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Summary

One of the hallmarks of cancer cells is the reprogramming of metabolism, particularly
glucose metabolism including glycolysis, TCA cycle, and oxidative phosphorylation (OXPHQOS) in
order to provide metabolites and energy for their growth and proliferation. Some of the most
common oncogenes and tumor suppressors, including TP53, PTEN, PIK3CA, EGFR, and BRAF, are
involved in regulation of cancer metabolism. To determine the oncogenic correlates of cancer
metabolism, we performed a comprehensive analysis of the phylogenetic profiles of these
oncogenes (here called glycolysis-, TCA cycle- and OXPHOS-related or GTO-Oncogenes), other
oncogenes not implicated in metabolic reprogramming of cancer cells, and genes involved in
glucose metabolism. Phylogenetic profiling of GTO-Oncogenes showed that they could be
categorized into 3 subgroups according to their occurrences in different kingdoms and phyla.
Subgroup 1, including TP53, was found predominantly in animals. Subgroup 2, including PIK3CA
and PTEN, was found in eukaryotes, and Subgroup 3, including EGFR and BRAF, were found in
both prokaryotes and eukaryotes. A comparison of the phylogenetic profiling comparison of
these oncogenes with those of the glucose metabolism genes demonstrated that TP53 was highly
correlated with the subunits of the complexes I, IV, and V of mitochondrial electron transport
chain. The phylogenetic profile of PIK3CA displayed high correlation with some components of
complexes |, lll and IV of the electron transport chain as well as the hexokinase family involved
in glycolysis. No significant correlation was observed between phylogenetic profiles of PTEN,
EGFR, and BRAF with those of the glucose metabolic genes. In this study, we also predicted the
function of other oncogenes in reprogramming of cancer cell metabolism by comparing their
phylogenetic profiles with the GTO-Oncogenes profiles. Overall, our results suggest specific
evolutionary connections and functional interactions between the process of oncogenic

transformation of tumor cells and cellular metabolism.
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Introduction

Rapid and uncontrolled cell division and growth are the features of cancer cells. To
accommodate the growth, cancer cells need to reprogram their metabolism according to their
energy and material’s requirements (Bost et al., 2016). Because of this feature of cancer cells,
cancer has been categorized as a metabolic disease (Seyfried et al., 2014). In the presence of
oxygen, normal cells obtain energy in the form of Adenosine Triphosphate (ATP) through
reactions of glycolysis and electron transport chain (ETC). These metabolic reactions occur in
cytoplasm and mitochondria, respectively, with higher efficiency for ATP production (~18x) from
the ETC (Figure 1) (Bost et al., 2016). About 90 years ago, Otto Warburg discovered that the
oxygen level in tumor cells has little effect on their respiration. He found both glycolysis (termed
“fermentation” by Warburg) and respiration should be blocked in order to kill the cancer cells,
since both of these energy-producing processes could fuel the cancer cells equally. These
observations were in contrast to the normal cell, in which respiration is the main ATP generating
process (Warburg et al., 1927, Warburg, 1956). The effect ascribed to the difference between the
metabolism of normal and cancer cells is called “aerobic glycolysis” or “Warburg Effect”.
According to the “Warburg Effect”, the glucose uptake and consumption of cancer cells are
elevated to produce more ATP through glycolysis, while their reliance on energy obtained from
mitochondrial oxidative phosphorylation (OXPHOS) is decreased even in the presence of oxygen
(Figure 1) (Bost et al., 2016). Warburg considered this effect as a metabolic feature of all
proliferating tumor cells. He thought that this effect occurs because cancer cells lose their
functional mitochondria, resulting in an irreversible impairment of respiration (Warburg, 1956).
In contrast to his original hypothesis, it has been shown that cancer cells require functional
mitochondria for purposes other than ATP production, including intermediate metabolites. These
metabolites, which are mostly obtained from tricarboxylic acid cycle (TCA), enable cancer cells to
proliferate rapidly (Bost et al., 2016). For example, a-ketoglutarate and oxaloacetate are used for
biosynthesis of nucleic acids, proteins, and lipids. Glutamine, the most plentiful amino acids in
mammals, is another fuel for synthesis of TCA intermediates. Proliferating cells oxidize glutamine
via TCA cycle to generate lactate and Nicotinamide Adenine Dinucleotide Phosphate (NADPH).

