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ABSTRACT OF THE DISSERTATION

Deciphering the Molecular Mechanism of Hyperglycemia-Mediated Tumorigenesis
by
Qi Zhou
Doctor of Philosophy, Graduate Program in Biochemistry and Molecular Biology
University of California, Riverside, September 2023
Dr. Xuan Liu, Chairperson
Cancer is the second leading cause of global mortality. Accumulating evidence
strongly suggests that aberrant alterations in signaling cascades can lead to uncontrolled
cell growth, driving the progression of this disease. While the promotion of cancer cell
growth by hyperglycemia has been extensively studied, the comprehensive mechanism
underlying this relationship remains incompletely elucidated. In the current study, we
present findings that high glucose levels (HG) indeed bolster DNA synthesis and cell
cycle progression, fostering tumor cell growth, as revealed by genome-wide analyses.
Moreover, our investigation identified E2F family as the central transcription factor
responsible for the adaptive response induced by HG. The use of the pan-E2F inhibitor
HLMO006474 and shRNA-mediated E2F1 depletion, effectively counteracted HG-
triggered DNA synthesis and cell growth. Furthermore, we establish that HG amplifies
Rb1 phosphorylation, directly contributing to the activation of E2F 1. Inhibition of Rb1
phosphorylation using the CDK2/4/6 inhibitor compound PF-3600 substantially mitigates
the E2F1-mediated transcriptional activation of downstream DNA replication genes.

Notably, among the E2F1 target genes induced by HG, RRM2 plays an essential role in

Vi



the nucleotide synthesis by generating essential ANTPs required for DNA replication. Our
investigation reveals that HG promotes intracellular ANTP levels in an E2F1-RRM2-
dependent manner, closely associated with increased DNA synthesis and subsequent
cancer cell growth. The RNR inhibitor Triapine effectively impedes RRM2-mediated
elevation of intracellular dATP and dGTP, and DNA synthesis. To gain more insights into
the metabolic alterations occurring in HG-treated cancer cells, we carried out the
untargeted metabolomic profiling. This analysis not only reaffirms the activation of
glycolysis in HG-treated cells, as evidenced by the elevated levels of lactic acid, but also
illustrates noteworthy enhancements in the levels of sucrose and fructose in the polyol
pathway. These findings provide another facet of how cancer cells utilize excess glucose
to fuel their proliferation. Collectively, our findings decipher the oncogenic signaling and
metabolic connections between hyperglycemia and cancer cell proliferation, mediated
through the Rb1/E2F and polyol pathways. This study provides a detailed molecular
mechanism that sheds light on how hyperglycemia directs tumor cells to enhanced cell

cycle progression and cell proliferation.
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Chapter 1

Introduction



1.1 Cancer Metabolism

In the past decade, there has been a notable emergence of metabolic
reprogramming as a significant hallmark of cancer (Hanahan & Weinberg, 2011).
Throughout the progression and development of cancer, transformed cells exhibit a
flexible adaptation to specific metabolic alterations, thereby favoring tumor growth
(Vander Heiden & DeBerardinis, 2017). These metabolic changes are comprised of
intricate networks of metabolic pathways that can be categorized into three distinct fields:
catabolism, anabolism and redox homeostasis (Hsieh et al., 2015). Catabolism involves a
multitude of metabolic processes to break down macromolecules into small units,
accompanied by the generation of ATP energy and reductive power, such as NADPH.
Conversely, anabolism encompasses a set of metabolic pathways of rebuilding of small
units into macromolecules, requiring energy for these reactions. The equilibrium between
catabolism and anabolism is determined by nutrient availability and the cellular state.
Unlike quiescent cells, cancer cells grow rapidly by intricately integrating these
metabolic pathways, resulting in heightened energy demands to fuel proliferation. In
particular, glucose and glutamine serve as the primary substrates taken up by tumor cells
to meet their proliferation demands. The intermediates generated during the catabolism of
glucose and glutamine can be employed for the biosynthesis of macromolecules.
Furthermore, by ensuring adequate levels of NADH/FADH:2 within cells, cellular redox
capacity is effectively controlled, thereby guaranteeing the ATP production in the

mitochondria (Pavlova & Thompson, 2016).



1.1a Warburg Effect

In 1956, Otto Warburg and his research team disclosed a groundbreaking
discovery in cancer cell metabolism, known as the “Warburg effect” (House et al., 1956;
Warburg, 1956). In their study, they revealed that cancer cells exhibit a preference for
cellular respiration through glycolysis, even under aerobic conditions, instead of the
oxidative phosphorylation pathway (Alfarouk et al., 2014). This distinct metabolic
characteristic arises from the compromised mitochondria respiration in cancer cells,
leading to an increased reliance on the less efficient aerobic glycolysis (House et al.,
1956; Warburg, 1956).

The Warburg effect also demonstrates that substantial amounts of lactic acid are
generated in the final stage of glycolysis and can be extruded into extracellular space,
resulting in a consistent acidification of the tumor microenvironment (TME). This
acidosis within the TME yields various advantages for tumor cell aggressiveness and
malignant progression. One advantageous outcome is the initiation of extracellular matrix
(ECM) degradation, promoting tumor metastasis. Concurrently, this acidic milieu
modulates both cell apoptosis and proliferation, fostering clonal evolution and selection
by triggering gene mutations and chromosomal instability. Furthermore, the acidic
environment interferes with the immune response, rendering cancer cells more resistant
to chemotherapy and radiation (B6hme & Bosserhoft, 2016; Justus et al., 2013). In
medical application, researchers and clinicians have harnessed the Warburg effect for a
diagnostic technique called positron emission tomography (PET), utilizing the glucose

analogue tracer '*fluorodeoxyglucose (FdG). By mapping the course of glucose



metabolism, this approach enables non-invasive visualization of tumor grading,
metastasis, and monitoring of tumor progression within living organisms (Gambhir, 2002;

Hawkins & Phelps, 1988; Weber et al., 1999).

1.1b Glucose Metabolism

Glucose metabolic pathways encompass a series of carbohydrate-related
processes. These encompass not only glycolysis, pentose phosphate pathway and
gluconeogenesis, but also contain the processes of glycogenolysis and glycogenesis,
alongside fructose and galactose metabolism (Nakrani et al., 2021). Polysaccharides
undergo digestion into monosaccharides by enzymes in the gut, after which they are
absorbed into the bloodstream and transported to various tissues (Sanders, 2016). Among
the different monosaccharides, glucose stands out due to its significantly larger presence
in the diet compared to fructose and galactose (Sanders, 2016). It enters the cytoplasm via
membranous glucose transporters (GLUTs) and is subsequently phosphorylated by
hexokinase (HK) into glucose-6-phosphate (G6P), which serves as a metabolic hub for
the interconversion of all the previously mentioned glucose-associated metabolic
pathways. This underscores the vital role blood glucose levels play in the regulation of
glucose metabolism in human body.

The regulation of glucose homeostasis is primarily governed by two well-defined
hormones: insulin and glucagon (Kitabchi, 1975; Rdder et al., 2016). However, recent
advances have brought forth other non-hormonal regulators and mechanisms that also

participate in controlling glucose metabolism. Simultaneously, glucose metabolism



engages in a dynamic interaction with these regulators, influencing cell proliferation- a

topic further explored in the subsequent discussion.

1.2 Cell Signaling Regulation of Glucose Metabolism
1.2a PI3K/Akt Signaling

In addition to serving as a source of energy for ATP generation, glucose plays a
pivotal role as a carbon source for biomass synthesis, which involves lipid, nucleotides,
and non-essential amino acids (NEAA) (Zhu & Thompson, 2019). In the context of
cancer cells, an escalated flux of glucose is often observed, meeting the demands of
cellular growth and proliferation through the upregulation of signaling pathways
associated with biomass synthesis. The phosphoinositide 3-kinase (PI3K) signaling
pathway serves as a master controller, linking glucose metabolism with growth regulation
(DeBerardinis et al., 2008; Vander Heiden et al., 2009). Activation of the PI3K/Akt
pathway brings about downstream metabolic consequences, including anaerobic
glycolysis (Franke et al., 2003).

Cancer cells express high levels of GLUT]1 to facilitate the glucose intake at the
cell membrane. Akt phosphorylation prompts glucose uptake by either inducing the
transcriptional activation of GLUT1 or maintaining its cell surface presence, contingent
upon cell types and contexts (Barata et al., 2004; Hoxhaj & Manning, 2020; Wieman et
al., 2007). Furthermore, phosphorylated Akt can regulate the gene expression and
enzymatic activity of glycolytic rate-limiting enzymes, such as HK and

phosphofructokinase-1 (PFK1), through both prolonged transcriptional effects and acute



post-translational modifications (DeBerardinis et al., 2008; Hoxhaj & Manning, 2020;
Rathmell et al., 2003).

Tumor cells harboring somatic mutations in PI3K/Akt pathway often exhibit a
gain of function or hyperactivity manner, resulting in a continuous glucose uptake to
fulfill the increased demands of cellular metabolism (Keppler-Noreuil et al., 2016;
Martini et al., 2014). A recent study introduced a novel insight into PI3K-mediated
glycolytic regulation involving aldolase A in an Akt-independent manner through
association with cytoskeletal dynamics (Hoxhaj & Manning, 2020; Hu et al., 2016). Upon
stimulation by growth factors and insulin, aldolase A is released from filamentous actin,

subsequently becoming more actively engaged in glycolysis.

1.2b mTOR Signaling

The mechanistic target of rapamycin (mTOR) is recognized as a central regulator
of cell proliferation and metabolism. It couples growth factors and nutrients signals to
biomass synthesis through the direct phosphorylation of downstream substrates, such as
S6K (a target of mMTOR Complex 1, mTORC1) and Akt (a target of mTOR Complex 2,
mTORC2) (Mossmann et al., 2018). In general, mTOR engages in activating the
glycolytic pathway by targeting GLUTs and glycolytic enzymes like HK2, PFK and
enolase. Both GLUT1 and HK2 can be transcriptionally regulated by MYC and HIF1,
which are downstream substrates of mMTORC1 and mTORC2 (Mossmann et al., 2018). In
its phosphorylated form, G6P, HK2 captures glucose in the cytoplasm, a pivotal step in

the occurrence and interconnection of glucose metabolism. mTORC1/4EBP1 axis also



increases HK2 expression at the translational level in prostate cancer cells (L. Wang et
al., 2014). In addition, the long noncoding RNA MALAT1 was found to be involved in
mTORCI1/4EBP1-mediated translational upregulation of the metabolic transcription
factor TCF7L2 by interacting with its 5’-UTR. Consequently, TCF7L2 can activate the
downstream gene expressions of glycolytic enzymes and inhibit the transcription of
gluconeogenic enzymes (Malakar et al., 2019). mTORC2 enhances HK2 phosphorylation
ability by facilitating more direct access to ATP produced from mitochondria in an
Akt/mTORC2-dependent manner (Betz et al., 2013). Pyruvate kinase muscle isoform 2
(PKM2) is exclusively overexpressed in malignant tumor cells. It is also a target of both
HIF1 and MYC proteins but modulated by distinct molecular mechanisms. HIF1 boosts
the transcriptional level of PKM2 upon mTORCI activation, whereas MY C maintains the
distinct splicing isoform of PKM2 through targeting the splice factor (Sun et al., 2011).
Conversely, PKM2 can also impact mTORCI1 activity by phosphorylating its inhibitor

AKTIS1 (He et al., 2016).

1.2c AMP-activated Protein Kinase (AMPK)

It is well recognized that AMPK serves as an energy sensor, becoming activated
when intracellular energy and glucose levels decline (S.-C. Lin & Hardie, 2018).
Functioning as a heterotrimeric protein complex, AMPK consists of one catalytic subunit
(o) and two regulatory subunits ( & y) (Carling, 2004). The activity of AMPK is tightly
regulated by the phosphorylation of Thr172 located in the a catalytic subunit (Oakhill et

al., 2011). The tumor suppressor LKB1 and the Ca®*/calmodulin-dependent kinase



CaMKK2 are confirmed upstream activators of Thr172 (S.-C. Lin & Hardie, 2018).
Under conditions where cells experience a higher AMP/ATP or ADP/ATP ratio,
especially the former, Thr172 can be phosphorylated to initiate downstream pathways
that sustain cellular energy demands. Traditionally, AMPK activation due to glucose
depletion has been attributed to ATP/energy loss. However, Zhang et al. discovered an
unexpected revelation: there is no change in the AMP/ATP and ADP/ATP ratios when
AMPK is activated in response to glucose starvation (C.-S. Zhang et al., 2017). Indeed,
this activation stems from reduced levels of fructose-1,6-bisphosphate (FBP) due to
diminished glycolytic activity. The unoccupied aldolase enzyme, due to the absence of
FBP, is more inclined to trigger the formation of the lysosomal complex, thus inducing
AMPK activation (C.-S. Zhang et al., 2017). Cell-free reconstitution assays also
confirmed that the addition of FBP disrupted the formation of lysosomal complex (C.-S.
Zhang et al., 2017). This innovative discovery provides a new perspective on the

AMP/ADP-independent mechanism of AMPK activation.

1.3 Regulation of Oncogenes and Tumor Suppressors in Glucose Metabolism
1.3a RAS Family

The RAS family comprises KRAS, NRAS and HRAS isoforms, and point
mutations are prevalent across various cancer types, notably colorectal and non-small-cell
lung cancers (Kerk et al., 2021; Mo et al., 2018). The oncogene KRAS has been
established as a signature linked to enhanced aerobic glycolysis in multiple cell types

(Kawada et al., 2017). In KRASSY'?P _induced mouse models of pancreatic and colorectal



cancer, KRAS mutants bolster glucose uptake by elevating GLUT1 expression on the cell
surface (Kawada et al., 2017; Ying et al., 2012). In addition, the expression levels of the
rate-limiting enzymes like HK, PFK1 and lactate dehydrogenase (LDH) are upregulated
in KRAS mutant cells. Also, lactate is rapidly exported from the cytoplasm through
monocarboxylate transporters (MCTs) in a KRAS-dependent manner, maintaining
intracellular redox balance (Kerk et al., 2021).

Numerous studies have showcased the effectiveness of the glycolysis inhibitor 3-
bromopyruvate (3-BrPA) in halting tumor growth driven by KRAS mutant (Kawada et
al., 2017; Patra et al., 2013; Ying et al., 2012; Yun et al., 2009). Beyond regulating
glycolysis alone, the inducible KRAS-mutant pancreatic mouse model demonstrates the
ability to metabolically rewire glycolysis towards the hexokinase biosynthesis pathway
(HBP) for protein glycosylation and pentose phosphate pathway (PPP) to facilitate
ribonucleotide synthesis (Kawada et al., 2017; Ying et al., 2012). In the non-small cell
lung cancer (NSCLC) mouse model, homozygous KRASS!2P/G12D yndergoes a glycolytic
shift into the TCA cycle and augments glutathione biosynthesis, a critical intracellular
antioxidant metabolite (Kerr & Martins, 2018). Collectively, the roles of KRAS signaling
in glucose metabolism are geared towards promoting tumor cells’ dependence on aerobic

glycolysis to sustain their growth and viability.

1.3b MYC
The MYC proto-oncoproteins, including c-MYC, MYCN and MYCL, have been

extensively investigated in cancer disease. Typically functioning as transcription factors,



they bind to approximately 10-15% of all promoter regions across the genome. Due to
their influence on transcription and their ability to access a surplus of promoters, MYC
dysregulation can aberrantly heighten the transcriptional levels of specific genes involved
in glucose metabolism. This hypothesis has been tested and verified in vivo through '3C-
Glucose labeling in various cancer types (Le et al., 2012; Murphy et al., 2013; Yuneva et
al., 2012).

In anerobic glycolysis, MYC is capable of transactivating glucose transporters
and crucial glycolytic enzymes, including HK, PFK-muscle type and enolase (Dejure &
Eilers, 2017; Wahlstrom & Arsenian Henriksson, 2015). It also enhances the levels of
LDH and MCT1 to uphold intracellular NAD*/NADH and lactate equilibrium (Dejure &
Eilers, 2017). Apart from direct transcriptional activation, MY C can indirectly promote
the expression of a distinct isoform of PKM2 through its regulatory control over hnRNP
splicing factors (David et al., 2010). Moreover, MY C can indirectly inhibit the
glycolysis-negative regulator, thioredoxin-interacting protein (TXNIP), by disrupting the
transcriptional control of Mondo A in triple-negative breast cancer (Shen et al., 2015).
Mondo A, a transcriptional factor, exerts its influence over glucose availability and
utilization.

The hexosamine biosynthetic pathway (HBP) is highly activated in cancer, and O-
GlcNACc transferase (OGT) plays a pivotal role in adding UDP-N-acetylglucosamine
(UDP-Glc-NAc) to substrates’ serine/threonine residues. HSP90, a transcriptional target
of MYC, can stabilize OGT protein, which in turn stabilizes MYC protein by modifying

on its Serine 58 residue, establishing a regulatory loop (Itkonen et al., 2013; Sodi et al.,

10



2015). This loop sustains the positive impact of MYC on the glucose uptake and aerobic
activity in cancer cells.

Interestingly, glucose availability can influence MY C protein levels, with multiple
studies indicating reductions during glucose depletion. Scientists found that limited
glucose availability can lead to MYC protein degradation through proteasome
degradation and calpain-mediated proteolysis, giving rise to a truncated by-product:
cytosolic MYC-Nick (Dejure & Eilers, 2017). This truncated form lacks the functional
domain required for nuclear translocation, leading to a transcriptionally independent
function of a-tubulin acetylation. This, in turn, impacts cytoplasmic architecture and cell
differentiation (Conacci-Sorrell et al., 2010). Strikingly, a particular study reported that
glucose starvation could paradoxically elevate MY C protein levels in specific cancer cell
types via the dephosphorylation of PI3K/Akt signaling pathway (S. Wu et al., 2015). In
case of ER stress, such as that induced by glucose starvation, MY C protein can be
translated via Internal Ribosome Entry Site (IRES) in multiple myeloma cells (Dejure &

Eilers, 2017).

