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siRNA  Small-interfering RNA 
TF  Transcription factor 
TRAP  Translating ribosome affinity purification 
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SUMMARY 
 
Type 2 diabetes is one of the leading health concerns in the world. Diabetes causes millions of deaths 
each year and the number of type 2 diabetes patients is rapidly increasing.  Diabetes is characterized 
by a failure of the pancreatic β-cells to produce enough insulin to meet increased demands for nutrient 
storage. The increase in nutrient availability is suggested to be an important driver of β-cells 
adaptation to increased needs for insulin. However, excess nutrients can also induce a stress response, 
eventually leading to β-cell dysfunction. Thus, expanding our knowledge of the underlying 
mechanisms regulating β-cell adaptation to nutrients is important for understanding how type 2 
diabetes develops. 
 
In this Ph.D. project, we have used different approaches to investigate β-cell adaptation to nutrient 
overload. Glucose stimulation is known to reprogram β-cells eventually leading to both increased 
proliferation and repression of β-cell function. The first study demonstrate that high glucose 
stimulation leads to a reprogramming of the β-cell genome, and that the glucose response is biphasic. 
By integrative genomics, we identified novel transcriptional regulators of the late phase of the glucose 
response in β-cells. We focused on the nuclear receptor RORγ, and with loss-of-function studies, we 
demonstrate that RORγ is a novel regulator of β-cell proliferation in the INS-1E cell line and in 
primary rat β-cells.  
     The second study is a continuation of the first study, where we have applied a mass spectrometry-
based strategy, rapid immunoprecipitation mass spectrometry of endogenous proteins (RIME), to 
identify other regulators of the transcriptional response to glucose response in β-cells. Here we used 
the Mediator complex subunit MED1, as bait to capture proteins associated with MED1 and thereby 
activate enhancers in INS-1E cells. Combining loss-of-function studies with genome-wide analysis 
reveals that knockdown of the top transcriptional MED1-RIME candidate, Mybbp1a, leads to 
transcriptomic changes in the glucose response, and affect the ability of INS-1E cells to proliferate.  
 
The mechanisms underlying nutritional reprogramming in β-cells in vivo remain to be investigated. 
A third study aimed to investigate nutritional reprogramming in vivo our in-house developed mouse 
model, the Ins1CreTRAP mouse, which allows for in situ detection of β-cell-specific genomic 
changes. We performed metabolic phenotyping of the Ins1CreTRAP mice, and we demonstrate that 
mice have impaired glucose tolerance and increased β-cell proliferation after short-term high fat diet 
feeding. Unfortunately, we were not able to establish the protocols related to Ins1CreTRAP model. 
Therefore, other strategies based on single-cell technologies are currently being performed as an 
alternative for investigating β-cell-specific genomic changes in response to nutrients. 
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RESUMÉ (DANISH SUMMARY) 
 
Type 2 diabetes er en af de største sundhedsmæssige udfordringer i verden. Diabetes forårsager hvert 
år millioner af dødsfald. og andelen af type 2 diabetes patienter er stærkt stigende. Diabetes er 
karakteriseret ved når β-cellerne i bugspytkirtlen ikke længere er i stand til at producere nok insulin 
til oplagring af næringsstoffer. Den øgede tilgængelighed af næringsstoffer er blevet vist til at spiller 
en kritisk rolle for β-cellernes evne til at tilpasse sig til det stigende behov for insulin. Imidlertid kan 
overskydende næringsstoffer også inducere et stressrespons, som i sidste ende kan fører til β-celle-
dysfunktion. For at forstå hvordan type 2 diabetes udvikler sig, er det nødvendigt at forstå og 
kortlægge de mekanismer der ligger bag β-cellernes evne til at tilpasse sig til næringsstoffer.  
 
I denne afhandling har vi brugt forskellige model systemer og metoder til at undersøge β-cellernes 
evne til at tilpasse sig til øget mængder af næringsstoffer. Det er velkendt, at stimulering med glukose 
fører til en omprogrammering af β-cellerne, som enten forstærker β-cellernes evne til at dele sig eller 
nedsætter deres funktion. I det første studie demonstrerer vi, at stimulering med høje koncentrationer 
af glukose resulterer i en bifasisk omprogrammering af det transskriptionelle netværk i β-celler. Ved 
at integrere data omkring genekspression med data omkring motiv berigelse, identificerede vi flere 
nye transkriptionelle regulatorer af glukoseresponset i β-celler. Vi fokuserede på den nukleare 
receptor RORγ, og demonstrerer at RORγ er en ny regulator af deling af β-cellerne i INS-1E celler 
og primære β-celler fra rotter. 
     Det første studie lagde grundlaget for det næste studie, hvor vi har anvendt en massespektrometri-
baseret strategi, RIME, for at identificere andre transkriptionelle regulatorer af glukoseresponset i β-
cellerne. Vi brugte en underenhed af Mediator komplekset, MED1, til at identificere proteiner 
forbundet med aktive enhancere i INS-1E celler stimuleret med glukose. Af de identificerede 
proteiner (kandidatfaktorer) fokuserede vi på cofaktoren Mybbp1a. Vores data viser at Mybbp1a 
spiller en vigtig rolle for hvordan β-celle responderer på glukose, og deres evne til at dele sig.  
 
Mekanismerne der ligger bag omprogrammering som nærringsstoffer forårsager i β-cellerne in vivo 
mangler at bliver undersøgt. I et tredje studie, anvendte vi en ny musemodel, Ins1CreTRAP-musen, 
som gjorde det muligt at detektere β-celle-specifikke genomiske ændringer in situ. Vi viste, at 
kortvarig fodring med en diæt med højt fedtindhold førte til nedsat glukosetolerance og øget deling 
af β-cellerne. Vi lyktes imidlertid ikke med at effektivt etablere protokollen knyttet til denne 
musemodel. Af denne grund, anvendes der i øjeblikket andre metoder baseret på enkeltcelle-
sekventering som et alternativ til at undersøge β-celle specifikke genomiske ændringer som respons 
på næringsstoffer. 
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SECTION I: INTRODUCTION 
 
Diabetes 
In 2021, the International Diabetes Federation 
(IDF) estimated that 537 million adults between 
20-79 years were diagnosed with diabetes [1]. 
The number of people living with diabetes is 
predicted to increase to 783 million by 2045 [1]. 
In addition to this, several million adults are 
estimated to live with undiagnosed diabetes [1, 
2]. Undiagnosed- and uncontrolled diabetes are 
related to severe complications, such as 
cardiovascular diseases, nerve damage, kidney 
failure, and lower limb amputation [3, 4]. 
Consequently, diabetes and its comorbidities 
lead to reduced life quality as well as millions of 
deaths each year [2]. Diabetes has been listed as 
the 4th leading cause of years lived with disability 
globally, and along with rising incidence, 
diabetes places a heavy financial burden on 
society [5, 6]. Thus, diabetes can be considered 
as one of the leading health concerns in the world 
and uncovering strategies to prevent and treat 
diabetes are extensively studied topics. 
 
The main types of diabetes are type 1 diabetes 
mellitus, type 2 diabetes mellitus (T2D), and 
gestational diabetes. In addition to the main types 
of diabetes, other less abundant subtypes of 
diabetes have been described, such as latent 
autoimmune diabetes in adults (LADA) and 
maturity onset diabetes of the young (MODY) 
[7-9]. All types of diabetes are clinically 
diagnosed by hyperglycemia [10]. 
     Dysfunctional pancreatic β-cells are central in 
all types of diabetes, however; there are different 
mechanisms causing this dysfunction. Type 1 
diabetes mellitus is a chronic disease caused by 
an inability to secrete insulin, due to an 
autoimmune destruction of the β-cells [11]. T2D 
is often triggered by a prolonged combination of 
lifestyle-, and genetic factors, resulting in insulin 

resistance in peripheral tissues and reduced β-cell 
function [12]. Gestational diabetes is a 
complication that spontaneously emerges during 
pregnancy but is often reversed postpartum [13]. 
There is no cure for diabetes, but it can be 
efficiently managed by blood glucose lowering 
therapies, like insulin injections and/or insulin-
sensitizing drugs, and continuous monitoring. 
Type 1 diabetes is handled with injections of 
insulin, whereas T2D and gestational diabetes are 
primarily managed with a healthy lifestyle in 
combination with insulin-sensitizing drugs, such 
as metformin, and/or insulin injections. T2D is 
by far the most common type of diabetes, and 
accounts for at least 90% of all diabetic cases [1].  
 
The pancreas and islets of Langerhans 
The pancreas is placed in the upper left part of 
the abdomen, behind the stomach. It can be 
divided into four sections; the head, neck, body 
and tail [14]. The pancreas primarily consists of 
exocrine tissue (~95%) and its main exocrine 
functions are to produce and secrete enzymes for 
the digestive tract [15]. The endocrine tissue 
constitutes a smaller part of the pancreas (~5%) 
and is also known as the islets of Langerhans, 
commonly referred to as islets. Islets are 
spheroid-like clusters of cells that are distributed 
within the different sections of the pancreas, and 
overall, islets play a key role in regulating 
glucose homeostasis [15].  
 
Islets contain several different cell types which 
release distinctive peptide hormones to control 
glucose metabolism. These are glucagon-
secreting α-cells, insulin-secreting β-cells, 
somatostatin-secreting δ-cells, pancreatic 
polypeptide (PP)-secreting γ-cells, and ghrelin-
secreting ε-cells [16].  
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     The composition of the islet cell types is 
reported to vary between species and individuals 
[17, 18]. In human islets, approximately ~60% of 
the islet cells are β-cells, ~30% are α-cells, and 
the last ~10% is a mix of δ-cells, γ-cells, and ε-
cells [16]. In humans, the islet cell types are 
randomly distributed within the islets. 
Interestingly, there is evidence of a variable 
composition of islet cell types within the 
different sections of the human pancreas. A 
higher number of α- and β-cells is observed in the 

islets in the neck-, body-, and tail sections, 
whereas a higher fraction of γ-cells are found in 
islets in the head of the pancreas  [18, 19].  
     The composition of islet cell types- as well as 
architecture are different in rodents. β-cells make 
up ~75-80% of the islet cells, α-cells ~15% and 
the remainder is a mix δ-, γ-, and ε-cells [20]. In 
rodents, β-cells are located within the islet core. 
The other islet cell types are distributed in the 
periphery of the islet [20] (Figure 1).  

 

 
Figure 1: The architecture of the rodent islet of Langerhans. The pancreas is positioned in the upper left part of the 
abdomen and consists mainly of exocrine tissue (~95%) which is surrounding the endocrine tissue (~5%), also known as 
islets of Langerhans. Islets contain several hormone-producing cell types, such as α-cells (glucagon), β-cells (insulin), δ-
cells (somatostatin), γ-cells (PP), and ε-cells (ghrelin). See text for references. Figure created with BioRender.com.  
 
The islets of Langerhans can be considered as 
micro-organs within the pancreas, where the islet 
cell types mediate and retrieve paracrine 
signaling, which altogether is crucial for the strict 
regulation of glucose homeostasis [21, 22]. α-
cells secrete glucagon to prevent hypoglycemia 
[23]. β-cells secrete insulin to prevent 
hyperglycemia. Thus, glucagon and insulin have 
opposing effects and are considered as the main 
contributors to the regulation of glucose 
homeostasis, however, the hormones produced 
by the other islet cell types have also been 
reported to influence insulin- and glucagon 
secretion. δ-cells secrete somatostatin, and δ-
cells are also present in the hypothalamus, central 

nervous system, and the digestive tract [24]. 
Interestingly, mice lacking somatostatin (Sst-/- 

mice) have altered secretion rates of insulin and 
glucagon compared to controls [25]. Thus, 
somatostatin is suggested to function as a 
paracrine regulator for maintaining islet function. 
ε-cells secrete ghrelin, and ghrelin-secreting cells 
are also present in the gut, and the main function 
of ghrelin is to regulate appetite [26]. In vitro 
studies have demonstrated that high and low 
ghrelin levels can affect the rates of both insulin- 
and glucagon release from mouse islets [27]. 
Others demonstrate that ghrelin can regulate 
somatostatin release from δ-cells in mice [28] 
and finally, ghrelin can stimulate secretion of 
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somatostatin and PP in humans [29]. Thus, there 
is evidence of paracrine signaling within the 
islets that is highly important for maintaining 
islet function and glucose homeostasis.  
     However, in particular the function of β-cells 
is known to be central in the context of T2D 
development [30]. To understand how T2D 
progresses, we need to thoroughly understand 
how β-cells function. 
 
Insulin secretion and glucose 
homeostasis 
The primary functions of β-cells are to 
synthesize, store and secrete the glucose-
lowering hormone insulin in response to 
hyperglycemia. Initiation of the insulin 
production machinery leads to preproinsulin 
synthesis in the endoplasmic reticulum (ER). 
Preproinsulin is then transported to the Golgi 
apparatus, where proinsulin synthesis takes place 
[31]. Mature insulin is yielded when proinsulin is 
cleaved into C-peptide and insulin. Insulin is 
stored in granules and released to the blood 
stream upon elevated blood glucose levels [31]. 
As the C-peptide is co-secreted from β-cells 
together with insulin, C-peptide levels in the 
blood is a common clinical measure of insulin 
secretion and may play a role in the diagnosis of 
specific subtypes of diabetes [32, 33]. 
 
Insulin secretion from β-cells is a tightly 
regulated mechanism and a significant 
contributor for maintaining the blood glucose 
concentration within a narrow range at ~4mM - 
6mM [34]. The two main pathways of insulin 
release from β-cells are known as the triggering 
pathway, also known as the glucose-dependent 
pathway and the amplifying pathway [35]. The 
glucose-dependent pathway of insulin secretion 
is also known as the triggering pathway. Upon 
elevated blood glucose levels, glucose influxes 
β-cells through the glucose transporter 2 

(GLUT2) located in the cell membrane. First, 
glucose is metabolized through glycolysis. After 
completion of the citric acid cycle (TCA) and 
oxidative phosphorylation pathways in the 
mitochondria, the ratio between adenosine 
triphosphate (ATP) and adenosine diphosphate 
(ADP) rises. Changes in the ATP/ADP ratio 
leads to closure of ATP-sensitive K+ channels, 
causing the cell membrane to depolarize and 
initiating influx of Ca2+ through voltage-gated 
Ca2+-channels. Ca2+ influx is the primary 
triggering signal of insulin secretion and permits 
insulin granules to fuse with the cell membrane. 
Insulin is then released to the blood stream by 
exocytosis [31, 35] (Figure 2).  
     The triggering pathway leads to a spike in 
insulin secretion, referred to as the first phase of 
insulin secretion, an important contributor for 
lowering the blood glucose concentration. 
Subsequently the rate of insulin release drops but 
is continued in a second phase of insulin 
secretion until normoglycemia is achieved [36]. 
This second phase is known as the amplifying 
pathway of insulin release and is also an 
important contributor to insulin secretion. During 
this pathway, insulin is secreted independently of 
ATP-mediated closure of ATP-sensitive K+-
channels. The amplifying pathway potentiates 
the capability of β-cells to release insulin by 
increased sensitivity of insulin granules, but is 
dependent on activation of the triggering 
pathway [35]. Numerous cues are known to 
regulate these amplifying signals [37]. To 
mention a few; hormones secreted from the gut 
in response to nutrients; incretins, are known to 
stimulate insulin secretion through cAMP 
signaling, involving protein kinase A- (PKA) and 
Epac2A pathways [38, 39]. However, in an obese 
state, incretin cannot enhance insulin secretion in 
rats. This is suggested to be due to lack of 
glutamate production in response to glucose and 
glutamate is therefore proposed as the link 
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coupling glucose metabolism and incretin-
mediated insulin secretion [40]. Several other 
factors from glycerolipid- and free fatty acids 
pathways also contribute to insulin secretion [36] 
Thus, the regulation of insulin secretion is a 
highly complex process and is very well-studied. 
 
The insulin secretion pathways are essential for 
maintaining glucose homeostasis. In vitro 
experiments investigating the islet function of 
diabetes patients demonstrate impaired glucose-
stimulated insulin secretion (GSIS) in diabetic 
patients [41]. In particular, it appears that the first 
phase of insulin secretion is impaired in T2D 

patients [42]. Recently, Weir and Bonner-Weir. 
suggested that the loss of the first phase of insulin 
secretion can be used as a warning signal for 
predicting T2D development [43]. Impaired 
incretin-mediated insulin secretion is proposed 
as one of the mechanisms to why this loss is 
observed [44]. However, other studies suggest 
that there might be changes in the phenotype of 
some β-cells in T2D patients, that reduces the 
capability of β-cells to properly sense glucose 
[45]. Hence, dysfunctional insulin secretion 
pathways are highly associated with T2D, and 
the exact mechanisms underlying these defects 
remains to be uncovered. 

 
Figure 2: Insulin secretion from pancreatic β-cells. Glucose enters β-cells through glucose transporters (GLUT2) 
located in the cell membrane. Glucose is metabolized through glycolysis, citric acid cycle, and oxidative phosphorylation. 
Changes in ATP/ADP-ratio lead to closure of ATP-sensitive K+-channels, causing cell membrane depolarization. Ca2+ 
influx through voltage-gated Ca2+-channels allows insulin granules to fuse with the plasma membrane resulting in insulin 
release by exocytosis to the blood stream. Other factors, such as glutamate and incretin hormones also influence insulin 
secretion. See text for references. BioRender template modified with BioRender.com.  
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When insulin is secreted to the blood stream, 
insulin binds to the insulin receptor (IR) on the 
plasma membrane of cells which in turn initiates 
insulin signaling pathways in target tissues. 
Overall, binding of insulin to IRs facilitates 
glycogen-, lipid- and protein synthesis, and 
decreased glucose output from the liver, 
eventually leading to a reduction in blood 
glucose levels. Glucagon secreted from 
pancreatic α-cells, is the counteracting hormone 
of insulin and the opposing mechanisms 
mediated by insulin and glucagon tightly regulate 
glucose homeostasis [46] (Figure 3).  
 
In response to insulin, glucose utilization in 
target tissues is achieved through activation as 
well as inhibition of several metabolic pathways. 
First, the rate of glucose influx is increased 
through GLUT2 in the liver and GLUT4 in the 
skeletal muscle and adipose tissue [47]. Glucose 
influx leads to elevated rates of glycolysis 
through increased enzyme activity of hexokinase 
and 6-phosphofructokinase [46]. In the liver, the 
glucose-generating pathway gluconeogenesis, 
and glycogen breakdown pathway, 

glycogenolysis are inhibited, resulting in 
decreased hepatic glucose output. The rate of 
glycogen synthesis, glycogenesis is however 
increased in the liver and skeletal muscle. 
Overall, this leads to glucose storage in form of 
glycogen in the liver and skeletal muscle. As a 
result, blood glucose levels are reduced [46].  
     In the adipose tissue, the rate of lipolysis is 
decreased in response to insulin, resulting in a 
lower concentration of fatty acids in the blood 
[48]. Also, the uptake of triglycerides in the 
adipose tissue and skeletal muscle is increased, 
resulting in elevated fatty acid- and 
triacylglycerol synthesis. Furthermore, the β-
oxidation pathways in the skeletal muscle and 
liver are inhibited [48]. Overall, insulin release 
leads to increased fat storage in the adipose 
tissue. The rate of protein synthesis is enhanced 
in the target tissues, and the rate of protein 
degradation is inhibited in response to insulin 
[46, 49]. Insulin resistance in peripheral tissues is 
evident when target tissues fail to efficiently 
respond to insulin through the above-mentioned 
regulatory circuits [50]. 

 

 
Figure 3: Insulin and glucagon actions on target tissues. Insulin and glucagon secreted from islets of Langerhans exert 
counteracting effects on the metabolism of carbohydrates. Overall, insulin secretion leads to increased glycolysis and 
glycogenesis, and decreased glycogenolysis, gluconeogenesis, and lipolysis. Glucagon and insulin exert opposing effects 
in carbohydrate- and lipid metabolism. See text for references. Figure created with BioRender.com and inspired by a 
BioRender template.  
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Type 2 diabetes progression 
The process where T2D develops is long and 
complex. Several genetic- and environmental 
factors contribute to disease progression [12, 51]. 
Among these, lifestyle- and dietary factors such 
as obesity, inactivity, and nutrient overload are 
considered as the highest risk factors for 
developing T2D. A prolonged combination of 
these risk factors, often in combination with 
genetic predisposition can trigger insulin 
resistance in peripheral tissues and reduced β-cell 
function, eventually leading to T2D [51] (Figure 
4).  
 
T2D progresses over time and the disease 
progression is suggested to be divided into 
several stages [52]. Overall, these stages can be 
grouped into a compensatory response and a 
decompensatory response. Initially, upon higher 
demands for insulin, β-cells are capable of 
compensating by increasing their insulin 
production and secretion. This stage is known as 
the adaptive stage or the compensatory response 
in β-cells [52]. It is believed that elevated insulin 
secretion is achieved through an increase in β-
cell mass, as enlarged islets are observed in obese 
rodents and humans [53-55]. The β-cell mass is 
also known to increase during pregnancy due to 
higher demands for insulin [56]. β-cells return to 
their original size postpartum, displaying the 
remarkable plasticity of β-cells in a 
physiological- as well as a pathophysiological 
context [56].  
     The increase in β-cell mass during the 
compensatory response has been proposed to 
occur through mechanisms such as β-cell 
proliferation [52, 57]. Several studies have 
shown increased β-cell mass- and proliferation 
upon infusion of glucose and fatty acids (FA) in 
rodents [58, 59]. Thus, nutrient availability 
seems to be a key driver for increased β-cell 
proliferation in rodents. Other agents, such as 

insulin, FFA, and the hormone incretin have also 
been suggested to affect the proliferative 
capacity of β-cells [60]. It remains controversial 
whether β-cell proliferation is increased in 
humans, however, there are studies suggesting 
that human β-cells can enter the cell cycle [54, 
61]. Other studies have shown that human islets 
transplanted into mice can undergo proliferation 
[62]. Thus, increased β-cell proliferation may 
also be contributing to the compensatory 
response in human β-cells.  
     Another proposed mechanism for increased β-
cell mass during the compensatory response is 
neogenesis. Both non-endocrine- and endocrine 
cells are reported to be sources for generation of 
insulin-producing cells [63]. There is evidence of 
pancreatic exocrine cells transdifferentiating into 
insulin-producing cells and this mechanism can 
be a potential contributor during the 
compensatory phase in humans [64, 65]. 
Additionally, endocrine cells are reported to 
transdifferentiate into insulin-producing cells. 
Upon genetically-induced ablation of β-cells in 
mice, lineage-tracing experiments reveal that α-
cells have transdifferentiated into β-cells [66]. 
This transdifferentiation may occur through the 
transcription factor (TF) pancreatic and duodenal 
homeobox 1 (Pdx1) [66]. Also, if the expression 
of β-cell markers is suppressed, and the α-cell 
marker aristaless-related homeobox (Arx), is 
overexpressed, β-cells can transdifferentiate into 
α-cells [67, 68]. However, these situations might 
not reflect the compensatory response in humans, 
but rather demonstrate the capability of α-cells to 
undergo transdifferentiation. In mice fed with a 
high fat diet (HFD), there are observed 
morphological alterations in the α-cells [69]. 
Perhaps this is one of the mechanisms leading to 
increased β-cell mass in the compensatory 
response. Finally, δ-cells are also capable of 
transdifferentiating into insulin-producing cells 
[70]. Thus, there are several mechanisms 
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suggested to contribute to β-cell adaptation and 
increased β-cell mass. The underlying 
mechanisms of β-cell adaptation to increased 
demands for insulin is highly interesting in terms 
of restoring β-cell mass. It is important to 
thoroughly understand these adaptive 
mechanisms.  
 
Following the compensatory response of T2D 
progression, β-cell reach a state where they fail 
to compensate sufficiently, referred to as the 
decompensatory response. This phase is 
characterized by β-cell failure, and several 
mechanisms are believed to contribute to this. 
These are decreased β-cell mass, β-cell 
dysfunction, and reduced β-cell identity [52]. 
The decrease in β-cell mass is suggested to be 
due to β-cell apoptosis and β-cell 
dedifferentiation [71, 72]. Also, chronic 
exposure to glucose and lipids is reported to 
directly repress β-cell function, commonly 
referred to as glucotoxic and lipotoxic 
mechanisms [73]. Nutrient overload can lead to 
increased levels of proinflammatory cytokines 
and FFA, which in turn can trigger inflammation, 
oxidative stress, and β-cell apoptosis. Cytokines 
have been reported to activate nuclear factor κ B 

(NF-κB), which is reported to be essential in the 
process where β-cells are lost [74]. However, the 
decrease in β-cell mass could also occur through 
de-differentiation of β-cells. One study 
investigated the mechanisms of reduced β-cell 
mass in FoxO1 deficient mice. Lineage-tracing 
experiments show that β-cells had 
dedifferentiated into cells mimicking a 
progenitor cell state, resulting in reduced β-cell 
mass and identity [68]. Collectively, these 
mechanisms are likely to be important 
contributors of the decompensatory response 
[75].  For many patients, it is within this stage a 
T2D diagnosis is confirmed, due to an apparent 
loss in glycemic control. At the time of diagnosis, 
the patient is often obese, suffer from insulin 
resistance in peripheral tissues, and have 
impaired glucose tolerance (Figure 4) [76]. 
     The characteristics of the different stages of 
T2D development are well described. However, 
the underlying mechanisms of the stages of 
disease progression are still to be uncovered. To 
gain a deeper insight into T2D etiology, it is 
important to comprehensively understand the 
transcriptional mechanisms of how β-cell 
function is maintained, as well as how β-cells 
respond to nutrients.  
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Figure 4: Type 2 diabetes progression. A combination of risk factors such as obesity, inactivity, genetic predisposition, 
and environmental factors will often trigger higher insulin needs. β-cells can adapt for this through compensatory 
mechanisms such β-cell proliferation, resulting in increased insulin secretion. However, eventually, β-cells fail to 
compensate and will become dysfunctional. This can lead to β-cell failure, impaired glucose tolerance and T2D. See text 
for references. Figure created with Biorender.com and inspired by [76]. 
 

