit from
shared non-genetic backgrounds (e.g. common lifestyle and
cultural habits), which is a potential confounding factor in
larger outbred populations [34]. Exploiting these advantages
of studies in isolated populations, a nonsense coding variant in
TBC1D4 was discovered in the Greenlandic population with
the largest effect size for a common T2D risk allele (odds
ratio = 10.3) [35•]. The variant disrupts the full-length isoform
of TBC1D4, which is selectively expressed in skeletal muscle,
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thus exerting its influence on T2D risk through insulin
resistance.

Another recent study leveraging the advantages of isolated
populations detected a low-frequency coding variant in AKT2
in the Finnish population [36]. The allele confers T2D risk
through increased fasting plasma insulin levels and expands
the allelic spectrum from the previously known rare variants
in AKT2 that cause monogenic heterogeneous glycaemic dis-
eases [37, 38]. Collectively, these studies illustrate the impor-
tance of identifying coding variants—in isolated and outbred
populations—for straightforward translation into molecular
mechanisms. While harnessing coding variation can offer
powerful insights into causal mechanism, this approach is
fundamentally limited by the occurrence of natural variation
(in outbred and isolated populations) which necessitates ever-

larger association studies to detect rare, coding variation. In
addition, identification of a coding signal is not a guarantee for
causality, and conditional analysis is often required to estimate
the likelihood of a given variant being causal [39]. By design,
exome-based studies analyse coding regions only, and thus
require additional fine-mapping of non-coding regions to ex-
clude the contribution of non-coding variants as drivers of the
association signal.

Establishing Variant-Gene Links

In contrast to missense coding variants, associating GWAS
signals in non-coding regions with their downstream causal
gene is often a more complex challenge. To identify regulatory
effects, non-coding variants can be correlated with genomic

Fig. 1 Using genetic data, genomic annotations, and functional
screening for prioritising causal genes at T2D GWAS loci. GWAS for
T2D risk have identified more than 100 independent association signals
to date (Manhattan plot; top left), but the majority of causal genes driving
the effects on disease susceptibility remain unknown. Fine-mapping of
associated regions can aid the prioritisation efforts by narrowing down the
credible sets of causal variants (see main text). Emerging strategies for
prioritising causal genes are highlighted for a hypothetical T2D risk locus
(bottom left); the regional association plot shows a primary, non-coding
association signal located upstream of gene 2 and downstream of gene 3
(lead variant; red diamond). An independent, coding variant in gene 3
displays moderate (sub-significant) association with T2D risk, providing
evidence hinting at this gene as causal at this locus. Further, genomic
annotations for different cell types (A, B, and C, for illustration) reveal
the primary association signal to be located in a region that displays
tissue-specific activity in cell type B. This information provides
valuable information for two independent prioritisation strategies.

Firstly, functional genetic screening of all regional genes (e.g. genes 1–
3 [shown] and 4–5 [not shown]) can be performed in a disease-relevant
context, measuring a phenotype specific to cell type B. Further, variant-
gene links can be established through experimental studies in tissue B,
using, for example, cis-eQTL or chromatin confirmation capture
methodologies. Importantly, each of the methods outlined have their
own set of limitations (see main text), and integration is thus important
for establishing confidence in particular candidates. In this case (graph;
bottom right), gene 3, which was highlighted by genetic data (purple bar),
has also been found in a functional screen to cause defects in a disease-
relevant tissue, adding further evidence in support of this gene as causal
(red bar). Finally, variant-gene annotations have shown some degree of
evidence for associations between the non-coding signal and genes 1–4
(yellow bars), with gene 3 being the most significant target. Taken
together, the aggregate burden of priors provides a high degree of
confidence in gene 3 as the candidate causal gene at this locus, which
can be used to prioritise the gene for follow-up in-depth validation studies
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annotations to establish a functional link with their target gene
(Fig. 1). Expression quantitative trait loci (eQTLs), for exam-
ple, describe variants that influence gene expression in close
proximity (cis-eQTL) or over a long distance (trans-eQTL),
and provide an approach for directly linking a GWAS variant
to its causal gene through effects on expression levels [40].
Crucial for the success of eQTL studies is the interrogation of
the correct disease-relevant context(s), since gene expression
is often regulated in a cell-type specific manner [41].