1.3c pS3

p53, renowned as the guardian of the genome, has emerged as a critical regulator
of cancer metabolism. Wild-type p53 is recognized for its ability to counteract the
Warburg effect, thereby promoting oxidative phosphorylation (OXPHOS) (Gomes et al.,
2018; Itahana & Itahana, 2018; Kung & Murphy, 2016). This regulation stems from both

direct and indirect transcriptional repressions of GLUTs (Kawauchi et al., 2008;

11



Schwartzenberg-Bar-Yoseph et al., 2004). Additionally, the hotspot gain-of-function
(GOF) p53 mutants, R175H and R273H, can facilitate the translocation of GLUT]1 to the
plasma membrane in a transcriptional-independent manner (C. Zhang et al., 2013).
Furthermore, p53 influences several key negative regulators of glycolysis, including the
regulation of TP-53 induced glycolysis and apoptosis regulator (TIGAR). Acting as a
direct transcriptional target of p53, TIGAR functions as a phosphatase that, upon
activation, dephosphorylates the allosteric regulator fructose-2,6-biphosphate (F-2,6-BP),
consequently reducing PFK1 activity. This, in turn, leads to a decrease in the production
of glycolytic intermediate fructose-1,6-bisphosphate (F-1,6-BP) (Berkers et al., 2013;
Gomes et al., 2018a; Itahana & Itahana, 2018; Kung & Murphy, 2016).

In addition to its individual functions, p53 also engages in crosstalk with other
signaling pathways, such as c-MYC, HIF1, LKB1/AMPK and PI3K/AKT (Gomes et al.,
2018b). For instance, p53 can repress the expressions of IGFBP3 and PTEN3, which
subsequently exert a negative regulatory influence on the activity of PI3K/AKT pathway

(Y. Liang et al., 2013).

1.3d Hypoxia-inducible factor 1 (HIF1)

Hypoxia-inducible factors (HIFs) constitutes a cluster of transcription factors that
emerge in response to oxygen depletion, encompassing three family members: HIF1,
HIF2 and HIF3. HIF1, extensively studied, exhibits ubiquitous expression in cells (Dang
et al., 2008). It comprises an alpha subunit encoded by HIF1A gene and a beta subunit

encoded by the aryl hydrocarbon receptor nuclear translocator (ARNT), forming a

12



heterodimer. In normoxic conditions, HIF1 remains at minimal levels due to rapid von
Hippel-Lindau protein-mediated ubiquitin-proteosome degradation (A. S. Lee, 2014).
However, under hypoxic conditions, HIF1 activates glycolysis by increasing expression
levels of nearly all related genes, such as GLUT1 and HK (Dang et al., 2008; Pezzuto &
Carico, 2018). As a result, quantities of glycolytic intermediates, including the end-
product pyruvate, increase. Pyruvate functions as a switch determining whether it
continues into TCA cycle/oxidative phosphorylation in the presence of oxygen or
undergoes fermentation into lactate without oxygen. Intriguingly, HIF1 can activate the
transcription of pyruvate dehydrogenase kinase 1 (PDK1), which subsequently
inactivates pyruvate dehydrogenase (PDH) though phosphorylation, hindering the
progression of the TCA cycle. This mechanism enables cells to maintain ATP levels and
counteract toxic ROS accumulation despite insufficient Oz levels (Kim et al., 2006).
Furthermore, HIF1 serves a downstream target of mTORCI1 and the tumor
suppressor LKB1, a negative regulator of mTOR signaling (Shaw et al., 2004).
Interestingly, LKB1 has been discovered to dedicate itself to HIF1-dependent metabolic
reprogramming (Faubert et al., 2014; Shackelford et al., 2009). Precisely, the loss of
LKBI strengthens HIF1 protein levels through the commitment of mMTORC]1 and ROS.
Nevertheless, it remains unclear whether mTORC1 and ROS function individually or in
tandem (Faubert et al., 2014). Moreover, in pancreatic cancer, HIF1 protein stability has
been shown to be enhanced through its physical interaction with MUCI, a type I
transmembrane protein (Chaika et al., 2012; Shukla et al., 2017). This intermolecular

communication empowers HIF1 to be more effectively recruited to the promoters of
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glycolysis associated genes, thus activating transcription. This stabilization mechanism
also sheds light on overcoming gemcitabine resistance in pancreatic cancer patients, as
tumor cells adeptly adapt to the environment by securing their energy source for survival

(Shukla et al., 2017).

1.4 Glucose Metabolism and Cell Cycle

Apart from their role in catalyzing glycolytic steps in anaerobic respiration,
glycolytic enzymes also exert their nonmetabolic functions by regulating cell cycle
progression. The control of cell cycle involves managing checkpoints and orchestrating
the sequential activation of cyclin-dependent kinases (CDKs). Leveraging the intricate
connection between glucose metabolism and cell cycle holds significant potential for the
development of metabolism-associated therapeutic approaches for cancer treatment.

The enzyme PKM2 is widely recognized for its involvement in the Warburg
effect. However, its glycolytic-independent kinase activity has recently come to light
within cell nuclei. Cyclin D1, encoded by the gene CCNDI1, forms a critical partnership
with CDK4, constituting a complex essential for the G1/S transition (Icard et al., 2019).
Scientific research suggests that PKM2 can translocate into the cell nucleus to directly
regulate CCND1 expression. This nuclear localization of PKM2 is facilitated by
acetylation carried out by the acetyltransferase p300, targeting the K433 residue. This
modification prevents its interaction with the allosteric activator FBP, leading to the
accumulation of PKM2 in the nucleus (Lv et al., 2013). Inside the nuclei, PKM2

continues to function as a protein kinase, phosphorylating histone H3 at Thr33. This
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phosphorylation event prompts the dissociation of histone deacetylase 3 (HDAC3) from
the CCND1 promoter, consequently promoting the transcription of CCND1. These
actions have been confirmed to be pivotal for cell cycle progression, cell proliferation,
and tumor advancement in vivo (Yang et al., 2012). Additionally, the interaction between
PKM2 and the phosphatase Cdc25A stabilizes PKM2’s nuclear function. Cdc25A’s
dephosphorylation of PKM?2 at Ser37 enhances PKM2-dependent transcriptional activity,
encompassing glycolytic genes and Cdc25 itself (J. Liang et al., 2016).

Conversely, the cyclin-dependent kinase complex can influence PKM2’s
enzymatic activity, forging a connection between the cell cycle and metabolism. For
instance, the cyclin D3/CDK6 protein complex phosphorylates PKM2 and PFK1,
effectively inhibiting their functions. As a result, the glycolytic pathway is suppressed,
compelling cells to divert towards the PPP to produce more antioxidant NADPH. This
adaptation ensures cellular survival while averting apoptosis (H. Wang et al., 2017).

Aldolase, another enzyme, exhibits dual localization in both the cytoplasm and
nucleus (Mamczur et al., 2010, 2013). Similarly, the nuclear localization of aldolase
correlates with cell cycle progression and proliferation in lung cancer cells, as evidenced
by increased expression of the proliferation marker Ki-67 (Mamczur et al., 2013).
Triosephosphate isomerase (TPI), responsible for the interconverting dihydroxyacetone
phosphate and glyceraldehyde 3-phosphate, undergoes CDK2-mediated phosphorylation
upon etoposide treatment in Hela cells. This phosphorylation impairs TPI’s catalytic
function, compromising anaerobic glycolysis and rendering cells more susceptible to

apoptosis (W.-H. Lee et al., 2010).
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1.5 Diabetes and Cancer

Diabetes constitutes a cluster of metabolic disorders triggered by the
dysregulation of glucose metabolism, resulting in elevated blood glucose levels or
hyperglycemia. It has rapidly emerged as a prevalent ailment, transcending age, gender,
and ethnicity worldwide. By 2045, the estimated number of cases is projected to surge to
693 million (Cho et al., 2018). Among the main diabetes types, namely type 1 (T1IDM),
type 2 (T2DM) and gestational diabetes, this discussion predominantly focuses on the
first two (CDC, 2021b). TIDM, an autoimmune disease, entails a deficiency in insulin
production and secretion within the pancreatic beta cells. This insufficiency in serum
insulin precipitates a failure in maintaining the glucose homeostasis in body. Managing
this condition necessitates a lifelong regimen of insulin injections and vigilant monitoring
of blood sugar levels (CDC, 2021a). Primarily associated with children, teenagers, and
young adults, TIDM is colloquially known as juvenile diabetes (CDC, 2021a). Despite
its impact, it only accounts for 5-10% of all diabetes cases and is less prevalent than
T2DM (Daneman, 2006). In contrast, T2DM, which constitutes approximately 90% of
diabetes cases, manifests predominantly in adulthood. It is characterized by the
occurrence of insulin resistance at early stage and compromised pancreatic beta cell
function in the final stage. Consequently, cells fail to appropriately respond to insulin,
leading to an inability to maintain glucose within the normal physiological range
(Chatterjee et al., 2017). This condition’s etiology is multifaceted, arising from both
genetic anomalies and environmental factors such as obesity, unhealthy dietary habits,

and a sedentary lifestyle (DeFronzo et al., 2015). To thwart the onset of microvascular
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and macrovascular complications, individuals diagnosed with T2DM must diligently
monitor their blood glucose levels (DeFronzo et al., 2015).

Both T1DM and T2DM have been associated with elevated risks of neoplasm
occurrence and mortality. Numerous epidemiological studies have indicated that TIDM is
linked to an increased risk of stomach, cervical and endometrial cancers (Szablewski,
2014). However, when combined with the results of multiple cohort studies, the findings
have been mixed and inconsistent (Gordon-Dseagu et al., 2013). This discrepancy could
arise from variations in study methodologies, diagnostic criteria for T1DM, and
inconsistent parameters employed to assess outcomes (Gordon-Dseagu et al., 2013). In
the case of T2DM, it exhibits a stronger correlation with cancer due to its shared common
risk factors, including obesity, aging and smoking (Table 1) (Bjornsdottir et al., 2020; M.
Wang et al., 2020). Liver, pancreatic and endometrial cancers exhibit a risk more than
two-fold higher in the T2DM population, with diabetes being deemed an independent risk
factor for these occurrences (Szablewski, 2014; M. Wang et al., 2020). The relative risk is
slightly lower, around 1.2 to 1.5-fold, for colorectal, breast and bladder cancers
(Szablewski, 2014). However, conflicting outcomes have been reported in bladder cancer
studies (M. Wang et al., 2020). These inconsistent study results might stem from potential

factors such as early detection bias and reverse causation.

1.5a Biological links between diabetes and cancers
Broadly, diabetes can impact tumorigenesis through three principle mechanisms:

hyperinsulinemia, hyperglycemia, and chronic inflammation (Giovannucci et al., 2010).
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Each of these factors possesses the potential to independently initiate and promote
tumorigenesis, while also exhibiting the capacity for interaction.

The signaling of insulin and insulin-like growth factors (IGFs) has gained
widespread recognition for its pivotal role in the mitogenesis and proliferation of cancer
cells. Upon binding to their respective receptors, insulin/IGFs stimulate receptor
phosphorylation and associated adaptor proteins, thereby initiating downstream effects
through ongoing protein phosphorylation or recruitment/dissociation of related proteins
(Gallagher & LeRoith, 2010). In addition, insulin-like growth factor-binding proteins
(IGFBPs) interact with insulin/IGFs to curtail their bioactivities in cancer progression.
Notably, certain IGFBPs can bind to IGF1, attenuating its function. Research also
indicates that insulin can transcriptionally downregulate IGFBP1 levels in both in vitro
and in vivo settings (Ooi et al., 1992; Powell et al., 1991). Moreover, IGFBP1 expression
has been noted to rise in the serum of both type 1 and type 2 diabetic patients (Y.-W. Lin
et al., 2021). Consequently, the suppressive influence of IGFBP1 on IGF1 protein
function is negated, allowing for the activation of the IGF1 signaling pathway.

Hyperglycemia, a long-standing biological link between diabetes and cancers,
stems from cancer cells’ elevated reliance on glycolysis, known as the Warburg effect.
Conceptually, hyperglycemia supplies cancer cells with an abundance of glucose, fueling
proliferation through consistent ATP generation (Szablewski, 2014). Distinguishing the
isolated effect of hyperglycemia from that of hyperinsulinemia in vivo, particularly
among T2DM patients, remains challenging (Szablewski, 2014). Addressing this issue,

researchers employed chemical compounds to disable insulin-producing pancreatic beta
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cells and establish hyperglycemic animal models. Surprisingly, rats with type 1 diabetes
induced by alloxan displayed tumor regression, suggesting a significant reliance of
malignancy on insulin stimulation (Heuson & Legros, 1972). Similarly, another study
recently revealed no substantial difference in tumor growth between xenograft mice with
or without hyperglycemia, utilizing a model induced by a compound called STZ, which
functions analogously to alloxan (D. Wu et al., 2018).

However, a high glucose microenvironment can attenuate cancer cells’ sensitivity
to chemotherapy (Gerards et al., 2017). This inhibitory effect is linked to the interference
of apoptotic pathways, including PUMA and ceramide synthesis (Gerards et al., 2017). In
cancer, dysregulated glucose metabolism accompanies an elevation in chronic
inflammatory makers like IL-13, IL-6 and TNF-a, which can trigger an unchecked
proinflammatory response (S.-C. Chang & Yang, 2016). Consequently, the persistent state
of inflammation can create a microenvironment conducive to tumor advancement and

progression.

1.6 E2F Family Regulation Throughout Cell Cycle

The E2F family comprises eight distinct members, denoted as E2F1-8, with E2F3
giving rise to two distinct isoforms through alternative transcription starting sites (TSS)
(Kent & Leone, 2019). These individual E2Fs exhibit unique expression patterns across
the cell cycle. During the G1/S phase transition, E2F1, E2F2 and E2F3 A experience peak
expression levels, whereas E2F7 and E2F8 reach their peaks during the later S phase.

E2F4, E2FS5 and E2F6 maintain a constant expression throughout the cell cycle. In
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general, E2F proteins can be classified into three types based on their transcriptional
effects: activators (E2F1, E2F2, E2F3A & E2F3B), repressors (E2F4, E2F5 and E2F6),
and atypical repressors (E2F7 and E2F8).

Throughout the cell cycle, individual E2F members collaborate in a coordinated
manner. In quiescent and differentiated (GO) cells, repressors E2F4 and E2F5 form
inhibitory protein complexes with pocket proteins (RB, p107 and p130). These
complexes bind to the promoters of E2F targets, effectively suppressing transcriptional
activities. Upon receiving mitogenic signals, pocket proteins become phosphorylated by
associated CCN/CDKs. As a result, E2F4 and E2F5 dissociate from the promoters during
the early G1 phase. As phosphorylation activity peaks in mid-to-late G1, activators E2F1,
E2F2 and E2F3 take the place of E2F4 and E2FS5, initiating the transcription of E2F
targets. As cells progress to the S phase, atypical repressors, namely E2F7 or E2F8,
position themselves on the promoters of E2F targets, particularly those of E2F1, E2F2
and E2F3, to quell their transcriptional activities. Upon reaching the G2 phase, the E2F4
protein relocates to the nucleus, reestablishing inhibitory protein complex with pocket
proteins as previously described, thus suppressing the transcription of E2F targets. E2F4
maintains its presence on the promoters of E2F targets until cells are once again

promoted by new mitogenic signals (Fig. 1) (Kent & Leone, 2019).

1.6a Regulation of E2F1 Expression and Activity
E2F1 has garnered extensive attention among all the members of E2F protein

family. A prominent mechanism governing E2F1 activity is the CDK/Rb/E2F1 axis.
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Pocket proteins, including Rb1, p107 and p130, form direct interactions with E2F1 on the
promoters of the DNA segments, effectively curbing E2F1’s capacity for transcriptional
regulation. Upon receiving specific stimuli, CCN/CDK complexes phosphorylate Rb1,
leading to its dissociation from E2F1 on the promoters. Freed from Rb’s inhibitory effect,
E2F1 partners with its counterpart protein DP, thereby instigating the transcriptional
activation of genes pertinent to cell cycle progression (Henley & Dick, 2012; Kent &
Leone, 2019).

Furthermore, E2F1 protein level are subject to tight control through a regulatory
loop mediated by miRNA. In specific, p73, an E2F1 target, suppresses miR-205
expression, while miR-205 subsequently downregulates the translational level of E2F1
protein (Alla et al., 2012; Dar et al., 2011). E2F1 stability was previously found to be
maintained by protein acetylation, involving acetylation by the p300/CBP-associated
factor P/CAF and deacetylation by Rb1-associated deacetylase. The lysine residues
involved in this process are conserved among E2F1-3 (Martinez-Balbés et al., 2000).

More recently, an array of post-translational modifications of E2F1, including
phosphorylation, methylation, ubiquitination and ADP-ribosylation, have been unveiled
and recognized to occur in a coordinated fashion. The kinase CDKS8 can phosphorylate
E2F1 at Ser375, impacting its downstream transactivation capacity. However, this
phosphorylation does not affect E2F1’s binding affinity on promoters or its dimerization
ability with DP (J. Zhao et al., 2013). Our lab has also identified another kinase, TAF1,
involved in the phosphorylation of Ser 375, and this has been verified both in vitro and in

vivo. The F-box domain in Cyclin F (CCNF) can mediate E2F1 ubiquitination via its
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interaction with the N-terminal cyclin binding motif of E2F1. This regulatory event
occurs in late S and G2 phase, dampening the transcriptional expressions of E2F1 targets
to prevent inappropriate DNA replication (Clijsters et al., 2019).