This analogous process to aerobic glycolysis is called glutaminolysis (DeBerardinis et al., 2008). In



addition to the TCA cycle, it is suggested that intermediate metabolites of glycolysis are essential
for biosynthesis of lipids and nucleotides through the pentose phosphate pathway (Weinberg et
al., 2010). The pentose phosphate pathway has two arms: oxidative and non-oxidative. They
generate ribose-5-phosphate and NADPH required for synthesis of nucleotide and fatty acids,
respectively (Jones and Thompson, 2009). It seems that in tumor cells, mitochondria could adapt
to new environmental conditions and availability of materials. Thus, instead of losing their
classical roles in bioenergetics and becoming dysfunctional, they can gain novel functions by
utilizing unusual strategies (e.g. reversing TCA). Subsequently, novel theories are emerging
concluding that the cancer-adapted mitochondria have growth advantages for malignant cells
(Hall et al., 2013). Mitochondria have, therefore, been suggested as therapeutic targets for

cancer.

Hallmarks of Cancer:

Cancer is a disease resulting from genomic instabilities. These abnormalities generate
tumor suppressor genes with recessive loss of function and oncogenes with dominant gain of
function traits. Most and perhaps all kinds of human cancers are characterized by the following
acquired molecular, cellular, and biochemical features: self-acquisition of growth, endless
proliferation, immortalization and resistance to programmed cell death (apoptosis), lack of
sensitivity to antiproliferative/growth-inhibitor signals, induction and maintenance of new blood
vessels generation (angiogenesis), and metastasis and tissue invasion (Figure 2A) (Hanahan and
Weinberg, 2000). These six hallmarks of cancer are acquired during various stages of tumor
development. Tumor-promoting inflammation, genomic instability, and mutability are the
fundamental features of cancer cells required for acquisition of these six hallmarks. Genomic
instability results in scarce genetic alterations and mutations enabling the acquisition of cancer
hallmarks and promoting tumorigenesis. The second enabling feature, inflammatory responses
of immune system, could prompt proliferative or survival factors and other bioactive means for
cancer cells to support them in acquisition of cancer characteristics (Hanahan and Weinberg,

2011).



Recently, two other hallmarks of cancer have been suggested: Immunoevasion, i.e.
avoiding destructive responses of immune system, and reprogramming of energy metabolism.
These are two emerging features added to the aforementioned acquired capabilities of cancers.
The first phenomenon results in the evasion of malignant cells from destructive responses of
immune cells, especially macrophages, natural killer cells, and lymphocytes. This emerging
hallmark, as well as the enabling feature of tumor-promoting inflammation, reveal the two
opposing effects of the immune system in prevention or promotion of tumorigenesis. The other
emerging feature, deregulation of energy metabolism, results in modifications of cellular
energetics in cancer cells. Due to these metabolic alterations, tumor cells can provide sufficient
bioactive molecules as well as energy for their cell proliferation and growth. These modifications
result in increasing glucose uptake and glycolysis in cancer cells, even in the presence of oxygen,
leading to synthesis of amino acids, nucleotides, and subsequently organelles. This metabolic
deregulation is called Warburg effect, and it could be observed in other rapidly proliferating (non-
cancerous) cells such as embryonic stem cells. As some of the oncogenes, including Myc or Ras,
responsible for regulation of many of the acquired hallmarks of cancer, are activated during the
reprogramming of energy metabolism, it is thought that this emerging characteristic could be an
observable sign of the interaction and harmony of other cancer hallmarks (Hanahan and

Weinberg, 2011).

Apoptosis and Cancer Development:

One of the important causes of cancer development is impaired apoptosis. The regulation
of apoptosis is critically mediated by members of the Bcl-2 protein family. They contribute in
immunity, homeostasis, development and tumor suppression. Various cellular stresses could
activate the BH3-only members of the Bcl-2 family to trigger apoptosis. Upon activation, these
proteins, such as Bim or Puma, bind and suppress their pro-survival (anti-apoptotic) relatives,
including Bcl-2, Bcl-w, Bcl-x(L), A1, and Mcl-1, resulting in disinhibition and activation of pro-
apoptotic members, Bak and Bax. Subsequently, this process leads to a succession of pro-

apoptotic processes including disruption and permeabilization of the mitochondrial outer



membrane, release of pro-apoptotic proteins such as cytochrome ¢, and activation of caspases
to promote apoptosis. Thus, imbalance in the expression and mitochondrial function of Bcl-2
proteins (e.g. decrease of a pro-apoptotic member or increase of an anti-apoptotic protein) could
lead to cancer development (Willis and Adams, 2005, Adams and Cory, 2007, Hanahan and
Weinberg, 2011). There are also other pathways containing oncogenes/tumor suppressors that
contribute to apoptosis, such as Ras, RAF, Myc, and TP53. During cancer development, malignant
cells may face stressful conditions that may cause programmed cell death. The signaling triggered
by some oncogenic factors help these cells confront this natural barrier of tumorigenesis