For T2D, a large number of disease risk loci have been
found through physiological studies to affect insulin process-
ing or secretion in the beta cell, highlighting pancreatic islets
as a relevant starting point for annotation studies at these loci
[42]. Up to now, islet sample availability has been limiting for
large-scale studies, thereby reducing statistical power to detect
associations. Nonetheless, recent studies succeeded in map-
ping islet cis-eQTLs and overlapping these with variants driv-
ing T2D association signals [43, 44•]. One such coincident
locus is ZMIZ1, harbouring a gene that had been sparsely
characterised for its role in T2D risk [44•]. A recent study
confirmed ZMIZ1 as the likely causal gene at this T2D risk
locus, and functional follow-up work has established a role in
beta cell function for insulin secretion and exocytosis, thus
giving first insights into a potential mechanism [44•, 45].

Tissue availability has so far prevented any progress in
finding islet trans-eQTLs. Trans-eQTLs act over distance
and the entire genome is interrogated for any variant-gene
associations, thus further limiting power due to more stringent
multiple-testing correction [40]. Still, efforts in adipose tissue
have demonstrated the power of this approach by elucidating a
trans-regulatory network of KFL14, a gene linked with both
T2D and other metabolic traits [46]. As KLF14 is a transcrip-
tion factor, the aim of the study was to identify trans-genes
that are influenced by varied KLF14 levels through cis-eQTL
variants. Several genes with genome-wide significance were
discovered and the study not only connected GWAS, cis- and
trans-associations for the same set of variants, but also defined
important disease-related pathways.

The search for causal genes has been pushed ahead by
eQTL studies, but the ability to perform large-scale studies
containing correlated sets of genotype, phenotype and expres-
sion data are still limited by cost obstacles and sample avail-
ability. GWAS only measure genetic variation related to a
disease phenotype, and expression studies suffer from reduced
statistical power due to smaller sample sizes. Predicted ex-
pression association studies attempt to circumvent these limi-
tations by integrating existing GWAS and eQTL data [47–50].
This approach aims to identify disease associations based on
groups of variants that influence gene expression, directly
pinpointing the causal gene instead of tag SNPs. To combine
limited available expression sets with large-scale GWAS data,
these studies rely on predicted expression modelled from ref-
erence panels. The models then impute expression either for

publically available summary GWAS data (most large-scale
studies) or GWAS data with individual genotypes [47, 49].
This drastically increases power to detect genes that are pre-
dicted to show differences in genotype-dependent expression
patterns in T2D, and reduces potential confounding factors
like reverse causation, where the phenotype and environment
influence gene expression [50]. However, similar to cis-eQTL
studies, predicted expression association studies are unable to
detect context-dependent effects that are not captured by the
tissues and developmental stages included in the reference
panel used for modelling [48, 49]. It is also not possible to
exclude the possibility of pleiotropy caused by multiple, cor-
related effects of groups of variants on gene expression [48].
Despite such limitations, these methods offer a complementa-
ry and powerful approach for prioritisation of causal genes
and predicted directions of effect.

Genetic Screening of T2D Genes

A third way to identify genes involved in disease risk is
prioritisation based on known or observed functions that are
perceived to be relevant for disease pathogenesis. T2D risk
variants, for instance, would be expected to affect genes in-
volved in cellular processes relevant to disease susceptibility,
such as beta cell function and insulin resistance. A gene found
to regulate insulin secretion would thus have high prior odds
of being the downstream mediator for a nearby T2D associa-
tion signal known to impact on islet function. Though this is
an indirect approach for prioritisation, the strategy benefits
from focusing on the relevant processes that ultimately causes
effects on disease pathology (Fig. 1). For unbiased generation
of priors, all disease-relevant phenotypes should ideally be
comprehensively interrogated in a genome-wide fashion.
However, most post-GWAS approaches have previously fo-
cused on individual candidate genes, with experimental setups
that make them poorly suited for systematic assessment of
large numbers of genes across multiple tissues.