Poly (ADP-ribosyl)ation involves intracellular PARP1, which stabilizes E2F1 by
reinforcing its interaction with BIN1, an Rb1-independent E2F1 repressor (Kumari et al.,
2015). These post-translational modifications also exhibit interplay, regulating E2F1°s
function. Methylation of E2F1 at Lys185 can enhance the NEDDylation on the same
residue, further promoting protein degradation while concurrently inhibiting acetylation
and phosphorylation of residues at distant positions (Kontaki et al., 2010; Loftus et al.,

2012).

1.6b E2F1 and Cancer

E2F1 primarily functions as a transcription factor that governs the G1/S transition
in cells, a pivotal phase tightly linked to uncontrolled cell proliferation in tumors. Earlier
evidence demonstrated that E2F 17~ mice experienced more keratinocytes death following
UV radiation exposure, a phenomenon that could be reversed through E2F1 re-
expression (Wikonkal et al., 2003). Clinical studies have similarly revealed that
diminished E2F1 expression levels were associated with favorable prognosis among
breast cancer patients (Vuaroqueaux et al., 2007). In estrogen-stimulated breast cancer,
E2F1 expression levels are elevated in patient samples. Concurrently, its promoter
displayed a higher association with H3R17me2, a modification necessary for the

coactivator-associated arginine methyltransferase CARMI1 (Frietze et al., 2008).
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Furthermore, E2F1 protein exhibits a physical interaction with the coactivator
ATCR at its N-terminal domain, an interaction that takes place simultaneously on the
promoters of E2F1 target genes. As a result, ACTR facilitates E2F1 in transactivating
downstream target genes to promote the G1/S transition (Louie et al., 2004). Notably, in
prostate cancer, NUSAPI is considered a pivotal prognostic marker and deeply involved
in the invasion, migration and metastasis of tumor cells (Gordon et al., 2017). E2F1’s role
extends to direct binding on its two conserved CCA AT motifs, regulating transcriptional
level (Gulzar et al., 2013).

Analyzing microarray data from patient samples diagnosed with bladder cancer
revealed E2F1 as a master regulator in tumor progression and aggressiveness. In
particular, downstream targets modulated by E2F1/EZH2 and E2F1/SUZ12 are closely
associated with chemotherapy resistance and unfavorable cancer aggressiveness (S.-R.
Lee et al., 2015). Moreover, the loss and inactivation of Rb1 tumor suppressor gives rise
to distinct E2F1 cistrome patterns and binding specificities, providing insights into

E2F1’s diverse functions linking to various Rb1 statuses (McNair et al., 2018).

1.6¢c E2F1 and Cancer Metabolism

Metabolic reprogramming stands out as a significant hallmark in cancer disease,
and E2F1, functioning as a transcription factor, wields influence over cancer metabolism
by regulating the transcriptional activity of genes linked to metabolic pathways. An
established metabolic signature observed in many cancer cells is the Warburg effect.

E2F1 has been demonstrated to amplify glycolysis in the cytoplasm while suppressing
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glucose oxidation in the mitochondrion. To bring about this metabolic shift, E2F1 fosters
the expressions of 6-phosphofructo-2-kinase/fructose-2,6-bisphosphatase (PFKB) and
pyruvate dehydrogenase kinase (PDK) (Fernandez de Mattos et al., 2002; L.-Y. Wang et
al., 2016). Among the PDK family members, both PDK1 and PDK3 emerge as direct
transcriptional targets of E2F1. E2F1 collaborates with the histone lysine demethylase
KDM4A on the promoters of these two genes to modulate their transcriptional activity
(L.-Y. Wang et al., 2016).

In instances where E2F1 is acutely lost in Hela cells, mitochondrial topoisomerase
I (TOPIMT) witnesses an increase, promoting mitochondrial biogenesis and increase of
ATP levels (Goto et al., 2006). Conversely, perturbations in mitochondrial function can
exert an impact on E2F1 activity. For instance, deficiency in the electron transport chain
(ETC) deficiency and inhibition of ATP synthase significantly affect E2F1’s
transcriptional network, leading to a marked impediment in cell cycle progression
(Gemin et al., 2005; Mori et al., 2016).

Studies have also indicated that E2F1’s commitment in anabolic metabolism to
fulfill the heightened demand for macromolecules required for proliferation. In
nucleotide synthesis, E2F1 operates through the regulation of thymidine kinase (TK) and
dihydrofolate reductase (DHFR) expressions (Y. Li et al., 1994; Slansky et al., 1993). In
de novo lipid synthesis, researchers have revealed the key role of Sonic
hedgehog/E2F 1/fatty acid synthase (FAS) axis in medulloblastoma (Bhatia et al., 2011).
Furthermore, E2F1, in conjugation with E2F2, functions to suppress the expression of the

gene encoding carnitine palmitoytransferase 2 (CPT2), an enzyme essential for fatty acid
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oxidation and closely associated with nonalcoholic fatty acid liver disease (NAFLD)-
related hepatocellular carcinoma (Gonzalez-Romero et al., 2021).

In prostate cancer, the Rb1 loss can engender an E2F1-dependent mode of
metabolic reprogramming, particularly concerning redox metabolism. As a result, the
augmented synthesis of anti-oxidant glutathione shields tumor cells from reactive oxygen
species (ROS) during chemotherapy (Mandigo et al., 2021). Moreover, studies suggest
that E2F 1 potentially engages in crosstalk with other signaling pathways (PI3K/Akt,

mTORCI1 & HIF1) intricately involved in cancer metabolism.

1.7 Ribonucleotide Reductase (RNR)

Ribonucleotide reductase (RNR) assumes the role of reducing the 2’ carbon of
ribonucleoside diphosphate (NDP) to generate the corresponding deoxyribonucleoside
diphosphate (ANDP), a rate-limiting step in the de novo pathway. Following this, ANDPs
undergo phosphorylation by nucleoside diphosphate kinase (NDPK) to yield dNTPs
(Kunz & Kohalmi, 1991). In mammals, RNR operates as a tetrameric holoenzyme
composed of two o and two 3 subunits. The o subunit houses one catalytic site and two
distinct allosteric sites. The B subunit harbors a di-nuclear iron center (Fe-O-Fe) and a
protein tyrosyl radical (Y-O¢) that is crucial for catalytic functionality. The RNA a
subunit is encoded by RRM1 gene, while the 3 subunit is encoded by two distinct genes,
RRM?2 and p53R2. RRM2 remains consistently expressed in cells, whereas pS3R2 is

induced exclusively upon DNA damage (A. L. Chabes et al., 2003).
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Several distinct mechanisms tightly control RNR activity to uphold intracellular
dNTP levels. One such mechanism involves intrinsic allosteric modulation by ATP/dATP.
The allosteric A site on the a subunit regulates enzyme activity by binding different
levels of NTP/ANTP. A higher ratio of ATP/dATP leads to a more active form of RNR and
vice versa (Fairman et al., 2011). Another major regulatory mechanism is through the cell
cycle stage-specific control of RNR protein levels to maintain RNR activity during S
phase (A. Chabes & Thelander, 2000; Engstrom et al., 1985; Eriksson et al., 1984).
RRM1 reaches peak levels during S phase and remains steady throughout the cell cycle
due to its extended half-life (Engstrom et al., 1985). On the other hand, RRM2 is
abundant during S phase but undergoes degradation upon exit from S phase. In G2 phase,
Cyclin F facilitates RRM2 degradation through SCF (Skp1-Cull-F-box protein)
ubiquitination to ensure balanced ANTP pools and genome stability (D’ Angiolella et al.,
2012). Additionally, some studies have implicated that subcellular localization of RNR

might act as a regulatory mechanism, although it remains a subject of controversy.

1.7a RRM1

Multiple studies have suggested a dual role for RRM1 in tumorigenesis: acting as
a tumor suppressor during initiation yet contributing to chemoresistance. The RRM1 gene
is located on chromosome 11p, proximate to three other tumor suppressors (WT1, HBB
& D11S860). This genomic region has also been identified as undergoing loss of
heterozygosity in non-small-cell lung cancer (NSCLC) patients, with much of the

literature on RRM1 focusing NSCLC (Bepler & Garcia-Blanco, 1994). Elevated RRM1
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expression level is found to be a predictor for longer survival and delayed disease relapse
among lung cancer patients (Bepler et al., 2016). Interestingly, RRM1 expression
correlates positively with PTEN level, resulting in suppressed tumor migration, invasion
and metastasis (Bepler et al., 2016; Gautam et al., 2003). In the context of early-stage
NSCLC, co-expressions of RRM1 and excision repair cross-complementation group 1
(ERCC1) protein emerge as a favorable survival determinant post-surgery (Zheng et al.,
2007).

Gemcitabine, a commonly used DNA damage agent in chemotherapy regimens,
has its clinical outcomes associated with RRM1 expression. A meta-analysis has
indicated that RRM1 expression levels in NSCLC patients correlated with a significantly
higher response rate to gemcitabine treatment (Gong et al., 2012). Recently, a novel
insight emerged regarding RRM1 phosphorylation at Ser 559 by CDK2/Cyclin A,
enhancing RNR activity to ensure adequate dNTPs production for DNA replication in
S/G2 phase. This mechanism plays a crucial role in maintaining genome integrity in

response to DNA damage (Shu et al., 2020).

1.7b RRM2 and RRM2B

The proto-oncogene role of RRM2 in cancer has been extensively investigated.
Remarkably, RRM2 ranked among the top 10% of the most overexpressed genes in 73
out of 168 individual cancer analyses (Aye et al., 2015). The TCGA database also
highlights elevated RRM2 expression in breast, ovarian and uterine cancers (Fig. 2A)

(Aye et al., 2015). Its expression is relatively lower in benign skin lesions compared to
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melanoma tumor sections (Aird et al., 2013). Among breast and epithelia ovarian cancer
patients, RRM2 expression correlates with tumor grades, indicating its involvement in
supporting rapid cell proliferation in high-grade tumors (Aird et al., 2014; Ma et al.,
2003).

Recent efforts have been made to unravel the mechanisms through which RRM2
exhibits its oncogenic properties in cancers. Overexpression of RRM2 in human cancer
cells has been shown to reduce thrombospondin 1 (TSP-1) while increasing VEGF
production, implying RRM2’s role in angiogenesis (K. Zhang et al., 2009). Another study
revealed that dysregulation of RRM2 can introduce mutagenesis during DNA replication,
contributing to lung cancer carcinogenesis in transgenic mice (Xu et al., 2008). Emerging
evidence also confirms RRM2’s significance as a predictor of chemotherapeutic
response. Interference with RRM2 sensitizes cancer cells to DNA-damaging agents like
cisplatin and gemcitabine, a finding confirmed in vitro and animal models (Duxbury et
al., 2004; Z. P. Lin et al., 2004). Similar findings have recently emerged in ovarian and
pancreatic cancers, where high RRM2 expression is associated with poor responses to
gemcitabine, reduced overall survival (OS) and disease free survival (DFS) as well (Fig.
2B) (Ferrandina et al., 2010).

In addition, the regulatory mechanism of long intergenic non-coding RNA-
Nucleotide Metabolism Regulator (lincNMR) on RRM2 activity has been reported.
lincNMR directly binds to RRM2 promoters and modulates its transcriptional expression

through interaction with an RNA binding protein YBX1. This interaction ensures
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sufficient ANTP production for DNA replication, thus supporting cell growth (Gandhi et
al., 2020).

RRM2B represents another variant of 3 subunit, specifically induced by the
transcription factor p53, earning it the alternative name p532B. Unlike RRM2, RRM2B
demonstrates specific expression in cells upon DNA damage, playing an indispensable
role in DNA repair by providing the necessary dNTP materials. Several studies have
confirmed that exposure to various types of DNA damage, such as including UV
irradiation, y-irradiation and chemotherapeutic agents, triggers elevated DNA synthesis
through RNR activation via increased RRM2B expression, as opposed to RRM2 (Devlin
et al., 2008; Yamaguchi et al., 2001; Zhou et al., 2003). Upon DNA damage, p53 activates
RRM2B transcriptionally, allowing it to collaborate with RRM1 in forming the
holoenzyme that carries out its function. Accordingly, impaired transcriptional activation
of RRM2B is observed in pS3-mutant cells, leading to the inability to bind with RRM1
and form the RNR complex (Zhou et al., 2003). These findings underscore the critical
role of RRM2B in DNA synthesis, particularly in the repair of damaged DNA to ensure
cell survival and viability.

Additionally, studies have highlighted the physical interaction between RRM2B
and MEK2 at its amino acids 161-206, which serves to suppress the MAPK signaling
cascade (Piao et al., 2009). Moreover, RRM2B’s in negatively modulating tumor cells
invasion and anchorage-dependent cell growth has been identified, with these effects
being rescued upon MEK?2 knockdown (Piao et al., 2009). Decitabine, a hypomethylating

agent that targets DN A methyltransferase (DNMT1), is commonly used in treating
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myelodysplastic syndromes and acute myeloid leukemia. RRM2B has been shown to be
undergo transcriptional induction by decitabine in cell lines. Interestingly, this induction
is independent of hypomethylation, as the RRM2B promoter is already significantly
hypomethylated before decitabine treatment. Notably, patients displaying successful
RRM2B induction post-treatment were significantly associated with a good clinical
response, evident in bone marrow complete or partial remission (Link et al., 2008).
Furthermore, post-translational modification has been reported in the case of
RRM2B. To facilitate a prompt response to DNA damage, the ataxia telangiectasia
mutated (ATM) kinase phosphorylates RRM2B rapidly at Ser72 in cells, thereby
stabilizing it. Conversely, the unphosphorylated residue interacts with MDM2 to promote

the proteasomal-mediated protein degradation of RRM2B (L. Chang et al., 2008).
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1.9 Figures and Tables
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Figure 1.1 Model of E2F regulation and activity throughout the cell cycle. Data
obtained from Kent & Leone, 2019.
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Figure 1.2 RRM2 is overexpressed in multiple cancer types and correlated with
decreased disease free survival. (A) RRM2 gene expression profile across multiple
tumor samples and paired normal tissues. The height of bar represents the median
expression in the the tumor type or normal tissue. (B) Kaplan-Meier curve displays the
disease free survivial for cancer patients with either low RRM2 or high RRM2 mRNA
expression levels. All samples are collected from TCGA/GTEx datasets and analytic data
were generated from GEPIA 2021 (C. Li et al., 2021).
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Tablel.1 Hazard ratios for cancer incidence using the entire cohort and then
restricting diabetes patients to those with <1 year since diagnosis (mean duration 4
months). HRs are relative to age, sex and county-matched controls in each case. Model

adjusted for sex, education, income and marital status. (Data adapted from Bjornsdottir et
al., 2020)

All diabetes Newly diagnosed (<1 year)

Most common cancers

All cancer 1.10 (1.09-1.12) All cancer 1.22 (1.17- 1.27)
Breast 1.05 (1.01- 1.09) Breast 1.12 (1.02- 1.23)
Lung 1.01 (0.97-1.05)  Lung 1.18 (1.04- 1.34)
Prostate 0.82 (0.80- 0.83) Prostate 0.80 (0.70- 0.90)
Colorectal 1.20 (1.16- 1.23) Colorectal 1.30 (1.18- 1.43)
Most associated cancers

Liver 3.31(3.07-358)  Liver 2.36 (1.74- 3.20)
Pancreas 2.19 (2.06- 2.32) Pancreas 2.72 (2.28- 3.25)

Corpus uteri

1.78 (1.68- 1.88)

Corpus uteri

1.68 (1.44- 1.96)

Gallbladder 1.32 (1.13- 1.54) Gallbladder 1.55 (1.02- 2.37)
Kidney 1.45 (1.36- 1.54)  Kidney 1.78 (1.45- 2.19)
Penis 1.56 (1.27-1.91)  Penis 1.96 (0.77- 4.99)
Stomach 1.21 (1.13- 1.30) Stomach 1.37 (1.06- 1.77)
Bladder 1.20 (1.15- 1.25) Bladder 1.15 (0.96- 1.37)
Colorectal 1.20 (1.16- 1.23) Colorectal 1.30 (1.18- 1.43)



Chapter 2
Hyperglycemia promotes DNA synthesis and cell growth through

Rb1/E2F signaling in cancer cells

Chapter 2 is intended to contribute to a publication.
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2.1 Abstract

While epidemiological studies have shed light on the association between
hyperglycemia and an escalated cancer risk, our comprehension of the underlying
molecular mechanism remains limited. This study serves to address this gap by unveiling
a mechanism through which high glucose levels (HG) drive DNA replication,
consequently fueling tumor cell proliferation, as substantiated by comprehensive
genome-wide analyses. Notably, we identify E2F-mediated transcriptomic alteration as a
pivotal switch orchestrating the cells’ adaptive response to HG. Crucially, inhibition E2F
effectively annuls the HG-induced DNA synthesis and cellular growth, reinforcing the
important role of E2F in this cascade. E2F 1, a thoroughly studied member of the E2F
family, also exhibits a curbing effect on the HG-induced activation of DNA synthesis and
cellular proliferation. Furthermore, we illustrate that HG enhances the phosphorylation of
Rb1, contributing to the E2F1 activation. Intriguingly, within the cohort of E2F1 target
genes spurred by HG, RRM2 emerges as a significant participant in nucleotide synthesis,
enabling the generation of the indispensable dNTP essential for DNA replication.
Noteworthy, our study reveals that HG fosters elevated intracellular ANTP levels in an
E2F1-RRM2-dependent manner, aligning with augmented DNA synthesis and the
resultant growth of cancer cells. Collectively, our findings decipher a Rb1-E2F1-RRM2
dependent nexus connecting hyperglycemia with cancer cell proliferation, thus
elucidating the molecular blueprint by which hyperglycemia propels tumor cells towards

increased DNA synthesis.
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2.2 Introduction

Cancer stands as the second leading cause of global mortality, contributing to 1
out of 6 deaths (WHO, 2022). It is distinguished by uncontrolled cell proliferation, with
sustained proliferative signaling pathways serving as a timeless and quintessential
hallmark (Hanahan, 2022; Hanahan & Weinberg, 2000, 2011). An integrated analysis
conducted by The Cancer Genome Atlas (TCGA) has validated the presence of 10
canonical signaling pathways scanning various cancer types. These encompass cell cycle,
Hippo signaling, Myc signaling, Notch signaling, Nrf2 signaling, PI3K signaling, MAPK
signaling, TGF-f signaling, p53 and B-catenin/Wnt signaling (Sanchez-Vega et al., 2018).
These curated pathways can function autonomously or manifest cross-interactions in
tumor cells in response to dynamic extrinsic and/or intrinsic cues (Sanchez-Vega et al.,
2018). In numerous instances, transcription factors (TFs) emerge as pivotal mediators for
modified proliferative signaling pathways through transcriptional regulation. Ultimately,
these altered signaling cascades culminate in the process of DNA replication and cell
cycle progression, fostering excessive cell proliferation.