Transcriptional regulation of β-cell 
function 
Several transcription factors (TFs) have been 
implicated in maintaining the function of the 
mature β-cell. Pdx1, neurogenic differentiation 
factor 1 (NeuroD1) and V-maf 
musculoaponeurotic fibrosarcoma oncogene 
homolog A (MafA) are among these. 
     Pdx1 is a key TF regulating pancreas 
development, β-cell differentiation, and β-cell 
maturity [77]. It has long been known that mice 
homozygous for a mutation in the Pdx1 allele are 
born without pancreas formation [78]. If Pdx1 is 
inactivated during embryogenesis, mice are born 
hyperglycemic, and are diabetic when weaned 
from their mothers [79]. When Pdx1 is 
inactivated in adult β-cells, mice become 
severely hyperglycemic [79, 80]. Pdx1 has 
further been shown to regulate essential β-cell 

genes such as the insulin genes, GLUT2 and 
NKX homeobox 6-1 (Nkx6-1) [81-84]. Thus, 
Pdx1, is essential for pancreas formation as well 
as for maintaining β-cell function.  
     Neurogenic differentiation factor 1 
(NeuroD1) is another TF that has been linked to 
pancreas development and β-cell function [84]. 
Mice with a null mutation in NeuroD develop 
diabetes shortly after birth and have markedly 
decreased number of β-cells [85]. NeuroD 
depletion in β-cells in mice leads to impaired 
glucose tolerance and NeuroD1 has further been 
coupled to proper insulin gene transcription [86-
88]. V-maf musculoaponeurotic fibrosarcoma 
oncogene homolog A (MafA) is a third TF, that 
has been reported to be essential for the 
transcriptional network maintaining β-cell 
function [89]. MafA mutant mice have impaired 
glucose tolerance and develop diabetes [90]. This 



INTRODUCTION 
 

19 
 

could be due to MafA being a critical regulator 
of glucose-stimulated insulin secretion (GSIS) 
[90, 91]. As Pdx1 and NeuroD1, MafA are also 
reported to regulate insulin gene transcription 
[92]. 
     There is evidence of cooperativity between 
Pdx1, NeuroD1 and MafA [93]. When these TFs 
are overexpressed, it leads to induction of 
insulin-producing cells in the liver [89], more 
efficiently than a single transduction. This could 
reflect the importance of the cooperativity 
between these TFs for the regulation of insulin 
gene transcription. Overall, these TFs make up an 
important transcriptional network in β-cells, 
which is essential for the regulation of β-cell 
function. [89, 92]. Furthermore, the 
transcriptional complex is reported to be 
regulated by several other TFs, such as forkhead 
box A1 (Foxa1) and A2 (Foxa2), paired box 6 
(Pax6), Nkx2-2, and HNF1 homeobox 1 α 
(HNF1α) and HNF4α, all with essential functions 
in β-cells [94-97]. Mutations in many of these 
genes are linked to both MODY and T2D 
development [98, 99]. A recent review suggested 
that the above-mentioned TFs, and others, can be 
considered as lineage-determining TFs, which 
are important for the process of β-cell 
differentiation and maintenance of β-cell identity 
[88]. However, in terms of β-cell adaptation to 
external signals such as nutrients, there appears 
to be another set of TFs. These are collectively 
referred to as signal-dependent TFs, and are 
responsible for fine-tuning gene expression for β-
cell adaptation to these external signals [88]. 
Wortham and Sander suggest that there might be 
a close collaboration between these different 
types of TFs, but it remains to be established in 
vivo. Thus, it is interesting to investigate 
mechanisms mediated by signal-dependent TFs, 
which can outline the underlying mechanisms of 
β-cell adaptation in T2D.  
 

The transcriptional response to nutrients 
Several studies have indicated that exposure to 
high concentrations of nutrients, such as glucose 
or FA, can lead to adaptive changes in gene 
expression in β-cells [58, 62, 100]. High glucose 
itself have been shown to exert mitogenic effects 
in rodent β-cells, in in vitro and in vivo models 
[101]. However, persistent high glucose 
stimulation is also known to directly repress the 
expression of β-cell function genes [102],and it 
appears to exist a fine-tuned balance between β-
cell function and β-cell dysfunction in response 
to nutrients. Several TFs are reported to be 
nutrient-sensing [103-106]. Some of these are 
sterol regulatory element binding protein 1c 
(SREBP-1c), Myc proto-oncogene protein (c-
Myc) and carbohydrate response element-
binding protein (ChREBP).  
     SREBP-1c is a major regulator of glucose- 
and lipid metabolism and is regulated by the 
nutrient state [107]. Studies in diabetic rodents 
demonstrate increased SREBP-1c expression in 
islets and in the liver  [108, 109]. Overexpression 
studies of SREBP-1c in β-cells link SREBP-1c to 
β-cell dysfunction through mechanisms such as 
glucose- and lipid metabolism, proliferation, and 
apoptosis [110, 111]. c-Myc is known to drive β-
cell replication by regulating cyclins and cyclin-
dependent kinases (CDKs) [112]. In the absence 
of c-Myc-regulated cyclins D1 and D2 and 
CDKs, β-proliferation drastically reduced [113]. 
However, c-Myc overexpression in mice can lead 
to increased β-cell apoptosis and diabetes [105]. 
Recent studies have demonstrated that stable c-
Myc expression in β-cells leads to an immature 
β-cell phenotype  [114]. 
     ChREBP has been implicated in 
transcriptional mechanisms in the liver, adipose 
tissue, and pancreatic β-cells [115-117]. In 
ChREBP deficient mice, decreased rates of 
lipogenesis, glycolysis, and gluconeogenesis are 
observed [107, 118]. In addition, ChREBP has 
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been shown to exert mitogenic effects, most 
likely through activation of cyclins and induction 
of cell cycle genes in response to glucose [119]. 
Thus, ChREBP is reported to mediate glucose-
induced β-cell proliferation [119]. Other studies 
have implicated ChREBP in glucotoxic 
mechanisms. ChREBP overexpression in β-cells 
leads to increased lipid accumulation, apoptosis, 
and oxidative stress, similar effects as persistent 
hyperglycemia in humans [120]. Furthermore, 
ChREBP is reported to regulate essential β-cell 
function genes such as Pdx1, MafA and the 
insulin genes  [121] ChREBP therefore plays 
important roles in β-cell proliferation and has 
also been implicated in β-cell dysfunction.  
     Altogether, TFs such as ChREBP and c-Myc 
plays important roles in the glucose response in 
β-cells, but they are not attractive therapeutic 
candidates for treating diabetes due to their 
involvement in mechanisms such as 
glucotoxicity and β-cell immaturity. It appears 
that the ability of β-cell to proliferate 
compromises β-cell function. A potential 
strategy for preventing or treating diabetes could 
be to reduce the detrimental- and increase the 
beneficial effects of nutrient stimulation. To do 
this, we need deeper insight into the mechanistic 
underlying the pleiotropic effects of nutrients and 
ChREBP in β-cells. 
 
Mouse models to study β-cell adaptation 
and T2D progression 
There are different approaches to study the 
progression of T2D in mice. One strategy is to 
either partially or completely abolish the β-cell 
mass. One method is to induce pancreatic injury 
in rodents, where the regenerative capacity of β-
cells can be investigated [122, 123]. Other 
strategies are to genetically remove β-cells, 
where the mechanisms of the regenerative 
capacity can be investigated [124, 125]. The 
streptozotocin (STZ) model is another model to 

study diabetes, where treatment with the 
antibiotic STZ leads to β-cell destruction. This 
model is highly useful for investigating 
comorbidities associated with diabetes [126]. 
However, in terms of addressing nutritional 
reprogramming and studying the mechanisms of 
β-cell adaptation in mice, other models are more 
relevant than the above-mentioned rodent 
models. As enlarged islets are observed in obese 
rodents and humans compared to lean subjects 
[53, 54], it is relevant to use obese rodent models 
to study β-cell adaptation. Obesity can be 
achieved in different ways. One approach is by 
genetically-induced obesity. Genetically-
induced obese models are often defective in 
leptin signaling. Leptin is a hormone that 
regulates satiety. Thus, lack of functional leptin 
induces obesity due to an uncontrolled appetite. 
Examples of such models are the leptin deficient 
Lepob/ob mouse [127]. The Leprdb/db mouse and 
Zucky fatty rat have a mutation in the leptin 
receptor [128]and suffer from extreme obesity. 
Genetically-induced obesity models are often 
used for studying new therapies for T2D [129-
131]. However, these models do not necessarily 
correspond to a human physiological setting for 
studying the β-cell adaptation during T2D 
progression.  
 
Other ways to induce obesity is by diet. High fat 
diet (HFD) feeding is one of the most used diets 
for inducing obesity in rodents. Weight gain in 
C57BL/6 mice during HFD feeding is associated 
with elevated insulin levels, altered glucose 
homeostasis, insulin resistance and reduced β-
cell compensation [132].  Hence, HFD-induced 
obesity is considered to mimic the human 
situation more accurately than genetically 
induced models of obesity-induced diabetes.  
     Several studies have investigated the adaptive 
response in β-cells during HFD feeding. Many 
studies have mapped the metabolic phenotype of 
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mice after long-term HFD feeding, which is 
between 1-12 months of feeding. In similarity to 
humans, mice fed with long-term HFD suffer 
from glucose intolerance and insulin resistance in 
peripheral tissues, along with increased β-cell 
mass [55, 133]. Thus, long-term HFD feeding 
seem to be a good model for the decompensatory 
phase of T2D progression. To investigate the 
compensatory response in β-cells, it is relevant to 
investigate earlier time points as well. Studies 
have reported that short-term HFD feeding, 
which is within one week of feeding, induces β-
cell proliferation, and this takes place prior to 
insulin resistance [134, 135]. Another study have 
reported that changes in the β-cell transcriptome 
is evident after 1 week of HFD feeding [136]. 
Thus, there is clearly evidence of β-cell 
adaptation dynamics very early during the 
compensatory response. However, there is a need 
for protocols to address nutritional 
reprogramming of β-cells in vivo using genome-
wide approaches. This would potentially lead to 
deeper understanding of the etiology of T2D.  
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SECTION II: CHARACTERIZING THE TRANSCRIPTIONAL 
RESPONSE TO NUTRIENTS IN β-CELLS 
 

Project aim and justification 
The primary aim of this Ph.D. project was to 
investigate the molecular mechanisms of β-cell 
adaptation to nutrient overload. There has been 
reported changes in the β-cell transcriptome 
during β-cell adaptation in response to excess 
nutrients [136]. However, this has not been 
addressed in vivo and is important for 
understanding T2D etiology. To investigate this, 
we developed a new mouse model, the 
Ins1CreTRAP mouse, in collaboration with 
Associate Professor Kim Ravnskjær 
(Department of Biochemistry and Molecular 
Biology, University of Southern Denmark). 
Establishing protocols related to this mouse 
model for addressing nutritional reprogramming 
in β-cells in vivo was the main project I 
conducted throughout my Ph.D. studies. We 
performed metabolic phenotyping of these mice, 
and I worked extensively on establishing 
creTRAP-related protocols in the pancreas. 
Unfortunately, we were not able to successfully 
establish the protocols related to the 
Ins1CreTRAP model system. Consequently, the 
results obtained from this project are not written 
up for publication but are presented and 
discussed later in Section II.  
     Several other people have made important 
contributions to the Ins1CreTRAP project, which 
includes experimental design, experimental 
assistance, data analysis, and overall discussions. 
These are Assistant Professor Jesper Grud Skat 
Madsen, Ph.D. student Lasse Lehtonen, former 
Postdoc Lingzi Li, and former master student 
Sille Marie Nilsson.  
 
In parallel with my main project, I have been 
involved in other projects. During the first part of 

my Ph.D. studies, I was involved in the study in 
Appendix I, Schmidt, SFS. and Madsen JGS. et 
al., a published co-authorship. The TF ChREBP 
is known to regulate several genes in β-cells 
[116, 121, 137, 138], to mediate β-cell 
proliferation and to regulate glucotoxic 
mechanisms [119, 120]. To characterize the 
underlying ChREBP-mediated transcriptional 
mechanisms in β-cells, we used an integrative 
genomics approach to identify ChREBP-induced 
transcriptional regulators of the glucose response 
in β-cells. I contributed to this study by being 
responsible for generating knockdown samples 
for RNA-sequencing and performing Western 
blotting experiments.  
 
The study in Appendix I laid the groundwork for 
our next study, as we believed that many other 
transcriptional regulators of the glucose response 
can be identified. In the study in Appendix II, 
Frafjord, KØ. et al., a first-author manuscript in 
preparation, we used a mass spectrometry 
approach to identify transcriptional regulators of 
the glucose response in β-cells. This study was 
originally devised by Assistant Professors Jesper 
Grud Skat Madsen and Søren Fisker Schmidt 
who initiated a collaboration with Professor 
Blagoy Blagoev (Department of Biochemistry 
and Molecular Biology, University of Southern 
Denmark). In close collaboration with Jesper, I 
have contributed with experimental design, 
performed experiments, and analyzed RNA- and 
ChIP-seq data. During this project we were the 
first in our research group to successfully 
establish rodent islet isolation.  
 
During my Ph.D. project, I have worked with 
several β-cell model systems; a β-cell line, 
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primary β-cells, and the whole pancreas. Section 
II will end with overall considerations related to 
these model systems, discussing advantages and 
disadvantages. To move forward in terms of 
addressing nutritional reprogramming in β-cells, 
I will suggest which other prominent 
technologies we should focus on.  
 
Discussion of Appendix I  
 
The study in Appendix I is a published co-
authorship.  
 
Title of paper: “Integrative genomics outlines 
a biphasic glucose response and a ChREBP-
RORγ axis regulating proliferation in β cells”  
 
Summary 
The study in Appendix I [139] investigates the 
mechanisms by which glucose mediates 
transcriptional regulation in pancreatic β-cells. 
High glucose stimulation of INS-1E cells 
reprograms the transcriptome and induces two 
transcriptional phases (Appendix I, Figure 1C). 
First, glucose stimulation induces an acute (1-2h) 
phase followed by a secondary (4-12h) phase. In 
the acute phase of glucose stimulation, genes 
related to glucose- and lipid metabolism are 
induced. In the second phase, cell cycle- and β-
cell function genes are induced and repressed, 
respectively. The TF ChREBP has previously 
been reported to mediate both β-cell proliferation 
and repress β-cell function  [119, 120]. Here, we 
obtain genome-wide insight into the 
transcriptome of INS-1E cells depleted for 
ChREBP, and our results indicate that ChREBP 
is a central mediator of glucose-induced 
transcriptional reprogramming in INS-1E cells 
(Appendix I, Figure 2). Based on ChREBP 
ChIP-seq profiles, we demonstrate that ChREBP 
binding occurs mainly during the first 2 hours of 
glucose stimulation (Appendix I, Figure 3E). 

Combining ChREBP- and MED1 ChIP-seq data, 
reveal that ChREBP binding is mainly associated 
with enhancers in the early phase (Appendix I, 
Figure 3G) and to glucose-induced enhancers 
rather than glucose-repressed enhancers 
(Appendix I, Figure 3I). Thus, ChREBP 
appears to be a master regulator of the early 
phase of the glucose response and an indirect 
inducer of the late phase. Thus, as induction of β-
cell proliferation takes place in the late phase, 
other TFs must control β-cell proliferation. Here, 
we used an integrative genomics approach to 
identify TFs of the late phase of the glucose 
response. We integrated motif enrichment data 
with gene expression data and identified several 
TFs associated with enhancers of the late phase 
of the glucose response (Appendix I, Figure 4A 
and 4B). Many of the identified TFs are already 
reported to regulate β-cell function (Appendix I, 
Figure 4C). We chose to focus on a group of TFs 
associated with enhancers in the late phase and 
performed loss-of-function studies (Appendix I, 
Figure 4D). We demonstrate that one of these 
TFs, RAR-related orphan receptor γ (RORγ) is a 
novel ChREBP target (Appendix I, Figure 5), 
and we further demonstrate that RORγ is 
required for β-cell proliferation in INS-1E cells 
and in isolated islets of Langerhans from rats 
(Appendix I, Figure 6C, 6D, and 6E). 
 
Discussion  
Overall, this study gains genome-wide insight 
into the pleiotropic effects mediated by glucose 
in INS-1E cells. This is the first study describing 
a biphasic response to glucose in β-cells. It would 
be interesting to assess the glucose response in a 
human β-cell model system, to investigate 
whether human β-cells respond to glucose in a 
biphasic pattern as well. This could be a 
contribution to uncovering transcriptional 
mechanisms mediated by glucose in human β-
cells. In line with previous studies [119, 120], our 
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data suggest that ChREBP is a central regulator 
of the glucose response. Interestingly, we find 
that ChREBP binds to enhancers of the first 
transcriptional phase and that ChREBP binding 
is enriched in glucose-induced enhancers more 
than in glucose-repressed enhancers. Thus, 
ChREBP does not seem to be directly involved 
in glucose-repressed mechanisms, as suggested 
previously [120]. However, the exact mechanism 
needs to be further addressed. Interestingly, our 
data suggest a new regulatory mechanism where 
β-cell proliferation occurs through ChREBP-
induced mechanisms. This allows for identifying 
novel transcriptional regulators by additional 
experimental- and bioinformatic strategies. The 
integrative bioinformatics approach is a good 
approach, given that knockdown of 5 out of 6 
candidates reduces the glucose-induced 
activation of cell cycle genes in INS-1E cells. 
Assistant Professor Jesper Grud Skat Madsen 
later developed a bioinformatic tool to predict 
TFs based on integration of transcriptomic- and 
enhancer data  named integrated analysis of motif 
activity and gene expression changes of 
transcription factors (IMAGE) [140]. It would be 
interesting to apply IMAGE to the datasets 
generated in this study to predict additional novel 
regulators of ChREBP-induced mechanisms 
during the glucose response, as there supposedly 
are several other transcriptional regulators that 
can be identified. The top candidate from the 
integrative bioinformatic analyses, RORγ, is 
required for glucose-induced β-cell proliferation 
in INS-1E cells and islets of Langerhans. 
Interestingly, RORγ and another form of ROR, 
RORβ, have been associated with dysfunction in 
human islets and regulate insulin secretion [141]. 
The last form of ROR, RORα, has been 
suggested to be a target of insulin in vivo [142]. 
Thus, there seem to be associations between 
ROR TFs and diabetes, and future studies are 
needed to validate the function of RORγ in β-

cells in vivo, and whether RORγ agonists can 
induce β-cell proliferation in vivo. Collectively, 
this study provides a detailed characterization of 
glucose-mediated transcriptional regulation in 
INS-1E cells. A biphasic regulatory pattern in 
response to glucose is outlined, and this is the 
first study exploring the functional role of RORγ 
in pancreatic β-cells. 
 
To follow up on the study in Appendix I, we 
generated a β-cell-specific knockout mouse of 
RORγ. This is a project carried out by Ph.D. 
Ph.D. student Lasse Lehtonen. He crossed the 
B6.(Cg)Ins1tm1.1 (cre)Thor/J (B6.Cg) (Ins1Cre) 
[143] mouse with a RORγfl/fl mouse (kindly 
obtained from Professor Christian Wolfrum, 
ETH Zürich) to obtain  β-cell-specific RORγ 
knockout mice. He has been working on 
validating the beneficial role of RORγ in vivo 
upon nutritional overload. However, the 
phenotypic characterization of whole-body 
metabolism does not display an apparent 
metabolic phenotype. This work is still ongoing; 
however, these initial results could indicate that 
loss of RORγ alone is not sufficient for 
compromising the whole-body metabolism.  

 

Key points: Discussion of Appendix I 
 High glucose stimulation reprograms the β-

cell genome into two transcriptional phases.  
 Induction of β-proliferation occurs through 

ChREBP-induced mechanisms in the 
second phase of the glucose response. 

 RORγ is a novel ChREBP target and 
regulator of β-cell proliferation. 

 Other approaches could be applied for 
identification of transcriptional regulators 
of the glucose response in β-cells. 

Box 1: Key points: Discussion of Appendix I 
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Discussion of Appendix II 
 
The study in Appendix II is a first-author 
manuscript in preparation.  
 
Title of manuscript: “Analysis of the glucose-
sensitive interactome of MED1 identifies 
MYBBP1A as a novel regulator of the glucose 
response in pancreatic β-cells” 
 
Summary 
The study in Appendix I laid the groundwork for 
the study in Appendix II. The integrative 
genomics approach identified several 
transcriptional regulators of the transcriptional 
response to glucose, however, we speculated that 
there are other transcriptional regulators that 
remain to be identified. In the study in Appendix 
II, we used a different approach to identify 
regulators of the glucose response in β-cells. 
Here, we have used a technique based on mass 
spectrometry, rapid immunoprecipitation of 
endogenous proteins (RIME) [144] to identify 
endogenous protein-protein interactions during 
the glucose response in β-cells. We used a 
subunit of the Mediator complex, MED1, as bait, 
to pull down proteins associated with active 
enhancers in INS-1E cells (Appendix II, Figure 
1A). MED1-RIME in glucose-stimulated INS-
1E cells identified 73 MED1-interacting 
proteins. (Appendix II, Figure 1B). We identify 
proteins with several different functions. 
Reassuringly, among the identified MED1-
interactors, we find MED1 itself (Figure S1A), 
and other subunits of the Mediator complex 
(Figure 1B, light green bars). Our study focuses 
on the transcriptional regulator that most strongly 
interacts with MED1 in a glucose-dependent 
manner, myb-binding protein 1A (Mybbp1a) 
(Appendix II, Figure 1B, blue bars). Mybbp1a 
is reported to be a transcriptional cofactor [145, 
146], and to our knowledge, Mybbp1a has not yet 

been reported to have a functional role in β-cells. 
First, we confirmed that Mybbp1a is expressed in 
different β-cell model systems, such as glucose-
stimulated- INS-1E cells, rat- and human islets 
(Appendix II, Figure 2A and 2B). To 
investigate the role of Mybbp1a in β-cells, we 
first performed loss-of-function studies 
combined with RNA-seq in INS-1E cells. First, 
we demonstrate that treating transfected INS-1E 
cells with high glucose leads to a reprogramming 
of the β-cell transcriptome. There appears to be 
the same responsive pattern as in untransfected 
cells (Appendix I, Figure 1A and Appendix II, 
Figure 2D). Mybbp1a knockdown significantly 
reverses the expression of several glucose-
induced- and glucose-repressed genes 
(Appendix II, Figure 2E). Overall, Mybbp1a 
knockdown leads to an altered glucose response 
in INS-1E cells. 
     We explored which pathways of the glucose 
response Mybbp1a regulates. Pathway analyses 
reveal that Mybbp1a knockdown affects glucose-
induced pathways to a higher extent than 
glucose-repressed pathways (Appendix II, 
Figure 3A and 3B). Mybbp1a knockdown 
significantly decrease glucose-induced β-cell 
proliferation, and preliminary data indicate that 
Mybbp1a knockdown does not affect GSIS 
(Appendix II, Figure 4C and 4D). It is 
interesting that Mybbp1a appear to regulate β-
cell proliferation without compromising β-cell 
function. However, this needs to be verified with 
more replicates and in other model systems. 
Overall, the data in Figure 4 demonstrate that 
Mybbp1a is a novel regulator of glucose-induced 
INS-1E proliferation.   
     We performed Mybbp1a knockdown 
followed by Mybbp1a- and H3K27ac ChIP-seq 
in INS-1E cells. We integrated MED1 ChIP-seq 
data from Appendix I and used MED1 binding 
sites as surrogates for active enhancers. 
Differential binding analyses revealed that 7086 
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out of 41,390 enhancers are significantly induced 
by glucose. Based on screenshots from ChIP-seq 
tracks, we can locate enhancers that are 
dependent on Mybbp1a for glucose-induced 
activation, and reassuringly, these enhancers are 
found close to Mybbp1a-regulated genes 
(Appendix II, Figure 4A). To identify a group 
of enhancers that could be dependent on 
Mybbp1a, we grouped glucose-induced 
enhancers based on H3K27ac occupancy into 3 
clusters (Appendix II, Figure 5B). Mybbp1a 
appears to be recruited to most glucose-induced 
enhancers, and we can identify a large group of 
enhancers that are Mybbp1a-dependent (Cluster 
1). Interestingly, Mybbp1a appears to be 
recruited equally well to Mybbp1a-dependent- 
(Cluster 1) and Mybbp1a-repressed enhancers 
(Cluster 3) (Appendix II, Figure 5B). We 
extracted the enhancers in Cluster 1 for further 
analysis and filtered out sites with the lowest 
Mybbp1a binding. 1470 enhancers remained, 
and they were clustered into 3 new groups based 
on Mybbp1a occupancy. Finally, we identify 633 
glucose-induced Mybbp1a-dependent enhancers, 
based on both H3K27ac- and Mybbp1a binding 
(Appendix II, Figure 5C).  
     As Mybbp1a is a transcriptional cofactor and 
binds to DNA by interaction with TFs, we 
investigated which TFs that bind to Mybbp1a-
dependent enhancers. Interestingly, Mybbp1a is 
reported to interact with several proteins, 
including many TFs, such as c-Myb and c-Myc 
[147]. Thus, there is a possibility of many drivers 
of the mechanisms mediated by Mybbp1a. We 
computed statistical enrichment in the 633 
Mybbp1a-dependent enhancers (Cluster 1A) 
compared to Mybbp1a-independent enhancers 
(Cluster 1C) using the DNA-binding catalogue 
ReMap [148]. This revealed significant binding 
of 409 TFs. Reassuringly, we find many TFs 
already reported to interact with Mybbp1a, such 
as cMyb and c-Myc [149, 150], and MED1, 

which we identified by MED1-RIME. The TF 
with the largest enrichment is the TF nuclear 
receptor subfamily 5 group A member 2 (Nr5a2), 
also known as liver receptor homologue 1 
(LRH1) (Appendix II, Figure 5A). Nr5a2 has no 
known role in β-cells, however, Nr5a2 has been 
linked to development of the exocrine pancreas 
and is suggested as a potential target for treating 
type 1 diabetes [151, 152]. Thus, Nr5a2 appears 
to be an interesting TF to follow up on in β-cells. 
Our previously generated data from INS-1E cells 
and publicly available single-cell sequencing 
data from islets of Langerhans [153, 154] 
demonstrate that Nr5a2 is expressed throughout 
the glucose response of 12 hours, and in all major 
endocrine cell types in human islets, respectively 
(Appendix II, Figure 5B). We overlapped 
Nr5a2 ChIP-seq peaks from pancreas [155] with 
human islet promoters-, enhancers- and CTCF 
binding sites, referred to as the human islet 
regulome [156] to estimate Nr5a2 binding in 
human islets. 5802 Nr5a2 binding sites overlap 
with the human islet regulome, which is 
significantly higher than the overlap of random 
sites with the human islet regulome. Within the 
overlap of estimated Nr5a2 binding, there is a 
significant increased proportion of active 
enhancers (36.1%) compared to the islet 
regulome (18.4%) (Appendix II, Figure 5C). 
We investigated whether the Nr5a2 motif was 
enriched in the different groups of the human 
islet regulome. These groups are defined by 
Miguel-Escalada and colleagues, and 
supportively, we find the sequence motif of 
Nr5a2 to be strongest in active enhancers of class 
I, which are the human islet enhancers with 
strongest MED1- and H3K27ac binding [156] 
(Appendix II, Figure 5D). Finally, we predicted 
Nr5a2 target genes using the tool Enrichr [157], 
which reveal several significant associations 
between Nr5a2 target genes and pathways related 
to islets and diabetes (Appendix II, Figure 5E). 
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However, whether Nr5a2 is recruited to 
Mybbp1a-dependent enhancers remains 
unknown. Whether Nr5a2 plays a role in the 
glucose response in β-cells remains to be 
investigated.   
     We hypothesize that Mybbp1a gets recruited 
to glucose-induced enhancers through interaction 
with MED1 and other TFs. Potential recruiters of 
Mybbp1a could be c-Myc and Nr5a2. The 
transcriptional complex of MED1, Mybbp1a and 
Mybbp1a recruiters can have both coactivator- 
and corepressor functions in the glucose response 
in INS-1E cells (Appendix II, Figure 6).    
 