(Hanahan and Weinberg, 2011).
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Figure 1. Differences of Glucose Metabolism in Normal versus Malignant Cells.

In normal cells, more ATP is obtained from oxidative phosphorylation of glucose (glu) or other

oxidizable substrates such as fatty acids or amino acids. In malignant cells, glycolysis generates

more energy in comparison with mitochondrial reactions. Instead, mitochondria function to

provide prepare metabolic intermediates for biosynthesis of macromolecules.

glu: Glucose, pyr: Pyruvate, lac: Lactate, Cit: Citrate, Ac-CoA: Acetyl-CoA, OAA: Oxaloacetate, Mal: Malate, PDH:

pyruvate dehydrogenase, LDH-A: lactate dehydrogenase A, ACL: ATP citrate lyase, FAS: fatty acid synthase, MDH:

malate dehydrogenase, ME: malic enzyme.

This figure is taken from (DeBerardinis et al., 2008).
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This figure is taken from (Hanahan and Weinberg, 2011).




Cancer Development and Evolution:

Transition of a normal cell to a cancerous cell occurs in a multi-step neoplastic
transformation process. During transformation, the cell obtains the aforementioned hallmarks
of cancer preparing it to become malignant (Hanahan and Weinberg, 2011). This process is
analogous to Darwinian evolution, in which alteration of normal cells to tumor cells is resulted
from a sequence of genomic mutations. Each genomic alteration gives rise to one of the
molecular, cellular and biochemical hallmarks of cancers representing as growth advantages

(Hanahan and Weinberg, 2000), and driving forces for cancer progression (Seyfried et al., 2014).

There are some opposing views to the view of the genetic origin of cancer. They state that
cancer has cytoplasmic causes. For example, Darlington suggested that there are particles in
cytoplasm whose defects, but not nuclear genome’s, cause tumorigenesis. These self-replicating
particles which are susceptible to mutation are called “Plasmagenes” by Darlington. According to
Plasmagene hypothesis, the transmission of these cytoplasmic particles does not obey the
Mendelian rule, and does not show any recessive or dominant manner in their inheritance
(Darlington, 1948). Although the nature of the plasmagene was not determined by Darlington,
Seyfried et al. suggested that they could be mitochondria (Seyfried et al., 2014). A series of these
observations were obtained from nuclear/cytoplasmic transfer studies between non-malignant
and malignant cells to prepare cytoplasmic hybrids (cybrids). These studies show that when the
cytoplasm of a non-malignant cell with normal mitochondria, was joined the nucleus of a
malignant cell, the cancer development was suppressed or decreased significantly, and the
combined cell transformed into or generated normal cells in spite of having genetic mutations
(Israel and Schaeffer, 1987, Shay and Werbin, 1988, Li et al., 2003, Seyfried et al., 2014). On the
other side, it was observed that the cancer development was not suppressed, and the combined
cell generated malignant cells, when the nucleus of a non-malignant cell was delivered into a
malignant cell’s cytoplasm (Figure 3) (Israel and Schaeffer, 1988, Seyfried et al., 2014). Moreover,
the delivery of normal mitochondria into cancer cell’s cytoplasm resulted in suppression of
oncogenic pathways, as well as cancer cell development and proliferation (Elliott et al., 2012,
Kaipparettu et al.,, 2013). In contrast, the combination of normal cytoplasm with malignant

mitochondria with pathogenic genetic abnormalities enhanced tumorigenesis (Petros et al.,



2005, Seyfried et al.,, 2014). Additionally, it seems that the mitochondrial structure and
morphology, including lipid and protein content, differ in normal cells vs. cancer cells. In
malignant cells, mitochondria represented partial or total lack or breakdown of cristae, a
phenomena called cristolysis, as well as matrix swelling. It is suggested that these abnormalities
in mitochondrial structure could result in alterations in their functions. Finally, these changes are
believed to result in less efficient OXPHOS, resistance to apoptosis, and proton leakage
(Arismendi-Morillo, 2009, Seyfried et al., 2014). According to these observations, it is suggested
that cancer development is more depended on function and structure of mitochondria than the
nuclear genomic abnormalities, that are more involved in directing the malignancy development

rather than causing it (Seyfried et al., 2014).