Diabetes mellitus comprises a cluster of metabolic disorders brought about by the
dysregulation of glucose metabolism, resulting in hyperglycemia. It is categorized into
two primary types: type 1 (T1DM) and type 2 (T2DM), both of which have been
associated with increased risks of neoplasm occurrence and mortality (Gordon-Dseagu et
al., 2013; Szablewski, 2014; Wang et al., 2020). Glucose serves as an important source of
nutrients for cell survival, particularly for the rapidly proliferating tumor cells (Palm &

Thompson, 2017). In fact, the elevation of fasting plasma glucose level has emerged as a
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leading risk factor for increased cancer burden in the past decade (Tran et al., 2022).
Notably, hyperglycemia has gained widespread recognition as a critical biological link
between diabetes and oncogenesis, primarily due to the Warburg effect: a phenomenon
wherein tumor cells exhibit a higher reliance on glycolysis to continuously generate ATP
energy molecules (Giovannucci et al., 2010c, 2010a; Szablewski, 2014; Warburg, 1956).
Furthermore, hyperglycemia can exert an inhibitory impact on the response of cancer
cells to chemotherapy by the interference of apoptotic pathways (Gerards et al., 2017).
Beyond its direct effect on the cancer cells, elevated glucose levels can sustain an
uncontrolled and persistent chronic inflammatory milieu, fostering a tumor-favorable
microenvironment conducive to tumor development and metastasis (S.-C. Chang & Yang,
2016). While the influence of hyperglycemia on cancer cells has been a subject of study,
a comprehensive understanding of the molecular pathway through which hyperglycemia
triggers cancer growth still remains elusive.

To comprehensively explore and elucidate the underlying molecular mechanism
in this process, we employed a systemic approach through high throughput RNA-seq
analysis. Our data revealed that the pivotal role of the core transcriptional regulator, the
E2F family, in steering cancer cells towards DNA synthesis and cell proliferation under
elevated glucose conditions. Moreover, we established that heightened glucose levels
trigger the phosphorylation of Rb1, resulting in the activation of E2F1 and the consequent
transcriptional activation of downstream DNA replication genes. Interestingly, among the
E2F1 target genes induced by elevated glucose, RRM2 was identified as a participant in

nucleotide synthesis, generating essential ANTPs crucial for DNA replication. Our
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findings strongly suggested that hyperglycemia instigates an RRM2-dependent elevation
of intracellular ANTP levels, closely associated with DNA synthesis and the ensuing

growth of cancer cells. Collectively, our study uncovers a novel molecular mechanism by
which elevated glucose levels enhance cell growth and sheds light on the significance of
the Rb1/E2F cell cycle signaling axis in individuals grappling with the dual challenge of

tumors and diabetes.

2.3 Results
2.3a Elevated glucose levels prompt DNA synthesis and cell growth in cancer cells

To elucidate the molecular mechanism underlying cell proliferation induced by
HG, we performed an RNA-Seq analysis in HG-treated colon cancer cell line HCT116. In
the context of HG condition, the differential expression analysis revealed a total of 1705
mRNA transcripts that were upregulated, while 1316 downregulated mRNA transcripts.
Specifically, 1150 genes exhibited an increase in expression with a significant fold
change (FC) greater than 1.5, and 975 genes showed a significant 50% reduction in
expression in cells treated with HG (Fig. 1A). Furthermore, employing Gene Set
Enrichment Analysis (GSEA), we identified the top two enriched RACTOME pathways
as cell cycle checkpoints and DNA synthesis in response to HG treatment (Fig. 1B, 1C).
Notably, this trend was also consistent when performing Gene Ontology (GO) analysis on
the upregulated genes in HG-treated cells, revealing significant enrichment in DNA
replication (Fig. S1A). These genes of interest are indicated on the volcano plot (Fig. 1A)

and are detailed in Table 1. Conversely, GO analysis of the downregulated genes
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highlighted a cellular response to glucose starvation (Fig. S1B). Building upon the
insights from the gene expression profile analyses, we hypothesized that, upon HG
treatment, cancer cells undergo direct changes in transcription, potentially propelling
them towards DNA synthesis to facilitate cell cycle progressions and subsequent
proliferation.

We further investigate the impact of HG on cell cycle by gauging the proportion
of cells engaged in DNA synthesis, utilizing the 5-ethynyl-2'-deoxyuridine (EdU)
incorporation assay. The results show a discernible increase in the percentage of HCT116
cells in the S phase, both at the 6 h and 24 h time points following HG treatment, in
contrast to the SmM glucose control (Mock) condition (Fig. 1D). Additionally, through a
cell proliferation analysis, it is evident that cells subjected to HG exhibit a growth
advantage when compared to their counterparts in the control conditions (Fig. 1E). In our
pursuit of direct evidence indicating enhanced DNA synthesis activity in HG-treated
cells, we utilized the DNA fiber assay to determine the speed of replication forks during
the replication process. The results show an accelerated replication fork speed during
active replication under HG treatment (Fig. 1E). To reinforce the notion that HG-induced
phenotype is not exclusive to HCT116 cells, we extended our investigation to another cell
line, H460, derived from lung cancer. The results substantiate that HG confers similar
enhancing effects on DNA synthesis and cell proliferation in H460 cells as observed in
HCT116 cells (Supplementary Fig. 1C-E). This strongly implies that the effects of HG

are consistent across different tissue types. Together, these findings provide conclusive
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evidence supporting the role of hyperglycemia in driving cell cycle progression and

promoting cell proliferation.

2.3b E2F plays a crucial role in high glucose-induced DNA synthesis and cell growth
in cancer cells

Subsequently, we performed GSEA analysis to uncover the pivotal transcription
factors accountable for the cellular adaption induced by HG. Our findings showed a
notable enrichment of E2F gene sets among the top hits (Fig. 2A, Table 2). The E2F
family, encompassing eight distinct members designated as E2F1-8, with E2F1 being
extensively investigated, was prominently featured. This prompted our hypothesis that
E2F1 is implicated in the transcriptional program regulated by HG. To validate the role of
E2F1 in facilitating HG-induced DNA synthesis and cell proliferation, we employed
lentivirus-mediated RN A1 strategy to silence E2F1 expression. Our results unequivocally
demonstrated a significant reduction in HG-induced cells progressing into the S phase
following E2F1 inhibition (Fig. 2B). This result was also replicated in E2F1-depleted
HCT116 cells (Fig. S2A). Importantly, the increased DNA replication fork speed and
cellular growth spurred by HG were significantly curtailed upon E2F1 knockdown in
H460 cells (Fig. 2C, 2D). Noteworthy, E2F1 knockdown in isolation, when compared to
controls, also led to a higher proportion of cells with EQU incorporation in the S phase
(Fig. 2B), alongside an escalated pace of DNA replication fork movement (Fig. 2C).
Considering that the activating E2F family members (E2F1-3) have been recognized to

possess extensive functional overlap and redundancyj, it is conceivable that other
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members of the E2F family might counterbalance the effects of E2F1 knockdown,
resulting in increased cells in the S phase and augmented DNA synthesis. To produce a
broad inhibitory impact across the E2F family, we employed a pan-E2F inhibitor named
HLMO006474, known to impede the chromatin accessibility of E2F family members in
cells (Y. Ma et al., 2008). Strikingly, HLM006474 abrogated the entry of HCT116 and
H460 cells entering into the S phase, both in the presence and absence of HG (Fig. 2E,
Fig. S2B, S2C). Likewise, a remarkable arrest in DNA replication fork progression was
evident in cells treated with HLM006474 (Fig. 2F). Taken together, these results
collectively underscore the pivotal role of E2F in driving DNA synthesis and cellular

proliferation in response to HG treatment.

2.3c Elevate glucose levels induce E2F1-dependent transactivation through Rb1
phosphorylation

To further validate E2F 1-mediated transcriptomic modifications in genes
associated with DNA synthesis and replication, we selected seven identified DNA
replication-associated genes identified from the GSEA data (Table 1, Fig. 1A). Illustrated
in Figure 3A, the mRNA levels of RRM2, CHAF1A, CHAF1B, PCNA, CCNE2, CLSPN
and RBM14 were significantly elevated in response to HG, in contrast to control
conditions. Strikingly, the knockdown of E2F 1, effectively attenuated these HG-induced
enhancements. Importantly, E2F1 silencing also curbed the increased protein levels of
RRM2 and CHAF1A (chromatin assembly factor 1 subunit A) protein levels mediated by

HG (Fig. 3B), implying a functional link in this regulation. Moreover, our investigations
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revealed that treatment with the pan-E2F inhibitor HLM006474 led to blockade in the
upregulation of mRNA and protein levels of DNA replication genes induced by HG (Fig.
3C-D & Fig. S3A). Correspondingly, the overexpression of E2F1 consistently
upregulated the mRNA and protein levels of the DNA replication genes and counteracted
the HG-mediated upregulation in cells (Fig. S3B-C). These findings collectively indicate
that E2F1 operates as a pivotal transcription factor, orchestrating the upregulation of
DNA replication genes following exposure to HG.

Several groups have documented E2F1°s binding on the RRM2 promoter,
resulting in the activation of its transcription (Fang et al., 2015; Mazzu et al., 2018;
Rasmussen et al., 2016). In light of these findings, we carried out ChIP analysis to probe
whether elevated glucose levels influence E2F1°s capacity to bind to promoter DNA
segments. Our assay verified E2F1’s presence on both the RRM2 and PCNA promoters
(Fig. 3E-F). Significantly, exposure of cells to HG substantially amplified the binding
affinity of E2F1 to these promoters (Fig. 3E-F). Together, these results imply that
elevated glucose levels regulate genes that facilitate DNA replication through E2F1-
mediated transactivation.

Interestingly, a previous study has proposed exposure of cells to HG triggers
hyper-phosphorylation of Rbl by CKD4 in murine pancreatic cells (Annicotte et al.,
2009). Rb1 is a substrate for phosphorylation by CDKs during the G1 phase of the cell
cycle. Once hyper-phosphorylated, Rb1 alleviates the suppression of E2F 1, resulting in
the activation of E2F1-dependent transcription (Dyson, 2016). To investigate the role of

Rb1 phosphorylation in HG-mediated E2F1 transactivation within cancer cells, our initial
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approach involved treating the cells with HG and assessing Rb1 phosphorylation levels
utilizing a phosphor Ser807/Ser811-specific antibody. As shown in Figure 4A, we
distinctly observed escalated Rb1 phosphorylation subsequent to HG treatment in
HCT116 cells. Concurrently, this phenomenon was accompanied by the activation of
DNA replication genes regulated by E2F1 (Fig. 4A-B, Fig. S4A). However, when we
subjected U20S cells, an osteosarcoma cell line that inherently possess higher basal Rb1
phosphorylation levels, to HG, we did not observe further enhancement of Rb1
phosphorylation (Fig. 4A). Importantly, compared to HG-treated HCT116 cells, the
application of HG to U20S cells also failed to induce the upregulation of DNA
replication genes. As a result, the cells lacked the ability to stimulate DNA synthesis and
promote cell growth (Fig. 4A-D, Fig. S4A). To affirm the crucial role of Rb1
phosphorylation in HG condition, we treated HCT116 cells with the CDK2/4/6 inhibitor
PF-3600 and convincingly demonstrated that inhibition of Rb1 phosphorylation also
blocked HG-induced elevation of DNA replication genes (Fig. 4E-F, Fig. S4B) (Freeman-
Cook et al., 2021). Collectively, these results strongly suggest that elevated glucose levels

upregulate DNA replication genes through the Rb1-E2F signaling pathway.

2.3d Regulation of intracellular dNTP levels by HG is dependent on the E2F1-
RRM2 axis

The role of RRM2 as a proto-oncogene has been widely recognized recently.
RRM?2 serves as a vital component in the holoenzyme RNR, playing a critical role in the

reduction of the 2’ carbon of NDP to synthesize dNDP, a pivotal and rate-limiting step in
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the DNA de novo pathway. Building on our prior finding that HG induces an elevation in
both RRM2 mRNA and protein levels, we were motivated to investigate its involvement
in regulating intracellular ANTPs following HG treatment. Employing a previously
established PCR-based methodology, HG treatment remarkably resulted in a rapid and
pronounced increase of all four ANTP levels in the cells (Fig. 5A). In order to elucidate
the role of RRM2 in the HG-induced increase of ANTP levels, we subjected the cells to
treatment with the RNR inhibitor Triapine at two different concentrations, 250 nM or 500
nM. This intervention led to diminished intracellular dATP and dGTP levels under both
conditions. While the Triapine treatment also exerted a diminished effect on intracellular
dCTP and dTTP levels, the impact was relatively milder (Fig. 5A), consistent with
findings from a previous study (Z. P. Lin et al., 2011). Significantly, inhibition of RNR
unequivocally impeded HG-triggered DNA replication fork progression (Fig. 5B).
Finally, we confirmed the involvement of E2F1 in HG-induced upregulation of dNTPs.
As shown in Fig. 5C, administration of the pan-E2F inhibitor HLM006474 distinctly
hindered the increase of dATP and dGTP levels following HG treatment (Fig. 5C).
Together, these results strongly support the notion that elevated glucose levels enhanced

dNTP levels through the activation of E2F1-RRM2 axis.

2.3e Inhibitions of E2F1-RRM2 axis alleviates HG-induced tumor 3D spheroid
growth
We further investigated the contribution of the E2F1-RRM2 axis to cancer cell

growth in response to HG treatment. To better replicate the in vivo environment, we
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established a short-term three-dimensional (3D) tumor spheroid culture, allowing cells to
assemble into spheroid-like round or spherical structures for observation (Zoetemelk et
al., 2019). Notably, upon HG treatment, a discernible enlargement in the spheroid size
was observed, indicative of enhanced cell growth in comparison to non-HG-treated
spheroids (Fig. 6A, 6C & 6E, Table S2-4). In further validation of cell growth potential,
we assessed overall cell viability of the entire spheroids in the 3D culture following HG
treatment. These results provide additional reinforcement to the discovery that elevated
glucose steer cells towards faster proliferation.

To probe the role of E2F in HG-induced spheroid growth, we unitized the pan-
E2F inhibitor HLM006474. Remarkably, its application effectively suppressed 3D cell
viability and restrained spheroid growth size in the presence of HG treatment (Fig. 6A-
B). Subsequently, we employed a lentivirus-mediated RNAi approach to knock down
E2F1. The result revealed that, compared to scramble controls, the HG-induced increase
in spheroid growth was effectively hindered upon E2F1 inhibition (Fig. 6C). Moreover,
the elevated cell viability of total spheroids within the 3D cultures, triggered by HG
treatment, was notably diminished in E2F1 knockdown cells (Fig. 6D).

Turning our attention to the role of RRM2 in HG-induced spheroid growth, we
employed the RNR inhibitor Triapine to treat cells. As depicted in Fig. 6E, the promotion
of spheroid growth induced by HG was indeed blocked upon RNR inhibition. As
anticipated, the escalated cell viability of total spheroids in the 3D cultures, incited by

HG, was also effectively blocked by inhibiting RRM2 (Fig. 6F). Taken together, these
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findings distinctly established that the elevated glucose levels promote cancer cell growth

through the activation of E2F1-RRM2 pathway.

2.4 Discussion

Diabetes mellitus and cancer exert substantial impacts on global human health
(Giovannucci et al., 2010). Epidemiological investigations reveal that TIDM displays a
modest association, and T2DM exhibits a comparatively stronger link with cancer risks
(Gordon-Dseagu et al., 2013; Wang et al., 2020). Within this context, hyperglycemia has
emerged as a key biological bridge connecting these two conditions. Nonetheless, despite
its significance, no comprehensive study has explored the direct effects of hyperglycemia
on cancer cells. In this study, we have identified E2F family as the core transcriptional
regulator involved in guiding cells towards DNA replication and cell proliferation under
elevated glucose conditions. Notably, among the E2F1 target genes induced by elevated
glucose levels, our findings highlight the activation of RRM2, which in turn drives
upregulation of intracellular ANTP levels. This elevation plays a pivotal role in DNA
synthesis and consequent cancer cell growth. Taken together, our findings cast light upon
the molecular mechanism through which hyperglycemia fosters cancer cell proliferation.