Discussion 
This study investigates the role of the MED1-
interacting protein Mybbp1a in the glucose 
response in INS-1E cells. In Appendix I, we 
performed integrated motif enrichment- with 
gene expression data to identify regulators of the 
late phase of the glucose response. Here, we used 
a different strategy for identification of 
transcriptional regulators; by using the mass 
spectrometry approach, RIME. In contrast to 
integrative genomics, RIME do not depend on 
sequence information. This allows for 
identification of cofactors in addition to TFs, 
which also plays important roles in 
transcriptional regulation.  
     We identify several different proteins that 
interact with MED1 in glucose-stimulated INS-
1E cells, and a small group of TF/cofactors is 
identified. Myb-binding protein 1a (Mybbp1a) is 
the top transcriptional candidate in the dataset. 
Mybbp1a appears to interact with MED1 most 
strongly in a glucose-dependent manner, thus, we 
chose to explore the role of Mybbp1a in the 
glucose response of INS-1E cells. Interestingly, 
loss-of-function studies of Mybbp1a in INS-1E 
cells leads to a changed glucose response and 
reduced β-cell proliferation. Reassuringly, these 
data are in line with other studies, demonstrating 

that Mybbp1a is a regulator of mitosis and cell 
proliferation [146, 158, 159].  
     It is interesting that Mybbp1a knockdown 
does not seem to affect glucose-induced 
repression of β-cell function genes. Schisler and 
colleagues demonstrated that the TF Nkx6-1 is 
capable of inducing β-cell proliferation without 
reducing β-cell function [160]. They further 
suggest that very few TFs are capable of 
distinguishing between these two mechanisms, 
and this is highly interesting in a therapeutic 
perspective in terms of restoring β-cell mass. 
However, whether Mybbp1a could be one of 
these transcriptional regulators needs to be 
validated. First, Mybbp1a knockdown followed 
by GSIS assay should be repeated. It could be 
interesting to perform gain-of-function 
experiments of Mybbp1a in INS-1E cells, to 
observe if Mybbp1a is capable of inducing β-cell 
proliferation and retain β-cell function. Finally, 
this needs to be validated in another model 
system, such as isolated islets of Langerhans 
from rodents and humans. 
 
We performed Mybbp1a- and H3K27ac ChIP-
seq to investigate transcriptional mechanisms 
mediated by Mybbp1a. MED1 ChIP-seq data 
from Appendix I was integrated as a surrogate 
for enhancer activity. Interestingly, we observe 
that Mybbp1a is recruited to glucose-induced 
enhancers, both those that are dependent on 
Mybbp1a (Cluster 1) and those that are 
Mybbp1a-repressed (Cluster 3). Mybbp1a 
recruitment to Mybbp1a-repressed enhancers is 
supported by several studies suggesting 
Mybbp1a to have corepressor functions [145, 
161]. Few studies have suggested that Mybbp1a 
can function as a coactivator [162], and our 
observation that Mybbp1a is recruited to 
Mybbp1a-dependent enhancers also, supports 
this. Thus, Mybbp1a may act as both a 
coactivator and a corepressor in the glucose 
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response in INS-1E cells. To gain insight into the 
differences between Mybbp1a-dependent- and 
repressed enhancers, we performed motif 
enrichment analysis (data not shown). However, 
we could not detect any valid differences 
between these two groups. Thus, the mechanistic 
differences between Mybbp1a-dependent- and 
repressed enhancers remain to be investigated.  
     Mybbp1a probably mediates the opposite 
mechanisms through interaction with TFs. 
However, based on this experimental setup, we 
do not know whether it could be indirect effects 
of Mybbp1a. To address this, we could perform 
Mybbp1a- and H3K27ac ChIP-seq at earlier time 
points during glucose stimulation. In Appendix 
I, we defined 2 hours of glucose stimulation as 
the acute phase of the glucose response. It could 
be interesting to evaluate Mybbp1a recruitment 
to glucose-induced enhancers after 2 hours of 
glucose stimulation.  This would reveal whether 
there are differences in Mybbp1a binding to 
enhancers in the acute- and late phase of the 
glucose response.  
 
Mybbp1a is reported to interact with several TFs, 
such as c-Myb and c-Myc [149, 150]. c-Myc is 
already a well-known driver of β-cell 
proliferation [114], thus, c-Myc could be a 
potential driver of the mechanisms mediated by 
Mybbp1a in INS-1E cells. We used a data-driven 
approach and computed TF binding enrichment 
in Mybbp1a-dependent enhancers to identify 
other potential Mybbp1a recruiters by using the 
tool ReMap [148]. This tool is a catalogue that 
has integrated ChIP-seq and ChIP-exo data from 
737 cell lines and tissues. It contains over 8000 
quality-controlled ChIP-seq datasets and 
represents a powerful tool to compute TF binding 
in the genomic regions of interest, using the R-
software package ReMapEnrich [148].  
Interestingly, the ReMapEnrich data is a long list 
of 409 TFs, that have significant changed binding 

in Mybbp1a-dependent enhancers (Cluster 1A) 
compared to Mybbp1a-independent enhancers 
(Cluster 1C). In the list we find cMyb, c-Myc, 
and MED1. Most of the TFs lies below 0. But 
given that we are looking at rather small groups 
of genomic regions, it might make sense, that not 
so many TFs are enriched above 0. In the 
ReMapEnrich dataset, there was one TF that was 
most enriched, and this is Nr5a2. Interestingly, 
Nr5a2 is reported to be involved in maintaining 
the exocrine functions of the pancreas and has 
been suggested as a diabetes treatment target 
[152, 155]. We processed several publicly 
available datasets, to investigate the putative role 
of Nr5a2 in β-cells. We overlapped publicly 
available Nr5a2 ChIP-seq data from pancreas 
[155] with the human islet regulome to estimate 
Nr5a2 binding in human islets [156]. 
Interestingly, we find different Nr5a2 sequence 
motifs to be strongest in active enhancers in the 
human islet regulome. Thus, Nr5a2 seems to be 
associated with active enhancers in human islets. 
We used the Enrich tool to predict target genes of 
Nr5a2. Enrich is a tool that can predict genes that 
are co-expressed with a certain gene, across cell 
lines and tissues, identified by ARCHS4 RNA-
seq. ARCHS4 is a resource that provides access 
to genes and transcripts from most published 
RNA-seq data from human and mouse, rather 
than raw data [163]. In line with previous studies 
[152], we observe that predicted Nr5a2 target 
genes are strongly associated with pathways 
related to islets and diabetes. However, the role 
of Nr5a2 in β-cells still needs to be investigated. 
It is highly interesting that mice suffering from 
type 1 diabetes treated with an Nr5a2 agonist are 
less hyperglycemic. Also, the same agonist 
reduce β-cell apoptosis, increases β-cell mass 
and insulin secretion in islets of type 2 diabetes 
patients [152]. The authors therefore suggest 
Nr5a2 as a promising druggable target for 
treating diabetes [164], which makes it highly 
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relevant to further investigate the role of Nr5a2 
in β-cells and islets. We also need to investigate 
the relationship between Mybbp1a and Nr5a2. 
We could perform Nr5a2 ChIP-seq with a similar 
experimental setup as the Mybbp1a ChIP-seq 
experiments. This would reveal whether Nr5a2 is 
recruited to Mybbp1a-dependent enhancers and 
could validate Nr5a2 as a driver of Mybbp1a-
mediated mechanisms. Loss-of-function studies 
of Nr5a2 combined with RNA-seq would reveal 
whether there is an overlap between Mybbp1a-
regulated- and Nr5a2-regulated genes, and if they 
affect the glucose response in a similar manner.  
     In conclusion, there could be several potential 
drivers of the mechanisms mediated by Mybbp1a 
in INS-1E cells. Mybbp1a and Mybbp1a-
interacting TFs is a part of a larger transcriptional 
complex involving the Mediator complex and 
MED1, which altogether regulate the glucose 
response in INS-1E cells, probably through 
coactivating and corepressing mechanisms. 
 
Loss-of-function studies in another β-cell 
model system 
We wanted to recapitulate the role of Mybbp1a 
in other β-cell model systems, such as isolated 
rodent islets of Langerhans. To do this, we 
optimized procedures to establish the islet 
isolation protocol in the laboratory.   
     There are several key elements for achieving 
successful islet isolation. First, it requires 
experimental training to deliver the digestive 
enzyme via the common bile duct into the 
pancreas. Second, the enzymatic digestion of 
exocrine tissue and subsequent purification is 
crucial for islet yield and viability [165]. We 
were the first in our research group to 
successfully establish the protocol for isolating 
islets from rats with viable islets and yields 
ranging from 500-800 islets, which is sufficient 
to perform functional assays. To validate the role 
of Mybbp1a in the glucose response of islets, we 

wanted to perform loss-of-function studies. 
However, the transfection efficiency of islets is 
reported to be low, most likely due to islets being 
a cluster of cells, ranging from 100-2000 cells 
[166]. As an alternative, dispersion of whole 
islets was performed to obtain islet single cells. 
This resulted in undesirable high proliferation 
rates in basal states, also reported by others [101, 
167]. High proliferation rates of islet cells would 
most likely affect the characterization of the 
glucose response. Thus, we searched for 
alternative strategies. Fueger and colleagues 
demonstrated that transduction of freshly 
isolated islets with an adenoviral vector is a valid 
strategy for assessing β-cell function- and 
replication due to the fragile islet membrane 
immediately after isolation [166, 168, 169].  
      
We transduced isolated rat islets with a GFP-
tagged adenovirus immediately after islet 
isolation. The rationale for using a GFP-tagged 
adenovirus, is that the transduction efficiency can 
be immunohistochemically evaluated. Isolated 
rat islets were pre-incubated with 5mM glucose 
for 24 hours and stimulated with 5mM or 20mM 
glucose for 72h. To evaluate proliferation, DNA 
was counter-stained with DAPI, and proliferating 
cells were assessed by EdU labeling. DAPI-, 
GFP- and EdU-positive cells were evaluated by 
confocal microscopy. Figure 5A shows 
representative images of DAPI-, GFP-, and EdU-
positive cells during 20mM glucose stimulation 
of islets. GFP expression is not detected in cells 
not receiving the adenovirus (data not shown). In 
transduced islets, GFP is detected in the entire 
islet. Thus, the adenovirus can efficiently 
transduce islet cells within the islet core, and 
proliferation of islet cells is significantly 
increased upon high glucose stimulation (Figure 
5B). Collectively, a viral knockdown strategy 
seems feasible for performing loss-of-function 
experiments in isolated islets.  
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Figure 5: High glucose stimulation induces proliferation in rat islets transduced with adenovirus. Islets of 
Langerhans were isolated from 12-week-old male Sprague-Dawley rats. Islets were transduced with a GFP-tagged 
adenovirus immediately after isolation for 24 hours. After pre-incubation with 5mM glucose for 24 hours and subsequent 
stimulation with 5mM or 20mM glucose for 72 hours, islets were imaged using confocal microscopy. n=3. A) 
Representative images of DAPI-, GFP-, and EdU-positive cells in a 20mM glucose-stimulated transduced islet. B) 
Fraction of EdU-positive cells / DAPI-positive cells upon 5mM and 20mM glucose stimulation. Error bars indicate SD. 
* P < 0.05.  

For the future perspectives of this project, we 
aimed to validate the role of Mybbp1a in vivo as 
well. However, studies have shown that using 
adenovirus in vivo is associated with cytotoxic- 
and pro-inflammatory side effects [170]. Another 
viral strategy for transferring transgenes directly 
into host cells is using adeno-associated viruses 
(AAV) and studies have reported that injection of 
AAV particles in mice leads to a milder immune 
response than adenovirus [171]. Ph.D. student 
Lasse Lehtonen therefore produced both 
adenoviruses and AAVs to use for loss-of-
function experiments in isolated rat islets, in the 
human β-cell line, EndoC-βH3 [172], and in vivo 
in mice. Unfortunately, the purified viruses were 
not able to efficiently transduce INS-1E cells, 
isolated rat islets or human β-cells. In addition to 
this, there seemed to be a general problem with 

efficiently deliver AAVs to islets in mice.  
Another strategy for loss-of-function studies in 
islets is to use small molecule inhibitors as have 
been performed in Appendix I, Figure 6 and in 
other islet studies [173, 174]. A more laborious 
approach to investigate the role of the Mybbp1a 
is to generate β-cell-specific Mybbp1a knockout 
mice. Collectively, future experiments are 
needed to validate the role of Mybbp1a and the 
Mybbp1a-mediated mechanisms in other β-cell 
model systems and in vivo. 
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A mouse model for investigating 
nutritional reprogramming in β-cells in 
situ 
 
The study presented in this part of Section II is 
not written up for publication. It is based on the 
main project that I carried out throughout the 
Ph.D. studies. 
   Assistant Professor Jesper Grud Skat Madsen, 
Ph.D. student Lasse Lehtonen, former Postdoc 
Lingzi Li, and former master student Sille Marie 
Nilsson have made important contributions to 
this project, in terms of experimental designs, 
experimental assistance, and data analysis.  
 
Background 
Several studies have shown that nutrient 
availability is a key driver of β-cell adaptation to 
the increased demand for insulin [175-177]. 
Excessive levels of nutrients can also induce 
stress responses ultimately leading to β-cell 
dysfunction [73]. The regulatory mechanisms 
underlying these processes in vivo has not yet 

been addressed on a genome-wide scale. In this 
project, we aim to get insight of how nutrients 
affect genomic reprogramming of β-cells in situ. 
 
Cultured in vitro β-cell cell-lines are widely used 
as a tool for studying β-cells. However, there are 
limitations related to the physiological relevance 
of the results, as most cell lines are immortalized 
and of rodent origin. Until recently, human β-cell 
lines have been unavailable [172, 178]. 
Therefore, sorting primary β-cells and isolating 
islets of Langerhans from rodents or humans are 
common model systems of β-cells. Isolation of 
islets of Langerhans is based on enzymatic 
digestion of the exocrine pancreatic tissue. It has 
been shown that insulin production- and 
secretion genes are markedly decreased after islet 
isolation and the expression of stress-related is 
increased [179]. Additionally, protein levels of 
the kinases c-Jun N-terminal kinase and p38 are 
increased, kinases that have been linked to β-cell 
apoptosis [180]. Thus, the protocol for isolating 
primary β-cells is associated with increased 
cellular stress and reduced β-cell identity. There 
are lacking protocols to assess β-cells in their 
native environment in vivo without introducing 
stress.  
     Strategies for characterizing transcripts from 
cell populations within a whole tissue has been 
developed. One of these is translating ribosome 
affinity purification (TRAP) [181, 182]. In 
TRAP, isolation of the cell population of interest 
is not needed. The increased stress related to 
isolation protocols like isolation of Langerhans is 
therefore avoided and TRAP allows us to 
investigate the in vivo transcriptome. This 
technique is adapted to use cell-type specific 
promotor-driven cre recombinase expression. 
The system is based on cre-dependent expression 
of a ribosomal subunit, ribosomal protein L10A 
(RPL10A), that is fluorescently tagged with 
GFP. By immunoprecipitation, we can quantify 

Key points: Discussion of Appendix II 
 MED1-RIME identifies several proteins 

that interact with MED1 in a glucose-
dependent manner in INS-1E cells.  

 Knockdown of the top transcriptional 
candidate, cofactor Mybbp1a, alters the 
transcriptional response to glucose. 

 Mybbp1a is a novel regulator of glucose-
induced INS-1E proliferation.   

 Mybbp1a is recruited to glucose-induced 
enhancers, both to those that are Mybbp1a-
dependent- and Mybbp1a-repressed. This 
might be through interaction with 
Mybbp1a-recruiting TFs.  

 The protocol for isolating rat islets of 
Langerhans was successfully established. 

Box 2: Key points: Discussion of Appendix II 
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translating mRNAs associated with the GFP-
tagged RPL10A.  
     Associate Professor Kim Ravnskjær 
(Department of Biochemistry and Molecular 
Biology, University of Southern Denmark), 
made some further modifications to this system, 
where mCherry is inserted instead of GFP. A 
floxed version of the mCherry-RPL10A 
transgene is inserted into the endogenous 
ROSA26 locus where the transgene is expressed 
cre-dependently [183]. This mouse is referred to 
as the TRAP mouse. When cell type-specific cre-
expressing mice, such as the Ins1Cre mouse, is 
crossed with TRAP mice, we obtain cell type-

specific mCherry-RPL10A expression in cells 
expressing cre, thus in the β-cells (Figure 6) 
(Detailed version of the creTRAP model system 
in Appendix III, 1.). This β-cell-specific 
expression pattern of mCherry can be used to 
immunoprecipitate ribosomes and their 
associated mRNA. Thus, we can use this strategy 
to isolate and characterize the β-cell-specific 
translatome directly from the whole pancreatic 
tissue. Ultimately, we want to use this model to 
characterize the underlying mechanisms of 
nutritional reprogramming of β-cells in situ. This 
is important for understanding the pleiotropic 
effects of nutrients on β-cells. 

 

 
 

Figure 6: The creTRAP model system. A floxed version of the mCherry-RPL10A transgene is incorporated in the 
ROSA26 locus. Cre recombinase catalyzes recombination between loxP sites and removal of stop codons blocking 
translation of mCherry-RPL10A. Expression of mCherry-RPL10A is restricted to cells expressing the cre recombinase. 
Ribosomes tagged with mCherry and their associated mRNA can be isolated and analyzed. Detailed version of the 
creTRAP system in Appendix III 1). Figure created with BioRender.com.   
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Methods  
Housing  
Mice were kept at the Biomedical Laboratory at 
the University of Southern Denmark in 
individually ventilated cages with a 12 hour 
light/dark cycle, room temperature at 22 ± 3o C 
and ~55% humidity. Mice had free access to 
fresh tap water and standard chow diet 
(Brogaarden). 
 
Breeding  
B6.(Cg)Gt(ROSA)26Sortm1(mCherry-Rpl10a-
Flpo)Kra (TRAP) mice (developed by Associate 
Professor Kim Ravnskjær) were crossed with the 
B6.(Cg)Ins1tm1.1 (cre)Thor/J (B6.Cg) (Ins1Cre) 
[143] mouse to generate Ins1CreTRAP mice. 
Both Ins1Cre- and TRAP mice have been 
backcrossed with the wildtype strain C57BL/6J. 
The mCherry-RPL10A transgene is inserted in 
the Rosa26 locus in TRAP mice. Ins1Cre mice 
express cre recombinase in the start codon of the 
Ins1 gene [143]. mCherry-RPL10A expression is 
limited to cells expressing the cre recombinase, 
which recombinates loxP sites and remove stop 
codons that are blocking translation of the 
mCherry-RPL10A transgene. When Ins1Cre 
mice are crossed with TRAP mice, cre-mediated 
recombination leads to depletion of the floxed 
sequences in the cre-expressing cells (β-cells) of 
the pups. Genotypes of pups were determined 
using PCR. (Cre: 5’ CGT ACC GTA CAC CAA 
AAT TTG CCT G 3’, 5’ CGG ATC ATC AGC 
TAC ACC AGA GAC 3’. TRAP: 5’ CCA CCA 
TGA GTC CAA TGA TTG GAC C 3’, 5’ GTT 
ACG GCA ACG GTG GTT TCT TCG 3’). At 28 
days of age pups were weaned and housed 
together with other littermates. Mice used for 
experiments were males and 10 weeks old at the 
beginning of the experiments. Animal breeding 
and experiments were approved by the Danish 
Animal Experiment Inspectorate.  
 
 

Immunofluorescence of pancreatic tissue  
The whole pancreas tissue of male Ins1Cre 
TRAP mice was dissected. Pancreas was fixated 
by incubation in 4% paraformaldehyde for 5 
hours at 4oC. The tissue was freeze-embedded in 
O.C.T Compound (FisherScientific), and 
subsequently cut into 10μm tissue sections using 
a cryostat. Pancreas tissue sections were placed 
on coverslips and dried overnight. Tissue 
sections were permeabilized by 0.5% Triton-X 
(SigmaAldrich) for 15 minutes and blocked for 1 
hour in animal-free blocking solution 
(VectorLaboratories). Tissue sections incubated 
overnight at 4oC with primary antibodies, 
incubated for 2 hours with secondary antibodies 
at RT and finally DNA-stained using DAPI 
(Sigma) in the ratio 1:5000. 
 
Intraperitoneal glucose tolerance test (IPGTT) 
Mice were fed on a standard chow diet 
(Brogaarden) or a HFD (Research 
diet/Brogaarden) for 12 weeks. At 0, 1, 2, 4, 6, 8, 
10 and 12 weeks of HFD feeding, IPGTT was 
performed. Mice were fasted for 5 hours (8-9 am 
- 13-14 pm), injected with 2g glucose/kg, and 
blood glucose concentrations (Freestyle monitor, 
Abbott) were determined in duplicates at 0 min, 
15 min, 30 min, 60 min, 90 min and 120 min after 
glucose injection.  
 
EdU proliferation assay 
Mice were fed on a standard chow diet 
(Brogaarden) or a HFD (Research 
diet/Brogaarden) for 0, 2, 4, 7, 10 and 14 days. 
Mice were injected with 50mg/kg 5’ethynyl-
2’deoxyuridine (EdU) (SigmaAldrich) 24h and 
12h prior to sacrifice. Pancreatic tissue sections 
were prepared as described in 
“Immunofluorescence of pancreatic tissue” 
and EdU labeling was performed using the Click-
iT® EdU Imaging kit (Invitrogen) as descried in 
the manufacturer’s instructions. Nuclei were 
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DNA-stained using DAPI (Sigma) in the ratio 
1:5000.  
 
Immunoprecipitation of mCherry-RPL10A 
Protocol is based  on the original article [182]. 
Pancreas was injected with ice-cold tissue lysis 
buffer (20mM HEPES-KOH (pH=7.4), 150mM 
KCl, 10mM MgCl2, 1mg/mL cycloheximide, 
0,5mM DTT, 10mM Ribonucleoside Vanadyl 
Complex (New England Biolabs) and 1x 
complete). Pancreas was dissected, homogenized 
in tissue lysis buffer, and 4000U RNase inhibitor 
(New England Biolabs) was added. Homogenate 
was centrifuged at 2000xg at 4oC for 10min. 10% 
NP-40 and 300mM DHPC (Avanti Polar Lipids) 
was added to supernatant, and homogenate was 
centrifuged at 20000xg at 4oC for 10min. 
Supernatant was transferred to fresh tubes and 
RFP TRAP Magnetic Agarose beads 
(ChromoTEK) were added. Homogenate 
incubated rotating at 4oC for 2 hours and was 
washed in high-salt buffer (20mM HEPES-KOH 
(pH=7.4), 350mM KCl, 10mM MgCl2 and 0,1% 
NP-40 (Sigma-Aldrich)). RFP beads were 
resuspended in RLT buffer and RNA was 
purified using the Qiagen Micro kit with on-
column DNase digestion according to the 
manufacturer’s instructions.  
 
RNA quality control  
1μg purified β-cell RNA isolated from 
Ins1CreTRAP mice was mixed with the loading 
dye Orange G (SigmaAldrich), and samples ran 
on 1% agarose gel that was prepared with 
GelRed (Biotium) in a 1:20000 ratio. Samples 
ran for 15min at 100V together with 1kb ladder 
(ThermoFischer) and the gel was inspected by a 
ChemiDoc XRS system (Biorad).  
 
Analysis of RNA-sequencing data  
RNA samples from Ins1CreTRAP mice were 
prepared for sequencing. Libraries were 
constructed using TruSeq RNA kit (Illumina) 

according to the manufacturer’s instructions. 
Raw sequencing data were aligned to the 
reference genome mm10 using the STAR aligner 
[184] and quality control were performed using 
FastQC. Statistical analysis of read counts were 
performed using EdgeR [185].   
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Results and discussion 
Ins1CreTRAP validation 
We generated the Ins1CreTRAP mouse by 
crossing B6.(Cg)Gt(ROSA)26Sortm1(mCherry-
Rpl10a-Flpo)Kra (TRAP) mice with the 
B6.(Cg)Ins1tm1.1 (cre)Thor/J (B6.Cg) (Ins1Cre) 
mouse [143]. To evaluate mCherry expression in 
islets, we performed immunofluorescence on 
pancreas tissue section in male Ins1CreTRAP 
(Ins1Cre+/+) and TRAP (Ins1Cre-/-) mice. Tissue 
sections were stained for insulin to localize islets 

(Figure 7). There was a significant overlap 
between insulin positive and mCherry positive 
cells within the islets of Ins1CreTRAP mice (top 
panel). Reassuringly, we cannot detect mCherry 
in TRAP mice, which do not express Cre 
(Ins1Cre-/-) (lower panel). A significant overlap 
between cells expressing Nkx6-1 and mCherry is 
observed as well. Reassuringly, there is no 
overlap between glucagon and mCherry. 
indicating that mCherry is expressed in β-cells 
(Figure 7).  

 

 
 
Figure 7: mCherry is expressed in β-cells. Whole pancreas from 10-week-old male Ins1CreTRAP and TRAP (Ins1Cre-

/-) mice were dissected and fixated in 4% paraformaldehyde. Pancreatic tissue sections à 10μM were cut using a cryostat. 
Tissue sections were stained for insulin, Nkx6-1, and glucagon. Islets were visualized by imaging samples on a 
fluorescence microscope.  
  
Metabolic phenotyping of Ins1CreTRAP mice 
We wanted to investigate how and when β-cells 
adapt to nutrient overload using the 
Ins1CreTRAP mouse model. HFD feeding is 

reported to be a prominent inducer of obesity and 
insulin resistance [132]. Hence, we decided to 
explore the metabolic phenotype of 
Ins1CreTRAP mice fed with HFD. 
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Ins1CreTRAP mice were put on a HFD or a 
standard chow diet for 12 weeks. Body weight of 
both groups were monitored during the 
experiment, after 0, 1, 2, 4, 6, 8, 10 and 12 weeks 
of feeding. After 1 week of HFD feeding, there is 
already a significant difference in weight gain 
between the groups. This difference becomes 
more evident for each week of feeding (Figure 
8A). Thus, Ins1CreTRAP mice get obese upon 
HFD feeding. 
     To evaluate the glucose tolerance at these 
time points, we performed intraperitoneal 
glucose tolerance tests (IPGTT). Mice were 
fasted for 5h prior to each IPGTT, and blood 
glucose concentrations were measured at 0, 15, 
30, 60, 90 and 120 minutes after glucose 
injection. An overview over each IPGTT test can 
be found in Appendix III, 3. We compared the 
IPGTT for each time point by calculating area 
under the curve. Figure 8B demonstrates that 
there are no changes in the glucose tolerance of 
chow-fed mice during throughout the 
experiment. However, we observe a significant 
difference between the groups after 1 week of 
HFD feeding. This difference between the groups 
is maintained throughout the experiment (Figure 
8B). Thus, our newly developed Ins1CreTRAP 
mice have significantly impaired glucose 
intolerant after 1 week of HFD feeding. Other 
studies report a similar phenotype in response to 
short-term HFD feeding [186, 187]. 
 