1. Normal Cell 2. Tumor Cell 3. Normal Cytoplasm + 4, Tumor Cytoplasm

g ) @
/\ ANERVAN
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Figure 3. Cytoplasmic Hybrids (Cybrids) Studies.

1. Normal cell generates normal cells. 2. Tumor cell generates tumor cells. 3. Transfer of nucleus
of a tumor cell to normal cell cytoplasm generates normal cells. 4. Transfer of nucleus of a

normal cell to tumor cell cytoplasm generates tumor cells.

This figure is taken from (Seyfried et al., 2014).




Due to occurrence of functional and structural changes to mitochondria during
tumorigenesis, and in accordance with the metabolic view of the cancer’s origin, cancer has been
suggested to be a mitochondrial metabolic disease. The impairment of mitochondrial respiration,
according to this notion, could result in expression of some of the acquired hallmarks of cancer
(Figure 4). This hypothesis could be explained through the Lamarckian evolutionary theory.
Lamarckian evolutionary theory declares that environmental changes induce inheritable
modifications on biological structures to adapt to environment. Differential use or disuse of a
biological structure (in this case, Mitochondria) in response to environmental forces results in
changes in structure and function to adapt better to the environment. Lamarckian evolution can
illustrate the cancer development better than the Darwinian evolution, from the mitochondrial
metabolic vantage of the origin of cancer. The mitochondrial adaptation could be transferred
into subsequent generations as an acquired feature. By balancing these two evolutionary
theories, we could conclude that both changes in mitochondrial functions and genomic

mutations could be involved in cancer development (Seyfried et al., 2014).
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Tumorigenesis occurs in cells with enhanced ATP production via glycolysis (substrate level
phosphorylation (SLP)). The metabolic shift from OXPHOS to SLP is directly correlated with the
progression of malignancy. According to this view, most hallmarks of cancer are linked directly

or indirectly to mitochondrial dysfunction.

This figure is taken from (Seyfried et al., 2014).

Non-Malignant Cells Expressing Warburg Effect:

Not all the cells expressing Warburg effect are cancerous. There are normal cells that are
highly proliferative and their bioenergetics is in some ways similar to cancerous cells. For
example, proliferating primary lymphocytes utilize >90% of their glucose into aerobic glycolysis

(DeBerardinis et al., 2008). Additionally, the highest degree of glycolysis is observed during early

10



stages of embryogenesis, while it declines slowly during development of an embryo (Warburg,
1956). Warburg effect could be observed in the developing retina of Xenopus laevis too. All these
observations suggest that aerobic glycolysis is a feature of proliferative metabolism rather than

a specific determining hallmark of cancer (Fiske and Vander Heiden, 2012, Seyfried et al., 2014).

The importance of Oncogenes in Glucose Metabolism:

Providing sufficient supplies of vital metabolites, and surviving in limiting oxygen and
nutrient conditions, are two of the main problems that proliferative cancer cells face. Many
mutations target oncogenes or tumor suppressor genes in order to alter metabolism of cancer
cells in the process of developing malignancy (Jones and Thompson, 2009). Here we discuss the
most important of these mutations and their effects on metabolism, particularly glucose

metabolism, leading to the expression of Warburg effect.

PI3K/Akt/mTOR:

Activation of phosphoinositide 3-kinase (PI3K) by insulin-like growth factor 1 (IGF-1)
promotes neuronal survival and immortalization through activation of the serine-threonine
kinase Akt (Dudek et al., 1997). Activation of Akt finally leads to activation of mammalian
(mechanistic) target of rapamycin, mTOR. The highly conserved PI3K/Akt/mTOR pathway is
critically involved in intracellular transmitting signals of growth factors in order to increase
metabolism (DeBerardinis et al., 2008). This pathway is also involved in cancer development. The
constitutive active version of Akt is mostly observed in tumor cells. Additionally, it could function
as the main effector of some of the oncogenic pathways, such as Ras, and BCR-ABL (Elstrom et

al., 2004).