E2F transcription factor family serves as downstream effectors of the tumor
suppressor Rb1, playing a pivotal role in governing the progression of cell cycle. E2F1,
an extensively studied E2F family member, participates in cellular processes extending
beyond the cell cycle, encompassing apoptosis, differentiation and development.

Nonetheless, the involvement of E2F 1 in guiding cancer cells towards proliferation under
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the influence of HG remains relatively unexplored. By the analysis of transcriptomic
profiling of cells treated with HG, a significant signature linked to DNA synthesis
emerges, directly associated with metabolic process (Fig. 1B, 1C). Furthermore, the result
of GSEA analysis suggest that hyperglycemia potentially redirects cancer cells towards
DNA replication via E2F 1-mediated transcription. Interestingly, this notion finds support
in the observation of altered levels of DNA replication genes in fin tissues of a diabetic
zebrafish model (Leontovich et al., 2016). Furthermore, the inhibition of GLUTI, a key
rate-limiting factor for glucose uptake, has been shown to impede the growth of Rb1-
postivie triple-negative breast cancer (TNBC) (Q. Wu et al., 2020). Notably, pathway
enrichment analysis of gene expression data also points to the contribution of E2F1
pathway in this process. Together, these results highly imply a HG-regulated Rb1-E2F1
axis in cancer cells. It is indeed intriguing to further assess its significance in Rb1-
positive cancer patients.

Emerging evidence has underscored that RRM2, the small subunit of RNR, holds
considerable significance as a proto-oncogene and a potential target for cancer therapy
(Aye et al., 2015). Its relevance is deeply rooted in its role within DNA replication, tied to
its central function in governing dNTP levels. Across various cancer types, RRM2
expression exhibits elevation, with its levels intricately correlated with tumor grades
(Aird et al., 2014; Aye et al., 2015). Interestingly, RRM2 has been established as a direct
transcriptional target of several transcription factors, including E2F1 (Fang et al., 2015;
Rasmussen et al., 2016). Herein, our results, demonstrating the transcriptional activation

of RRM2 by E2F1 following HG treatment, forge a fresh connection between diabetes
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and cancer. This potentially unveils a novel avenue for targeted cancer therapy tailored to
diabetic patients. It is pertinent to mention that the RNR inhibitor Triapine, employed in
our study, is currently undergoing clinical trials. Triapine has exhibited the capacity to
enhance the sensitivity of cervical cancer to chemotherapy and radiation therapy (Kunos
etal., 2010, 2013). Our data, showing the inhibition of HG-induced DNA replication fork
through Triapine treatment, further bolsters its potential application in targeted cancer
therapy for diabetic patients.

Together, our data put forth a model elucidating how cancer cells adapt to
hyperglycemia, shedding light on the molecular mechanism wherein E2F 1 assumes the
central role for transcriptional regulation, orchestrating the transcriptional levels of
downstream DNA replication genes. This orchestration effectively promotes DNA

synthesis and drives cellular proliferation (Fig. 7).

2.5 Materials and Methods

Cell culture, reagents, and treatments

HCT116 and U20S cells were cultured in Dulbecco’s Modified Eagle Medium
(DMEM) normal glucose (1g/L) supplemented with 10% FBS and 100X penicillin-
streptomycin solution. H460 cells were cultured in RPMI 1640 supplemented with 10%
FBS and 100X penicillin-streptomycin solution. HEK293T cells were cultured in DMEM
high glucose (4.5g/L) supplemented with 10% heat inactivated FBS and 100X penicillin-
streptomycin solution. For HG treatments, 25mM glucose (#BM-675, Boston

BioProducts) was added into the complete medium for HCT116 and U20S cells for 6 hrs

62



or as indicated. H460 cells were cultured in glucose (-) RPMI 1640 supplemented with
10% FBS and 100X penicillin-streptomycin solution and 5 mM (Mock) or 25 mM (HG)
glucose. To inhibit E2F activity, cells were treated with 40 uM pan-E2F inhibitor
HLMO006474 (#SML1260, Sigma-Aldrich) for 9 hrs (Y. Ma et al., 2008). To inhibit
RRM2 activity, HCT116 cells were treated with Triapine (#57470, Selleck Chemicals) as
the indicated time points and concentrations (Gandhi et al., 2020; Lin et al., 2011). PF-
3600 (#35502, Cayman Chemical) was employed to inhibit the phosphorylation of
Rb1_S807/S811 at the dose of 1uM and the indicated time points in HCT116 cells
(Freeman-Cook et al., 2021). Cell transfection was performed with Lipofectamine 3000

(#L3000008, Thermo Fisher Scientific) according to the manufacturer’s instructions.

SDS-PAGE and western blot

Whole cell protein lysate was separated on 10% SDS-polyacrylamide gels and
then transferred to nitrocellulose membrane (#10600011, GE Healthcare). The
membranes were blocked with 5% nonfat dry milk in TBS with 0.1% Tween-20
(#BP337-500, Fisher Scientific) (TBST), followed by being incubated overnight at 4 °C
with primary antibody diluted 1:1,000- 10,000 in 1% non-fat dry milk in TBST. The
following antibodies were used for IB: anti-Vinculin (V9131, Sigma-Aldrich), anti-
RRM2 (sc-398294, Santa Cruz), anti-E2F1 (sc-251, Santa Cruz), anti-CHAF1A (sc-
133105, Santa Cruz), anti-Rb1 (#9309, Cell Signaling Technology), anti-phospho Rb1
(S807/S811) (#8516, Cell Signaling Technology) and anti-B-actin (A3854, Millipore

Sigma).
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RNA isolation and RT-qPCR

RNA was extracted with the TRIzol reagent (#15596018, Invitrogen) and then
reverse-transcribed with the reverse transcription supermix (#1708841, Bio-Rad)
according to the manufactures’ protocols. qPCR was performed using the SYBR
supermix (#1708882, Bio-Rad) in the Bio-Rad CFX cycler with CFX Maestro software.
Primers for qPCR are listed in Supplementary Table 1. Results of mRNA relative levels
were calculated by 2-4A¢t in normalization to the GAPDH or 18S and relative to the

control samples. All PCR reactions were performed in technical triplicates.

shRNA-mediated knock down

E2F1-targeting and scramble shRNA (Supplementary Table 1) were cloned into
pLKO.1 vector with puromycin selection marker. Lentivirus were produced by
transfection of HEK 293T cells with the transfer plasmid and lentiviral packaging and
VSVG plasmids. The virus was harvested 48 h post-transfection. Cells were transduced
with the lentivirus in the presence of 10 ug/ml polybrene (Millipore). After 48 h,

transduced cells were selected with 1 pug/ml puromycin for 7 days.

RNA-seq and data analysis

Total RNA was isolated and purified from HCT116 cells in biological triplicates
using Direct-zol RNA Miniprep Plus Kit (#R2070. Zymo Research) according to the
supplier’s instruction. RNA-seq libraries were then prepared following the manufacturer's

protocol of NEBNext Ultra II Directional RNA Library Prep Kit for [llumina (#E7760S,
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New England BioLabs). The sequencing was performed on Illumina NextSeq using
single end 75bp read length. Sequencing reads were mapped to the human reference
genome (GENCODE v34) using Salmon (Patro et al., 2017), followed by differential
expression analysis using DESeq2 (Love et al., 2014). Gene set enrichment analysis
(GSEA) (v4.2) was used to analyze the enrichment of REACTOME pathways and
transcription factor targets among differentially expressed genes (Subramanian et al.,
2005). Volcano plot was generated using ggplot2 (v3.4.0). GeneOntology biological

process analysis was performed in ShinyGO (v0.75) (Ge et al., 2020).

Cell cycle analysis

Cell cycle analysis was performed by using the Click-iT Plus Edu Kit (#C10632,
Thermo Fisher Scientific) according to the manufacturer's protocol. In brief, 2 million
cells post-treatment were harvested and fixed in the fixation buffer. EQU was then labeled
with Alexa Fluor 488 picolyl azide for 30 min at room temperature. After labeling, total
DNA content was stained with 20 ng/ml PI (#P3566, Invitrogen) for 1 h at room
temperature. Samples were then analyzed by flow cytometry on the NovoCyte platform

(ACEA).

DNA fiber assay
Cells were pulse-labeled with 25 pM CIdU (#C6891, Sigma-Aldrich) for 20 min,
followed by a second pulse of 250 uM IdU (#AC122350010, Fisher Scientific) for

another 20 min. Cells were harvested, lysed and DNA spread on slides as previously
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described (Halliwell et al., 2020). DNA fibers were further denatured in 2.5M HCI and
blocked with 1% BSA in PBS with 0.1% Tween-20 (PBST) to reduce background. The
labeled CIdU and IdU fibers were immunoblotted with the following primary antibodies
(1:500 dilution) for 1 h at room temperature: rat monoclonal anti-BrdU antibody [BU1/75
(ICR1)] (#ab6326, Abcam) and mouse monoclonal anti-BrdU antibody (clone B44)
(#BDB347580, Fisher Scientific). Secondary antibodies of Alexa Fluor 555 goat anti-rat
IgG (#A21434, Thermo Fisher Scientific) and Alexa Fluor 488 F (ab)2 goat anti-mouse
IgG (#A-11017, Thermo Fisher Scientific) were used to at 1:500 dilution for 2 h at room
temperature. Images of well spread DNA fibers were taken using Leica microscope with
X 40 oil immersion objective. 100-150 well spread DNA fibers were collected for each
condition. Double-labeled DNA fiber lengths were measured in Image J (v1.53k). The
rate for DNA replication fork was estimated using the conversion of 2.59 kb/um as

described (Jackson & Pombo, 1998).

ChIP-qPCR

Cells were cross-linked in 1% formaldehyde (#F1635, Sigma-Aldrich) for 10 min
at room temperature and followed by attenuation of 125 mM glycine. Nuclei were
isolated in NP-40 cell lysis buffer (50 mM Tris pH 8, 150 mM NaCl, 1% NP40, 15 mM
EDTA) for 20 min on ice and spun down 5000 rpm for 5 min at 4°C. Nuclei were then
lysed in nuclear lysis buffer (50 mM Tris pH 8, 150 mM NaCl, 10 mM EDTA, 1% SDS)
for 10 min on ice. Lysed nuclei were then subjected to sonication to generate ~300bp

chromatin fragments by confirmation on agarose gel. Immunoprecipitation was continued
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by incubating the sheared chromatin with E2F1 antibody (#3742, Cell Signaling) and IgG
control (#2729, Cell Signaling) overnight at 4°C. Protein G beads (#10003D, Thermo
Fisher Scientific) were added the following day and incubated on a rotator for 4 h at 4°C.
Immunoprecipitated beads were then washed twice in low salt wash buffer (0.1% SDS,
1% Triton X-100, 2 mM EDTA, 20 mM Tris pH 8, 150 mM NaCl), high salt wash buffer
(0.1% SDS, 1% Triton X-100, 2 mM EDTA, 20 mM Tris pH 8, 500 mM NacCl), LiCl
wash buffer (0.25 M LiCl, 1% NP40, 1% deoxycholate, 1 mM EDTA, 10 mM Tris pH 8)
and once in TE buffer (1 mM EDTA, 10 mM Tris pH 8) and finally eluted in elution
buffer (1% SDS, 0.1 M NaHCO3). The eluted immunoprecipitations and previously saved
input samples were reverse cross-linked in a 65°C water bath overnight. Reverse cross-
linked DNA was isolated by using PCR purification kit (#28104, Qiangen).

ChIP-qPCR was performed using the SYBR supermix (#1708841, Bio-Rad) in
the Bio-Rad CFX cycler with CFX Maestro software. Primers for ChIP-qPCR are listed
in Supplementary Table 1. 1% of starting chromatin was used as input and technical
triplicates were performed. The ChIP-qPCR data was analyzed with the Percent Input
Method including normalization for both IgG levels and input chromatin going into the

ChIP.

Cell growth curve
Cell growth curves were performed by counting cell numbers with

hemocytometers. Trypan blue was used to stain dead cells. Briefly, cells were seeded at
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2*10% cells per well in a 24-well plate. At each time point, cells were trypsinized and

counted on the automated cell counter (Thermo Fisher Scientific).

3D cell growth

Cells were seeded at 2000 cells per well in a 96-well U-bottom plates (#353077,
Corning). The 3D cell culture media was a mixture of the complete media for 2D cell
culture supplemented with 10% Matrix (#A1413201, Thermo Fisher Scientific). On day
6, sphere colonies were firstly observed under microscope and images were taken using
Leica microscope with X 5 bright field objective. The length and width for each spheroid
were measured in Image J (v1.53k). The viability for spheroids was determined by
CellTiter-Glo® 3D Cell Viability Assay Kit (#G9681, Promega). Briefly, 100 ul CellTiter-
Glo® 3D Reagent was added into the wells to be determined, followed by shaking for 5
min. After incubation at room temperature for 25 min, the plate was read on the
luminometer plate reader (Promega). The luminescence signals were measured and

collected for evaluating the 3D cell growth viability.

Intracellular ANTPs measurement

Intracellular ANTP levels were determined as previously described (Purhonen et
al., 2020). Briefly, cell pellets were resuspended in 60% methanol (#A452-4, Fisher
Scientific) and then incubated at 95°C for 3 mins. The supernatant was collected after
centrifugation and transferred into the Amicon Ultra-0.5ml centrifugal filter

(#UFC500396, Millipore) for centrifugation again. After centrifugation, the flow through
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was saved and dried using Speed-Vac. The dried pellet was dissolved in 300 pl of sterile
water and stored at -80°C. Determination of ANTP levels were performed by following

the PCR based assay as previously described (Purhonen et al., 2020).

Statistical analysis

All the data are represented as mean + SD. All the statistical tests were done by
using Graphpad Prism 9 as recommendations based on the imported data types. P values
were also generated in Graphpad Prism 9, with *P <0.05, **P <0.01, ***P <0.001,

*a#EkP <0.0001, ns represents non-significance.
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Figure 2.1 Elevated glucose levels prompt DNA synthesis and cell growth. (A)
Volcano plot depicting differential gene expression in HCT116 cells following HG
exposure (up = fluorescent green; down = red). Dashed lines demarcate fold change (FC)
and p value cutoffs for differentially expressed genes. The cutoffs for log2(FC) and -
log10(p value) are +0.58 and 1.3, respectively. —log10(p value) and log2(FC) values have
been capped at 15 and £8, respectively. Triangles (A) represent data points exceeding the
cap. The DNA synthesis relevant genes are denoted in blue. (B) Comparative analysis of
REACTOME pathway gene sets from the MSigDB using GSEA for increased (left) and
reduced (right) expression of global genes caused by HG treatment. The data is displayed
as a scatterplot, with the normalized p value (right y-axis) and false discovery q value
(left y-axis), along with the normalized enrichment score (NES) (x-axis) for each
assessed gene set. The gene sets highlighted in fluorescent green indicated cell cycle
checkpoints and synthesis of DNA. (C) The top 2 most significantly enriched gene set of
REACTOME pathways from GSEA were shown with calculated NES. (D) Cell cycle
profiles of EAU incorporation and DNA content staining in HCT116 treated with HG at
the indicated time. The left panel is the representative dots analysis of flow cytometry.
G1, S+ and G2 of the cell cycle were gated as indicated. The right panel indicates the
percentage of EdU-incorporated cells in the S phase (S+) from the left panel. (E) Cell
growth curve of HCT116 cells under 5 mM (Mock) and 25 mM (HG) conditions for a
consecutive of 6 days. (F) DNA replication fork progression of HG-treated HCT116 cells
was determined by DNA fiber assay at the indicated time. The right panel summarizes
measuring 100-150 spread DNA fibers in HCT116 cells for each condition. Results are
displayed in mean + SD for n=3 replicates.
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Figure 2.2 E2F plays a crucial role in HG-induced DNA synthesis and cell growth.
(A) The most significant enriched transcription factor revealed by GSEA. (B) EAU
incorporation and DNA content staining in HG-treated H460 cells transduced with
scramble virus or E2F1-targeting shRNA (shE2F1). The left panel is the dots analysis
with gates of G1, S+ and G2 of the cell cycle. The right panel indicates the relevant
percentage change of EdU-labeled cells. The E2F1 levels were verified by Western
analysis. (C) DNA replication progression of HG-treated H460 cells with or without
E2F1 knock down. (D) Cell growth assay of scramble or E2F1 knock down H460 cells
following HG treatment. (E) HCT116 cells were treated with DMSO or the pan-E2F
inhibitor HLM006474. EdU incorporation and DNA content staining were analyzed by
flow cytometry following HG exposure. The left panel is the dots analysis with gates of
G1, S+ and G2 of the cell cycle. The right panel indicates the percentage of EdU-positive
cells in the S phase. (F) DNA replication fork progression of HCT116 cells treated with
HLMO006474 was determined by DNA fiber assay. The bottom panel summarizes the
measurement of 100-150 spread DNA fibers for each condition.
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Figure 2.3 E2F1 regulates transcription of DNA replication genes in response to
elevated glucose levels. (A) RT-qPCR of top DNA replication genes in control
(scramble) or E2F1 knock down H460 cells following HG exposure. (B) Western analysis
of CHAF1A, RRM2 and E2F1 protein levels from the same treatment as indicated in 3A.
Vinculin was used as a loading control. (C) RT-qPCR of top DNA replication genes in
control or HLM006474 treated HCT 116 cells following HG exposure. (D) Immunoblot
analysis of RRM2, CHAF1A and E2F1 from the same treatment as indicated in 3C. (E)
Top: schematic representations of the RRM2 and PCNA promoters. The putative binding
sites for E2F 1 are identified as grey rectangles and labeled with the positions ahead of the
transcription start site (TSS). Bottom: ChIP-qPCR analysis of E2F1 binding to the RRM2
and PCNA promoters in the HCT116 cells following HG exposure. Results are displayed
in mean £+ SD for n=3 replicates.
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Figure 2.4 HG-induced Rb1 phosphorylation is requited for activation of DNA
replication genes. (A) Western blot analysis of total Rb1l, Ser807/Ser811-phosphorylated
Rbl and RRM2 in HCT116 and U20S cells following HG exposure. (B) RT-qPCR of
RRM2, CHAF1A and CHAF1B genes in HCT116 and U20S cells following HG
treatment. (C) Cell cycle profiles of EAU incorporation and DNA content in U20S cells
following HG treatment at the indicated time. The right panel indicates the percentage of
EdU-labled cells in the S phase. (D) Cell growth curve of U20S cells under 5 mM
(Mock) and 25 mM (HG) conditions for a consecutive of 7 days. (E) HCT116 cells were
treated with the CDK2/4/6 inhibitor PF-3600 at the indicated time. Total Rb1 and
Ser807/Ser811-phosphorylated Rb1 were determined by western blot analysis. (F) RT-
qPCR of RRM2, CHAF1A and CHAF1B was performed in HCT116 cells following 6hrs
of HG and PF-3600 treatment. Results are displayed in mean + SD for n=3 replicates.
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Figure 2.5 Regulation of intracellular dNTP levels by HG is dependent on the E2F1-
RRM2 axis. (A) Intracellular ANTP levels in HCT116 cells treated with or without
Triapine and HG as indicated. (B) DNA replication fork progression of Triapine-treated
HCT116 cells following HG exposure. The right panel summarizes measuring of 100-150
spread DNA fibers for each condition. (C) HCT116 cells were treated with the pan-E2F
inhibitor HLM006474. Intracellular dATP and dGTP levels were determined in cells
following HG treatment. Results are displayed in mean + SD for n=3 replicates.
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Figure 2.6 Inhibition of the E2F1-RRM2 axis alleviates HG-induced 3D cancer cell
growth. (A) Representative bright field images of HCT116-derived spheroids in the
presence of HG and/or pan-E2F inhibitor HLM006474 as indicated for 6 days. Scale bar:
100 um. (B) ATP luminescence signals represented for the spheroid's viability. (C)
Representative bright field images of H460 derived spheroids in the presence of scramble
control or shE2F1 for 6 days following HG exposure. Scale bar: 100 pm. (D)
Luminescence signals represented for the spheroid's viability indicated in 6C. (E)
Representative bright field images of HCT116-derived spheroids following HG and/or
Triapine as indicated for 6 days. (F) ATP luminescence signals represented for the
spheroid's viability. Results are displayed in mean £+ SD of three separate experiments.
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CDK2/4/6i: Cell Cycle Progression
PF-06873600
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Figure 2.7 Schematic of biological process of cancer cells in response to
hyperglycemia. Glucose enters the cells through the glucose transporter (orange
cylinder) located on the cellular membrane. It then de-actives Rb1 via phosphorylation,
followed by activating the transcription factor E2F to bind on the promoters of the DNA
replication genes, including RRM2, therefore activating the transcriptions. Once the level
of RRM2 is increased in cells, the cells can synthesize more nucleotides, which are
essential materials for the DNA replication. As a result, the cells undergo proliferation out
of control. During the whole process, there are three potential targets available for growth
inhibition: 1) CDK2/4/61 PF-3600 for inhibiting Rb1 phosphorylation; 2) pan-E2F
inhibitor HLM 006474 for inhibiting E2F activity; 3) Triapine for inhibiting RRM2
function.
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Table 2.1 Hallmark genes with 2-FC differentially expressed enriched in DNA replication