High-throughput functional genomic screening is an
emerging and increasingly powerful approach that allows for
highly parallel phenotypic screening to address this gap.
Several screening strategies have been established that differ
in their direction of modulated gene expression (gain of func-
tion (GOF) vs LOF), format (pooled vs arrayed), and gene
modulation techniques (RNA interference (RNAi) vs
CRISPR/Cas9 modulation) [51–56, 57•]. Screens can either
be performed genome-wide, representing an unbiased ap-
proach to detect genes that are involved in a specific pheno-
type, or based on selected genes of interest. A recent study by
Thomsen et al. successfully pursued a small interfering RNA
(siRNA) arrayed screening approach to systematically inter-
rogate positional candidate genes at T2D GWAS loci in a
human beta cell line [45]. Genes located within 1 Mb of 75
GWAS association signals were analysed for insulin secretion
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and cell proliferation to reflect beta cell dysfunction. This
strategic approach provided 300 genes for screening and iden-
tified 45 genes at 37 GWAS loci for having a role in beta cell
dysfunction, thus also pinpointing them as potential effector
transcripts at these disease loci. Several prioritised genes with
poorly characterised connection to beta cell function were
separately validated in functional follow-up work including
ARL15, THADA, and ZMIZ1. Independently of the previously
described cis-eQTL study, this work thus attributed a role to
ZMIZ1 in beta cell function, converging multiple lines of ev-
idence to enhance confidence in the candidacy of this gene as
causal. Importantly, the study also demonstrated a strong en-
richment for known regulators of insulin secretion among sig-
nificant hits, providing an internal validation that is an essen-
tial aspect of any screening strategy.

Taking a more inclusive approach, Pappalardo and col-
leagues recently pursued the first whole-genome siRNA
screen to identify genes involved in glucose homeostasis and
T2D [58]. While allowing for a more unbiased approach,
performing an arrayed, genome-wide screen restricts the com-
plexity of the phenotype(s) that can be practically measured.
This screen focused on a reporter gene readout for insulin
promoter activity in a rat beta cell line. The authors were able
to identify several novel regulators of insulin promoter activity
including Spry2, the gene in the closest proximity to a nearby
T2D GWAS association signal [59]. The work thus highlights
Spry2 as the likely causal gene at this locus, and follow-up
work in cellular and in vivo systems including beta cell spe-
cific knockout mice discovered a potential functional mecha-
nism. However, a link between the non-coding association
signal and Spry2 remains to be investigated, ideally through
integration with variant-to-gene approaches in human beta
cells. This screen also provided robust internal validation by
confirming the strongest hits to be known transcription factors
targeting the insulin promoter.

Medium-throughput screens and systematic analysis of se-
lected classes of genes represents a related strategy for
analysing candidate genes in more depth across a larger spec-
trum of possible disease phenotypes. This approach was pur-
sued by a recent study that investigated the function of 12 long
non-coding RNAs (lncRNAs) in beta cell gene regulation and
their potential role in T2D [60]. These lncRNA knockdown
targets were selected based on criteria that included expression
in a relevant model and an active chromatin profile. The study
showed that the beta cell specific lncRNAs jointly regulate
enhancer-cluster associated genes with known transcription
factors. The lncRNA named as PLUTO was established as a
regulator of its neighbouring gene PDX1, a transcription fac-
tor involved in pancreatic development and beta cell function
[61]. Based on this overlapping role of lncRNAs and islet
transcription factors, and the well-established involvement of
the latter in T2D, the work hints at a similarly important role of
lncRNAs in T2D pathology.

Future genetic screens hold the potential to play an impor-
tant role in identifying causal genes for T2D. Pooled ap-
proaches are able to extend the scale of arrayed screens in a
cost-effective manner and allow for simultaneous perturbation
of thousands of genes to promote unbiased interrogation of
candidate causal genes. The continuous development and im-
provement of the differentiation process of induced pluripo-
tent stem cells into beta cells will also allow for investigations
of disease-relevant phenotypes at various developmental
stages [62, 63]. High-throughput screens thus offer the oppor-
tunity to facilitate the transition from T2D GWAS association
signals to individual functional follow-up studies by
prioritising candidate causal genes based on functional data.

Integrative Approach

All of the above outlined strategies provide complementary
approaches for prioritising causal genes for association sig-
nals, each with individual advantages and drawbacks.
Coding variants are reliant upon large-scale association stud-
ies and naturally occurring variation, while variant-gene links
are limited by the availability of primary tissue and possible
pleiotropy, and gene-centric functional studies establish indi-
rect evidence in a manner that is strongly dependent on
context-dependent effects. As a result, one specific line of
evidence can only give limited insights into causal mecha-
nisms and is rarely sufficient to provide definitive evidence
for a particular mechanism. The true causal gene(s) can only
be identified with confidence through integration and conver-
gence of several complementing datasets [64].