An antagonist of PI3K pathway is Phosphatase and TENsin homolog (PTEN). Loss of this
tumor suppressor increases the cell division and survival of human cancer cells, as well as
alteration of their metabolism (Bost et al., 2016). PI3K and PTEN are involved in cell survival,

proliferation, metabolism, and cell-cycle regulation. PTEN degrades phosphatidylinositol (3,4,5)

11



triphosphate (PIP3), the product of PI3K pathway, to function as the negative feedback of PI3K
signaling. Thus, PTEN loss of function mutations could be critically involved in acquiring some of
the aforementioned capabilities of cancer cells (Jiang and Liu, 2009, Hanahan and Weinberg,

2011).

The mutations that activate intermediates and effectors of PI3K/Akt/mTOR pathway are
among the most common mutations that cause tumorigenesis in humans. These mutations
mostly occur on the following genes: PIK3CA, Akt2, PTEN, BCR-ABL, Epidermal Growth Factor
Receptor (EGFR), and HER2/neu (ERBB2) (DeBerardinis et al., 2008). Contribution of some of
these genes has been found in developing Warburg effect, but their exact role is not clear. For
example, in presence to sufficient glucose, activation of PI3K/Akt/mTOR pathway results in a
metabolic shift in malignant cells. This metabolic shift leads to elevation of glucose uptake via
stimulation of aerobic glycolysis (Elstrom et al., 2004). The expression of genes involved in
macromolecule synthesis, such as lipid and proteins, and cell surface transporters of amino acids
and glucose could be upregulated by this pathway (DeBerardinis et al., 2008). Akt also
participates in positive expression of phosphofructokinase and Hexokinase (particularly
Hexokinase 1) to force glycolysis (Figure 5) (Jones and Thompson, 2009, Hu et al., 2012). This
intriguing direct effect of an oncogene, e.g. Akt, on glycolysis of a cancer cell could have some
evolutionary advantages for the development of malignancies. For example, constant glycolysis-
mediated preparation of substrates for mitochondrial ETC may inhibit Bax signaling and
apoptosis. It also could provide enough supply of substrates for production of amino acids and
nucleic acids required for cell growth and division (Elstrom et al., 2004). Additionally, glucose
could protect tumor cells against oxidative metabolites such as H202. Glucose could enter into
the pentose phosphate cycle to generate NADPH, which is involved in sustaining the redox
balance of the cancer cell (Lord-Fontaine and Averill-Bates, 2002), and increasing its resistance
against oxidative environments (Fabregat et al., 1985, Moreira et al., 2016). Lack of glucose could
cause cell death by increasing oxidative stress mediated by accumulation of H202 (Lord-Fontaine

and Averill-Bates, 2002).
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c-Myc:

In addition to Akt, c-Myc, an early serum response gene, is another oncogene found to
alter glucose metabolism of cancer cells (Shim et al., 1997). It belongs to the Myc family of
transcription factors containing c-Myc, N-Myc, s-Myc, and L-Myc. They participate in regulation
of cell cycle and growth (DeBerardinis et al., 2008). c-Myc is involved in regulation of cell division,
differentiation and death, and is commonly expressed in numerous human malignancies. c-Myc
trans-activates the lactate dehydrogenase-A (LDH-A) gene (Shim et al., 1997). In normal cells,
LDH-A produces lactate from pyruvate anaerobically. Its activity is increased during
carcinogenesis. In tumor cells, it is involved in aerobic glycolysis, to convert pyruvate to lactate
in presence of oxygen (Shim et al., 1997). Thus, it could be considered as a tumor marker (Shim
et al., 1998). c-Myc elevates lactate production by inducing expression of LDH-A. This c-Myc-
mediated induction of LDH-A could be critical for neoplastic transformation of human cancer
cells, as well as preparing enough supply of metabolites and energy (Shim et al., 1997). In the
absence of glucose or inhibition of glycolysis, c-Myc causes apoptosis through an LDH-A mediated
manner. This glucose-dependent apoptosis could be inhibited by Bcl-2 activation (Shim et al.,
1998). It should be noted that other oncogenes such as HER2/neu and Hypoxia-inducible factor

1 (HIF1) could also activate LDH-A expression (DeBerardinis et al., 2008).