BLM BLM RecQ like helicase

CCNA2 cyclin A2

CCNE1 cyclin E1

CCNE2 cyclin E2

CDK1 cyclin dependent kinase 1

CDK2 cyclin dependent kinase 2

CHAF1A chromatin assembly factor 1 subunit A

CHAF1B chromatin assembly factor 1 subunit B

CLSPN claspin

DSCC1 DNA replication and sister chromatid cohesion 1
DTL denticleless E3 ubiquitin protein ligase homolog
E2F7 E2F transcription factor 7

E2F8 E2F transcription factor 8

ESCO2 establishment of sister chromatid cohesion N-acetyltransferase 2
EXO1 exonuclease 1

FEN1 flap structure-specific endonuclease 1

GINS1 GINS complex subunit 1

GINS2 GINS complex subunit 2

GMNN geminin, DNA replication inhibitor

MCM10 minichromosome maintenance 10 replication initiation factor
MCM2 minichromosome maintenance complex component 2
MCM4 minichromosome maintenance complex component 4
MCM6 minichromosome maintenance complex component 6
MSH6 mutS homolog 6

ORC1 origin recognition complex subunit 1

ORC6 origin recognition complex subunit 6

PCNA proliferating cell nuclear antigen

PRIM2 DNA primase subunit 2

RAD51 RAD51 recombinase

RFC4 replication factor C subunit 4

RRM2 ribonucleotide reductase regulatory subunit M2
SLBP stem-loop binding protein

TICRR TOPBP1 interacting checkpoint and replication regulator
TONSL tonsoku like, DNA repair protein

TREX1 three prime repair exonuclease 1
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Table 2.2 List of top 20 gene sets of transcription factors identified in GSEA

NAME N[=S) NOM p-val FDR g-val

E2F Q6 -2.675365 0 0
E2F Q4 -2.6746166 0 0
SGCGSSAAA_E2F1DP2_01 -2.6326556 0 0
E2F1DP1RB_01 -2.6103704 0 0
E2F4DP1 01 -2.573035 0 0
E2F1 Q6 -2.5444624 0 0
E2F 02 -2.5388935 0 0
E2F1DP1 01 -2.5196557 0 0
E2F1_Q6_01 -2.516277 0 0
E2F1DP2_01 -2.5162504 0 0
E2F1 Q3 -2.511075 0 0
E2F4DP2_01 -2.5015657 0 0
E2F Q3 01 -2.489931 0 0
E2F 03 -2.4838407 0 0
E2F_ Q4 01 -2.4393415 0 0
E2F Q3 -2.3998244 0 0
E2F_Q6_01 -2.3758159 0 0
E2F1_Q4 01 -2.361822 0 0
PPARGCIA_TARGET GENES -2.0692632 0 2.42E-04
HSF2_ TARGET GENES -2.051176 0 2.86E-04
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Supplementary Figure 2.1 Elevated glucose levels prompt DNA synthesis and cell
growth. (A) GO_BP analysis (ShinyGO v0.75) of enriched pathways of all up-regulated
genes in HCT116 cells following HG treatment. The FDR cut-off is 0.05 and the top 20
enriched pathways are displayed here. (B) GO_BP analysis (ShinyGO v0.75) of enriched
pathways of all down-regulated genes in HCT116 cells following HG treatment. The
FDR cut-off is 0.05 and the top 20 enriched pathways are displayed here. (C) EAU
incorporation and DNA content staining in HG-treated H460 cells. The left panel is the
dots analysis of flow cytometry. G1, S+ and G2 of the cell cycle were gated. The right
panel indicates the percentage of cells labeled with EAU from the left panel. (D) Cell
growth curve of H460 cells treated with or without HG for 5 days. (E) DNA replication
fork progression of H460 cells following HG treatment.
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Supplementary Figure 2.2 E2F plays a crucial role in HG-induced DNA synthesis
and cell growth. (A) Cell cycle analysis of the EQU incorporation and DNA content in
either control (scramble) or E2F1-depleted HCT116 cells upon HG exposure. The left
panel is the dots analysis with gates of G1, S+ and G2 of the cell cycle. The right panel
indicates the percentage of EdU-labeled cells. (B) HCT116 cells were treated with HG
and pan-E2F inhibitor HLM006474. EdU incorporation and DNA content staining was
analyzed by flow cytometry. The left panel is the dots analysis with gates of G1, S+ and
G2 of the cell cycle. The right panel indicates the percentage of EdU-labeled cells. (C)
H460 cells were treated with HG and pan-E2F inhibitor HLM006474. EAU incorporation
and DNA content staining was analyzed by flow cytometry. The left panel is the dots
analysis with gates of G1, S+ and G2 of the cell cycle. The right panel indicates the
percentage of EdU-labeled cells.
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Supplementary Figure 2.3 E2F1 regulates transcription of DNA replication genes in
response to elevated glucose levels. (A) RT-qPCR of 7 top DNA replication genes in
H460 cells treated with either HG or HLM006474 as indicated. (B) HCT116 cells were
transiently overexpressed with flag tagged E2F1, followed by HG treatment. The top
DNA replication genes were determined by RT-qPCR. (C) Protein levels of RRM2,
CHAFI1A and E2F1 were determined by western blot in the cells from S3B. Vinculin was
used as a loading control. Results are displayed in mean + SD for n=3 replicates.
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Supplementary Figure 2.4 HG-induced Rb1 phosphorylation is requited for
activation of DNA replication genes. (A) RT-qPCR of DNA replication genes in
HCT116 and U20S cells following HG treatment. (B) RT-qPCR of DNA replication
genes were detected in HCT116 cells treated with CDK2/4/61 PF-3600 and HG for 6hrs.
Results are displayed in mean + SD for n=3 replicates.
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Supplementary Table 2.1 List of oligonucleotide sequences

Type Name Sequence (5°->3’)

qPCR Primers GAPDH F ACAACTTTGGTATCGTGGAAGG
GAPDH_R GCCATCACGCCACAGTTTC
RRM2 F GTGGAGCGATTTAGCCAAGAA
RRM2 R CACAAGGCATCGTTTCAATGG
CHAF1A_F TTAGACCGAAACTTGTCAACGG
CHAFIA R GTCTGGCTGCTCATTCGAGT
CHAFIB F AGAGGCAAGAAGCTACCGGAT
CHAF1B R CTGGCGTGAGAAGCAAAGA
PCNA F CCTGCTGGGATATTAGCTCCA
PCNA R CAGCGGTAGGTGTCGAAGC
CCNE2 F GGAACCACAGATGAGGTCCAT
CCNE2 R CCATCAGTGACGTAAGCAAACT
CLSPN F TGGAGAGTGGGGTCCATTCAT
CLSPN R CCGGGGTTTACGTTTGAAGAAA
RBM14 F CTACCAGCAGGCTTTTGGCA
RBM14 R GTCATGGGCTGAGTCCGATAG
18S rRNA F CTCAACACGGGAAACCTCAC
18SrRNA R CGCTCCACCAACTAAGAACG

shRNA Scramble GCGTACATCACTCGTTAATAT

shE2F1 CGCTATGAGACCTCACTGAAT

ChIP-qPCR Primers

RRM2_E2F1 F ACGGGGGTGTCCCCGGGGGT
RRM2_E2F1 R CTTCCCATTGGCTGCGCCTT
PCNA _E2F1 F GCGACGTCACCACGCTGTC
PCNA_E2F1 R TGCGGCCGGGTTCAGGAG
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Supplementary Table 2.2 Sizes of the spheres in HCT116 cells treated with HG
and/or panE2F inhibitor HLM006474

HCT116 Mock HG
Length (um) Width (um) Length (um) Width (um)
DMSO 68.844+23.79  56.43+£18.69 90.05+34.76  68.314+34
6474 62.96+25.15  52.2+421.78  44.78+13.56  37.14+8.9

Supplementary Table 2.3 Sizes of the spheres in HCT116 cells treated with HG
and/or RNR inhibitor Triapine

HCT116 Mock HG
Length (um) Width (um) Length (um) Width (pum)
DMSO 72.1+£12.17 64+11.49 86.44+19.41 68.5+£14.41
3-AP 81.61+13.29  69.26+11.26 70.23+£10.81 59.32+8.17

Supplementary Table 2.4 Sizes of the spheres in E2F1-depleted H460 cells with HG
treatment

H460 Mock HG

Length (um) Width (um) Length (um) Width (um)
Scramble 68.03+13.88  57.42+10.15 78.27+11.27  69.39+10.95
shE2F1 90.34£17.77  77.40+14.63  82.64+10.87  72.14+11.71
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Chapter 3
Untargeted metabolomic analysis in cancer cells upon high glucose

exposure
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3.1 Introduction

The Warburg effect, initially observed by Otto Warburg in 1965, reveals a distinct
metabolic behavior in cancer cells. These cells exhibit a preference for glycolysis over
oxidative phosphorylation even in the presence of oxygen, due to compromised
mitochondrial respiration (Alfarouk et al., 2014; Warburg, 1956). This shift leads to the
generation of lactic acid and an acidic tumor microenvironment, promoting tumor
aggressiveness and resistance to treatment (B6hme & Bosserhoff, 2016; Justus et al.,
2013). During the glycolysis, various metabolic pathways branch out from glycolytic
intermediates, with a more emphasize on pathways like pentose phosphate pathway,
hexosamine synthesis pathway and serine biosynthesis in cancer cells (Hay, 2016). These
pathways contribute to the biomass synthesis, including essential components like
nucleotides and amino acids, crucial for sustaining cell growth and proliferation.

An elevated fasting blood glucose level serves as a shared characteristic and
diagnostic criterion for both Type 1 and Type 2 diabetes. Diabetes exhibits a positive
association with the incidence of various cancer types, with a more pronounced
association observed in Type 2 diabetes (Harding et al., 2015). A most recent study
further highlighted the increased cancer risk associated with high fasting plasma glucose
levels over the past decade (Tran et al., 2022). These epidemiological studies strongly
suggest the role of hyperglycemia in promoting cancer development and progression.
While extensive studies have been conducted on the metabolic reprogramming of glucose
molecules in cancer cells, there remains a significant gap in understating the metabolic

alterations occurring in cancer cells under the hyperglycemic condition. In Chapter 2, we

98



unveiled a finding that high glucose levels could elevate the levels of all four intracellular
dNTP in cancer cells. However, it is important to note that these data, with the inspiration
derived from RNA-seq analysis, provides only a partial picture. Therefore, we sought to
carry out a dedicated study to directly investigate how the hyperglycemia mediates
changes in metabolite levels within cancer cells.

In this chapter, we described an untargeted analysis of metabolites, using
chromatography/mass spectrometry techniques, in cancer cells upon high glucose (HG)
treatment in HCT116 cells. From the metabolomic profiling, a total of 150 metabolites
were identified spanning glucose metabolism, amino acid metabolism and nucleotide
metabolism. The metabolite set enrichment analysis (MSEA) revealed several
significantly enriched metabolic pathways, primarily driven by an elevated level of
fructose. Notably, HG-treated cells exhibited concurrent increases in fructose, sorbitol
and glucose concentrations, strongly suggesting the activation of polyol pathway
mediated by hyperglycemia. To further validate the observed increase in nucleotide
synthesis activity obtained from Chapter 2, we also examined these metabolites in
nucleotide synthesis, and several of them exhibited increased levels in cancer cells under
HG condition. Lastly, our analysis indicated an elevation in the level of lactic acid, an
end-product of anerobic glycolysis, in HG-treated cells. While this metabolic profiling
does not cover certain vital metabolites of interest due to the technical limitation, it does
illuminate activated metabolic pathways that remained beyond the scope of the RNA-seq
data. Thus, these findings provide us with some insights into the metabolic alterations in

cancer cells in response to HG, shedding light on previously unexplored facets.
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3.2 Results

3.2a Analysis of differential metabolic pathways in cancer cells upon HG treatment

To comprehensively investigate the metabolic changes induced by hyperglycemia
in cancer cells, we carried out an untargeted metabolomic profiling in HCT116 post 6h
HG treatment. The metabolomic profiling identified a total of 150 distinct metabolites.
These encompass various aspects of metabolites, arising from glucose metabolism, amino
acid metabolism, as well as purine and pyrimidine metabolism (Table 1). Specifically, the
MSEA revealed four significantly enriched metabolic pathways in HG-treated cells:
amino sugar and nucleotide sugar metabolism, starch and sucrose metabolism, fructose
and mannose metabolism, and neomycin, kanamycin and gentamicin biosynthesis (Fig.
1A & Table 1). However, no evident crosstalk or interconnections were observed among
these pathways (Fig. 1B).

In the context of amino sugar and nucleotide sugar metabolic pathway, we noted
upregulated levels of fructose, N-actylmannosamine, and uridine diphosphate glucuronic
acid in the HG condition (Supplementary Fig. 1). The increased levels of both fructose
and glucose contributed to the enrichment of starch and sucrose metabolism following
HG treatment (Supplementary Fig. 2). With respect to fructose and mannose metabolism,
we identified elevated levels of fructose and sorbitol in cells subjected to HG condition
(Supplementary Fig. 3). Additionally, an augmented level of glucose was observed in the
neomycin, kanamycin and gentamicin biosynthesis (Supplementary Fig. 4). Notably,
fructose appears to play a role in the enrichment of all four metabolic pathways based on

our data.
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3.2b Hyperglycemia induces the activation of the polyol pathway in cancer cells
Upon analyzing our metabolomic profiling data, a notable finding emerged: the
fructose molecule displayed the most substantial fold change of 5.8 among all the
upregulated metabolites following HG treatment (Fig. 2B, Supplementary Table 1).
Similarly, sorbitol exhibited a 3.4-fold change, while glucose demonstrated a 2.2-fold
change in HG-treated cells (Fig. 2B & 2C, Supplementary Table 1). Interestingly, these
three molecules are recognized as participating in the polyol pathway, which contains a
two-step sequence. The first step involves the reduction of glucose into sorbitol,
concomitant with the conversion of NADPH into NADP*. Subsequently, the sorbitol is
further oxidized to fructose, with NAD" being converted into NADH (Fig. 2A). The
concurrent elevation of these three molecules highly suggests that the hyperglycemia is
able to activate the polyol pathway in cancer cells. The pathway has been implicated in
diabetic complications, especially in microvascular damage to retina, kidney, and nerves.
The polyol pathway involves the participation of two enzymes: aldose reductase,
responsible for the first step, and sorbitol dehydrogenase, governing the second step. The
gene AKR1B1 encodes aldose reductase while the SORD gene encodes the sorbitol
dehydrogenase. We thus searched expressions of those two genes in our RNA-seq data
described in Chapter 2. However, when comparing the normalized read counts from the
HG-treated cells with that from the mock cells, we did not observe any significant
differences in mRNA levels for these two genes (Fig. 2E & 2F). Nevertheless, the

significant metabolic shifts observed in glucose, sorbitol and fructose strongly indicate
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that the activation of the polyol pathway in HG-treated HCT116 cells is primarily

dependent on metabolites rather than enzymes.