Our data indicate that β-cell adaptation take place 
during the first 1-2 weeks of feeding (Figure 
8B). As β-cell proliferation is reported to be one 
of the mechanisms of β-cell adaptation, we 
measured β-cell proliferation in vivo during the 

first 2 weeks of HFD feeding. Ins1CreTRAP 
mice were put on a HFD for 0, 2, 4, 7, 10 and 14 
days. 50mg/kg EdU was injected 24 hours and 12 
hours prior to sacrifice. Whole pancreas was 
dissected, tissue sections were stained for insulin, 
EdU and DAPI. The fraction of proliferating β-
cells was calculated for each time point. β-cell 
proliferation is significantly increased after only 
2 days of HFD, compared to 0 days, which 
continues all 14 days of feeding (Figure 8C). 
Next, we investigated how short-term HFD affect 
β-cell function. Our previous employed Postdoc 
Lingzi Li, in collaboration with Associate 
Professor Jakob Knudsen (University of 
Copenhagen), performed pancreas perfusion 
experiments to measure glucose-stimulated 
insulin secretion (GSIS) of β-cells in 
Ins1CreTRAP mice in vivo. During this surgical 
technique, insulin levels can be measured in 
effluent samples that are collected through a 
catheter in the portal vein. Our results indicate no 
changes in GSIS in vivo after 1 week of HFD 
feeding compared to chow-fed mice (Figure 8D, 
and the same is true for glucagon secretion 
(Appendix III, 4.). However, the results 
obtained in Figure 8D suffer from large variance 
between individuals, which makes it difficult to 
make final conclusions based on this experiment. 
Preferably, a larger number of mice should be 
included to finally conclude this. Collectively, 
our data in Figure 8 indicate that short-term HFD 
feeding leads to impaired glucose tolerance, 
increased β-cell proliferation, and preserved β-
cell function in our newly developed 
Ins1CreTRAP mice. Supportively, others have 
reported similar findings in response to short-
term HFD feeding [134, 188]. 
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Figure 8: Metabolic phenotyping of Ins1CreTRAP mice. A-B) 10-week-old male Ins1CreTRAP mice were fed ad 
libitum on a chow diet or a HFD for 12 weeks, n=5 for both groups. A) Bodyweight were measured at 0, 1, 2, 4, 6, 8, 10 
and 12 weeks. Relative weight gain is plotted for chow- and HFD-fed mice. * P < 0.001. Error bars indicate SD. B) Mice 
were fasted for 5 and intraperitoneally injected with 2g glucose/kg according to the average body weight of chow-fed 
mice. Area under the curve for each glucose tolerance test at 0, 1, 2, 4, 6, 8, 10 and 12 weeks of feeding. * P < 0.02. Error 
bars indicate SD. C) 10-week-old male Ins1CreTRAP mice were fed ad libitum on a HFD for 0, 2, 4, 7, 10 and 14 days, 
n=3 for both groups. Mice were intraperitoneally injected with 50mg/kg EdU 24h and 12h prior to sacrifice. 6-8 pancreatic 
tissue sections pr. condition pr. mouse were stained for insulin, EdU and DAPI. ~100 islets pr. tissue section was evaluated 
using a fluorescent microscope for insulin-, EdU- and DAPI positive cells. * P ≤ 0.001 and indicate the significant 
difference from 0d HFD. Error bars indicate SD. D) 10-week-old male Ins1CreTRAP mice were fed ad libitum on a chow 
diet or HFD for 2 or 7 days, n=5 for all groups. Pancreas was perfused with 1mM-, 6mM-, 20mM glucose or KCl. Venous 
effluent samples were collected each minute from a catheter inserted into the portal vein and the amount of insulin were 
measured. Error bars indicate SD.
 
Isolating β-cell-specific RNA from pancreas 
We wanted to put Ins1CreTRAP mice on a short-
term HFD to exploit changes in the β-cell-
specific translatome during adaptation to HFD. 
The protocol for efficiently pulling down β-cell-
specific RNA is based on the TRAP protocol 
established by Heiman N. and colleagues [182]. 
The main advantage with the Ins1CreTRAP 
system is that we can capture β-cell-specific 
RNA from the whole pancreas even though β-
cells make up a small cell population of the entire  

 
pancreas. However, approximately ~95% of the 
pancreas is exocrine tissue. The primary function 
of the exocrine pancreas is to aid in digestion, and 
it contains high levels of ribonucleases (RNase). 
Intact β-cell RNA is important for downstream 
RNA-seq analysis and isolating intact RNA from 
this RNase-rich tissue was a significant hurdle to 
overcome. 
 

1) First hurdle: isolate intact pancreatic 
RNA 
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The overall workflow of this optimization 
process was to isolate pancreatic RNA from adult 
Ins1CreTRAP mice according to the mCherry-
RPL10A pulldown protocol (“mCherry-
RPL10A pulldown” in “Methods” section). 
RNA quality was assessed by visualizing RNA 
bands of the 28S- and 18S ribosomal subunits on 
an agarose gel. Purified RNA from INS-1E cells 
was used as a positive control.  
 
Our first attempt of isolating pancreatic RNA 
showed complete degradation compared to the 
positive control (Figure 9A). Adding high 
amounts of RNase inhibitors is usually sufficient 
to preserve RNA quality. Several RNA inhibitors 
in different concentrations were tested: murine 
RNase inhibitor (New England Biolabs), heparin 
and ribonucleoside vanadyl complex (RVC) 
(New England Biolabs). 150 units (U) of RNase 
inhibitor protected pancreatic RNA from 
degradation (data not shown). However, the 
RNA samples that were tested, were only a small 
amount (0.5%) of the entire pancreas. To inhibit 
RNase activity in the entire pancreas, 
approximately 30,000 units (U) are required. 
This is economically infeasible, as with current 
prices the estimate cost per sample is 3000 
Danish kroner. We therefore sought to find 
alternative solutions.  
 
Professor Ueli Schibler (retired from University 
of Geneva) suggested to take advantage of high 

levels of endogenous RNase inhibitors in the 
liver. To pursue his suggestion, we homogenized 
a rat liver in tissue lysis buffer and homogenized 
pancreas from Ins1CreTRAP mice in the rat liver 
extract. Our idea was that endogenous RNase 
inhibitors present in the liver would protect 
pancreatic RNA from degradation, and to some 
extent, it did protect the RNA from degradation 
(data not shown). However, we decided not to 
proceed with using the rat liver extract, due to 
risk of contamination of liver RNA in our 
downstream RNA-seq analysis.  
 
Finally, we optimized the protocol by using a 
smaller amount of pancreatic tissue, thus a 
smaller amount of RNase inhibitor was needed. 
In addition to this, we injected ice-cold tissue 
lysis buffer supplemented with the RNase 
inhibitor RVC directly into the pancreas prior to 
dissection of the tissue. Thus, we achieved 
quicker inhibition of RNase activity by cooling 
from the inside of the tissue. Figure 9 shows 
images of two agarose gels, one from our first 
experiment (Figure 9A) and the second after 
extensive optimization (Figure 9B). In our first 
experiment, the pancreatic RNA is clearly 
degraded compared to the positive control. In our 
final experiment, we still observe partly 
degradation of the RNA, but decided to proceed 
with this current protocol for RNA isolation, as it 
was also reproducible (Figure 9B). We spent 
approximately 1.5 years at improving the RNA 
quality of pancreatic RNA.   



RESULTS AND DISCUSSION 
 

39 
 

 
Figure 9: RNA quality of pancreas RNA before and after optimization. Pancreas from adult Ins1CreTRAP mice was 
homogenized and was further processed according to the mCherry-RPL10A pulldown protocol before A) and after B) 
optimization. The RNA was isolated and pure RNA was mixed with loading dye and ran on a 1% agarose gel. Agarose 
gel was inspected for ribosomal bands by a ChemiDoc XRS system. Pure RNA from INS-1E cells was used as a positive 
control.  

 
2) Second hurdle: pulldown of β-cell-

specific RNA from whole pancreas 
 
The workflow of this part of the optimization 
process was to isolate pancreatic RNA from 
Ins1CreTRAP- and TRAP mice. For each 
experiment, the RNA quality was assessed, and 
RNA-sequencing was performed. The reason for 
choosing RNA-seq rather than qPCR, is that we 
experienced difficulties in determining β-cell-
specific gene enrichment based on qPCR data.  
 
In general, we encountered several issues with 
the Ins1CreTRAP pulldown experiments. The 
degree of exocrine contamination and 
sequencing quality of the samples varied 
extensively between experiments, e.g., 
sequencing libraries and alignment rates. During 
some experiments, the sequencing quality was 
acceptable, and the RNA-seq data looked 
promising. Figure 10 shows the enrichment of 
selected marker genes of pancreas cell types in 
pulldown sample compared to a control. β-cell-
specific genes such MafA, Pax6, Ins1 and Ins2 
are markedly enriched, compared to marker 
genes of the other pancreas cell types.  
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Figure 10: β-cell-specific genes are enriched in Ins1CreTRAP pulldown samples. Pancreas from adult Ins1CreTRAP 
and TRAP mice were homogenized in tissue lysis buffer and further processed according to the mCherry-RPL10A 
protocol. RNA was isolated and submitted for RNA-sequencing. The barplot illustrates the log2 enrichment of selected 
marker genes in pancreas cell types in Ins1CreTRAP pulldown samples compared to a negative control (TRAP). 
 
However, we had difficulties in reproducing the 
results in Figure 10. We adjusted several 
parameters in the protocol, but none of the 
subsequent experiments gave satisfactory results. 
Thus, after approximately 1 year of optimization, 
we decided to look for alternatives to the 
Ins1CreTRAP mouse model.  
 
The first alternative was the Ins1CreINTACT 
mouse. We crossed the Ins1Cre mouse [143] 
with the CAG-Sun1/sfGFP reporter mice 
(B6;129-Gt(ROSA)26Sortm5(CAG-
Sun1/sfGFP)Nat/J (INTACT) mouse [189], to 
obtain Ins1CreINTACT mice. The 
Ins1CreINTACT mouse has β-cell-specific 
tagging of the inner nuclei membrane through the 
expression of a Sun1 fusion protein. It further 

allows for isolation of β-cell nuclei through 
immunoprecipitation with GFP antibody. 
Experiments performed by Ph.D. student Lasse 
Lehtonen and former master student Sille Marie 
Nilsson confirmed β-cell-specific expression of 
the Sun1 fusion protein in β-cells. Sille 
established a protocol for efficiently isolating β-
cell nuclei, however, she experienced difficulties  
in efficiently establishing the Ins1CreINTACT 
pulldown protocol.  
 
The second alternative was the 
Ins1CreSLAMseq mouse. We crossed the 
Ins1Cre mouse [143] with the B6;D2-Tg(CAG-
GFP,-Uprt)985Cdoe/J mouse [190] to obtain 
Ins1CreSLAMseq mice. Upon injection of 4-
thiouracil (4TU), newly transcribed RNA in 
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UPRT-positive cells will be labelled through 
thio-RNA. These transcripts can be 
bioinformatically extracted and is thus 
another strategy for analyzing β-cell-specific 
transcripts. Experiments performed by Ph.D. 
student Lasse Lehtonen confirmed β-cell-
specific expression of UPRT, however, he there 
were challenges in efficiently establishing this 
method with the associated bioinformatic 
analysis.     
 
Thus, so far, we have been unsuccessful in 
establishing the necessary experimental- and 
bioinformatic protocols related to the 
Ins1CreTRAP model, Ins1CreINTACT model, 
and Ins1CreSLAMseq model. However, as 
investigating nutritional reprogramming in β-
cells is still of great importance, we have moved 
forward and assessed this by using prominent 
methods based on single-cell technologies. This 
is the primary focus of a project carried out by 
Ph.D. student Isabell Victoria Ernst. Isabell has 
successfully established nuclei isolation from 
isolated islets from mice and has established the 
new 10x Genomics single-cell Multiome-
sequencing (scMultiome-seq) method. With 
scMultiome-seq, it is possible to detect gene 
expression- and chromatin accessibility profiles 
from the same cell. Thus, we can simultaneously 
capture transcriptomic and epigenomic profiles 
of all islet cell types. Ongoing scMultiome-seq 
experiments will reveal how the transcriptome 
end epigenome of islet single cells are altered 
upon short-term HFD feeding.   

 

 
 

 
  

Key points: A novel mouse model for 
investigating nutritional reprogramming of 
β-cells in situ 

 mCherry is expressed in β-cells in 
Ins1CreTRAP mice.  

 Short-term HFD feeding leads to impaired 
glucose intolerance and increased β-cell 
proliferation in Ins1CreTRAP mice. 

 We encountered issues with establishing 
procedures related to the Ins1CreTRAP 
model in the pancreas and two alternative 
mouse models. Therefore, methods based 
on single-cell technologies are currently 
being conducted to address nutritional 
reprogramming in β-cells.  

Box 3: Key points: A novel mouse model for investigating 
nutritional reprogramming of β-cells in situ. 
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Overall considerations 
The projects in this Ph.D. thesis have used 
different model systems to investigate nutritional 
reprogramming of pancreatic β-cells. The studies 
in Appendix I and Appendix II primarily 
contain data from cultured insulinoma INS-1E 
cells. The INS-1E cell line is a clonal sub-line of 
the INS-1 cells [191] and was developed by 
Merglen, A., and colleagues [192]. Since then, 
INS-1E cells have been used as a β-cell model 
system in numerous publications [137, 193-195]. 
Collectively, the generation of this stable cell line 
has led to significant contributions in the β-cell 
field, such as investigating mechanisms of GSIS 
[196-198]. INS-1E cells are particularly good for 
this due to their capability to respond to glucose 
stimulation in a similar manner as rat islets [192]. 
However, the INS-1E cell line has some 
limitations with regards to the physiological 
relevance of obtained results. Interestingly, based 
on publicly available data, we have shown that 
the expression patterns of differentially 
expressed genes in islets resemble differentially 
expressed genes in glucose-stimulated INS-1E 
cells (Appendix I, Figure S1G and Figure 
S1H). Hence, there seem to be some 
resemblances of the core gene programs between 
INS-1E cells and human islets under glucose-
stimulated conditions, which are the 
experimental setups in the studies in Appendix I 
and Appendix II. Finally, the INS-1E cell line is 
useful for genetic manipulation such as loss- or 
gain-of-function experiments and optimal for 
methods requiring an extensive input material, 
e.g., mass spectrometry approaches like RIME. 
     To validate the role of Mybbp1a, identified by 
MED1-RIME in Appendix II, in another model 
system than INS-1E cells, we successfully 
established the protocol for isolation of islets of 
Langerhans from rodents. Isolated rodent- and 
human islets are essential tools for studying β-
cells, as they offer a system closer to the 

physiological setting. First, they are primary cells 
as opposed to clonal, immortalized cells. 
Additionally, isolated islets allow us to study β-
cells in their native islet environment. However, 
there are also concerns related to isolated islets. 
Upon culturing of islets, the core can turn 
hypoxic which can interfere with experimental 
outcomes and affect the interpretation of the 
results. Also, several studies have reported 
increased stress and reduced β-cell identity in 
isolated islets [179, 180, 199]. Despite this, use 
of isolated islets as a β-cell model has been a 
hallmark of studying β-cell function.  
     Due to the lack of approaches to investigate β-
cells in their native environment in vivo, we 
developed the Ins1CreTRAP mouse model. The 
GFP-TRAP protocol was published by Heiman, 
M., and colleagues [182]. Since then, GFP-
TRAP has been used to characterize cell type-
specific transcripts in astrocytes and the 
hypothalamus [200, 201]. The Ins1CreTRAP 
model system is a modified GFP-TRAP system, 
where GFP is replaced with mCherry. Initially, 
the Ins1CreTRAP model was a promising 
approach for studying β-cells in vivo. However, 
we were unsuccessful in establishing the 
Ins1CreTRAP pulldown method in the pancreas, 
in addition to establishing methods for two 
alternative mouse models, Ins1CreINTACT and 
Ins1CreSLAMseq. However, despite this, 
Ins1CreTRAP mice could still be useful due to 
the mCherry label on the ribosomes in β-cells. 
Nuclei can be isolated from whole pancreas, and 
β-cells can be sorted directly based on mCherry 
signal. This could be useful for investigating β-
cell-specific chromatin accessibility.  
     During the last 5-6 years, several single-cell 
sequencing studies from isolated islets of 
Langerhans from healthy- and T2D patients have 
been published [153, 202, 203]. These studies 
have led to essential information about the 
plasticity of β-cells and have identified 



RESULTS AND DISCUSSION 
 

43 
 

subpopulations of β-cells in mice and humans. In 
line with the development of these technologies, 
Ph.D. student Isabell Victoria Ernst has 
established scMultiome-seq in isolated islets of 
Langerhans from mice. This method allows for 
simultaneous transcriptomic- and epigenomic 
profiling from the same cell. By using 
scMultiome-seq, we gain insight into the 
heterogeneity of islet cells, information that we 
would not have retrieved by the Ins1CreTRAP 
technology. Finally, unlike single-cell 
sequencing, scMultiome-seq in isolated islets of 
Langerhans has not been performed before. 
Thus, due to the emergence of single-cell 
technologies and the prolific advancement of 
bioinformatic tools to extract information from 
these experiments, we believe that these 
technologies supersede the Ins1CreTRAP 
technology for addressing nutritional 
reprogramming in pancreatic β-cells.  
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CONCLUDING REMARKS 
 
Our current understanding of T2D etiology relies 
in part on the underlying mechanisms during 
pancreatic β-cell adaptation to nutritional- and 
environmental cues. Therefore, the studies 
carried out in this Ph.D. project focused on 
investigating nutritional reprogramming of β-
cells.  
 
The study in Appendix I demonstrates that 
glucose stimulation leads to a biphasic response 
and pronounced reprogramming of the β-cell 
transcriptome. The TF ChREBP has previously 
been implicated in glucose-mediated 
transcriptional mechanisms, however, in this 
study we propose ChREBP as an indirect inducer 
of β-cell proliferation. Integrative genomics 
combined with loss-of-function studies reveal 
the TF RORγ as a novel ChREBP target. Also, 
RORγ regulates β-cell proliferation in INS-1E 
cells and primary rat β-cells. This study formed 
the foundation for the study presented in 
Appendix II, as many transcriptional regulators 
of the glucose response in β-cells are supposedly 
still unidentified. Here, we used a mass 
spectrometry approach to identify other 
transcriptional regulators of the glucose 
response. This study explores the role of the 
MED1-interactor, Mybbp1a, in INS-1E cells. 
When we combine knockdown experiments with 
genome-wide analysis, our data outline that 
Mybbp1a knockdown leads to changes in the 
glucose response and that Mybbp1a regulates 
glucose-induced proliferation of INS-1E cells. 
Additionally, there is a large group of glucose-
induced enhancers that are dependent on 
Mybbp1a for enhancer activity, and we propose 
that several TFs could drive Mybbp1a-mediated 
mechanisms.  
 

The third study is a characterization of our in-
house developed Ins1CreTRAP mouse model. 
Metabolic phenotyping of Ins1CreTRAP mice 
reveals glucose intolerance and increased β-cell 
proliferation upon short-term HFD feeding. We 
were unfortunately not able to efficiently 
establish the protocol for pulling down β-cell-
specific RNA from the pancreas of 
Ins1CreTRAP mice. Therefore, other strategies, 
based on single-cell technologies, are currently 
being performed to investigate nutritional 
reprogramming in β-cells. 
 
In conclusion, the three studies presented in this 
Ph.D. thesis bring new insights into the 
molecular mechanisms of nutritional 
reprogramming of pancreatic β-cells. This work 
could be a contribution to the continuing efforts 
in elucidating the mechanisms of β-cell 
adaptation during T2D progression.   
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SUMMARY

Glucose is an important inducer of insulin secretion,
but it also stimulates long-term adaptive changes in
gene expression that can either promote or antago-
nize the proliferative potential and function of b cells.
Here, we have generated time-resolved profiles of
enhancer and transcriptional activity in response to
glucose in the INS-1E pancreatic b cell line. Our
data outline a biphasic response with a first tran-
scriptional wave during which metabolic genes are
activated, and a secondwavewhere cell-cycle genes
are activated and b cell identity genes are repressed.
The glucose-sensing transcription factor ChREBP
directly activates first wave enhancers, whereas
repression and activation of second wave enhancers
are indirect. By integrating motif enrichment within
late-regulated enhancers with expression profiles
of the associated transcription factors, we have iden-
tified multiple putative regulators of the second
wave. These include RORg, the activity of which is
important for glucose-induced proliferation of both
INS-1E and primary rat b cells.

INTRODUCTION

Pancreatic b cells play a key role in the regulation of glucose up-

take and metabolism. They respond to a rise in blood glucose by

increasing the secretion of insulin, which in turn increases the

storage and utilization of glucose in peripheral tissues. Type 2

diabetes (T2D) is caused by an inability of the b cells to secrete
Cell Re
This is an open access article under the CC BY-N
sufficient amounts of insulin to meet the demands for nutrient

use and storage. Insulin resistance in liver and peripheral tissues

contributes significantly to this imbalance, but whether insulin

resistant subjects develop hyperglycemia appears to depend

on their ability to expand the b cell mass or capacity in response

to the increased metabolic load. Conversely, b cells of type 2

diabetics respond poorly to a glucose challenge; however, the

etiology of b cell dysfunction in T2D remains controversial. Tradi-

tionally, the deficit in b cell capacity has been ascribed to

increased apoptosis, but recent studies suggest that b cell dedif-

ferentiation plays a dominant role in b cell failure in T2D (Talchai

et al., 2012). Interestingly, during the progression to insulin resis-

tance and T2D, it appears that glucose itself acts both to pro-

mote expansion of b cell mass to meet higher demands of insulin

(Levitt et al., 2011; Lingohr et al., 2002) and as a stressor that can

lead to dysfunction, so-called glucotoxicity (Brun et al., 2015;

Prentki and Nolan, 2006). However, so far the changes in b cell

gene expression underlying these adaptive and pathogenic ef-

fects are far from understood, and genome-wide insight into

transcriptional reprogramming of the b cell genome by glucose

is missing.

Several recent studies have implicated the transcription factor

carbohydrate response element binding protein (ChREBP) in

glucose-induced regulation of b cell gene expression and func-

tion (Boergesen et al., 2011; da Silva Xavier et al., 2006; Metukuri

et al., 2012; Poungvarin et al., 2012). ChREBP is a basic helix-

loop-helix leucine zipper (bHLH-LZ) transcription factor that

exerts its actions by binding to DNA on carbohydrate response

elements (ChoREs) together with another bHLH-LZ protein

called Max-like protein X (Mlx) (Ma et al., 2005). ChREBP senses

glucose by multiple different mechanisms, which vary between

cell types, but most signaling converge onto a glucose sensing

module in the N terminus, the deletion of which renders ChREBP
ports 16, 2359–2372, August 30, 2016 ª 2016 The Author(s). 2359
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constitutively active (Boergesen et al., 2011; Li et al., 2006).

ChREBP has been shown to promote both glucose-induced b

cell proliferation (Metukuri et al., 2012) and dysfunction (Poung-

varin et al., 2012), thereby reflecting the dual effects of glucose

on b cell function. However, while a role for ChREBP at these

and additional functional levels has been demonstrated, only a

few ChREBP target genes are known in b cells, and the mecha-

nistic understanding of these pleiotropic effects of ChREBP is

incomplete.

Here, we have generated time-resolved profiles of the tran-

scriptional response to glucose in INS-1E pancreatic b cells

and used gain- and loss-of-function studies and chromatin

immunoprecipitation sequencing (ChIP-seq) to dissect the role

of ChREBP herein. Our data outline aChREBP-initiated, biphasic

response with acute (1–2 hr) induction of genes involved in

glucose and lipid metabolism and delayed (4–12 hr) induction

of cell-cycle genes along with repression of b cell identity genes.

By integrative bioinformatics analyses, we have identified multi-

ple drivers of the cell-cycle gene program, including RAR-related

orphan receptor (ROR) g, which we demonstrate is a direct

ChREBP target gene important for induction of b cell proliferation

by glucose.

RESULTS

Transcriptional Reprogramming of INS-1E b Cells
following High Glucose Exposure
To map the transcriptional response to high glucose in b cells,

we preincubated INS-1E cells at 5 mM glucose for 24 hr and

performed total RNA-seq following 0, 1, 2, 4, and 12 hr exposure

to 25 mM glucose. Exposure to high glucose for 12 hr led to a

pronounced reprogramming of the INS-1E cell transcriptome

with 2,042 and 1,700 genes significantly induced and repressed,

respectively (FDR % 0.05) (Figure 1A). The INS-1E transcrip-

tome is similar to that of rat pancreatic islets (Figures S1A–

S1C) (Bensellam et al., 2009) compared to other tissues in the

rat body map (Yu et al., 2014) and the glucose-induced changes

in gene expression are comparable between INS-1E cells and

rat pancreatic islets (Figures S1D–S1F) (Bensellam et al.,

2009). Interestingly, genes induced by glucose in INS-1E cells

are also enriched among genes that are expressed to higher

levels in islets from type 2 diabetics compared with islets from

non-diabetic controls, whereas genes repressed by glucose

are enriched among genes that are expressed to lower levels

in diabetic compared with non-diabetic islets (Figures S1G

and S1H).

Pathway analysis revealed that genes induced by glucose

in INS-1E cells are enriched in glucose metabolism and cell-

cycle pathways, whereas genes repressed by glucose among

others are associated with insulin secretion and maturity-onset

diabetes of the young (MODY) (Figure 1B). To investigate

the changes in transcriptional activity underlying the glucose-

induced reprogramming of the b cell transcriptome, we used

our recently developed computational method, iRNA-seq (Mad-

sen et al., 2015). iRNA-seq identifies reads that map uniquely to

introns of each gene and estimates changes in transcription

levels between conditions based on this information. These

changes correlate well with those determined by other methods
2360 Cell Reports 16, 2359–2372, August 30, 2016
for assessment of transcriptional activity (Madsen et al., 2015;

Schmidt et al., 2015). In line with these recent studies, analysis

of intron reads allowed for much better detection of acute

gene regulation by glucose compared with exon reads (Figures

S1I–S1K). We identified in total 5,302 genes that were signifi-

cantly regulated at the primary or mature transcript levels be-

tween 0 hr and one or more of the other time points; and using

fuzzy cluster analysis, these genes were grouped into four clus-

ters based on temporal changes in primary transcript (Figure 1C).

The four clusters display enrichment of distinct metabolic path-

ways with genes acutely induced by high glucose (cluster 1)

being enriched in glucose and steroid metabolism pathways,

whereas cell-cycle genes are enriched in the late-induced clus-

ter (cluster 2), and genes involved in insulin secretion and

MODY are enriched in the late-repressed cluster (cluster 4) (Fig-

ure 1C; Table S1). Consistently, gene cluster 4 displays a higher

overlap with genes expressed specifically in pancreatic islets

(Table S2) (http://www.betacell.org/) compared with constitutive

genes and the three other gene clusters (Figure 1D). Interest-

ingly, acutely induced genes are more likely to also be induced

by glucose in hepatocytes (Ma et al., 2006) than the late-induced

genes that appear to be induced by glucose in a b cell specific

manner (Figure 1E). Collectively, our temporal genome-wide

analysis of the transcriptional response to glucose in pancreatic

b cells reveals a biphasic transcriptional response leading to

acute induction of genes involved in glucose and lipid meta-

bolism, delayed activation of proliferative genes, and delayed

repression of genes involved in b cell function.

ChREBP Is a Central Mediator of Glucose-Induced
Transcriptional Reprogramming in b Cells
To investigate the role of ChREBP in the global transcriptional re-

programming of b cells by glucose, we transduced INS-1E cells

with an adenovirus expressing an N-terminally truncated consti-

tutive active ChREBP (Ad-CA-ChREBP) (Boergesen et al., 2011)

or GFP (Ad-GFP) as a control. Notably, analysis of total RNA-seq

data from Ad-CA-ChREBP and Ad-GFP transduced INS-1E re-

vealed that CA-ChREBP is capable of regulating the majority of

the glucose-regulated genes in b cells (Figures 2A and 2B)

including genes involved in cell proliferation and MODY/insulin

secretion (Figures 2C and 2D). Next, we transfected INS-1E cells

with small interfering (si)RNA targeting ChREBP (siChREBP) or a

negative control (siControl), resulting in robust knock down

of ChREBP, and decreased glucose-induction of well-known

ChREBP target genes such as Pklr and Gpd1 (Figures S2A and

S2B). mRNA-seq profiling of the response to 12 hr of high

glucose in siChREBP- and siControl-cells revealed that ChREBP

depletion efficiently blunts the regulation of gene programs by

glucose (Figures 2E, 2F, and S2C). Collectively, these data place

ChREBP as a key regulator of glucose-induced transcriptional

reprogramming of b cells.

Glucose Induces Reprogramming of Enhancer Activity
and Architecture
To investigate the transcriptional mechanisms underlying re-

programming of the b cell transcriptome by glucose, we first

determined the effects of 2 and 12 hr glucose exposure on

enhancer activity in INS-1E cells. Using mediator complex

http://www.betacell.org/


Figure 1. High Glucose Induces Biphasic Transcriptional Changes in INS-1E b Cells

Following 24 hr preincubation in 5mMglucosemedium, INS-1E cells were switched to fresh 5mMmedium, and 25mMglucose was added for 1, 2, 4, and 12 hr in

a reverse time course before simultaneous harvest of all samples for total RNA-seq. Changes in mRNA expression and transcriptional activity were determined

using the iRNA-seq pipeline.