Glucose transporter 1 (GLUT1), phosphofructokinase (PFK), and enolase genes are other
direct targets of c-Myc. These genes are critically involved in glucose transport, uptake and
glycolysis, and their expression is trans-activated by c-Myc in Rat1 fibroblasts. Thus, c-Myc could
be an important regulator of glucose metabolism in cancer cells (Figure 5) (Osthus et al., 2000).
In addition to regulation of glucose metabolism, c-Myc plays a role in glutamine metabolism and
the pentose phosphate pathway by affecting the expression of various enzymes within these

pathways (Hall et al., 2013).

HIF1:

Hypoxia-inducible factor 1 (HIF1) is a transcription factor (DeBerardinis et al., 2008) and

a molecular detector of limiting oxygen conditions (hypoxia). HIF1 has two subunits: HIF1a and
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HIF1B. Under normoxia, the oxygen-sensitive a subunit is degraded via ubiquitination. During
cancer development, insufficiency of blood supply to the cancerous tissue results in hypoxia. In
the absence of oxygen, the degradation of HIFla is inhibited, and it could bind to HIF1B in the
nucleus to create/activate the HIF1 complex. The activated complex stimulates the expression of
particular genes such as erythropoietin, vascular endothelial growth factor (VEGF), glucose
transporters, heme oxygenase 1, and nitric oxide synthase. These genes critically contribute to
glucose metabolism, cell survival and angiogenesis (Kumar et al., 2007). The HIF1 complex could
also elevate LDH-A activity, resulting in expression of Warburg effect and enhanced lactate
production (Figure 5) (DeBerardinis et al., 2008). Additionally, the synthesis of enzymes involved
in glutamine metabolism and the pentose phosphate pathway could be regulated by HIF1 (Hall
etal.,, 2013). It should be noted that both Akt/PI3K and Ras-RAF-MAPK Kinase (MEK)-Extracellular
Signal-Regulated Kinase (ERK) pathways can activate HIF1la expression directly. It has been
observed that HIFla plays a role in promoting cancer development, as well as suppressing the
mismatch repair system, leading to genetic abnormalities (Kumar et al., 2007). Mutations in the
von Hippel-Lindau (VHL) causes tumorigenesis by constitutive activation of HIF1la even in normal
oxygen levels. VHL is a tumor suppressor binding to HIF1a and leading to its ubiquitination and

degradation (DeBerardinis et al., 2008).
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Figure 5. A Signaling Network to Mediate Metabolic Shift in Cancer Cells Leading to Warburg

This signaling network contains three main pathways: PI3K/Akt/mTOR, Myc, and HIF1. These
pathways mostly increase glucose uptake and consumption via glycolysis, but have less effect
on mitochondrial respiration. They also stimulate LDH-A to generate more lactate. This

increased production of lactate is critically involved in expression of Warburg Effect.
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Ras:

Ras family of oncogenes is linked to the metabolic reprogramming of cancer cells via
disrupting mitochondrial respiration and stimulating glycolysis (Yang et al., 2010, Hu et al., 2012,
Neuzil et al., 2012). As mentioned in the “PI3K/Akt/mTOR” section, Ras could activate Akt to
trigger its signaling pathway (Elstrom et al., 2004). Mutations of N-, K-, or H-Ras proteins, have
been observed in numerous human tumors. Stimulation of Ras signaling cascade increases cAMP
levels. This increase activates cAMP-dependent protein kinase A (PKA) in order to phosphorylate
and subsequently activate 6-phosphofructo-1-kinase, and finally enhance glycolysis (Yang et al.,
2010). Ras could also influence the synthesis of enzymes involved in the pentose phosphate
pathway, glutamine metabolism, and glycolysis (Hall et al., 2013). Glutamine metabolism via
mitochondria and TCA cycle is required for the cancer cells that are dependent on Ras signaling
to proliferate and grow. TCA cycle-mediated catabolism of glutamine is a vital source for
production of ATP, NADPH, and biomolecules such as lipids, nucleotides and amino acids

(Weinberg et al., 2010).