3.2¢ Hyperglycemia triggers the changes in the levels of metabolites associated with
nucleotide metabolism in cancer cells

Given the insights gained from Chapter 2, we observed an elevated levels of all
dNTP species in HCT116 cells following the exposure to HG. Although we did not
observe any significant enrichment of the pathways related to nucleotide metabolism
revealed by MSEA, we speculate that this absence is due to the limited coverage of these
metabolites in our metabolomic profiling. Therefore, we extracted the detectable
metabolites associated with nucleotide metabolism from the metabolomic profiling data
and categorize them into pyrimidine metabolism and purine metabolism, with the aim of
looking at the metabolite’s level change individually. Among these selected metabolites,
glutamine is involved in de novo nucleotide synthesis for both pyrimidine and purine.
However, we did not observe any significant change of its level post HG treatment (Fig.
3A & Fig. 4A). In pyrimidine metabolism, we identified six detectable metabolites in
cells: cytidine monophosphate, thymine, ureidosuccinic acid, orotic acid, uracil and beta
alanine (Fig. 3B-G). Among these, cytidine monophosphate experienced a decreased
level while orotic acid exhibited an increase of abundance following HG treatment (Fig.
3B & 3E). In purine metabolism, a total of seven detectable metabolites emerged. These
included xanthine, D-ribose-5-phosphate, adenosine monophosphate, adenosine,

hypoxanthine, inosine and adenine (Fig. 4). Notably, there was a slight, yet significant
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rise in normalized abundance for xanthine and adenosine monophosphate (Fig. 4B &
4D). Collectively, these findings provide partial insight into our previous speculation that

HG treatment enhances the activity of nucleotide synthesis.

3.2d High glucose levels lead to an elevated level of lactic acid in cancer cells

The Warburg effect underscores the heighted reliance of tumor cells on glycolysis
for a continuous production of ATP energy molecules (Fiehn et al., 2008). Within this
context, we aimed to explore the potential alterations in intermediates in the glycolytic
pathway in the HG-treated cells. In our non-targeted metabolomic profiling, we identified
a total of six metabolites associated with glycolysis: glucose-1-phosphate, glucose-6-
phosphate, 3-phosphoglyceric acid, 2,3-diphosphoglyceric acid, pyruvic acid and lactic
acid (Fig. 5). Interestingly, a significant increase in lactic acid (Fig. 5F) was observed
under HG condition, while no significant differences were revealed for other metabolites
(Fig. SA-E).

Furthermore, we sought to see whether ATP levels were influenced by HG
environment. Unfortunately, the metabolic profiling data did not contain the result for
ATP levels. Nonetheless, precursors for ATP, such as adenosine monophosphate,
adenosine and adenine, were detectable. Surprisingly, our analysis revealed a slight but
significant increase in adenosine monophosphate, potentially indicating increased ratios
of AMP/ATP, whereas no significant changes were observed for adenosine and adenine

(Fig. 4D-E, 4H). These findings potentially suggest that elevated glucose levels give rise
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in the increase of lactic acid, as a consequence of enhanced glycolysis. However, it is

important to note that we did not obtain direct evidence of increased ATP levels.

3.3 Discussion

The reprogramming of glucose metabolism in cancer cells gained significant
attention in cancer research (Allen & Locasale, 2018; Ediriweera & Jayasena, 2023; Hay,
2016; Hirata et al., 2016; Lin et al., 2020). Elevated blood glucose levels are recognized
as an important risk factor for cancer incidence (Tran et al., 2022), motivating an
exploration into having a deep understanding of the hyperglycemia-mediated metabolic
alteration in cancer cells. Given the limited investigations carried out in this field, we
conducted an untargeted metabolomic analysis in cancer cells subjected to HG treatment.
The results of our analysis, as revealed by MSEA, have showcased several pathways
associated with monosaccharide metabolism, all arising from the significant increase in
fructose levels in HG-treated cells. Moreover, the activation of polyol pathway is strongly
indicated, as evidenced by the concurrent elevation in concentrations of glucose, sorbitol
and fructose. Additionally, our study identified heightened levels of three metabolites
associated with nucleotide metabolism under hyperglycemic condition, suggesting a
potential role of hyperglycemia involved in the nucleotide synthesis. Notably, the
Warburg effect was confirmed by elevated lactic acid levels in HG-treated cells. This
observation underscores the increased reliance of cancer cells on glycolysis to fulfill their

demands for growth and proliferation. While the scope of detectable metabolites within
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our metabolomic profiling remains limited, it does expand our understanding in the
metabolic alterations occurring in cancer cells under the hyperglycemic condition.

Of note, we have observed an activation of polyol pathway under HG condition in
cancer cells. The polyol pathway constitutes a metabolic route that converts glucose into
fructose (Srikanth & Orrick, 2023). Traditionally, this pathway has been implicated in the
pathogenesis of complications seen in patients with end-stage diabetes, such as lens
swelling, osmotic imbalance, and peripheral neuropathy (Srikanth & Orrick, 2023).
However, our study has shed new light on its involvement in cancer, particularly in the
context of hyperglycemia. In a previous investigation, it was found that the polyol
pathway plays a pivotal role in the metabolic reprogramming in cancer cells, potentially
leading to enhanced glycolysis and increased cell proliferation (Han et al., 2020). Another
study highlights the pathway’s significance as a link between glucose metabolism and
cancer cell differentiation and aggressiveness (Schwab et al., 2018). This connection is
mediated through the enzymes of aldose reductase and sorbitol dehydrogenase, which
appear to drive the epithelial-to-mesenchymal transition (EMT) and contribute to the
acquisition of a cancer stem cell (CSC) state (Schwab et al., 2018). Although no
significant changes were observed in the RNA levels of these two enzymes, the increased
levels of both sorbitol and fructose provide solid evidence of the activation of this
pathway in cancer cells post HG treatment. Furthermore, fructose, as the end product of
this pathway, has also been implicated as an increased risk of cancer, particularly
pancreatic and intestinal cancers (Goncalves et al., 2019; Port et al., 2012). It has been

reported that fructose exerts its indirect effect on cell proliferation through the stimulation
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of protein synthesis (Port et al., 2012). Our lab has previously demonstrated that high
glucose levels promote the activation of the mTOR/S6K pathway. When combined with
the elevated fructose levels observed in this study, it strongly indicates that the activation
of this pathway is a direct result caused by increased fructose levels, which is induced by
HG in the cancer cells.

In this study, we also extend our focus on the metabolites associated with
nucleotide metabolism inspired by the data derived from Chapter 2 that showed
hyperglycemia-mediated increases in intracellular ANTP levels in cancer cells. However,
we yielded a limited coverage of metabolites from the nontargeted metabolomic
profiling. Specifically, six metabolites are involved in pyrimidine metabolism, and seven
associated with purine metabolism and glutamine for both pathways. Among these
identified metabolites, only three (orotic acid, xanthine and adenosine monophosphate)
exhibited a slight increase in levels, while the remaining metabolites in HG-treated cells
showed no discernible differences. Among the metabolites within the pyrimidine
metabolism, ureidosuccinic acid, orotic acid and beta alanine are metabolic intermediates
involved in early stage of pyrimidine synthesis. Conversely, thymine and uracil primarily
play roles in the salvage pathway of pyrimidine synthesis. This also applies to adenine
and adenosine in purine metabolism. However, it is evident that the cancer cells lean
more heavily towards de novo nucleotide synthesis to meet the increased demands of
cellular growth and proliferation (Villa et al., 2019). Additionally, certain metabolites,

such as xanthine, hypoxanthine and inosine, are involved in the purine degradation
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pathway, rendering them unsuitable for our objective of assessing nucleotide synthesis
activity.

Last, it is important to acknowledge the limitations associated with untargeted
metabolomic analysis platform utilized in our study. Firstly, our primary goal was to
achieve a global and unbiased metabolomic profiling within our HG model. While we
obtained a dataset containing 553 detectable metabolites, only 150 of them could
ultimately and unequivocally be characterized for subsequent analysis. These 150 well-
defined metabolites encompass several different categories, including amino acids
metabolism, glucose metabolism and nucleotide metabolism. However, it is crucial to
note that we did not obtain complete information for every metabolite within each
pathway. For most of the pathways, critical metabolites were not included in our dataset,
potentially interfering the fidelity of the following analysis and lowering down the
confidence in the data quality. In our endeavor to assess the RRM2 function in our
samples, we anticipated identifying a cluster of metabolites, including NDP, ANDP and
dNTP. Unfortunately, we were unable to detect any of these crucial metabolites, and the
ones we did identify did not play a central role in the ANTP synthesis pathway. These
incomplete results have hindered us to form any substantive and dependable conclusions.
Additionally, it is worth noting that the untargeted metabolomic analysis excels in
detecting small molecules but may be less effective in identifying larger ones, such as
complex oligosaccharides (Liu et al., 2021). In our study, it is highly possible that glucose

molecules were converted into complex oligosaccharides. Consequently, we may have
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overlooked this transformation, potentially introducing bias into our analysis data, which
could lead us in a misleading direction for future research.

While the method employed in this study possesses certain limitation, the data
offers valuable insights into the metabolic changes that occur in the cancer cells
following HG treatment. According to the current metabolomic profiling data, glucose is
predominantly transformed into fructose via the polyol pathway, ultimately influencing
cell metabolism and proliferation. Future research study can prioritize investigating this
pathway to elucidate its intricate mechanisms in cancer cells under hyperglycemic

condition.

3.4 Materials and Methods

Cell culture, reagents, and treatments

HCT116 cells were cultured in Dulbecco’s Modified Eagle Medium (DMEM)
normal glucose (1g/L) supplemented with 10% FBS and 100X penicillin-streptomycin
solution. For HG treatments, 25 mM glucose (#BM-675, Boston BioProducts) was added

into the complete medium for HCT116 cells for 6 hrs.

Sample collection and metabolite extraction
Cell pellets were harvested and stored in -80 °C before being shipped on dry ice
to West Coast Metabolomics Center at UC Davis. The extraction of metabolites was

conducted following the procedures described in the previous study (Fiehn et al., 2008).
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Gas chromatography time-of-flight mass spectrometry (GC-TOF-MS) (Provided by
West Coast Metabolomics Center at UC Davis)

Purified metabolites were resuspended in the volume of 50 pl and 0.5 pl samples
were injected into ALEX-CIS GCT-OF. Data are acquired using the following
chromatographic parameters, with more details to be found in the previous paper (Fiechn
et al., 2008). Column: Restek corporation Rtx-5Sil MS (30 m length x 0.25 mm internal
diameter with 0.25 um film made of 95% dimethyl/5%diphenylpolysiloxane). Mobile
phase: Helium. Column temperature: 50-330°C. Flow-rate: 1 mL min™!. Injection volume:
0.5 pL. Injection: 25 splitless time into a multi-baffled glass liner. Injection temperature:
50°C ramped to 250°C by 12°C s™!. Oven temperature program: 50°C for 1 min, then
ramped at 20°C min™! to 330°C, held constant for 5 min. Mass spectrometry parameters
are used as follows: a Leco Pegasus IV mass spectrometer is used with unit mass
resolution at 17 spectra s™' from 80-500 Da at -70 eV ionization energy and 1800 V
detector voltage with a 230°C transfer line and a 250°C ion source. Untargeted analyses

screen was employed in our samples.

Data processing (Provided by West Coast Metabolomics Center at UC Davis)

Raw data files are preprocessed directly after data acquisition and stored as
ChromaTOF-specific *.peg files, as generic *.txt result files and additionally as generic
ANDI MS *.cdf files. ChromaTOF vs. 2.32 is used for data preprocessing without
smoothing, 3 s peak width, baseline subtraction just above the noise level, and automatic

mass spectral deconvolution and peak detection at signal/noise levels of 5:1 throughout
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the chromatogram. Apex masses are reported for use in the BinBase algorithm. Result
* txt files are exported to a data server with absolute spectra intensities and further
processed by a filtering algorithm implemented in the metabolomics BinBase database.
The BinBase algorithm (rtx5) used the settings: validity of chromatogram (<10
peaks with intensity >10"7 counts s-1), unbiased retention index marker detection (MS
similarity>800, validity of intensity range for high m/z marker ions), retention index
calculation by 5th order polynomial regression. Spectra are cut to 5% base peak
abundance and matched to database entries from most to least abundant spectra using the
following matching filters: retention index window +2,000 units (equivalent to about +2 s
retention time), validation of unique ions and apex masses (unique ion must be included
in apexing masses and present at >3% of base peak abundance), mass spectrum similarity
must fit criteria dependent on peak purity and signal/noise ratios and a final isomer filter.
Failed spectra are automatically entered as new database entries if s/n >25, purity <1.0
and presence in the biological study design class was >80%. All thresholds reflect
settings for ChromaTOF v. 2.32. Quantification is reported as peak height using the
unique ion as default, unless a different quantification ion is manually set in the BinBase
administration software BinView. A quantification report table is produced for all
database entries that are positively detected in more than 10% of the samples of a study
design class (as defined in the miniX database) for unidentified metabolites. A subsequent
post-processing module is employed to automatically replace missing values from the
*.cdf files. Replaced values are labeled as ‘low confidence’ by color coding, and for each

metabolite, the number of high-confidence peak detections is recorded as well as the ratio
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of the average height of replaced values to high-confidence peak detections. These ratios
and numbers are used for manual curation of automatic report data sets to data sets
released for submission. Metabolite set enrichment analysis (v5.0) was used to analyze
the enrichment metabolic pathways in the metabolite set library KEGG for human

metabolic pathways (Pang et al., 2021).

Statistical analysis

All the data are represented as mean + SD. All the statistical tests were done by
using Graphpad Prism 9 as recommendations based on the imported data types. P values
were also generated in Graphpad Prism 9, with *P <0.05, **P <0.01, ***P <0.001, ****P

<0.0001, ns represents non-significance.
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Figure 3.1 Overview of metabolite set enrichment analysis (MSEA) in HCT116 cells
following HG treatment. (A) Metabolic pathway analysis using the untargeted
metabolic profiling in HCT116 cells under HG condition. Bar colors indicate difference
in significance and lengths indicate different fold enrichment. The top 25 perturbed
pathways are shown. (B) Scatter plot of the metabolic pathway analysis. A smaller p
value is encoded by the intensity of red color of circles and size of the circles represents
the strength of fold enrichment. Connecting lines indicate relationships of inter-metabolic
pathways.
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Figure 3.2 Hyperglycemia induces the activation of the polyol pathway in cancer
cells. (A) The schematic of polyol pathway. (B-D) Normalized abundances of glucose
(B), sorbitol (C) and fructose (D) in HCT116 cells treated with and without HG. E-F.
Normalized RNA read counts of AKR1B1 (E) and SORD (F) in HCT116 cells following
HG treatment. Results are displayed in mean + SD for n=8 replicates.
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Figure 3.3 The normalized abundances of metabolic intermediates involved in
pyrimidine metabolism in HCT116 cells following HG treatment. The associated
metabolites determined from untargeted metabolomic profiling include glutamine (A),
cytidine monophosphate (B), thymine (C), ureidosuccinic acid (D), orotic acid (E), uracil
(F) and beta alanine (G). Results are displayed in mean £+ SD for n=8 replicates.
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Figure 3.4 The normalized abundances of metabolic intermediates involved in
purine metabolism in HCT116 cells following HG treatment. The associated
metabolites determined from untargeted metabolomic profiling include glutamine (A),
xanthine (B), D-ribose-5-phosphate (C), adenosine monophosphate (D), adenosine (E),
hypoxanthine (F), inosine (G) and adenine (H).
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Figure 3.5 High glucose levels lead to an elevated level of lactic acid in cancer cells.
Normalized abundances of glucose-1-phosphate (A), glucose-6-phosphate (B), 3-
phosphoglyceric acid (C), 2,3-diphospheglyceric acid (D), pyruvic acid (E) and L-lactic
acid (F) in HCT116 cells following HG treatment.
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Supplementary Figure 3.1 The normalized abundances of metabolites hit within the
pathway of amino sugar and nucleotide sugar metabolism in untargeted
metabolomic profiling. The associated metabolites include fructose, N-
acetylmannosamine, uridine diphosphate glucuronic acid, mannose, glucose-1-phoaphate,
mannose 6-phosphate and glucose-6-phosphate.
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Supplementary Figure 3.2 The normalized abundances of metabolites hit within the
pathway of starch and sucrose metabolism in untargeted metabolomic profiling. The
associated metabolites include fructose, glucose, glucose-1-phosphate, glucose-6-
phosphate, cellobiose and sucrose.
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Supplementary Figure 3.3 The normalized abundances of metabolites hit within the
pathway of fructose and mannose metabolism in untargeted metabolomic profiling.
The associated metabolites include fructose, sorbitol, mannose and mannose-6-

phosphate.