(A) MA-plot plot showing mean expression level versus log2 fold change (induced by 12 hr high glucose exposure) in tag count within exons of Ensembl gene

bodies. The green and red dots represent genes that were determined to be induced and repressed, respectively (FDR % 0.05).

(B) Heatmap representing -log10(p value) for the top enriched pathways for genes induced and repressed by high glucose (12 hr versus 0 hr).

(C) Fuzzy cluster analysis of the temporal changes in transcriptional activity (intron reads) of all genes with dynamic expression pattern (i.e., with difference

[FDR% 0.05] between 0 hr and any time point at either nascent or mature transcript level). The top three enriched pathways and gene examples are listed for each

cluster.

(D and E) Bar diagrams illustrating the significance in a one-tailed chi-square test of the overlap between the four gene clusters defined in (C) and lists of islet-

specific genes (D) and a list of genes induced by glucose in primary hepatocytes (E) compared with the overlap between the different lists and constitutive genes.

(E: cluster 1 versus cluster 2: p = 0.003).
subunit 1 (MED1) ChIP-seq as a surrogate for enhancer activity

(Heintzman et al., 2009), we identified in total 20,632 putative en-

hancers with a significant change in activity between the 0 hr and

the 2 and/or 12 hr time points (Figures S3A and S3B). Using fuzzy

cluster analysis, we grouped these regions into six clusters with

distinct glucose-induced temporal changes in enhancer activity

(Figure 3A). For all enhancer clusters, we found that glucose-

induced changes inMED1 occupancy are associated with corre-

sponding changes in enhancer RNA (eRNA) transcription (Kim

et al., 2010) and in chromatin accessibility, as assessed by

DNase I hypersensitive sites (DNase-) seq (Crawford et al.,

2006) (Figures 3B and S3C–S3F). Importantly, MED1 clusters

are enriched in the vicinity of genes that are regulated in a similar
temporal manner (Figure 3C), as illustrated for the acutely acti-

vated Pklr gene (Figure 3D).

ChREBP Is Acutely and Fully Activated by Glucose and
Primarily Associates with Acutely Activated Enhancers
To further investigate the mechanisms by which ChREBP medi-

ates glucose-induced enhancer and gene reprogramming in b

cells, we performed ChREBP ChIP-seq in INS-1E cells exposed

to high glucose for 0, 2, and 12 hr and identified in total 74,967

ChREBP binding sites (Figure 3E). De novo motif discovery

performed on the top 5,000 ChREBP sites identified a degen-

erate CACGTGn5CACGTG ChoRE resembling those previously

discovered by others (Figure 3F) (Jeong et al., 2011; Ma et al.,
Cell Reports 16, 2359–2372, August 30, 2016 2361
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Figure 2. ChREBP Is a Central Mediator of Glucose-Induced Transcriptional Reprogramming in b Cells
(A–D) INS-1E cells were preincubated with 5 mM glucose for 24 hr and subsequently transduced with equal titers of adenovirus expressing constitutive active

ChREBP (CA-ChREBP) or GFP as control. After 2 hr, medium was replaced with fresh 5 mM medium, and INS-1E cells were harvested for total RNA-seq 12 hr

later.

(A) Density plot illustrating the correlation between expression fold-change (mRNA) induced by 25mMglucose (Figure 1) and CA-ChREBP. The red line shows the

linear regression (Pearson).

(B and C) Boxplots illustrating expression fold change (mRNA) induced by 25 mM glucose (purple) and CA-ChREBP (blue) for genes in each of the four gene

clusters defined in Figure 1C (B) and for glucose-regulated genes in the cell-cycle pathways (C, left) andMODY/insulin secretion (IS) pathways (C, right) (*p < 2.23

10�16, Wilcoxon rank-sum test relative to 0).

(D) Heatmaps illustrating expression fold change (mRNA) induced by 2 hr glucose, 12 hr glucose, and CA-ChREBP for the top 20 glucose-regulated genes in the

cell-cycle pathways (D, left) and MODY/insulin secretion (IS) pathways (D, right).

(E and F) INS-1E cells were transfectedwith siRNAs targeting ChREBP (siChREBP, red) or a negative control (siControl, purple) and 2 days later preincubated with

5 mM glucose for 24 hr and subsequently treated with 5 mM or 25 mM glucose for 12 hr before harvest of RNA for mRNA-seq. The boxplots illustrate expression

fold change (mRNA) for genes induced by high glucose in siControl and siChREBP transfected cells for each of the four gene clusters defined in Figure 1C (E) and

for glucose-regulated genes in the cell cycle pathways (F, left) and MODY/insulin secretion (IS) pathways (F, right) (#p < 2.2 3 10�16, Wilcoxon rank-sum test).
2006; Poungvarin et al., 2015). A series of electrophoretic

mobility shift and reporter assay studies by the Towle laboratory

have indicated that whereas ChREBP is capable of binding to

perfect single E-boxes as a heterodimer with Mlx, transcriptional

activation by glucose requires binding as a heterotetramer to the

full ChoRE (Ma et al., 2005, 2007; Stoeckman et al., 2004). The
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combination of ChREBP and MED1 ChIP-seq data allowed us

to reinvestigate this in a natural chromatin context by computa-

tional mutation analysis. Specifically, we identified the best

possible match to a perfect ChoRE in each ChREBP site, divided

ChREBP sites into groups based on the number of mismatches

to each E-Box (Figure S3G), and calculated average ChREBP



binding and glucose-induced change in MED1 binding for each

of these groups. These analyses confirmed in a natural chro-

matin context and at the genome-wide level that given a perfect

CACGTG E-box, ChREBP binding is largely independent of the

number of mismatches in the second E-Box, whereas glucose-

induced enhancer activation is highly sensitive to these mis-

matches (Figures 3G and S3H). Notably, our analyses did not

support the previously reported role of ChREBP as a transcrip-

tional repressor when binding to a single E-box (Cairo et al.,

2001), since none of the groups displayed an overall loss of

MED1 following glucose exposure.

Importantly, the ChIP-seq profiles also revealed that ChREBP

binding is fully activated already following 2 hr of glucose expo-

sure (Figures 3E and 3H), indicating that ChREBP is primarily

involved in the first phase response to glucose. In line with this,

ChREBP binding is primarily enriched within early-activated en-

hancers (Figures 3I and S3I) and in the vicinity of genes acutely

induced by glucose (Figures 3J and S3J). Consistent with the re-

sults in Figure 3C, these analyses do not support a major global

role of ChREBP as a transcriptional repressor, as ChREBP bind-

ing is not enriched at any of the glucose-repressed enhancer

groups or near glucose-repressed genes (Figures 3I, 3J, S3I,

and S3J). These results place ChREBP as a master regulator

of primarily the first phase activation of genes in response to

glucose and indicate that the late induction of, e.g., cell-cycle

genes involves ChREBP-mediated induction of secondary

transcription factors.

Integrated Motif and Expression Analysis Identifies
Potential Regulators of b Cell Proliferation
To identify transcription factors involved in the second phase b

cell response to glucose, we analyzed the DNA sequences un-

derlying late regulated enhancers. General issues with such

analyses are: (1) the bias imposed by the limited number of tran-

scription factor motifs available in the database associated with

the motif tool of choice; (2) the redundancy between transcrip-

tion factors in binding motif; (3) choosing an appropriate motif

threshold; and (4) identifying the biologically relevant hits from

a rather large number of enrichedmotifs. To overcome these lim-

itations, we curated and annotated several publically available

motif databases and used a variable threshold approach to iden-

tify enriched motifs, which were subsequently systematically

filtered based on the absolute and glucose-induced change in

expression of the matching transcription factors (see Supple-

mental Information). Using this approach, we identified 234 mo-

tifs enriched within late repressed enhancers (cluster 6) and 52

motifs enriched in late activated enhancers (cluster 3) compared

with both constitutive enhancers and randomly shuffled control

regions (Figure 4A). A matching transcription factor was ex-

pressed (pr. kb R 1) at any given time point for 47 and 28 of

the motifs enriched within late repressed and activated en-

hancers, respectively. Reassuringly, the expression of transcrip-

tion factors with motifs that are enriched within late repressed

enhancers is generally repressed by glucose, whereas the

expression of transcription factors with motifs that display

enrichment in late activated enhancers is predominantly induced

by glucose (Figure 4B) (Table S3). Notably, we identified 19 po-

tential transcriptional activators of the late repressed enhancers,
whose expression is also significantly downregulated by glucose

and several of these are well known regulators of b cell identity

and function (Aguayo-Mazzucato et al., 2013; Ait-Lounis et al.,

2010; Barbagallo et al., 2014; Doyle and Sussel, 2007; Harrison

et al., 1999; Heit et al., 2006; Holland et al., 2005; Jackerott

et al., 2006; Kitamura, 2013; Moore et al., 2011; Ohta et al.,

2011; Zitzer et al., 2006) (Figures 4B and 4C). In the same

manner, we identified 13 potential activators of the late-induced

enhancers, of which we chose five top candidates for further

investigation based on their fold induction by glucose and their

temporal profile of transcriptional activation (cluster 1) (Fig-

ure 4B). Interestingly, knock down of four out of five of these fac-

tors significantly reduced the induction of cell-cycle genes by

glucose as determined by mRNA-seq (Figure 4D). This further

supports a role of these glucose-induced transcription factors

in mediating ChREBP-induced b cell proliferation. Notably,

knock down of one of the four factors had limited if any effect

on expression of the other factors (Figures S4A–S4D), indicating

that these factors play relatively independent roles in the cell-

cycle gene program. The fact that siBHLHE40 does not affect

cell-cycle gene expression may be due to the poor knockdown

efficiency of this siRNA pool (Figure S4E).

RORg Is a Direct ChREBP Target Involved in
Glucose-Induced b Cell Proliferation
Besides MYCN, which is a well-known regulator of cell prolifera-

tion (Bell et al., 2010), depletion of the nuclear receptor RORg

displayed the largest impact on glucose induction of cell-cycle

genes. RORg is a diurnal regulator with well-defined functions

in liver and adipose tissues that appear to promote insulin resis-

tance in mice fed an obesogenic diet (Meissburger et al., 2011;

Takeda et al., 2014); however, little is known about the function

of RORg in b cells. Interestingly, we observed a prominent

glucose-activated, ChREBP-bound enhancer 1 kb upstream of

the promoter of the Rorc gene (Figure 5A) and this enhancer is

also conserved in human pancreatic islets (Encode, 2012) and

in isolated human primary b cells (Ackermann et al., 2016) (Fig-

ure 5B). The Rorc �1 kb enhancer contains several putative

ChoREs that are highly conserved in the mouse and human ge-

nomes (Figures 5C, 5D, S5A, and S5B), suggesting that activa-

tion ofRorc expression by ChREBP involves cooperative binding

to multiple ChoREs within this enhancer. Consistent with Rorc

being a direct target gene of ChREBP, ChREBP depletion signif-

icantly blunts glucose induction of nascent Rorc transcript after

both 2 hr and 12 hr (Figure 5E). The acute induction of nascent

Rorc transcript levels by glucose is followed by accumulation

of the mature mRNA of Rorc and in a further delayed manner

of RORg protein levels (Figures 5F and S5C), consistent with a

role of RORg in late gene regulation by glucose. The induction

of Rorc expression by glucose is also observed in human

pancreatic islets cultured ex vivo (Figures 5G and S5D).

Interestingly, further analyses of the mRNA-seq data obtained

from siRORg- and siControl-transfected INS-1E cells suggests a

selective role of RORg in activation of the late glucose-induced

gene program including cell-cycle genes (Figures 6A and 6B).

Transfection with siRORg reduced RORg protein levels by

80% (Figure S5C) and did not affect mRNA levels of Rora or

Rorb (Figure S6). Importantly, the glucose-induced proliferation
Cell Reports 16, 2359–2372, August 30, 2016 2363



(legend on next page)

2364 Cell Reports 16, 2359–2372, August 30, 2016



rate of INS-1E b cells, assessed by bromodeoxyuridine (BrdU)

incorporation, is significantly decreased in siRORg-transfected

cells (Figure 6C), and to test the relevance of this finding in pri-

mary b cells, we cultured isolated rat pancreatic islets for 48 hr

in the presence of 5 or 20 mM glucose in combination with the

RORg antagonist SR2211 or DMSO. Indeed, SR2211 treatment

significantly reduced glucose-induced b cell proliferation in rat

islets as assessed by 5-ethynyl-20-deoxyuridine (EdU) incorpo-

ration (Figures 6D and 6E). Taken together, these data support

an important role for ChREBP-mediated induction of RORg

expression in the induction of b cell proliferation by glucose.

DISCUSSION

Glucose has profound long-term effects on b cell function that

can lead to both increased proliferative potential and compro-

mised b cell function. These adaptive changes have been re-

ported to involve several different transcription factors including

ChREBP; however, the molecular mechanisms underlying the

pleiotropic effects of glucose and ChREBP are not well under-

stood. Here, we profile changes in enhancer and transcriptional

activity in response to glucose in pancreatic b cells, and we use

these data to define a central role for ChREBP as initiator of

the response and to identify transcription factors (TFs) acting

downstream of ChRBEP. In particular, we identify RORg as a

ChREBP-induced regulator of b cell proliferation.

Similar to previous studies on the role of ChREBP in regulation

of b cell proliferation and function (Metukuri et al., 2012; Poung-

varin et al., 2012), we treated INS-1E cells with 25 mM glucose

for up to 12 hr following preincubation at 5 mM glucose. This

setup allows for detailed temporal analyses to dissect the tran-

scriptional networks involved in establishing and/or acting in a

situation of chronically elevated glucose levels. While the setup

is not directly comparable to the more modest increase in blood

glucose levels observed in diabetics that occurs progressively

over much longer periods, the genes regulated by glucose in
Figure 3. MED1 and ChREBP ChIP-Seq in Glucose Stimulated INS-1E

Following 24 hr preincubation in 5 mM glucose medium, INS-1E cells were switch

reverse time course before harvest of all samples for ChIP-seq or DNase-seq at

(A) Fuzzy cluster analysis of the temporal changes in enhancer activity, as ass

difference [FDR% 0.05] between 5 mM glucose and 2 or 12 hr of stimulation wit

(B) Heatmaps illustrating average MED1 signal, DNase I accessibility, and eRNA

treated with high glucose for 0, 2, or 12 hr.

(C) Heatmap illustrating location of enhancer clusters defined in (A) relative to the g

clusters within 50 kb of the transcription start site (TSS) of genes in the four gene

genes.

(D) UCSC Genome Browser screenshots of MED1- and DNase I signal at the ge

(E) Heatmap showing ChREBP binding intensity in a 4 kb window around the c

(25 mM) for 0, 2, and 12 hr.

(F) Motif identified by de novomotif analysis of the top 5,000 identified ChREBP bin

Ma et al. (2006), Jeong et al. (2011), and Poungvarin et al. (2015) (below) are sho

(G) Heatmaps representing motif dependency for ChREBP binding and enhancer

on the number of mismatches of the best possible ChoRE half site in each site

binding intensity (G, top) and log2 fold change in MED1 occupancy in response to

group of binding sites.

(H) Violin plot representing fold change in ChREBP binding in response to 25 mM

(I) Boxplots illustrating ChREBP occupancy (2 hr) at glucose-regulated enhancer

(J) Boxplots representing summarized ChREBP occupancies (2 hr) at all ChREBP

in Figure 1C. The indicated p values were calculated using the Wilcoxon rank-su
INS-1E cells tend to be also differentially expressed in a similar

manner in islets from type 2 diabetic subjects relative to islets

from healthy control subjects. This indicates that the glucose-

treated INS-1E cells recapitulate at least some features of dia-

betic islets.

Our time-resolved profiles of changes in transcription and

enhancer activity show that the response to glucose is biphasic.

Genes involved in glucose and lipid metabolism are acutely acti-

vated in a first wave, which is followed by a second wave during

which cell-cycle genes are activated and b cell identity genes are

repressed.We demonstrate by gain- and loss-of-function exper-

iments that ChREBP is involved in both gene activation and

repression of genes in both waves, which is in line with recent

studies that have implicated ChREBP in both the proliferative

(Metukuri et al., 2012) and toxic (Poungvarin et al., 2012) effects

of glucose on pancreatic b cells. However, our genome-wide an-

alyses show that ChREBP binding is primarily associated with

enhancers that are activated in the first wave, indicating that acti-

vation of the second wave enhancers as well as repression by

ChREBP is mostly indirect. ChREBP has previously been re-

ported to have repressor function (Boergesen et al., 2011; Cairo

et al., 2001); however, the fact that ChREBP is not enriched at

repressed enhancers in glucose-stimulated INS-1E cells does

not support a major global role of ChREBP as a transcriptional

repressor in the classical sense in this system. We consider it

likely that acute repression occurs by cofactor redistribution as

demonstrated for nuclear receptors and NFkB (Schmidt et al.,

2016), but further experiments are needed to rule out contribu-

tions from alternative mechanisms such as deactivation of other

TFs by high glucose.

Given the biphasic repression of gene expression, it is likely

that decreased expression/activity of transcriptional activators

acutely repressed by glucose over time leads to second wave

repression. The strength in profiling enhancer activity is that we

can predict TFs involved in the various phases of the response

by bioinformatic analysis of motif enrichment within specific
b Cells

ed to fresh 5 mMmedium and 25mM glucose was added for 0, 2, and 12 hr in a

the same time.

essed by MED1 read counts, of all dynamic enhancers (i.e., enhancers with

h 25 mM glucose).

levels for the six different MED1 clusters of regulated enhancer in INS-1E cells

ene clusters defined in Figure 1C. The enrichment of the six different enhancer

clusters is plotted relative to the number of enhancers found near constitutive

ne locus of a typical cluster 1 gene Pklr.

enter of all identified ChREBP sites in INS-1E cells treated with high glucose

ding sites (top). The ChREBP bindingmotifs identified in three different studies:

wn.

activation by glucose. All identified ChREBP binding sites were grouped based

compared with a perfect ChoRE. See also Figure S3G. The average ChREBP

2 hr exposure to high (25 mM) glucose (G, bottom) were determined for each

glucose exposure for 2 versus 0 hr (H, left) and 12 versus 2 hr (H, right) of.

clusters defined in (A).

binding sites within 50 kb of the TSS of glucose-regulated gene clusters defined

m test.
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Figure 4. Identification of Potential Second Wave Regulators by Integrated Motif and Expression Analysis

(A) Heatmap representing motifs enriched within late repressed (cluster 6, red) or activated (cluster 3, green) enhancers as defined in Figure 3A.

(B) Heatmap illustrating fold change in expression (mRNA, 12 versus 0 hr) for TFs with enriched motifs in late repressed (B, top) or late activated (B, bottom)

enhancers. TFs whose expression is significantly regulated by glucose in the same direction as the activity of the enhancer cluster in which their motif is enriched

are listed. The listed TFs are color coded according to the temporal profile of their primary transcript levels as defined in Figure 1C.

(C) Table listing potential activators of late repressed enhancers with known regulatory roles of b cell gene expression, identity, and function.

(D) INS-1E cells were transfected with a negative control siRNA (siControl, dark purple) and siRNAs targeting five potential activators of the second wave en-

hancers activated by glucose identified in (A) and (B) (light purple). 2 days later, cells were preincubatedwith 5mMglucose for 24 hr and subsequently treatedwith

5 mM or 25mM glucose for 12 hr before harvest of RNA for mRNA-seq. The boxplot illustrates expression fold change (mRNA) induced by glucose in control and

knockdown cells for glucose-activated genes in the cell-cycle pathway (*p < 2.2 3 10�16, Wilcoxon rank-sum test relative to siControl).
enhancer clusters. In this work, we have used an approach that

integrates motif enrichment with expression profiles of the corre-

sponding TFs, thereby improving the prediction of TFs involved

in changing enhancer activity. The approach relies on the fact

that most mammalian TFs act to promote transcription at their

binding sites (Hurst et al., 2014) and identifies factors whose

mRNA expression is regulated congruently with the activity of

the temporal cluster of enhancers in which the corresponding

motif is enriched. The approach does not take changes in TF ac-

tivity by posttranslational modifications into consideration, but

focuses onmRNA expression of the TF as an estimate of activity.
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Thus, the approach is particularly useful for identifying regulators

of the second wave transcriptional response, because these are

likely to be transcriptionally modulated by the first wave TFs. By

this approach, we could reduce a list of 234 TF with motifs en-

riched within late repressed enhancers to a set of 18 potential

transcriptional regulators of the late repressed enhancers whose

expression is also significantly downregulated by glucose.

Interestingly, and as a validation of our approach, the potential

regulators of late repressed enhancers include well-known reg-

ulators of b cell identity like PDX1 (Holland et al., 2005) and

NKX2-2 (Doyle and Sussel, 2007). Among the acutely repressed



Figure 5. RORg Is a ChREBPTarget inbCells

(A) UCSC Genome Browser screenshots of MED1-

and ChREBP-occupancy at the Rorc locus in INS-

1E cells treated with 25 mM glucose for 0 hr, 2 hr,

and 12 hr. The gray bar marks the identified

ChREBP-bound Rorc �1 kb enhancer.

(B) UCSC Genome Browser screenshots displaying

DNase-seq signal at the RORC locus in human

pancreatic islets (Encode, 2012) (B, top) and ATAC-

seq signal in isolated primary human b cells (Ac-

kermann et al., 2016) (B, bottom). The gray bars

mark the orthologous region corresponding to the

rat Rorc �1 kb enhancer.

(C) Sequence of the central rat Rorc �1 kb

enhancer. The three non-overlapping putative

ChoREs (2, 5, and 7) with the highest predicted

combined activity are depicted. See also Figures

S5A and S5B.

(D) Conservation and predicted activities of

ChoRE2, ChoRE5, and ChoRE7 in the mouse and

human genomes. The activities were predicted

based on the number of mismatches to the primary

and secondary E-box as described in Figures 3G,

S3G, and S3H. See also Figure S5B. The bars

indicate mean and 95% confidence intervals of

glucose activation (log2 fold change [MED1 2 hr /

MED1 0 hr]).

(E) Bar diagram showing nascent Rorc transcript

levels in siChREBP or siControl transfected cells

treated with high glucose for 0, 2, or 12 hr.

(F) Nascent (light gray) and mature (dark gray)

transcript levels of Rorc and protein levels of RORg

(black) in INS-1E cells treated with 25 mM glucose

for 0, 1, 2, 4, and 12 hr. The percentages relative to

the level at 12 hr are plotted.

(G) Dot blots representing glucose-induced log2
fold changes from all six individual donors in the

three studies analyzed in Figure S5D. The squares

represent (Brun et al., 2015) (Figure S5D, left), the

circles represent (Bagge et al., 2012) (Figure S5D,

center), the triangle represents (Boergesen et al.,

2011) (Figure S5D, right), and the black bar repre-

sents the average of all samples. The indicated

p value was calculated using a one-tailed Student’s

t test.
factors, RFX3 and FOXO1 are particularly interesting, as RFX3 is

required for proper b cell differentiation and function (Ait-Lounis

et al., 2010), and b cell specific FOXO1 ablation in mice leads to

increased susceptibility to b cell dedifferentiation by metabolic

stress (Talchai et al., 2012). As several of the identified TFs are

known to regulate the expression of each other, we further
Cell Re
hypothesize that the acute repression of

TFs like RFX3 and FOXO1 initiates an

amplifying feedforward mechanism even-

tually leading to the delayed full repression

of b cell identity genes including genes

in the MODY and insulin secretion path-

ways. Importantly, from these analyses,

several potential regulators of b cell iden-

tity emerge, including HMX1, HOXC13,

and BARHL1. The role of these in b cell
development, function, and dedifferentiation should be further

investigated.

Similarly, the rapid induction of ChREBP binding and the

limited enrichment hereof at late-activated enhancers, indicate

that ChREBP mediate the late effects of glucose through induc-

tion of secondary transcriptional regulators, the accumulation of
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Figure 6. RORg Is Required for Glucose-

Induced b Cell Proliferation

(A) Bar diagram illustrating the overlap between

RORg-dependent genes and the four gene clus-

ters defined in Figure 1C. RORg dependent genes

were defined by a one-sided Student’s t test be-

tween log2 fold changes in siControl and siRORg

and the significance in a one-sided chi-square

test of the overlap between the list of RORg-

dependent genes and the four gene clusters

defined in Figure 1C compared with constitutive

genes was calculated.

(B) Heatmap illustrating pathway enrichment of

genes differentially regulated in siRORg- versus

siControl-transfected cells.

(C) Bar diagram representing proliferation of INS-

1E cells in siControl- and siRORg-transfected

cells. The cells were transfected with siRNA and

48 hr later preincubated in 5 mM glucose for 24 hr

followed by 24 hr exposure to 5 or 25mMglucose.

BrdU was added 6 hr prior to harvest and subse-

quently quantified by ELISA. The bars represent

mean and SEM of three independent experiments.

(D and E) Pancreatic islets isolated from adult rats

were seeded onto coverslips and cultured for

48 hr in 5 or 20 mM glucose medium supple-

mented with RORg antagonist SR2211 (20 mM) or

DMSO, and b cell proliferation was assessed by

EdU incorporation.

(D) Representative immunocytochemical staining

of rat pancreatic islets cultured with glucose and

SR2211 as indicated and stained for EdU (red),

insulin (green), and DNA/Hoechst (blue).

(E) Bar diagrams representing the fractions of

EdU+/Ins+ positive cells in pancreatic islets

cultured with glucose and SR2211 as indicated.

The bars represent mean and SEM of 3–4 inde-

pendent biological experiments. The indicated

p values were calculated using a one-tailed Stu-

dent’s t test (C and E).
which results in activation of the second wave gene program.

Interestingly, the Scott laboratory recently showed that induction

of ChREBPb, a truncated constitutive active isoform of ChREBP

which is induced by ChREBP itself (Herman et al., 2012), is

required for glucose-induced b cell proliferation (Zhang et al.,

2015). The finding that ChREBPb is a ChREBPa target gene sug-

gests that it could activate second wave enhancers; however,

since ChREBP binding sites are not enriched in these enhancers,

we consider it more likely that ChREBPb amplifies the ChREBPa

activity in the first wave enhancers. By applying our integrative

approach to late activated enhancers, we identified 53 enriched

motifs for which 13 of the corresponding TFs are transcriptionally

activated by glucose. Whereas the function and role of multiple

of the potential regulators of late repressed enhancers and b

cell identity genes are well characterized, the potential of the

identified late activators have not been described in the context

of b cell proliferation. Furthermore, with MYCN as the exception,

little is known about the role of these factors in cell proliferation in

general. We therefore investigated these factors by siRNA-medi-

ated knockdown and confirmed a role for MYCN, ATF4, GATA4,

and RORg in the induction of cell-cycle genes by glucose in

INS-1E b cells. We propose that these ChREBP-induced factors
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cooperate to mediate the full induction of cell-cycle genes and b

cell proliferation by glucose. Further investigations of these

ChREBP-induced secondary regulators of b cell proliferation

may outline opportunities for specific modulation of b cell prolif-

eration in T2D therapy.