The importance of taking an integrative approach is illus-
trated by the T2D susceptibility locus on chromosome 11q13,
which is located near the pro te in-coding genes
ARAP1(CENTD2) and STARD10 [3, 65]. Initial studies
highlighted ARAP1 as an effector transcript at the locus, but
recent findings contradict this assumption and instead propose
STARD10 as the causal gene [44, 66, 67••]. Fine-mapping,
functional annotation data, chromatin accessibility and con-
formation capture data, promoter-reporter assays in beta cell
models, cis-eQTL in islet samples, and global and selective
mice knockout models were all used to generate complemen-
tary data that attribute a role to STARD10 at this locus. The
comprehensive set of data makes it possible to infer causality
by triangulation from different results. This point is
emphasised by examining the chromatin confirmation capture
data in isolation. Physical interactions between both the
STARD10 and ARAP1 promoters and variants in the credible
causal set highlight the possibility of regulatory effects on
either gene. Thus, additional information was required to clar-
ify the roles of these genes in disease pathology.

Another recent study outlines how the integration of geno-
mic, expression and functional data can prioritise a potential
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causal gene and disease mechanism, and furthermore directly
propose a therapeutic hypothesis. The investigated T2D risk
allele is common in Mexicans and Latin Americans (~30%
allelic frequency) and located near SLC16A11 and SLC16A13
[68]. Fine-mapping identified a credible set of causal variants
including non-coding variants and missense coding variants in
SLC16A11. Liver expression data and chromatin modification
analysis showed reduced SLC16A11 expression and less-
activating histone modifications in samples from T2D risk
allele carriers, thus proposing SLC16A11 as the candidate
causal gene. Further studies into the function of SLC16A11,
an H+-coupled monocarboxylate transporter revealed that the
coding risk variants exert their effect through decreased chap-
erone interaction and SLC16A11 plasma membrane localiza-
tion. Rusu et al. were also able to show how decreased
SLC16A11 function might lead to increased T2D risk by hav-
ing an effect on cellular fatty acid and lipid metabolism, pro-
viding a possible therapeutic strategy.

Despite comprehensive integration of datasets, the evi-
dence in these studies still cannot exclude additional pleiotro-
py (e.g. regulatory effects that remain undetected due to insuf-
ficient power, or effects that manifest in cell types not studied).
Exhaustively addressing these gaps will require access to data
that enable interrogation of variant function in any context
(e.g. well-powered cis-eQTL studies across all disease-
relevant cell states), and is far from being a feasible aim for
current post-GWAS studies. The emergence of ever-greater,
publically available datasets of this nature will increasingly
facilitate integration with results of individual studies and
thereby guide interpretation. Large-scale projects such as
ENCODE, Genotype-Tissue Expression (GTEx) and the
NIH Epigenomics Roadmap have already generated enor-
mous functional annotation datasets that allow for intersection
with potentially causal variants across hundreds of cell types
[41, 69, 70]. However, in the case of tissue-specific annota-
tions for inaccessible tissues like islets, these datasets are often
lacking or immature. Future studies will expand the possibil-
ities of integrating datasets and improve the prospects for
identification of causal genes in T2D.

Conclusion

Connecting GWAS association signals to their corresponding
causal genes has proven a major experimental challenge and
bottleneck for therapeutic translation. As a consequence of
GWAS design and the genetic architecture of T2D, causal
variants and genes cannot be easily inferred from genetic as-
sociation studies, hindering functional interpretation. Thus,
prioritising causal genes at T2D loci to aid functional under-
standing is a central aspect of current studies. These studies
must be guided by parallel efforts to identify causal variants
and appropriate disease-relevant model systems. A number of

strategies have emerged for causal gene prioritisation based on
genetic data, genomic annotations, and functional screening,
each with limitations that render them insufficient in isolation.
Several lines of evidence and different experimental strategies
should thus be triangulated to validate the results and increase
confidence in a specific causal mechanism. Looking forward,
this era of gene prioritisation based on T2D GWAS loci and
functional understanding holds the promise to unlock the full
potential of genomic medicine and clinical translation.
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