Supplementary Figure 3.4 The normalized abundances of metabolites hit within the
pathway of neomycin, kanamycin and gentamicin biosynthesis in untargeted
metabolomic profiling. The associated metabolites include glucose and glucose-6-

phosphate.
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Table 3.1 Detected metabolites in untargeted metabolomic profiling

xylitol

xanthine

valine

urea

uracil

UDP-N-
acetylglucosamine
UDP-glucuronic acid

tyrosine

tryptophan
trans-4-hydroxyproline
tocopherol alpha
thymine

threose

threonine
threonic acid
threitol

taurine
sucrose
succinic acid
sorbitol
sophorose
serotonin
serine
saccharic acid

ribose-5-phosphate

ribitol

pyruvic acid
pyrophosphate
pyridoxine
putrescine

pseudo uridine
proline

pipecolinic acid
phosphoethanolamine
phosphate
phenylalanine
pelargonic acid
pantothenic acid
palmitoleic acid
oxoproline

orotic acid

O-phosphoserine

oleic acid
octadecylglycerol
octadecanol
N-methylglutamic acid

nicotinamide

N-carbamoylaspartate
N-acetylputrescine
N-acetylmannosamine
N-acetylglutamate
N-acetylaspartic acid

myristic acid

myo-inositol
methionine sulfoxide
methionine

methanolphosphate
mannose-6-phosphate
mannose

maltose

malic acid

maleic acid

lyxitol

lysine

levoinositol

levoglucosan
leucine

lactic acid
isothreonic acid
isoleucine

isocitric acid
inositol-4-
monophosphate
inosine
hypoxanthine
hydroquinone
homoserine
histidine
hexadecylglycerol
guanidinosuccinate
glycine

glycerol-alpha-
phosphate
glycerol-3-galactoside
glyceric acid
glutathione

glutamine

glutamate

glucuronic acid

glucose-6-phosphate
glucose-1-phosphate
glucose

gluconic acid
glucoheptulose

galacturonic acid

galactose-6-phosphate
galactitol
fumaric acid

fructose

ethanolamine
erythrose

erythritol
docosahexaenoic acid
dihydroxyacetone
D-erythro-sphingosine
cytidine-5-
monophosphate
cysteine-glycine

cysteine
cyanoalanine
creatinine

citric acid
cis-gondoic acid

cholesterone
cholesterol

cellobiose
capric acid
butyrolactam
beta-alanine
beta sitosterol
azelaic acid
aspartic acid
asparagine
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arabitol

aminomalonate
alpha-ketoglutarate
alpha-aminoadipic acid
alanine

adipic acid

adenosine-5-
monophosphate
adenosine

adenine

aconitic acid
5-methoxytryptamine
5-hydroxy-3-
indoleacetic acid
5'-deoxy-5'-
methylthioadenosine
S-aminovaleric acid
3-phosphoglycerate
3-hydroxy-3-
methylglutaric acid
2-picolinic acid
2-monoolein
2-ketoisocaproic acid
2-ketobutyric acid
2-hydroxyvaleric acid
2-hydroxyglutaric acid
2-aminobutyric acid
2,5-dihydroxypyrazine

2,3-bisphosphoglyceric
acid

1-monostearin
1-monopalmitin
1-methylgalactose
1,3-dihydroxypyridine
1,2-anhydro-myo-
inositol



Table 3.2 Four significantly enriched metabolic pathways in HG-treated HCT116
cells

Total Hits  Statistic Expected Rawp Holm FDR

Cmpd Q Q p
Amino sugar
o nucleﬁﬁ e 1.83E- 9.87E- 5.27E-
37 7 87.16 6.6667 10 09 09

sugar
metabolism
Starch and 221E- 1.17E- 5.27E-
sucrose 18 6 84.754 6.6667 10 08 09
metabolism
Fructose and 293E- 1.52E- 5.27E-
mannose 20 4 94.293 6.6667 10 08 09
metabolism
llj:l‘l’:‘“nf;:l‘n and 780E- 3.98E- 1.05E-

. . 2 2 78.71 6.6667 07 05 05
gentamicin
biosynthesis
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4.1 Summary

Epidemiological studies have unveiled a heightened occurrence of cancer and
diabetes mellitus diagnosis within the same individual (Giovannucci et al., 2010).
Initially identified in population-based studies during the 1960s, the association between
these two conditions has gained substantial attention. Recent accumulating evidence has
underscored this significant correlation, particularly within specific cancer type such as
breast, liver, pancreas, colon, kidney and bladder (Giovannucci et al., 2010; Simon et al.,
2018; Yuan et al., 2020). The exploration of the intricate interplay between cancer and
diabetes mellitus has been a focal point in scientific research for numerous years. While
the association is complicated and multifactorial, our study focuses on the hyperglycemia,
a hallmark of diabetes for both type 1 and type 2 that transcends gender and body mass.
Noteworthy previous research has shown that a high-glucose diet can induce
tumorigenesis and significantly expedite tumor growth in mouse models (Goncalves et
al., 2019; Su et al., 2023). Nonetheless, the precise mechanism linking the hyperglycemia
and cancer remains largely unexplored in these studies. Given the tumor-promoting role
of hyperglycemia evident in animal models and epidemiological data, coupled with the
inconclusive insights into the underlying molecular mechanism, we carried out this
project to comprehensively investigate how hyperglycemia exerts its influence in
promoting cancer cell growth.

In Chapter 2, our genome-wide RNA sequencing data unequivocally demonstrates
that HG condition robustly promotes DNA synthesis, subsequently facilitating cell cycle

progression and ultimately conferring a distinct growth advantage to cells. Notably, all
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the genes that experience up-regulation in cells treated with HG exhibit a pronounced
enrichment in DNA synthesis and cell cycle activities. Meanwhile, E2F transcription
factor family is identified as the pivotal orchestrator governing this HG-mediated
promotion of cell growth. Remarkably, E2F1, a well-studied E2F family member,
emerges as the upstream regulator responsible for enhancing mRNA expression levels of
the DNA replication genes following exposure to HG. While prior research has indicated
this shifts in DNA replication and DNA metabolism gene expression levels in diabetic
animal tissues (Leontovich et al., 2016), our study further elucidates the exclusive
contribution of E2F1 in propelling the growth of HG-responsive cancer cells. This is
achieved through the transcriptional activation of genes related to DNA replication.

We further expanded our research on exploring the functional implications of
oncogenic CDKs-Rb1-E2F pathway in the HG-treated cancer cells. In investigating the
phosphorylation status of Rb1 across different cell lines, an unexpected finding emerged:
instead of a uniform response, cells exhibited different reactions to HG treatment based
on the baseline Rb1 phosphorylation levels. Specifically, in the case of HCT116,
characterized by relatively lower Rb1 phosphorylation, HG treatment led to Rb1
deactivation through phosphorylation, subsequently triggering a substantial activation of
DNA replication and cellular growth. Conversely, the U20S cell line, which possessed a
higher basal level of Rb1 phosphorylation, demonstrated insensitivity to HG stimuli,
failing to confer a direct growth advantage comparable to the HCT116 cell line. While

earlier studies have noted variable accumulation of underphosphorylated Rb1 levels in
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cancer cells (Brocefio et al., 2002), our research uniquely underscores that this variability
can culminate in distinct cell growth phenotypes following HG treatment.

Our study also illuminates the functional role of RRM2 in the metabolic alteration
in a hyperglycemic environment. RRM2 assumes an essential role in nucleotide
metabolism by catalyzing the conversion of NDP into ANDP. Emerging studies have
positioned RRM2 as a proto-oncogene in cancer, with implications as a negative
predictor for chemotherapeutic response (Aye et al., 2015; Ferrandina et al., 2010; Zhan
et al., 2021). Our findings reveal elevated RRM2 levels result in increased intracellular
dNTP concentrations and enhanced DNA synthesis activity. Significantly, this metabolic
alteration in response to hyperglycemia can be efficiently counteracted by Triapine, an
RNR inhibitor currently undergoing clinical trials and showing promise as a small
molecule compound. Collectively, this segment of our research unveils a metabolic
alteration within cancer cells upon exposure to hyperglycemia.

In Chapter 3, we conducted untargeted metabolomic profiling analysis to gain a
comprehensive understanding of the metabolic alterations induced by hyperglycemia. It is
widely recognized that cancer cells have a preference on the glycolysis, known as
Warburg effect. Our data demonstrated that hyperglycemia could intensify the glycolytic
activity, as revealed by elevated levels of lactic acid in HG-treated cells. Furthermore, our
findings provided a novel perspective: under the influence of hyperglycemia, cancer cells
are more motivated to shift the glucose metabolism towards the polyol pathway, resulting
in an elevated production of fructose. Considering the established role of hyperglycemia

in promoting cell proliferation and the previously reported contributions of fructose to
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cancer progression and development (Han et al., 2020; Port et al., 2012), we speculate
that the fructose serves as a more pivotal role in influencing cellular growth and
proliferation at the metabolic level. In a hyperglycemic environment, cancer cells may
experience a dual stimulus from both glucose and fructose, further enhancing their

capacity for cellular proliferation.

4.2 Potential Limitations of the Study

It is essential to highlight that the three chemical compounds (CDK2/4/61 PF-
3600, E2F inhibitor HLM006474 and RRM2 inhibitor Triapine) employed in Chapter 2
effectively inhibit the DNA synthesis and impede cell cycle progression in both Mock
and HG conditions. While Rb1/E2F signaling is pivotal in regulating these processes, it is
crucial to acknowledge that these compounds may exert non-specific effects on the
rapidly dividing cells, including hair cells, cells lining the digestive system and bone
marrow cells. Moreover, delayed wound healing is a prevalent complication in diabetic
patients (Dasari et al., 2021). E2F1 is essential for skin wound healing and the lack of
E2F1 in keratinocytes impairs the wound repair (D’Souza et al., 2002; Li et al., 2019).
Given the skin cells exposed to wounds undergo accelerated cell division, it raised up a
concern that the use of these three compounds could interfere with the wound healing
process in tumor-bearing diabetic patients. This limitation potentially restricts the
application of them in patients undergoing the complication of slower wound healing.

The untargeted metabolomic profiling, due to its limited detection capacity,

provides a constrained scope of metabolites for our study. While it has yielded a
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noteworthy and novel finding that glucose is primarily converted into fructose via the
polyol pathway, the confidence of this finding remains somewhat limited. Given that this
approach does not comprehensively analyze all cellular metabolites, it is plausible that
metabolites with significant roles may remain undetected, potentially masking their
importance. Consequently, there is a possibility that the current available data may
overemphasize the significance of the polyol pathway in our study. Future investigations
should focus on confirming and validating the role of polyol pathway in the HG-treated
cells.

The primary objective of conducting both RNA-seq and untargeted metabolomic
profiling was to cross-validate the data in each dataset. However, we encountered
challenges in corroborating the results obtained from RNA-seq with those from
metabolomic profiling and vice versa. For example, we aimed to examine NDP, ANDP
and ANTP levels in the metabolomic profiling data to confirm the function of RRM?2 as
indicated from the RN A-seq data. Unfortunately, due to the limited coverage of detected
metabolites, none of them were identified. Moreover, we had anticipated that the
enzymes aldose reductase and sorbitol dehydrogenase would show increase based on
elevated levels of sorbitol and fructose observed in metabolomic profiling. However, the
RNA-seq data did not reveal any changes in RNA levels of these two genes. As a result,
we are limited to drawing conclusions separately from each dataset, and unable to

integrate them to form a definitive conclusion.
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4.3 Future studies

DNA replication in eukaryotic cells unfolds within a careful orchestrated temporal
program during the S phase, recognized as the replication timing (RT) program (Dileep et
al., 2015). Given our revelation concerning HG-mediated alteration of DNA replication
and cell cycle, the significance of further exploring the RT profiles in both HG-treated
and untreated cells become even more pronounced. Employing the Next-Generation
Sequencing (NGS) technique of Repli-Seq emerges as an instrumental approach to
elucidate the temporal choreography of RT, particularly within mammalian cells (Marchal
et al., 2018; Zhao et al., 2020). The high-throughput methodology not only furnishes
insights into individual replication unit but also unveils the intricate 3D landscape of
spatiotemporally segregated subnuclear compartments. It strengthens our insight into the
chromosome architecture and functional dynamics of cancer cells in hyperglycemic
milieu.

Our result reveals distinct and significant patterns of hyperglycemic response in
the HCT116 and U20S cell lines. Notably, hyperglycemia fails to further activate
Rb1/E2F oncogenic signaling in U20S cells, which inherently exhibit a higher level of
Rb1 phosphorylation. Interestingly, a previous study reported the absence of
underphosphorylated Rb1 production upon G1 entry in U20S cells, though the precise
mechanism remains inconclusive (Broceio et al., 2002). Further investigation is
warranted to comprehensively address the molecular basis underlying the divergence in
HG-induced effects between these two cell lines. Such studies will undoubtedly gain

deeper insights into the impact of hyperglycemia on cancer cells.
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To mimic an in vivo environment, we conducted a spheroid formation assay in a
3D cell culture medium, yielding the anticipated results. This data holds greater
significance in the pursuit of establishing a feasible diabetic animal model to further in-
depth examination of the role of Rb1/E2F signaling in vivo. While researchers have
extensively explored tumor growth within diabetic mouse models, the published
outcomes exhibit notable variability (Goncalves et al., 2019; K et al., 2019; Su et al.,
2023; Wu et al., 2018). The variation is likely attributed to differences in the injected
tumor cell types and mouse strains employed for the studies. To faithfully mirror human
tumor development, the utilization of genetically engineered mouse models is advocated
in our future study. Specifically, adenomatous polyposis coli (APC) mutant mice can be
considered, given that a substantial portion of our in vitro data originated from the colon
cancer cell line HCT116. Furthermore, in establishing diabetic models, researchers often
adopt two main approaches: drug-induced disruption of pancreatic f cells and dietary-
based oral glucose intake. Both methods ultimately elevate blood glucose levels. The
drug-based approach directly causes the insulin deprivation in vivo, mirroring the TIDM.
However, our future study should predominantly consider the oral glucose intake route.
This aligns with the fact that many cancer cells heavily rely on the insulin/insulin-like
growth factor (IGF) axis. In summary, our ongoing research is poised to explore these
avenues with an aim to enhance our understanding of the intricate relationship between
hyperglycemia and cancer progression in vivo.

Future studies can encompass an exploration of additional pivotal HG-responsive

transcription factors and potential crosstalk between these factors and Rb1/E2F signaling

129



pathway. Interestingly, recent findings highlight p53 as a glucose-responsive transcription
regulator in cancer cells (Su et al., 2023). Our lab has previously showed that
hyperglycemia promotes cancer progression via p53-Thr55 phosphorylation-mediated
degradation of the p53 protein. In this context, p21 represents a transcriptional activity of
p53 and is primarily associated with CDK2 kinase inhibition. It is reasonable to suspect
that the function of p21 becomes impeded due to HG-induced p53 protein degradation.
Consequently, the release of p21°s inhibition on CDK2 kinase activity may further
stimulate the Rb1/E2F signaling pathway in cancer cells. These insights underline the
potential complexity of interactions that require exploration for a comprehensive
understanding of hyperglycemia-driven oncogenic mechanisms.

It has been reported that the chromatin accessibility of E2F1 is associated with the
histone demethylase KDM4A and KDM6B in different contexts (D’Oto et al., 2021;
Wang et al., 2016; Zhang et al., 2021). This prompts us to consider, beyond the scope of
transcription, exploring alterations occurred at the epigenetic level in HG-treated cells.
By employing NGS-based epigenetic sequencing methods, such as ATAC-seq, CUT&Tag
etc., we can gain a comprehensive understanding of the chromatin accessibility and the
interactions between E2F1 and DNA in cancer cells under hyperglycemic condition.
Furthermore, these approaches can help us to identify coactivators and enhancers that
associate with E2F 1°s transcriptional activity, as defined in Chapter 2. Moreover,
investigating how long the HG-induced epigenetic changes persist when cells are
returned to normal glucose levels could provide valuable insights into the plasticity of

cancer cells in different glucose environment. This exploration of the duration of
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epigenetic memory gained from HG treatment holds significant promise for

understanding cancer cell behavior.

4.4 Conclusion and Implication

Collectively, our study validates the role of hyperglycemia in fueling cancer cell
proliferation and provides detailed insights into its mechanisms from both molecular and
metabolic aspects. Leveraging our genome-wide RNA-seq data, we pinpoint E2F as the
primary player among HG-responsive transcriptional factors. E2F1 orchestrates the
transcriptional activation of a cluster of DNA replication genes. Furthermore, we
delineate the function significance of Rb1/E2F oncogenic signaling pathway in mediating
cell growth under HG conditions. Additionally, our study uncovers a metabolic shift in
nucleotide metabolism in HG-treated cells. This alteration arises from the transcriptional
activation of RRM2, a key player in de novo nucleotide synthesis and a direct
transcriptional target of E2F1. From another perspective, our untargeted metabolomic
profiling data demonstrates the activations of glycolysis and polyol pathway, offering an
alternative viewpoint on HG-mediated cell growth and proliferation. In the polyol
pathway, the elevated levels of fructose, mainly derived from glucose, may exert a more
substantial influence on cell proliferation under hyperglycemic condition, challenging the
conventional view that glucose plays the pivotal role. In conclusion, although our study
may appear straightforward, it deciphers significant biological and metabolic alterations
in cancer cells, conferring them with heightened self-proliferative capacity under

hyperglycemic conditions. Our findings contribute to a broader understanding of cancer
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biology and offer more insights for oncologist when treating tumor-bearing diabetic

patients.
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