We chose to focus on the nuclear receptor RORg for further

investigations, and we demonstrated that the Rorc gene

encoding RORg is a direct target of ChREBP and acutely

activated by glucose. Further analyses of RNA-seq data

from RORg-depleted cells indicated that RORg is selectively

involved in regulation of the late induced gene program,

including cell-cycle genes, by glucose. Importantly, RORg ac-

tivity is required for full glucose-induced proliferation of both

INS-1E cells and b cells within primary rat islets cultured

ex vivo, further indicating a positive role of RORg in b cell adap-

tation in response to metabolic stress. Such a role may seem

contradictory to the phenotype of RORg�/� mice, which

exhibit improved insulin sensitivity and glucose tolerance on a

high fat diet (Meissburger et al., 2011; Takeda et al., 2014);

however, these effects appear to be due to RORg action in ad-

ipose tissue (Meissburger et al., 2011) and liver (Takeda et al.,

2014). Future studies should investigate the b cell-specific role



Figure 7. Model of Glucose-Induced, ChREBP-Mediated Reprogramming of the b Cell Enhancer and Gene Landscape

Following glucose treatment, ChREBP activates genes encoding metabolic enzymes and induces the expression of a set of transcriptional regulators including

RORg, the accumulation of which results in induction of the cell-cycle gene program. Additionally, and possibly by ChREBP-mediated cofactor redistribution,

glucose treatment acutely leads to repression of genes encoding transcriptional regulators like RFX3 and FOXO1, the downregulation of which may facilitate the

delayed repression of b cell identity genes.
of RORg in response to metabolic stress and explore the ability

of RORg agonists to promote b cell proliferation in vivo. From

a therapeutic perspective, it is promising that short term admin-

istration of a dual RORa/g agonist was recently shown to

improve glucose tolerance in mice, although this was sug-

gested to be facilitated by a RORa-mediated increase in insulin

expression (Kuang et al., 2014). Conversely, potential unde-

sired effects of RORg antagonists on b cell proliferation should

be considered when exploring the use of these antagonists as

potential insulin-sensitizing drugs due to their inhibition of

RORg in liver and adipose tissue. It will also be important to

define the mechanism of RORg action including the identifica-

tion of the direct target genes of RORg and to determine the

importance of crosstalk with the other cell-cycle regulators

induced by glucose.

In conclusion, our work shows that high glucose leads to a

biphasic change in gene expression in INS-1E cells, where

cell-cycle genes are activated, and b cell genes are repressed

in the second wave (Figure 7). ChREBP acts as a master regu-

lator of the transcriptional response to glucose, but is primarily

directly associated with enhancers activated in the first wave,

whereas enhancers activated in the second wave appear to

be activated by ChREBP-induced TFs. These include RORg,

which we identify as a regulator of glucose-induced b cell

proliferation.

EXPERIMENTAL PROCEDURES

Cell Cultures

The INS-1E cell line (Merglen et al., 2004) was cultured as previously described

(Boergesen et al., 2011) and used between passage numbers 60 and 90. Prior

to exposure to high (25 mM) glucose, cells were preincubated with 5 mM

glucose medium for 24 hr. Time course experiments were performed in a
reverse manner, i.e., medium was changed on all cells at time point 0 hr,

whereafter 25 mM glucose was added to the medium at consecutive time

points and all cells were harvested at the 12 hr time point.

Pancreatic islets were isolated from adult rats (8- to 10-week-old

Sprague-Dawley) by collagenase infusion via the common bile duct as pre-

viously described (Roeske-Nielsen et al., 2010). For proliferation experi-

ments, islets were cultured for 72 hr in RPMI 1640 supplemented with

10% FCS and 1% penicillin-streptomycin with media change daily, before

seeding overnight onto Matrigel-coated (Corning) coverslips (10–30 islets

per coverslip) in RPMI 1640 supplemented with 2% pooled human serum

(MP Cellect) and 1% penicillin-streptomycin. The care of rats was within

Institutional Animal Care and Use Committee (IACUC) guidelines. Analysis

of RORC expression in human islets in Figures 5G and S5D was performed

on material previously collected, and detailed information on isolation,

culture, and treatment of human islets for the experiments can be found

in (Bagge et al., 2012; Boergesen et al., 2011; Brun et al., 2015). The

use of human tissue for research was approved by the local ethical

committees.

RNA Extraction, cDNA Synthesis, and Quantitative Real-Time PCR

Following Isol-RNA lysis Reagent (5-Prime) extraction and EconoSpin (Epoc

Life) column purification of total RNA, cDNA synthesis, and quantitative real-

time PCR (qPCR) were performed as previously described (Boergesen et al.,

2011). Sequences of primers used for qPCR are available in Table S4.

RNA-Seq

For total RNA-seq, contaminant genomic DNAwas removed from purified total

RNA by TURBO DNase digestion (Life Technologies), and rRNAs were

removed using the Ribo-Zero Human/Mouse/Rat kit (Epicenter). For mRNA-

seq, 1 mg total RNA was incubated with poly-dT beads to isolate polyadeny-

lated RNA. RNA fragmentation and cDNA synthesis was performed according

to the manufacturer’s instructions (TruSeq 2, Illumina).

ChIP-Seq

ChIP experiments were performed according to standard protocol as

described (Siersbæk et al., 2012). Antibodies used were ChREBP (NB400-

135, Novus Biologicals) and MED1 (M-255, sc-8998, Santa Cruz).
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DNase-Seq

DNase-seq was performed on �10 million nuclei essentially as previously

described (Siersbæk et al., 2011).

Library Construction and Sequencing

RNA-, DNase-, and ChIP-seq libraries were constructed using PentAdapters

(Pentabase) essentially as described in Nielsen and Mandrup (2014).

Sequencing was performed on the Illumina HiSeq 1500 platform.

Adenoviral Transduction

The CA-ChREBP adenovirus used was generated and produced as previ-

ously described (Boergesen et al., 2011). INS-1E cells were preincubated

for 24 hr, incubated with equal titers of CA-ChREBP or GFP control adeno-

virus for 2 hr, and incubated with 5 mM glucose for 12 hr before harvest

of RNA.

siRNA-Mediated Knockdown

At 1 day prior to transfection, INS-1E cells were seeded in antibiotic-free cul-

ture medium at a density of 800,000 cells/cm2. A transfection mix (750 nM

siRNA [Sigma-Aldrich] and 5% v/v DharmaFECT [Thermo]) prepared in serum-

and antibiotic-free OptiMEM media (Gibco) was added to the cells in a 1:5 ra-

tio. The following day, the media was changed to standard RPMI, and the cells

were incubated for 2 days prior to any experiment. Oligo sequences are avail-

able in Table S4.

Western Blotting and ECL Detection

Whole cell extracts were prepared in SDS-containing buffer and subjected

to western blotting as previously described (Nielsen et al., 2006). The

following primary antibodies were used: anti-ChREBP (sc-21189, Santa

Cruz Biotechnology) and anti-RORg (MAB6109; R&D systems). Anti-

HSP90 (sc-7947, Santa-Cruz Biotechnology) or anti-TFIIB (sc-225, Santa

Cruz Biotechnology) was included as loading controls. The following sec-

ondary antibodies were used: anti-rabbit IgG (P0399, Dako) and anti-

mouse IgG (P0447, DAKO). Densitometry was used to quantify protein

expression.

Cell Proliferation Assays

Proliferation of INS-1E cells was determined by BrdU incorporation. Briefly,

cells were preincubated for 24 hr in 5mMglucosemedium and then stimulated

with either 5 mM glucose or 25 mM glucose for 24 hr. BrdU was added to the

medium for the last 6 hr before the cells were fixed. Following DNA denatur-

ation, the amount of BrdU incorporation was assessed immunochemically

as described in the manufacturer’s (Millipore) protocol.

Proliferation of primary rat b cells was assessed by EdU-incorporation in

intact rat pancreatic cultured ex vivo essentially as described in Bruun et al.

(2014). For investigation of glucose-stimulated b cell proliferation, medium

was changed to either 5 mM or 20 mM glucose medium supplemented with

20 mM SR2211 (Millipore) or DMSO for 48 hr. EdU was supplemented to all

conditions for the full 48 hr at a concentration of 10 mM (Click-IT EdU, Invitro-

gen). Following stimulation, islets were fixed in 4%paraformaldehyde, washed

in PBS, and permeabilized in 17%DMSObefore EdU detection and stained for

insulin using guinea pig anti-insulin (Ab7842, Abcam) followed by visualization

using Dylight488 conjugated goat-anti-guinea pig (Ab102374, Abcam).

Hoechst 33342 was used for nuclear counterstaining. z stack images were

captured by confocal microscopy (Zeiss LSM 510) and counted using Fiji

(http://www.fiji.sc/). A minimum of 3,500 Ins+ cells were counted in total per

condition.

Additional Data Sets

The following publically available data sets were used in this work: RNA-seq

data from the rat body map (Yu et al., 2014) (GEO: GSE53960), microarray

data from glucose treatment of rat pancreatic islets (Bensellam et al., 2009)

(GEO: GSE12817), microarray data from pancreatic islets of human type 2 dia-

betic and control subjects (Taneera et al., 2012) (GEO: GSE38642), DNase-seq

data from human pancreatic islets (Encode, 2012) (GEO: GSM816660), and

ATAC-seq data from isolated human primary b cells (Ackermann et al., 2016)

(GEO: GSE76268).
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Statistical Analysis

Bar diagrams illustrating qPCR or proliferation analyses are represented as

mean + SE. The indicated p values were calculated using a one-tailed

Student’s t test. RNA- and ChIP-seq data were analyzed for differential

expression or occupancy using iRNA-seq (Madsen et al., 2015) and edgeR

(Robinson et al., 2010), respectively. Cluster analyses were performed using

fuzzy c-means clustering (Maechler et al., 2016). Differences in expression

strength or occupancy between gene and enhancer groups were tested using

non-parametric Wilcoxon ranked-sum tests. The significance of any enrich-

ments or overlaps was determined by random permutation, chi-square tests,

or linear regression as indicated in the figures.

Detailed descriptions of the computational analyses used in this study are

available in the Supplemental Information.

ACCESSION NUMBERS

The accession number for the sequencing data sets reported in this paper is

GEO: GSE81628.
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Figure S1. Related to Figure 1: High glucose induces biphasic transcriptional changes in INS-1E β 

cells 

A-C: mRNA expression data from INS-1E (this study), rat islets (Bensellam et al., 2009) and rat body map 

of 9 tissues (brain, muscle, heart, spleen, kidney, liver, lung, thymus and adrenal gland) (Yu et al., 2014) 

extracted from 21-week old male rat were Z-transformed (Cheadle et al., 2003). 

A: Dot plot of Z-ratios for mRNA expression in INS-1E cells and islets. 

B: Dot plot of Z-ratios for mRNA expression in islets and kidney. 

C: Bar diagram showing correlation coefficient for Z-ratios for mRNA expression in islets and other 

indicated tissues. 

D: Boxplot of log2 fold changes in response to glucose (30 mM vs 10 mM glucose, 18 hr) in rat islets 

(Bensellam et al., 2009) for different gene group defined by the glucose-response in INS-1E cells: The top 

200 most repressed genes, all repressed genes, constitutive genes, all induced genes or the top 200 most 

induced genes. The indicated p-values were calculated using wilcoxon signed-rank test. 

E+F: All genes measured in both rat islets and INS-1E cells were ranked descendingly (E) or ascendingly 

(F) by the log2 fold change after 12 hr of glucose treatment in INS-1E cells. The plots represent running 

enrichment score of genes scored as induced (E) or repressed (F) in islets. The indicated p-values were 

calculated by 1000 permutations of randomly assigning phenotype-labels. 

G+H: All genes measured in both human islets (Taneera et al., 2012) and INS-1E cells were ranked 

descendingly (G) or ascendingly (H) by the log2 fold change after 12 hr of glucose treatment in INS-1E 

cells. The plots represent running enrichment score of genes scored as increased (G) or repressed (H) in 

islets. The indicated p-values were calculated by 1000 permutations of randomly assigning phenotype-

labels. 

I: Bar diagram representing the number of differentially expressed genes (FDR ≤ 0.05) between the 0 hr 

time point and 1, 2, 4, or 12 hr, as indicated using iRNA-seq in intron mode (I) or exon mode (E). The red 

and green parts of the bars represent repressed and induced genes, respectively. 

J: Principal component analysis of all conditions and replicates using log2-transformed tag counts of 

nascent transcript levels (intron) of all significantly regulated genes. 

K: Principal component analysis of all conditions and replicates using log2-transformed tag counts of 

mature transcript levels (exon) of all significantly regulated genes.
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Figure S2. Related to Figure 2: ChREBP is a central mediator of glucose-induced transcriptional 

reprogramming in β cells 

INS-1E cells were transfected with siRNAs targeting ChREBP (siChREBP, red) or a negative 

control (siControl, purple) and 2 days later preincubated with 5 mM glucose for 24 hr. 

A: Cells were harvested for Western blot analysis. Top: Western blot representing ChREBP protein 

levels in siControl- and siChREBP-transfected cells in 3 independent experiments. Bottom: Intensity-

based quantification of ChREBP bands relative to TFIIB. The indicated p value was calculated 

using the Student’s t test. 

B+C: Following preincubation, the cells were treated with 5 mM or 25 mM glucose for 12 hr before 

harvest of RNA. 

B: Bar diagrams showing the effect of ChREBP knockdown on the glucose-induced increase in 

expression of known ChREBP target genes as measured by qPCR. 

C: Boxplots showing the overall effect of ChREBP knockdown on induced (left) and repressed (right) 

genes at both 5 mM and 25 mM glucose as measured by mRNA-seq. *:p<2.2E-16, Wilcoxon rank sum 

test. 
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Figure S3: Related to Figure 3: MED1 and ChREBP ChIP-seq in glucose stimulated INS-1E β cells 

A+B: MA-Plot showing log2-transformed average signal versus log2 fold change in MED1 tag counts at 

putative enhancers at 2 hr (A) and 12 hr (B) following 25 mM glucose exposure of INS-1E β cells. Green 

and red dots represent putative enhancers that were determined to be induced and repressed, respectively 

(FDR ≤ 0.05). Blue dots represent constitutive enhancers (FDR > 0.05 & |log2FC|<0.1). 

C: Aggregates plots shoving MED1-, DNase- and eRNA levels at a 3kb window around the center of 

enhancers in cluster 1 defined in Fig. 3A. 

D-F: Correlation between MED1 signal and DNase I signal or eRNA signal at intergenic enhancers in 

clusters 1-6. The tag counts for each mark were scaled and centered and correlated using linear regression. 

The histogram shows the distribution of Pearson’s correlation coefficients at each putative enhancer 

for DNase I (D) or eRNA (E). The average signal for each mark at each cluster is shown as line charts 

(F). 

G: Table representing group sizes and representative sequence logos for ChREBP binding sites grouped by 

the number of mismatches to a perfect ChoRE. 

H: Bar diagrams representing motif dependency for ChREBP binding and enhancer activation by glucose. 

The best possible ChoRE half site at each ChREBP binding site was identified and sites were grouped 

based on the number of mismatches compared with the perfect ChoRE in the primary and secondary E-box 

as indicated. Bars represent mean ChREBP binding intensity (blue) and glucose activation (red). Error bars 

indicate the 95% confidence interval. 

I: Boxplots illustrating ChREBP occupancy (12 hr) at glucose-regulated enhancer clusters defined in 

Fig. 3A. 

J: Boxplots representing summarized ChREBP occupancies (12 hr) at all ChREBP binding sites within 

50 kb of the TSS of glucose-regulated genes defined in Fig. 1C. The indicated P-values were calculated 

using the Wilcoxon rank sum test. 
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Figure S4: Related to Figure 4: Identification of potential second wave regulators by integrated motif 

and expression analysis 

INS-1E cells were transfected with siRNAs targeting the five potential regulators (light purple) or a negative 

control (siControl, purple), 2 days later preincubated with 5 mM glucose for 24 hr, and then treated with 5 

mM or 25 mM glucose for 12 hr before harvest of RNA. Bar diagrams show the effect of each siRNA pool 

on the mature transcripts levels of the targeted transcription factors: A) siRORγ, B) siMYCN, C) siGATA4, 

D) siATF4, E) siBHLHE40. 
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Figure S5: Related to Figure 5: RORγ is a novel ChREBP target in β cells 

A: Sequence of the putative enhancer at -1 kb in the rat Rorc locus and the orthologous regions in the mouse 

and human genomes. The locations of 7 putative ChoREs (< 6 total mismatches to the perfect ChoRE) 

are depicted. 

B: Conservation and predicted activities of the 7 putative ChoREs mouse and human genomes. Activities 

were predicted based on the number of mismatches to the primary and secondary E-box (average log2 fold 

change for all ChREBP sites with similar number of mismatches) as described in Fig. 4.C and Fig. S4A. 

Bars indicate mean and 95% confidence intervals of glucose activation (Log2 MED1 FC (2 hr / 0 hr)). 

C: Representative image (n=3) (Left) and bar diagram (Right) of protein levels of RORγ and HSP90 in 

INS-1E cells treated with 25 mM glucose for 0, 1, 2, 4, and 12 hr or 12 hr combined with transfection of 

siRNA targeting RORγ or negative control. The arrow indicates the RORγ band. Bars indicate mean and 

S.E.M of densiometric quantification of RORγ relative to HSP90 (n=3). The indicated p-values were 

calculated using Student’s t-test. 

D: Bar diagrams showing RORC mRNA levels in intact human pancreatic islets treated with 5.6 mM or 25 

mM glucose for 72 hr (n=3)(Brun et al., 2015) (D, left), with 5 mM or 11 mM glucose for 24 hr (n=2)

(Bagge et al., 2012)(D, center), or with 3 or 25 mM glucose for 24 hr (n=1)(Boergesen et al., 2011)(D, 

right). Bars represent mean and S.E.M relative to the low glucose condition. 
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Figure S6: Related to Figure 6: RORγ is required for glucose-induced β cell proliferation 

INS-1E cells were transfected with siRNAs targeting RORγ (light purple) or a negative control 

(siControl, purple), 2 days later preincubated with 5 mM glucose for 24 hr, and then treated with 5 mM or 

25 mM glucose for 12 hr before harvest of RNA. Bar diagrams show mature transcripts levels of all three 

ROR subtypes in control cells and cells treated with siRORγ. Bars represent mean and range of 2 

independent experiments. 



Tables S1-S4 

These tables are supplied as separate excel files. 

Table S1: Pathway enrichment in temporal gene clusters, Related to Figure 1  

The table lists enrichments of the pathways identified in Fig. 1B, within the 4 clusters defined in Fig. 1C. 

Table S2: Gene list representing islet specificity of human gene expression, Related to Figure 1 

The list was compiled by using the Beta Cell Genomics resource (http://genomics.betacell.org) and is based 

on an analysis of the Gene Expression Atlas 2, where genes were scored as being expressed specifically in 

islet using the Q-value method and genes with Q ≤ 7 were defined as islet specific. 

Table S3: Table representing transcription factor classification and regulation by glucose of potential second 

wave regulators, Related to Figure 4 

The table represents transcription factor classification and regulation by glucose of the transcription factors 

that display motif enrichment within cluster 3 or cluster 6 enhancers and are expressed above (RPK>1). 

Table S4: Oligo sequences, Related to Figure 2, Figure S2, Figure S4, Figure 4, Figure 5, and Figure 6 

A: Sequences of qPCR primers used for RNA experiments in Fig. S2B, 5E+G, and S5D. B: Sequences of 

siRNAs used for knockdown experiments in (Fig. 2E+F, S2A-C, 4D, S4A-D, 5C, S5C and 6A-C). 



Supplemental Experimental Procedures 

RNA-seq analysis 

All RNA-seq reads were mapped to the rn5 genome with STAR (Dobin et al., 2013) using default 

parameters. Read quantification and differential expression analysis of all Ensembl genes (Rnor_5.0) 

relative to the 0 hour time point was performed using the iRNA-seq pipeline (Madsen et al., 2015) in either 

intron mode (nascent transcripts) or exon mode (mature transcripts), as indicated on the individual figures 

(Fig. 1A, S1I).  

Quality control of differential expression (Fig. S1J-K) was performed by principal component analysis 

(PCA). Log-transformed and normalized counts of all genes with dynamic expression pattern (i.e. with 

difference (FDR ≤ 0.05) between 0 h and any time point at either nascent or mature transcript levels) were 

transformed into principle components (prcomp function in R). The first two components were visualized 

for both exon- and intron-based analysis. 

To explore systematic changes in biological networks (Fig. 1B), all genes either significantly induced or 

repressed (FDR ≤ 0.05) at the mRNA level after 12 hr of glucose stimulation were subjected to 

pathway analysis using the goseq package (Young et al., 2010) (with correction for length bias) in R 

applied to KEGG pathways (retrieved using the KEGGREST package (Tenenbaum, 2013)). Pathways with 

significant enrichment of regulated genes (P ≤ 0.05) are shown.  

To explore the temporal regulation of gene expression (Fig. 1C), all genes with dynamic expression pattern 

(i.e. with difference (FDR ≤ 0.05) between 0 hr and any time point at either nascent or mature 

transcript level) were clustered based on their nascent transcript level by fuzzy clustering (fanny: k = 4, 

memb.exp = 1.75) using the cluster package (Maechler et al., 2013) in R. Genes were assigned to the 

cluster with the highest membership score. Constitutive genes were defined as expressed genes 

(logCPM>0) with nondynamic expression (FDR > 0.05 & |log2FC| < 0.15 for all time points relative to 0h). 

The genes in each cluster were subjected to pathway analysis, and the three pathways with highest 

enrichment are indicated in the figure. 

For cross-tissue comparisons (Fig. S1A-C), rat islets kept at 10mM glucose (Bensellam et al., 2009) 

(GSE12817), and rat body map of 9 tissues (brain, muscle, heart, spleen, kidney, liver, lung, thymus and 

adrenal gland) (Yu et al., 2014) extracted from 21-week old male rat (GSE53960) were downloaded from 

GEO. The data were merged with expression data from INS-1E cells based on official gene symbols and 

subsequently Z-transformed (Cheadle et al., 2003). Z-ratios were calculated for all samples against the 



mean. Comparisons of tissues were performed on the top 20% highest expressed genes in each tissue to 

avoid noise from a large number of variable and lowly expressed genes.  

For comparison of the glucose response in INS-1E cells and primary pancreatic rat islets (Fig. S1D-F), 

processed microarray data from rat islets treated with either 10mM or 30mM glucose for 18 hr (Bensellam 

et al., 2009) were downloaded from GEO (GSE12817). Probes were summarized to extract gene-level data, 

replicates were averaged, and genes with low intensity were filtered away (excluded if the log2 probe 

intensity < 5 in both conditions). The log2 fold change (30 mM vs. 10 mM) in rat islets were shown for 

genes regulated (FDR ≤ 0.05), highly regulated (Top 200) or constitutively expressed (FDR > 0.05) by 12 

hr high glucose exposure in INS-1E cells (Fig. S1D). To calculate enrichment across the entire glucose 

response, all included genes were ranked by log2 fold change in INS-1E cells and a running enrichment 

score was calculated as in gene set enrichment analysis (Subramanian et al., 2005) (Fig. S1E+F). Briefly, 

the enrichment score is calculated by walking down the list of genes, increasing the enrichment score if the 

gene is regulated (|FC| ≥ 1.3) in islets, and decreasing it if the gene is not regulated. Significance was 

evaluated by 1000 permutations of randomly assigning phenotype-labels. 

For comparison of the glucose-induced gene program from INS-1E cells with the gene program induced in 

pancreatic islets from diabetic patients (Fig. S1G+H), processed microarray data from diabetics (patients 

excluded if Hba1c ≤ 6.4) or control subjects (subjects excluded if Hba1c > 6.0) (Taneera et al., 2012) were 

downloaded from GEO (GSE38642). Probes were summarized to extract gene-level data, replicates were 

averaged and log2 fold differences were calculated. Official gene symbols were converted from human to 

rat by using the Ensembl database of orthologous genes. The genes with low expression in INS-1E cells 

were filtered away (excluded if average logCPM< 1). Subsequently, the genes were ranked by log2 fold 

change in INS-1E cells and a running enrichment score was calculated as in gene set enrichment analysis 

(Subramanian et al., 2005). Briefly, the enrichment score is calculated by walking down the list of genes, 

increasing the enrichment score if the gene is regulated (|FC|≥ 1.2 and P ≤ 0.05) diabetics and decreasing if 

the gene is not regulated. Significance was evaluated by 1000 permutations of randomly assigning 

phenotype-labels. 

For comparison of the glucose response in INS-1E cells and islet-specific gene expression (Fig. 1D), a list 

of islet-specific genes was compiled using the Beta Cell Genomics resource (http://genomics.betacell.org) 

from the Beta Cell Biology Consortium (www.betacell.org) funded by NIDDK U01DK072473. Briefly, the 

Beta Cell Biology Consortium based this list on an analysis of the Gene Expression Atlas 2 (Petryszak et 

al., 2016). Genes were scored as being expressed specifically in islets using the Q-value method and genes 

http://genomics.betacell.org/
http://www.betacell.org/


with Q ≤ 7 were defined as islet-specific. The significance level of the overlap between lists of genes was 

calculated using one-tailed Chi-squared tests with Yates’ continuity correction. 

For comparison of the glucose response in INS-1E cells and primary rat hepatocytes (Fig.1E), we extracted 

a list of significantly differentially expressed genes (Ma et al., 2006). The significance level of the overlap 

between lists of genes was calculated using one-tailed Chi-squared tests with Yates’ continuity correction. 

For comparison of the response to high glucose and overexpression of CA-ChREBP (Fig. 2A), genes with 

low expression (lowest 30% based on average logCPM in each experiment) were excluded, and log2 fold 

changes induced by high glucose (25 mM /5 mM) and CA-ChREBP (Ad-CA-ChREBP / Ad-GFP) were 

plotted using the smoothScatter function in R. Linear regression was used to determine Pearson’s 

correlation coefficient.  

For evaluation of CA-ChREBP overexpression on genes in the 4 clusters (Fig. 2B) and on glucose-regulated 

genes in selected pathways (Fig. 2C), fold changes in mRNA levels induced by CA-ChREBP were analyzed 

relative to 0 using Wilcoxon rank sum test. For the heatmaps in Fig. 2D, the top20 glucose-regulated genes 

in the cell cycle and MODY/Insulin secretion pathways were extracted, and log2 fold changes induced by 2 

or 12 ha glucose exposure as well as CA-ChREBP transduction were plotted. 

For evaluation of the effect of TF knockdown (Fig. 2E+F, Fig. 4D) on mRNA expression in the 4 gene 

clusters (Fig. 2E) and on glucose-regulated genes in selected pathways (Fig. 2F, Fig. 4D), fold changes in 

mRNA levels induced by high glucose in siChREBP-transduced cells were analyzed relative to fold 

changes induced by high glucose in siControl-transduced cells using the Wilcoxon rank sum test. 

RORγ-dependent genes (Fig. 6A+B) were identified by testing the glucose-induced log2 fold changes of 

mRNA levels in siRORγ-transduced against the log2 fold changes of mature transcript levels in the control 

cells (one-tailed Student’s t test). Genes with significantly (P ≤ 0.05) smaller absolute log2 fold change were 

defined as RORγ-dependent. The significance of the overlap between the list of RORγ-dependent genes and 

each of the 4 gene clusters relative to the overlap with constitutive genes was calculated using a one-tailed 

Chi-squared test (Fig. 6A). The P-values for enrichment of RORγ-dependent genes among the KEGG 

pathways significantly enriched for glucose-regulated genes were calculated using the goseq package in R 

(Fig. 6B). 



ChIP-seq analysis 

ChIP-seq data were mapped to the rn5 genome with STAR (Dobin et al., 2013) set to not map across splice 

junctions (star: --alignIntronMax 1 --outSJfilterIntronMaxVsReadN 0), and further analyzed using the 

HOMER package (Heinz et al., 2010) unless stated otherwise. Tag directories were generated 

(makeTagDirectory.pl: -tbp 1 -format sam –keepOne), and peak detection was performed on pooled 

libraries of replicate experiments (findPeaks.pl: -style factor –fdr 0.0001). Individual peak files were 

subsequently merged (mergePeaks), and reads within 500 bp around the center of each peak were quantified 

for each replicate and each condition (annotatePeaks.pl: –size 500). 

For MED1 ChIP-seq, edgeR (Robinson et al., 2010) was used for normalization and for calling differential 

MED1 occupancy. All MED1 enhancers significantly changed between 0 hr and any other time point (FDR 

≤ 0.05) was clustered by fuzzy clustering (fanny: k = 6, memb.exp = 1.75) using the cluster package 

(Maechler et al., 2013) in R (Fig. 3A). Constitutive enhancers were defined as enhancers with non-dynamic 

MED1 binding (FDR > 0.05 & |log2FC|<0.1 for both time points relative to 0h). 

The data were visualized by generating bedGraphs using HOMER (makeUCSCfile.pl) and the UCSC 

genome browser http://genome.ucsc.edu/ (Kent et al., 2002) (Fig. 3D, Fig. 5A+B).  

For correlation between MED1, DNase-seq and eRNA levels (Fig. 3B, Fig. S3C-E), MED1 ChIP-seq reads 

were quantified in a 500 bp window around the center of MED1 peaks (annotatePeaks.pl: -size 500); 

DNase-seq reads (see: DNase-seq analysis) were quantified in a 500 bp window around MED1 peaks 

(annotatePeaks.pl: -size 500); and eRNA reads (see: eRNA analysis) were quantified in a 2000 bp window 

around MED1 peaks (annotatePeaks.pl: -size 2000). The signals were scaled and centered over time, and 

linear regression was used to determine Pearson’s correlation coefficient. 

For enrichment of gene expression and MED1 clusters, MED1 peaks were assigned to the closest gene 

within 50kb of the TSS. For each gene cluster, we calculated the fraction of genes assigned to each MED1 

cluster. We calculated the enrichment by comparison with the fraction of constitutively expressed genes 

assigned to each MED1 cluster (Fig. 3C). 

For visualization of ChREBP ChIP-seq signal (Fig. 3E), the ChREBP signal was counted in 25 bp bins 

within a 4kb window around all ChREBP peaks and normalized to 10 million sequence tags 

(annotatePeaks.pl: -size 4000 –hist 25). The replicates were averaged, and peaks were sorted by average 

signal across all bins and samples. Heatmaps were generated using the pheatmap package (Kolde, 2012) in 

R.

http://genome.ucsc.edu/


For de novo identification of the ChoRE the top 5000 ChREBP sites with highest normalized tag counts 

were submitted to de novo motif search in HOMER (findMotifsGenome.pl: –mis 4 –len 16,17,18 –depth 

allnight (settings optimized to find long motifs)) (Fig. 3F).  

For analysis of ChREBP binding at enhancers displaying different temporal activity profiles, 

ChREBP binding after 2 hr (Fig. 3I) or 12 hr (Fig. S3I) of glucose stimulation was counted around all 

MED1 peaks (annotatePeaks.pl: -size 500). The signal at sites belonging to each MED1 cluster was 

compared with constant enhancers using Wilcoxon rank sum test. 

For analysis of ChREBP binding near genes displaying different temporal activity profiles, ChREBP 

peaks were assigned to the closest gene within 50kb of the TSS. ChREBP ChIP-seq reads in each peak 

after 2 hr (Fig. 3J) or 12 hr (Fig. S3J) of glucose stimulation was quantified in a 500 bp window 

(annotatePeaks.pl: -size 500). The signals in all peaks assigned to a particular gene were subsequently 

summarized. 

DNase-seq analysis 

Paired-end DNase-seq data were mapped to the rn5 genome with STAR (Dobin et al., 2013) set to not 

map across splice junctions (star: --alignIntronMax 1 --outSJfilterIntronMaxVsReadN 0). Alignments 

were sorted using samtools (Li et al., 2009) and duplicated fragments were flagged and removed using 

picard (http://broadinstitute.github.io/picard). The concordant and primary alignments (SAM flags 83 or 

99) were filtered to remove fragments with very large inserts (excluded if insert > 5000bp). From 

these filtered alignments, SAM-formatted files were constructed using only the first read from each 

fragment. Tag directories were generated based on these files (makeTagDirectory.pl: -format sam 

–keepAll) using HOMER. DNase-seq data from human pancreatic islets (Encode, 2012), were 

accessed through the UCSC genome browser (Kent et al., 2002; Rosenbloom et al., 2013).  

eRNA analysis 

RNA-seq signals in 50bp bins were quantified in 2kb windows around the center of all intergenic 

MED1 binding sites and normalized to 10 million reads using HOMER (annotatePeaks.pl: -hist 50 –

size 2000). Sites without signal and with an RNA-seq signal in a single bin exceeding 2 normalized 

tags (likely to represent unannotated genes, long non-coding RNAs etc.) were removed before 

calculating the average signal for each bin.  



ATAC-seq analysis 

Paired-end ATAC-seq data from FACS-purified human β cells were downloaded from GEO (GSE76268). 

The paired-end reads were mapped to the hg19 genome with STAR set to not map across splice junctions (--

alignIntronMax 1 --outSJfilterIntronMaxVsReadN 0). Alignments were sorted using samtools (Li et al., 

2009), and duplicated fragments were flagged and removed using picard 

(http://broadinstitute.github.io/picard). From the concordant and primary alignments (SAM flags 83 or 99) a 

BED-formatted file of fragments was constructed. Tag directories were generated based on these fragments 

(makeTagDirectory.pl: -format bed –fragLength given) using HOMER, and data were visualized on the 

UCSC genome browser.

In-silico mutation of the ChoRE motif 

For in silico mutation analyses (Fig. 3G, Fig. S3G+H), a ‘perfect’ ChoRE motif was constructed 

(CACGTG-N5-CACGTG), and the best match within each ChREBP binding site was identified using 

HOMER (annotatePeaks.pl: -m). The number of mismatches from the ‘perfect’ ChoRE within each E-box 

was determined, and the sequences were oriented (+ or – strand) such that the E-box with the least number 

of mismatches was closest to the 5’-end on the + strand of the binding site. ChREBP sites were grouped 

based on the number of mismatches in the two E-boxes (Fig. S3G), and mean binding of ChREBP after 2 hr 

of glucose stimulation as well as mean log2 fold change of MED1 (2 hr vs 0 hr) were calculated for each of 

these groups (Fig. 3G, Fig. S3H). Scripts for these analyses can be made available upon request. 

Identification of novel regulators by integration of motif search and expression data 

For identification of potential regulators of the second wave (Fig. 4A+B), an extended motif database was 

obtained by combination of motifs (converted to HOMER style motifs) in several databases (HOCOMOCO 

(Kulakovskiy et al., 2013), JASPAR (Portales-Casamar et al., 2010), HOMER (Heinz et al., 2010), JOLMA 

(Jolma et al., 2010), and CIS-BP (Weirauch et al., 2014)). To obtained empirical FDR estimates, 50000 

random 200bp sequences were generated with FaBox (Villesen, 2007) and scanned for the best hit to each 

motif using HOMER (annotatePeaks.pl: –mscore). 5 different score cutoffs were calculated corresponding to 

empirical FDRs of 5E-2, 1E-2, 1E-3, 1E-4 and 1E-5. All of the late induced, late repressed and constitutive 

MED1 sites, as well as random genomic regions were scanned using HOMER (annotatePeaks.pl: –mscore) 

and each region was thresholded using each of the 5 score cutoffs (hit / miss). The log2 enrichment and the P-

value (one-sided Fisher test) at either late induced or late repressed enhancers compared to all other groups 

was calculated, and enriched motifs were defined as motifs with at least one cutoff at which there was a 

significant (P ≤ 0.05) and large (log2FC ≥ 2) enrichment in one group of sites compared to all other groups of 

sites (Fig. 4A). Motifs enriched in both late induced and late repressed sites were removed. Candidate 

transcription factors were subsequently filtered based on 



expression data. For putative regulators of β cell identity, the transcription factors were required to be 

significantly repressed by glucose (FDR ≤ 0.05 and log2 FC < 0), and for putative regulators of proliferation, 

the transcription factors were required to be significantly induced by glucose (FDR ≤ 0.05 and log2 FC > 0) 

(Fig. 4B). Scripts for motif searching using several empirical thresholds can be made available upon 

request.  
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Abstract 

 
Glucose changes the transcriptional network of pancreatic β-cells, in ways that either promote or 

repress the proliferative potential and function of β-cells, respectively. Thus, there is a critical balance 

between β-cell function- and dysfunction in response to glucose. Previously, we have combined 

integrative genomics with loss-of-function studies to identify transcriptional regulators of the glucose 

response in β-cells. In this study, we have used another approach, and applied the mass spectrometry-

based technique; rapid immunoprecipitation mass spectrometry of endogenous proteins (RIME) as a 

strategy for identification of transcriptional regulators of the glucose response in β-cells. We used one 

of the Mediator complex subunits, MED1, as bait for RIME, allowing us to pull down proteins 

associated with active enhancers in glucose-stimulated INS-1E cells. MED1-RIME identified several 

different proteins that were selectively associated with MED1. The top transcriptional candidate from 

MED1-RIME was the cofactor Mybbp1a. We determined the role of Mybbp1a in the glucose 

response in INS-1E cells by combining loss-of-function studies with genome-wide analysis. Our 

results demonstrate that Mybbp1a knockdown interferes with the ability of β-cells to respond to 

glucose, by regulating mechanisms such as β-cell proliferation. Genome-wide characterization of 

glucose-induced enhancers reveals a large group that are dependent on Mybbp1a to gain full enhancer 

activity. We propose that the mechanisms mediated by Mybbp1a are driven by interaction with 

transcription factors, where one of them could be Nr5a2.    
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Introduction 
Insulin is produced by the pancreatic β-cells, which are located in the islets of Langerhans, the 

functional unit of the endocrine pancreas. When blood glucose levels rise, β-cells respond by 

increasing secretion of insulin, which stimulates glucose uptake and utilization in peripheral tissues, 

such as white adipose tissue and skeletal muscle, and decreases hepatic glucose output (Petersen and 

Shulman 2018). Obesity, genetic predisposition, and high insulin levels can lead to insulin resistance 

in peripheral tissues, thereby increasing the demand for insulin to maintain normoglycemia. The β-

cells adapt to the increased demands by increasing the capacity of the existing β-cells as well as by 

inducing proliferation of β-cells (Regazzi, Dalle, and Abderrahmani 2014). Failure of the β-cells to 

adapt to the increased requirements for insulin eventually leads to development of type 2 diabetes 

(T2D) (Weir, Gaglia, and Bonner-Weir 2020).  

 

The mechanisms underlying β-cell adaptation to increased demands for insulin are incompletely 

understood. Several lines of evidence indicate that high concentrations of glucose can act as a driver 

of β-cell proliferation in isolated islets and β-cell lines in vitro (Alonso et al. 2007), as well as in vivo 

in mice (Stamateris et al. 2013; Mosser et al. 2015; Moulle, Ghislain, and Poitout 2017). Whether 

human islets display a similar capacity is controversial; however, results indicate that human islets 

transplanted into mice are capable of proliferating in response to high glucose stimulation (Levitt et 

al. 2011). On the other hand, long-term exposure to increased nutrient availability can induce a stress 

response ultimately leading to β-cell-dysfunction (Prentki et al. 2020). Hence, there appears to be a 

critical balance in how β-cells respond to high glucose stimulation, and the molecular mechanisms 

and transcriptional networks that drive the adaptive transcriptional changes in response to high 

nutrient load are not well understood. Using β-cell lines and rodent islets, it has been shown that the 

increase in proliferation is driven by a transcriptional response where the transcription factors 

carbohydrate response element binding protein (ChREBP) (Metukuri et al. 2012; Schmidt et al. 2016) 

and c-Myc (Puri et al. 2018; Rosselot et al. 2019) play central roles. In a previous study, we showed 

that high glucose levels elicit a biphasic transcriptional response in INS-1E cells, where the first 

phase, which is driven by ChREBP, induces a gene program involved in glucose- and lipid 

metabolism (Schmidt et al. 2016).  In addition, genes induced in the first phase encodes transcriptional 

drivers of the second phase, which includes many genes involved in proliferation and repression of 

β-cell function. Using integrative genomics combined with loss-of-function studies, we identified 

RAR-related orphan receptor γ (RORγ) as an important activator of the second phase. We 
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demonstrate that RORγ is required for the ability of glucose to effectively activate β-cell proliferation 

in INS-1E cells and isolated islets (Schmidt et al. 2016). However, many other transcriptional 

regulators of the second phase remained unidentified.  

 

In this study, we have applied a mass spectrometry-based strategy, rapid immunoprecipitation mass 

spectrometry of endogenous proteins (RIME) (Mohammed et al. 2013) to identify other putative 

transcriptional regulators of the second phase of the glucose response in INS-1E cells. The Mediator 

complex is known to be recruited to most active enhancers, and Mediator complex subunit 1 (MED1) 

chromatin immunoprecipitation sequencing (ChIP-seq) is commonly used as a proxy for enhancer 

activity (Wang, Cairns, and Yan 2019; Whyte et al. 2013; Kagey et al. 2010). To identify novel 

regulators of the glucose-induced enhancers, we therefore performed RIME in cells exposed to either 

high or low glucose concentration using MED1 as bait. This identified several proteins that interact 

differentially with MED1 in high and low glucose. Using a combination of loss-of-function- with 

genome-wide studies in INS-1E cells, we show that depletion of the top candidate in the transcription 

factor (TF)/cofactor group, Myb-binding protein 1A (Mybbp1a), interferes with the ability of INS-

1E cells to induce expression of proliferative genes and undergo cell proliferation. 
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Results 

 
Identification of MED1 interactors in β-cells 

To identify novel transcriptional mediators of the second phase of the glucose-induced transcriptional 

response in β-cells, we performed RIME (Mohammed et al. 2013) in INS-1E cells at high (25 mM) 

and low (5 mM) glucose using a subunit of the Mediator complex, MED1, as bait. RIME is a mass 

spectrometry protocol that allows for identification of endogenous-interacting proteins. Here, MED1 

is used as bait, since it has been shown to be highly associated with active enhancers (Kagey et al. 

2010; Whyte et al. 2013) and to correlate with transcriptional regulation in INS-1E cells (Schmidt et 

al. 2016). To identify proteins that interact with MED1 in a glucose-dependent manner, we performed 

stable isotope-labelling with amino acids in cell culture (SILAC) of INS-1E cells (Ong and Mann 

2006) for 6 weeks with a combination of heavy (Lys8, Arg10) and light (Lys4, Arg6) amino acids 

(Figure 1A). Cells were pre-incubated with 5 mM glucose followed by either 5mM or 25mM glucose 

treatment for 24 hours. Finally, chromatin-associated protein complexes were quantified by RIME 

using MED1 as bait and GFP as control.  In total, we identified 730 proteins specifically enriched by 

MED1, compared with the GFP control in glucose-stimulated INS-1E cells, of which 73 has equal to, 

or greater than 1.6-fold enrichment (Figure 1B). Reassuringly, MED1 itself (Figure S1A) as well as 

many other Mediator components (Figure 1B, light green bars) are highly enriched compared to 

GFP in MED1 IP samples. Furthermore, many proteins involved in RNA splicing- and processing as 

well as mRNA surveillance were identified. Surprisingly, only few transcriptional regulators passed 

the significance threshold (Figure 1B, blue bars), and of these, Mybbp1a showed the highest 

glucose-induced enrichment. Mybbp1a is a transcriptional cofactor, which has been shown to be 

involved in mitotic processes and to regulate cell growth (Mori et al. 2012). In addition, Mybbp1a is 

reported to have repressive functions through regulation of circadian transcription as well as 

inhibiting the activity of different transcription factors. (Fan et al. 2004; Hara et al. 2009). So far, 

Mybbp1a has no reported function in β-cells.  

 

Mybbp1a knockdown interferes with the glucose-induced β-cell proliferation 

Evaluation of the levels of RNA and protein expression showed that Mybbp1a is expressed in a 

glucose-independent manner at the RNA and protein level in INS-1E cells (Figure 2A), as well as at 

the RNA level in rat and human islets (Figure 2B). To evaluate the role of Mybbp1a in the 

transcriptional response to glucose, we knocked down the expression of Mybbp1a (Figure 2C) and 
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evaluated the effect of knockdown on the transcriptome by RNA-seq. In cells transfected with control 

siRNA, glucose exposure for 12 hours leads to pronounced changes of the β-cell transcriptome 

(Figure 2D) with 1600 and 1401 genes being significantly induced and repressed by glucose, 

respectively. Mybbp1a knockdown significantly reduces the effect of glucose on both glucose 

induced- and glucose-repressed genes. In total, 1443 out of 3001 glucose-regulated genes were 

affected by Mybbp1a knockdown (Figure 2E, blue dots).  

 

To determine which glucose-induced and glucose-repressed pathways are affected Mybbp1a 

knockdown, we performed pathway analysis. Consistent with previous results (Schmidt et al. 2016), 

high glucose levels stimulate DNA replication- and cell cycle pathways in control cells (Figure 3A, 

left part), whereas β-cell specific pathways such as insulin secretion- and maturity onset diabetes of 

the young (MODY) pathways are repressed (Figure 3A, right part). Mybbp1a knockdown appeared 

to interfere with glucose-induced pathways involved in cell proliferation and to a lesser extent with 

glucose-repressed pathways (Figure 3A). Specific analysis of cell cycle genes showed that Mybbp1a 

knockdown significantly reduces glucose induction of this gene program (Figure 3B, left part), 

whereas glucose-induced repression of β-cell function genes are less affected by Mybbp1a 

knockdown (Figure 3B, right part). Consistent with that, knockdown of Mybbp1a significantly 

reduces glucose-induced INS-1E proliferation (Figure 3C), whereas preliminary data0F

1 indicate that 

Mybbp1a knockdown does not affect glucose-stimulated insulin secretion (GSIS) (Figure 3D). 

Collectively, these data indicate that Mybbp1a is required for effective glucose-induced proliferation 

of INS-1E cells.  

 

Genome-wide characterization of glucose-induced Mybbp1a-dependent enhancers 

We have previously mapped glucose-regulated enhancers in INS-1E cells using MED1 ChIP-seq 

(Schmidt et al. 2016). To investigate how the activity of these enhancers is affected by Mybbp1a, we 

performed Mybbp1a knockdown followed by Mybbp1a1F

2 and H3K27ac ChIP-seq analyses. 

Screenshots of the genome-wide ChIP-seq tracks show examples of glucose-induced enhancers that 

are dependent on Mybbp1a binding to be fully active and are located in the vicinity of glucose-

 
1 Mybbp1a knockdown followed by GSIS assay (Figure 3D) has been performed once. To determine the role 

of Mybbp1a in regulating GSIS in INS-1E cells, we need to generate more replicates.   
2 There is only one high quality replicate of the Mybbp1a ChIP-seq samples. More replicates are needed to 

confirm the characterization of Mybbp1a-dependent enhancers in the glucose response in INS-1E cells.  
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induced genes that are significantly affected by Mybbp1a knockdown (Figure 4A). A total of 41,390 

putative enhancers (MED1 binding sites) were identified in INS-1E cells, and of those, 7086 were 

significantly induced (increased MED1 and H3K27ac levels) by high glucose exposure. To 

investigate how glucose-induced enhancers are dependent on Mybbp1a binding, we grouped all 

glucose-induced enhancers into three clusters based on H3K27ac occupancy in response to Mybbp1a 

knockdown. Cluster 1 enhancers require Mybbp1a for glucose-induced activation, whereas Cluster 2 

enhancers and Cluster 3 enhancers are induced by glucose equally well or better in the absence of 

Mybbp1a (Figure 4B). Mybbp1a seems to be recruited equally to Mybbp1a-dependent (Cluster 1), -

independent (Cluster 2) and -repressed (Cluster 3) enhancers, indicating that Mybbp1a could have 

both active- and repressive functions in our INS-1E model system (Figure 4B, right part). The 

Mybbp1a-dependent enhancers in Cluster 1 were further analyzed and sites with lowest Mybbp1a 

occupancy were filtered out. The remaining 1470 glucose-induced Mybbp1a-dependent sites from 

Cluster 1 were subclustered into 3 new clusters based on Mybbp1a occupancy and dependency. 

Cluster 1A sites display glucose-dependent Mybbp1a binding, whereas Cluster 1B bind Mybbp1a 

constitutively. Knockdown of Mybbp1a abolishes Mybbp1a binding to both subclusters. Mybbp1a 

binding to the Cluster 1C is also moderately induced but is not decreased by knockdown, indicating 

that these sites may represent background noise. Overall, genome-wide characterization of Mybbp1a-

dependent enhancers reveal that Mybbp1a is recruited to glucose-induced enhancers, and a subset of 

these (Cluster 1A and 1B) are dependent on Mybbp1a to gain full enhancer activity.  

 

Potential drivers of Mybbp1a-mediated mechanisms2F

3  

The finding that Mybbp1a coactivates several glucose-induced enhancers, prompted us to investigate 

which transcription factors might recruit Mybbp1a to these enhancers. Mybbp1a is reported to have 

multiple interaction partners (Tavner et al. 1998; Diaz et al. 2007; Nahalkova and Tomkinson 2014; 

Spiniello et al. 2019). One of these is c-Myc, a well-known driver of β-cell replication (Laybutt et al. 

2002) and there is therefore a possibility that c-Myc is one of the transcription factors driving 

Mybbp1a-mediated mechanisms.  

 
3 The data presented in Figure 5 is primarily based on publicly available datasets. To determine the role of Nr5a2 in β-

cells, we could combine loss-of-function studies with genome-wide analyses in a similar approach as we have done for 

Mybbp1a. Performing Nr5a2 ChIP-seq in INS-1E would reveal whether Nr5a2 is recruited to Mybbp1a-dependent 

enhancers.   
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To further investigate which transcription factors might be involved activation of glucose-induced 

Mybbp1a enhancers, we used ReMap (Hammal et al. 2021). ReMap allows us to predict which 

transcription factors and co-factors are enriched for binding in Cluster 1A enhancers relative to 

Mybbp1a-independent enhancers (Cluster 1C) across 737 different cell lines and tissues (Hammal et 

al. 2021). The results show that 409 transcription factors have significantly different binding in those 

sites, and the enrichment of these is shown in Figure 5A. Supportively, in this list we find previously 

reported Mybbp1a interactors such as cMyb, and c-Myc (Tavner et al. 1998; Spiniello et al. 2019). 

In addition, the list included MED1 and another Mediator component, MED26. However, one 

transcription factor, the nuclear receptor subfamily 5 group A member 2 (Nr5a2), also known as liver 

receptor homolog-1 (LRH1), appeared to be enriched above all other candidates. Nr5a2 has no 

reported functional role in β-cells; however, Nr5a2 has been reported to play an important role in 

pancreas development and has been suggested as a promising therapeutic target for diabetes (von 

Figura et al. 2014; Cobo et al. 2018; Cobo-Vuilleumier et al. 2018). Nr5a2 mRNA is expressed in 

INS-1E cells (Figure 5B, top panel), and publicly available single-cell sequencing data from human 

islets (Muraro et al. 2016; Lawlor et al. 2017) indicates that Nr5a2 is expressed in all major endocrine 

cell types in the human islet (Figure 5B, lower panel). To further investigate the potential role of 

Nr5a2 in β-cells, we processed several publicly available datasets. As a proxy for Nr5a2 binding sites 

in human islets, we overlapped Nr5a2 ChIP-seq peaks from whole pancreas (n=22,606) (Holmstrom 

et al. 2011) with human islet promoters-, enhancers- and CTCF binding sites (n=248,629), referred 

to as the human islet regulome (Miguel-Escalada et al. 2019). This revealed that 5802 Nr5a2 peaks 

overlap with the human islet regulome, which is significantly (2.4-fold) higher than the overlap of 

random sites (Figure 5C). Furthermore, the proportion of active enhancers is significantly higher in 

this overlap compared to the human islet regulome (36.1% vs. 18.1%). Thus, the predicted Nr5a2 

binding in human islets is associated with increased enhancer activity (Figure 5C). In support of an 

active role of Nr5a2 in β-cells, we found that 12 different Nr5a2 motifs are strongest in the most 

active islet enhancers (Class I) as defined by Miguel-Escalada and colleagues (Miguel-Escalada et al. 

2019) (Figure 5D). Finally, Nr5a2 target genes were predicted using the Enrichr tool (Xie et al. 2021), 

which predicts 100 genes that are co-expressed with Nr5a2 identified by the ARCHS4 web source 

(Lachmann et al. 2018). Putative Nr5a2 targets are highly associated with pathways related to islets 

and diabetes (Figure 5E). These observations are in line with previous studies, suggesting Nr5a2 as 

a promising target for treatment of type 1 diabetes (Cobo-Vuilleumier et al. 2018). Altogether, the 

data presented in Figure 5 proposes Nr5a2 as a promising transcription factor to further explore in β-
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cells and future studies will reveal the relationship between Mybbp1a and Nr5a2 and whether Nr5a2 

could be one of the drivers of Mybbp1a-mediated mechanisms We hypothesize that Mybbp1a is 

recruited to active enhancers during the glucose response through interaction with transcription 

factors, such as c-Myc and Nr5a2. These regulators form a transcriptional complex that is capable of 

mediating both activating and repressing mechanisms during the glucose response in INS-1E cells 

(Figure 6). 

   

Discussion 

We and others have previously shown that high glucose levels exert pleiotropic effects on the β-cell 

transcriptome. The transcription factor ChREBP plays a key role in the initial transcriptional response 

to high glucose by activating a metabolic gene program. ChREBP furthermore activates additional 

transcription factors that drive the second phase transcriptional response, which involves activation 

of a proliferative gene program as well as downregulation of β-cell function genes. Using sequence-

based predictions, we inferred several transcription factors which may mediate the second phase 

response to glucose. In this study, we used the RIME approach based on mass spectrometry and 

immunoprecipitation to identify novel transcriptional regulators of the second phase of the 

transcriptional response to glucose in INS-1E cells. To capture transcriptional regulators associated 

with active enhancers in response to high glucose, we used MED1 as bait in RIME.  

 

The advantage of the RIME approach is that it is independent of sequence information and therefore 

allows for identification transcriptional cofactors as well as transcription factors. The disadvantage is 

that RIME may also pull-down complexes that are not associated with active enhancers or even not 

associated with chromatin. Surprisingly, the number of identified transcription factors and cofactors 

is rather small compared to the other groups. It is possible that this is due to low levels of expression 

of these factors, since approximately 15% of all proteins (n=730) detected by RIME are 

transcriptional regulators. These include known β-cell transcription factors, such as Pdx1 and 

NeuroD1; however, most of these did not pass the significance threshold in all samples. The two 

largest groups identified by MED1-RIME are ‘Splicing and processing’ and ‘mRNA surveillance’. 

This may indicate that the Mediator complex is associated with proteins involved in RNA processing. 

Previous studies have demonstrated cooperation between the Mediator complex and the splicing 

machinery and others have also reported interaction between the Mediator complex and mRNA 

processing proteins (Huang et al. 2012; Jeronimo and Robert 2017). 
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     We chose to explore the role of the top transcriptional candidate of the MED1-interactors, 

Mybbp1a in INS-1E cells. Mybbp1a is a transcriptional cofactor with no functional role in β-cells. 

Our results demonstrate that Mybbp1a knockdown reverses glucose-induction- and repression of a 

subset of glucose-regulated genes. Furthermore, we demonstrate that Mybbp1a is required for 

glucose-induced proliferation of INS-1E cells, which is in line with several studies suggesting 

Mybbp1a to be involved in mitosis and cell growth (Hsieh et al. 2020; Tsuchiya et al. 2011; Mori et 

al. 2012). Interestingly, we observed that Mybbp1a knockdown does not affect glucose-induced 

repression of β-cell function genes and preliminary data indicate that GSIS is not affected by 

Mybbp1a knockdown. Such a regulatory mechanism is interesting in a therapeutic perspective, and 

it has been proposed that very few transcriptional regulators have the potential to promote β-cell 

proliferation without affecting β-cell function. The transcription factor NK homeobox 6-1 (Nkx6-1) 

is suggested to be one of the few transcription factors able to induce β-cell proliferation and 

simultaneously retain β-cell function (Schisler et al. 2008). This is different from other transcription 

factors known to regulate β-cell proliferation, such as ChREBP and c-Myc. These transcription 

factors are known to promote expansion of β-cells, but simultaneously repress β-cell function 

(Metukuri et al. 2012; Poungvarin et al. 2012; Laybutt et al. 2002; Puri et al. 2018). Thus, finding 

targets where β-cells could benefit from glucose stimulation and simultaneously decrease the 

detrimental effects hereof, is interesting in terms of β-cell expansion as a treatment for diabetes. 

However, loss-of-function studies of Mybbp1a in other β-cell model systems are needed to validate 

this mechanism, preferably in rodent- and human islets.   

     To investigate the mechanisms of action of Mybbp1a, we performed loss-of-function studies 

combined with Mybbp1a and H3K27ac ChIP-seq analyses and integrated previously generated 

MED1 ChIP-seq data from INS-1E cells. We focused on glucose-induced enhancers and found that 

Mybbp1a is recruited to a large number of these. Interestingly, we observe that Mybbp1a is recruited 

to both Mybbp1a-induced- and Mybbp1a-repressed enhancers indicating that Mybbp1a acts as both 

a coactivator and corepressor in these cells. Our observation that Mybbp1a binds to Mybbp1a-

repressed enhancers is in line with most studies reporting Mybbp1a to have corepressor functions 

(Owen et al. 2007; Hara et al. 2009). However, other reports demonstrate that Mybbp1a also have 

coactivator functions (Jones et al. 2002). We speculate that these opposing effects are mediated by 

interaction with different transcription factors, and it remains to be uncovered which mechanistic 

differences there are between Mybbp1a-dependent- and repressed enhancers.  



11 
 

     However, since we are investigating effects of 12 hours glucose exposure and 72 hours knockdown 

of Mybbp1a, it is important to consider that Mybbp1a could be an indirect mediator of the 

coactivation/corepression even though binding of Mybbp1a is found at the enhancer. c-Myc is among 

the already known Mybbp1a-interactors and is known to play a role in β-cell replication (Laybutt et 

al. 2002; Spiniello et al. 2019). Thus, Mybbp1a could mediate the observed mechanisms through 

interaction with c-Myc. To investigate this, Mybbp1a and c-Myc ChIP-seq must be performed in the 

absence or presence of c-Myc knockdown. To predict other transcriptional regulators of Mybbp1a-

induced enhancers, we used a data-driven approach based on a collection of ChIP-seq data from 737 

cell lines and tissues (ReMap). We identified the transcription factor Nr5a2 as the one most enriched 

in the Mybbp1a-dependent enhancers from Cluster 1A. Nr5a2 has no known role in β-cells; however, 

previous studies have suggested Nr5a2 as a promising target for treatment of both major types of 

diabetes. This is based on a Nr5a2 agonist being able to inhibit the progression of hyperglycemia, 

decrease β-cell apoptosis, and increase β-cell mass and insulin secretion (Cobo-Vuilleumier et al. 

2018). To further explore the relationship between Mybbp1a and Nr5a2, Mybbp1a and Nr5a2 ChIP-

seq as well as RNA-seq should be performed in the absence or presence of Nr5a2 knockdown to see 

if Nr5a2 is recruited to Mybbp1a-dependent enhancers.  

     In conclusion, we show that Mybbp1a is required for effective glucose-induced proliferation in 

INS-1E cells, and our data indicate that Mybbp1a can act as both a coactivator and corepressor. We 

suggest that Mybbp1a mediates these mechanisms through interaction with distinct transcription 

factors. 
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Experimental procedures 
 

Cell cultures 

The INS-1E cell line was kindly provided by Professor Pierre Maechler (University of Geneva). Cells 

were cultured in Falcon plasticware, at 37oC in a humidified atmosphere with 5% CO2 and otherwise 

as described in the original article (Merglen et al. 2004). Cells were passaged at 70-80% confluency, 

and medium was changed 3 days after passaging and subsequently every second day. Cells between 

passage numbers 65 and 90 were used for experiments. Before any experiment, cells were pre-

incubated with 5mM glucose culture medium for ~24 hours before medium was changed to 25mM 

glucose culture medium for indicated time points.  

     Islets of Langerhans were isolated from adult (10 weeks old) male Sprague Dawley rats by 

enzymatic digestion of the pancreatic tissue. Collagenase enzyme was injected through the common 

bile duct as described before (Corbin et al. 2021). Islets were cultured under same conditions as INS-

1E cells, in non-tissue culture treated Nunc plasticware. Islet culture medium consisted of RPMI 1640 
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+ GlutaMaxTM (Gibco) media containing 11mM glucose, 10% heat-inactivated fetal calf serum and 

100U/mL penicillin and 100mg/mL streptomycin. Before experiments, islets were pre-incubated with 

5mM glucose culture medium for 24 hours before 20mM glucose treatment for indicated time points. 

 

Stable isotope labelling of amino acids in cell culture labelling 

INS-1E cells were cultured in stable isotope labelling of amino acids in cell culture (SILAC) medium 

for 6 weeks. SILAC medium consisted of 5% heat-inactivated reduced fetal calf serum with amino 

acid substitutions. We used the following amino acid substitutions: L-Arginine 13C6 (Arg6), L-

Arginine-13C6, 15N4 (Arg10), L-Lysine-4,4,5,5-d4 (Lys4), L-Lysine-13C6 ,15N2 (Lys8) and 

proline (Sigma). 

 

Rapid immunoprecipitation mass spectrometry of endogenous proteins (RIME) 

50 ∙ 106 INS-1E cells pre-incubated in 5mM glucose culture medium before 5mM and 25mM glucose 

treatment for 24 hours. Cells were crosslinked in 1% formaldehyde and quenched with 0.125M 

glycine, and nuclei extraction was performed as described in the original article (Mohammed et al. 

2013). 20μg MED1 (sc-8998, Santa Cruz) antibody was prebound to para-magnetic protein A (Dynal) 

beads, added to supernatant and left rotating at 4oC overnight. Immunocomplexes were washed 10 

times in RIPA buffer and 2 times in 100mM ammonium hydrogen carbonate. Immunocomplexes 

were digested for 8 hours at 37oC using 10μl trypsin dissolved in ammonium hydrogen carbonate. 

Peptides were subsequently purified and then analyzed using a Q-Exactive (Thermo). Easy nLC 

(Proxeon/Thermo) ran with a reverse phase gradient.   

 

Mass spectrometry data analysis 

Mass spectrometry (MS) raw data were processed using MaxQuant version 1.4.0.5 (Cox and Mann 

2008; Cox et al. 2011). MS data were searched against a target/decoy version of the UniProt rat 

database released in 2014, allowing a maximum false discovery rate (FDR) of 1% for peptides and 

proteins. This search was performed with cysteine carbamidomethylation as a fixed modification and 

methionine oxidation and N-terminal acetylation as variable modifications. A maximum of 2 missed 

cleavages and a minimum peptide length of 7 was set to be allowed. The light and heavy SILAC 

conditions were specified to be Lys4/Arg6 and Lys8/Arg10, respectively. Proteins were considered 

as potential MED1 interactors, if they were identified by at least 2 peptides and had more than 1.6-

fold enrichment in one of the MED1 samples compare to the GFP control. 
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Small-interfering RNA-mediated knockdown 

24 hours before transfection, INS-1E cells were seeded at 1.3 ∙ 106 cells/mL in culture medium 

without penicillin/streptomycin. Small-interfering RNA (siRNA) (75nM (Sigma-Aldrich)) and 

DharmaFECT (5% v/v (Thermo)) were mixed in serum-free and antibiotic-free OptiMEM medium 

(Gibco), incubated for 20 minutes at RT, and subsequently added to the cells in a 1:5 ratio. ~18 hours 

after transfection, the transfection medium was changed to standard culture medium. Cells incubated 

48 hours before 5mM and 25mM glucose treatment. 

 

RNA extraction, cDNA synthesis and real-time PCR 

RNA was extracted using TRI reagent (Thermo) and purified using EconoSpin (Epoc Life) column 

purification according to the instructions of the manufacturer, and purified RNA was eluted in DEPC-

treated H2O. Purified RNA from glucose-stimulated human islets was obtained from Professor Pierre 

Maechler (University of Geneva).  

 

Western blotting and ECL detection 

INS-1E cell extracts were prepared in lysis buffer (50mM Tris-HCl pH=6.8, 10% glycerol, 2.5% 

SDS, 10mM β-glycerophosphate, 10mM NaF, 0.1mM Na-orthovanadate). 1mM PMSF and 1x 

Complete (Roche) were added fresh prior to cell harvest.  Protein concentration was determined using 

the Pierce BSA Protein Assay Kit (Thermo Scientific) according to the manufacturer’s instructions. 

DTE was then added to a final concentration of 0.01mM. SDS-PAGE and wet blotting were 

performed and the following primary antibodies of Mybbp1a and HSP90 (loading control) were used 

for protein detection: anti-Mybbp1a (NB100-61050, Novus) and anti-HSP (sc-13119, Santa Cruz). 

The secondary antibody anti-rabbit IgG (P0399, Dako) was used. ECL detection was performed by 

using the Luminata Classico Western HRP Substrate (Millipore) and imaging the membrane using 

the Amersham Imager 680.  

 

Cell proliferation assay 

INS-1E cells were pre-incubated in 5mM glucose and stimulated with 5mM or 25mM glucose culture 

medium for 12 hours. Proliferation of cells was assessed by incorporating 5-Ethynyl-2’-deoxyuridine 

(EdU) (Invitrogen) for the last 2 hours of glucose stimulation. Cells were fixed in 3.7% formaldehyde 

and permeabilized by 0.5% Triton X-100. The amount of EdU was immunochemically assessed using 
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the Click-iT EdU Cell Proliferation Kit (Thermo Scientific) according to the manufacturer’s 

instructions. Nuclei were DNA-stained by DAPI.   

 

Glucose-stimulated insulin secretion assay  

Transfected INS-1E cells were cultured in glucose-free culture medium for 2 hours. Cells were 

washed and incubated for 30min in Krebs-Ringer Bicarbonate HEPES buffer (110mM NaCl, 4mM 

KCl, 1mM NaH2PO4, 1mM MgSO4, 2,5mM CaCl2, 10mM HEPES, 5mM NaHCO3) with 5mM 

glucose for 1 hour followed by 5mM or 25mM glucose for 30min. Supernatants were collected, and 

insulin content was determined using the UltraSensitive Rat Insulin ELISA Kit (CrystalChem) 

according to the manufacturer’s instructions.  

 

RNA-sequencing and data analysis 

1µg RNA incubated with poly-dT beads to isolate polyadenylated RNA. RNA fragmentation and 

cDNA synthesis were performed according to the manufacturer’s instructions (TruSeq 2, Illumina). 

Sequencing of RNA samples was performed on the Illumina HiSeq 1500 platform as paired-end 

sequencing. Reads were aligned to the reference genome rn5 using STAR (Dobin et al. 2013). Quality 

control was performed using FastQC and reads within exons were counted using iRNA-seq (Madsen 

et al. 2015). Differential expression of genes was determined using EdgeR (Robinson, McCarthy, and 

Smyth 2010), and pathway enrichment analysis were performed using clusterProfiler (Wu et al. 

2021). 

 

Chromatin immunoprecipitation-sequencing and data analysis 

ChIP experiments were performed as previously described (Siersbaek et al. 2012). Mybbp1a (NB100-

61050, Novus) and H3K27Ac (ab4729, Abcam) antibodies were used. Sequencing of ChIP-samples 

was performed on the Illumina HiSeq 1500 platform as paired-end sequencing. MED1-ChIP-seq 

samples were downloaded from GEO (GSE81628) and Mybbp1a-, H3K27ac- and MED1 reads were 

aligned to the reference genome rn5 using STAR (Dobin et al. 2013). Peaks were called using MACS2 

(Zhang et al. 2008) and reads were counted using featureCounts. Normalized ChIP-seq tracks were 

created using deepTools (Ramirez et al. 2014) and were visualized in the Integrative Genomics 

Viewer (IGV) browser. Read density heatmaps were made from bigwig and bam files using 

deepTools (Ramirez et al. 2014). Scores were calculated from -2 kb to +2kb around MED1 peak 

centers. Differential binding was determined using EdgeR (Robinson, McCarthy, and Smyth 2010). 
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Clustered heatmaps were made using the R package pheatmap. Enrichment of transcription factor 

factor binding was computed using ReMapEnrich (Hammal et al. 2021). 

 

Publicly available datasets 

MED1 ChIP-seq from INS-1E β-cells was downloaded from GEO (GSE81628) (Schmidt et al. 2016). 

Single-cell RNA-seq datasets from human pancreas were downloaded through the R package 

SeuratData (Hao et al. 2021) (GSE81076, GSE85241, GSE86469, E-MTAB-5061) (Muraro et al. 

2016; Lawlor et al. 2017).  

Nr5a2 ChIP-seq from mouse pancreas was downloaded from GEO (GSE34295) (Holmstrom et al. 

2011).  

The islet regulome was downloaded from the supplemental material (Supplementary Data Set 1) of 

the paper by Miguel-Escalada, I. and colleagues (Miguel-Escalada et al. 2019). 
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Figure legends 
 

Figure 1: Identification of MED1 interactors grouped by function  

 

A. INS-1E cells were SILAC-labeled for 6 weeks with the indicated combinations of light and 

heavy amino acids (Lys4/Arg6, Lys0/Arg0, Lys8/Arg10). Cells were subsequently pre-

incubated with 5mM glucose for 24 hours and stimulated with either 5mM or 25mM glucose 

for 24 hours. Immunoprecipitation of chromatin-associated complexes was performed using 

either MED1 or GFP antibodies and protein complexes were quantified by mass spectrometry 

(MS). 

 

B. INS-1E cells were SILAC-labeled for 6 weeks, pre-incubated with 5mM glucose for 24 hours 

and stimulated with either 5mM or 25mM for 24 hours. Immunoprecipitated protein 

complexes were quantified by MS. All listed MED1 interactors (n=73) was identified by at 

least 2 peptides and had more than 1.6-fold enrichment in one of MED1 samples compared to 

the GFP control. MED1-interactors (n=73) are visualized in a circular bar plot with their 

corresponding interaction with MED1 on the y-axis. The y-axis shows the log2 fold change 

between 25mM and 5mM MED1 samples. n=1.  

 

Figure 2: Mybbp1a is a novel regulator of the glucose-response in INS-1E cells  

 

A. INS-1E cells were pre-incubated for 24 hours with 5mM glucose before being exposed to 

25mM glucose stimulation for 0-, 1-, 2-, 4 and 12 hours. RNA and protein extracts were 

harvested, n=2. Left part: RNA was sequenced and Mybbp1a mRNA expression throughout 

glucose stimulation is presented as normalized read counts (RNA-seq dataset from glucose 

time course was generated in Schmidt et al. 2016). Error bars indicate range. Middle part: 

western blots showing the protein expression of Mybbp1a and and HSP90 loading control 

throughout glucose stimulation. siMybbp1a knockdown sample was used as a control for 

correct Mybbp1a protein bands. Right part: relative Mybbp1a/HSP90 protein expression 

throughout glucose stimulation. Error bars indicate range.  
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B. Left part: islets of Langerhans from 10-week-old male rats were isolated, pre-incubated with 

5mM glucose for 24 hours and stimulated with 5mM or 25mM glucose for 72 hours. RNA 

was harvested sequenced and Mybbp1a mRNA expression is as normalized read counts. Right 

part: RNA from glucose-stimulated human islets was kindly provided by Professor Pierre 

Maechler (University of Geneva) and sequenced. Mybbp1a mRNA expression is presented as 

normalized read counts.   

 

C. For C), D) and E): INS-1E cells were transfected with a siRNA construct targeting either a 

negative control (siControl) or Mybbp1a (siMybbp1a), pre-incubated with 5mM glucose for 

24 hours and stimulated with 5mM or 25mM for 12 hours, n=2.  

     Barplot illustrating Mybbp1a mRNA expression as normalized read counts in siControl 

5mM and 25mM samples and siMybbp1a 5mM and 25mM samples. * P < 0.05.  

 

D. MA plot showing the log2 average expression and log2 fold change of glucose-regulated 

genes in siControl samples (25mM vs. 5mM). Grey dots are genes that are not significantly 

affected by high glucose stimulation. Green and red dots are genes significantly induced by 

glucose stimulation (n=1600) and genes significantly repressed by glucose stimulation 

(n=1400), respectively (FDR ≤ 0.05).  

 

E. Scatterplot showing the log2 fold changes in siControl samples (25mM / 5mM) and log2 fold 

changes in siMybbp1a samples (25mM / 5mM) in all glucose-regulated genes. Yellow dots 

are genes determined to be significantly regulated by glucose (n=3001) (Figure 1D) and blue 

dots are genes significantly regulated by Mybbp1a knockdown samples (n=1443) (FDR ≤ 

0.05). 

 

Figure 3: Mybbp1a is required for glucose-induced proliferation in β-cells 

 

A. For A) and B): INS-1E cells were transfected with a siRNA construct targeting either a 

negative control (siControl) or Mybbp1a (siMybbp1a), pre-incubated with 5mM glucose for 

24 hours and stimulated with 5mM or 25mM for 12 hours,n=2.  
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     Heatmaps of the log2 FDR adjusted p-values of significantly glucose-induced- (left part) 

and glucose-repressed pathways (right part). The heatmaps compare significantly enriched 

pathways in siControl samples (25mM / 5mM) and siMybbp1a samples (25mM / 5mM).  

 

B. Boxplots of the log2 fold changes of genes belonging to either the cell cycle pathway (left 

part) or related to β-cell function (right part), in siControl samples (25mM / 5mM) compared 

to siMybbp1a samples (25mM / 5mM). * P < 0.05. The indicated p-value was calculated using 

the Wilcoxon rank sum test. Boxplots: 1.5x inter quartile range (IQR). 

 

C. INS-1E cells were pre-incubated with 5mM glucose for 24 hours and stimulated with 5mM 

or 25mM for 12 hours. EdU was added for the last 2 hours of glucose stimulation, and glucose-

induced proliferation was immunochemically assessed. Barplot showing the log2 fold 

changes of the fraction of EdU-positive- / DAPI-positive cells, in siControl samples (25mM / 

5mM) and siMybbp1a samples (25mM / 5mM). Error bars indicate SD. n=3. * P < 0.05. The 

indicated p-value was calculated using Student’s t-test. 

 
D. * Preliminary data, n=1. INS-1E cells were pre-incubated with 5mM and stimulated with 

5mM or 25mM for 12 hours and glucose-stimulated insulin secretion assay was performed. 

Supernatants were collected and the amount of insulin were determined. Barplot showing the 

log2 fold changes of insulin content in siControl samples (25mM / 5mM) and siMybbp1a 

samples (25mM / 5mM).  

 

Figure 4: Genome-wide characterization of glucose-induced Mybbp1a-dependent enhancers 

INS-1E cells were transfected with either a siRNA construct targeting a negative control or Mybbp1a, 

pre-incubated with 5mM glucose for 24 hours and stimulated with 5mM or 25mM for 12 hours. 

Mybbp1a- and H3K27ac ChIP was performed, chromatin was harvested and sequenced, n=1 for 

Mybbp1a ChIP-seq samples, n=2 for H3K27ac ChIP-seq samples.  

 

A. Left part: MED1-, H3K27ac-, and Mybbp1a ChIP-seq Integrative Genomics Viewer (IGV) 

browser screenshots in the vicinity of Chsy1 and Acan genes. Right part: barplots illustrating 

Chsy1 and Acan mRNA expressions as normalized read counts in siControl 5mM and 25mM 

samples and siMybbp1a 5mM and 25mM samples. * P < 0.05. 
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B. Read density heatmaps created with deepTools depicting MED1-, H3K27ac-, and Mybbp1a 

ChIP-seq signal around ( -2kb - +2kb) the center of significantly (FDR ≤ 0.05) glucose-

induced enhancers (MED1 binding sites) (n=7086) in Cluster 1 (n=3460), Cluster 2 (n=1712) 

and Cluster 3 (n=1914). MED1 ChIP-seq datasets were generated in Schmidt et al. 2016. 

Boxplots showing the scaled H3K27ac binding in siControl samples (5mM and 25mM 

glucose) and siMybbp1a sample (25mM glucose) for each cluster. Boxplots: 1.5x inter 

quartile range (IQR). 

 

C.  Read density heatmaps created with deepTools depicting MED1-, H3K27ac-, and Mybbp1a 

ChIP-seq signal around ( -2kb - 2kb) the center of glucose-induced Mybbp1a dependent 

enhancers (n=1470 from Cluster 1) in Cluster 1A (n=633), Cluster 1B (n=409) and Cluster 

1C (n=428). Boxplots showing the scaled Mybbp1a binding in siControl samples (5mM and 

25mM glucose) and siMybbp1a sample (25mM glucose) for each cluster. Boxplots: 1.5x inter 

quartile range (IQR). 

 

Figure 5: Predicting potential drivers of Mybbp1a-mediated mechanisms 

 

A. Plot showing the transcription factor (TF) binding of 409 transcription factors in Mybbp1a-

dependent binding sites (Figure 4C, Cluster 1A) compared to Mybbp1a independent sites 

(Figure 4C, Cluster 1C). Enrichment is computed by the R package ReMapEnrich. All TFs 

that are listed in the plot have significantly different binding in Cluster 1A compared to Cluster 

1C (FDR ≤ 0.05). 

 

B. Top part: Nr5a2 mRNA expression throughout 0-, 1-, 2-, 4- and 12 hours of glucose 

stimulation is presented as normalized read counts (RNA-seq dataset was generated in 

Schmidt et al. 2016). Lower part: publicly available single-cell sequencing datasets from 

pancreas was processed through the SeuratData R package. Violin plot showing Nr5a2 mRNA 

expression in the major endocrine cell types of human islets: α-cells, β-cells, δ-cells, and γ-

cells (see “Publicly available datasets” under “Experimental procedures” for references).    

 
C. Publicly available Nr5a2 ChIP-seq peaks from pancreas were overlapped with publicly 

available human islet regulome data using bedtools intersect. 5802 Nr5a2 peaks from pancreas 

overlap with the islet regulome, which is 2.4-fold higher compared to random sites (see 
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“Publicly available datasets” under “Experimental procedures” for references to datasets).   * 

P < 0.05. The indicated P-value is calculated using Two Proportions Z-test.  

 
D. 12 different Nr5a2 motif sequences were obtained from the CIS-BP database: Catalogue of 

Inferred Sequence Binding Preferences. Enrichment of Nr5a2 motifs in inactive open 

chromatin regions, inactive enhancers, and active enhancers in human islet regulome was 

determined using annotatePeaks.pl. Heatmap showing the scaled best log odds motif score for 

each Nr5a2 motif across the different classes in the human islet regulome, defined by Miguel-

Escalada et al. 2019. 

 

E. Target genes of Nr5a2 were predicted using the Enrichr tool. Barplot illustrating significant 

associations (-log2 FDR adjusted p-values) between Nr5a2 target genes and pathways related 

to islets of Langerhans and diabetes.  

 

Figure 6: Model for Mybbp1a-mediated transcriptional mechanisms in the glucose response in 

β-cells 

In this study, we have identified Mybbp1a as a MED1 interactor. MED1 and Mybbp1a is recruited to 

active enhancers during the glucose response, and through interaction with TFs, Nr5a2 and/or c-Myc, 

this transcriptional complex can exert coactivating or corepressing functions in the glucose response 

of INS-1E-cells.  
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Supplementary figure legends 
 

Figure S1 

 

A. Related to Figure 1B: INS-1E cells were SILAC-labeled for 6 weeks, followed by pre-

incubation with 5mM glucose for 24 hours and 5mM or 25mM glucose stimulation for 24 

hours. Immunoprecipitated protein complexes were quantified by mass spectrometry. Barplot 

showing MED1 enrichment (MED1/GFP) in MED1 5mM and 25mM IP samples.   

 

B. Related to the RNA-seq data presented in Figure 2 and Figure 3: PCA analysis of the top 

1000 most variant genes among the siControl 5mM and 25mM and siMybbp1a 5mM and 

25mM samples.  
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Model figure of mechanisms mediated by Mybbp1a in the glucose response in INS-1E cells 
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Supplemental figures and figure legends for Section II 

– related to Ins1CreTRAP project 
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Supplemental figures for Ins1CreTRAP project

1. Detailed Ins1CreTRAP model system

2. Endogenous mCherry expression in islets of Ins1CreTRAP mice
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Supplemental figures for Ins1CreTRAP project

3. IPGTT graphs for each time point during HFD experiment
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Supplemental figure legends for Appendix III 

 
1. Detailed Ins1CreTRAP model system.  

 

The cherry-RPL10A transgene is inserted into the endogenous Rosa26 locus. mCherry-

RPL10A expression is restricted to cells expressing the cre-recombinase, which catalyzes 

recombination between loxP sites and removal of stop codons blocking translation of the 

transgene. mCherry-RPL10A incorporates into ribosomes of cre-expressing cells allowing for 

cre-dependent and cell type-specific isolation of polysomes with mCherry affinity beads from 

whole pancreas lysates. Co-expression of the flp-recombinase from the same construct 

enables specific gene knockdown in pancreatic β-cells using AAVs. Overall, the 

Ins1CreTRAP model system allows for analysis of β-cell-specific translating RNAs.  

 

2. Endogenous mCherry expression in islets of Ins1CreTRAP mice. 

 

Whole pancreas from 10-week-old male Ins1CreTRAP and TRAP mice were dissected and 

fixated in 4% paraformaldehyde. Pancreatic tissue sections à 10µM were cut using a cryostat. 

Endogenous mCherry expression in islets of Ins1CreTRAP (Ins1Cre+/+) and TRAP (InsCre-/-

). Islets were visualized by imaging samples on a fluorescence microscope.  

 

3. IPGTTs for each time point during HFD experiment. 

 

10-week-old male Ins1CreTRAP mice were fed ad libitum on a chow diet or a HFD for 12 

weeks. n=5 for both groups. Glucose tolerance was assessed after 0, 1, 2, 4, 6, 8, 10 and 12 

weeks of feeding. Mice fasted for 5 hours and were intraperitoneally injected with 2g 

glucose/kg according to the average bodyweight of chow-fed mice. Error bars indicate SEM.   

 

4. Glucose-stimulated glucagon secretion. 

 

10-week-old male Ins1CreTRAP mice were fed ad libitum on a chow diet or a HFD for 2 or 

7 days. n=5 for all groups. Pancreas were perfused with 1mM-, 6mM-, 20mM glucose and 



KCl. Venous effluent samples were collected each minute from a catheter inserted into the 

portal vein. Glucose-stimulated glucagon secretion was measured. Error bars indicate SEM.  
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