K-Ras®18V mutation is observed in numerous human tumors. This mutation results in
constitutive activity of K-Ras, particularly in pancreatic cancer. Constitutive activation of K-Ras
rapidly alters the function of mitochondria in several ways. It decreases the expression of ETC
complex 1 subunits (e.g. NDUFA2, NDUFA4, NDUFA5, NDUFA11, NDUFA12, NDUFA13, NDUFB4,
NDUFB6, & NDUFB7), catalase, and superoxide dismutase 2 (SOD2). It increases the expression
of ETC complex 2, as well as stimulating the aerobic glycolysis, ROS production, and upregulation
of antioxidant glutathione (GSH) expression (Hu et al., 2012, Neuzil et al., 2012). In addition to K-
Ras®1?8V  the constitutive activating H-Ras®® mutant inhibits mitochondrial respiration and
decreases oxygen consumption. Instead, it increases glycolysis, leading to independence of
bioenergetics from OXPHOS. It should be noted that cellular transformation of Ras requires the
association of Signal Transducer and Activator of Transcription 3 (STAT3) in mitochondria. The
transformed cells with H-Ras® are very sensitive to glucose deficiency, and could not use

glutamate or pyruvate alternatively (Yang et al., 2010).
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BRAF:

Another effector of Ras signaling, BRAF, is highly mutated in some of the cancers,
particularly melanomas and thyroid cancers. BRAF belongs to RAF family of serine/threonine
kinase including 3 members called ARAF, BRAF, and CRAF. They function as intermediate
intracellular signaling kinases in Mitogen-Activated Protein Kinase (MAPK) pathway regulating
expression of genes involved in cell survival and proliferation (Kumar et al., 2007). The Ras-BRAF-
MEK-ERK pathway is involved in controlling hallmarks of cancer, such as angiogenesis, cell
survival, cell division, invasion of cancer cells, and metabolic features leading to the Warburg

effect (Kumar et al., 2007, Hall et al., 2013).

The constitutive active BRAFY®%%F mutant results in positive regulation of glycolytic genes
and subsequently elevation of glycolysis, and reduction of oxygen consumption (Hall et al., 2013).
This mutant inhibits apoptosis of melanoma cells exposed to low levels of oxygen (Kumar et al.,
2007). It seems that the BRAF-mediated activation of MEK & ERK could be involved in glucose
metabolism via stimulation of HIF1la or c-Myc. The Ras-RAF-MEK-ERK signaling cascade could
directly upregulate both HIF1a and c-Myc expressions (Yeh et al., 2004, Kumar et al., 2007, Hall
et al.,, 2013).

TP53:

Tumor suppressor protein p53 (TP53) is a transcription factor activated in response to
cellular stressful conditions. These conditions include low levels of oxygen, oxidative
environment, metabolic insults, and genomic instabilities. In response to these conditions, TP53
stimulates transcription of genes critically involved in apoptosis, senescence, and inhibition of
cell division, resulting in adaptation of the cell to new conditions. TP53 could be activated by
mMTOR and the Adenosine monophosphate (AMP)-activated protein kinase (AMPK). AMPK is a
heterotrimeric protein kinase complex detecting the cellular AMP:ATP ratio. It is critically
involved in controlling the balance of cellular bioenergetics. AMPK activates TP53 via
phosphorylation of its Serine 15. The activated TP53 positively regulates expression of OXPHQOS

genes. Finally, its activation directs to a shift in bioenergetic homeostasis toward obtaining ATP
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from OXPHOS (Jones and Thompson, 2009). As the mutations of TP53 are frequently observed in
tumors, it has been suggested that TP53 could be one of the genes responsible for expressing
Warburg effect in cancer cells (Matoba et al.,, 2006). TP53 increases the biosynthesis of
Cytochrome C Oxidase subunit 2 (SCO2) of complex IV of ETC and TP53-induced glycolysis and
apoptosis regulator (TIGAR). TIGAR inhibits glycolysis by decreasing fructose-2,6-bisphosphate.
Fructose-2,6-bisphosphate is a stimulator of PFK1, a regulatory enzyme in glycolysis. SCO2 is
required for assembly and regulation of complex IV which is the major consumer of oxygen in the
cell. Deficiency of TP53 in cells results in disruption of SCO2 and subsequently impairment of ETC,
leading to a metabolic shift from OXPHOS to glycolysis to obtain ATP (Bensaad et al., 2006,
Matoba et al., 2006, Jones and Thompson, 2009).
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Figure 6. The AMPK-TP53 Pathway.

Activation of AMPK-TP53 pathway triggers a subset of effectors activation. Activation of p21
and TIGAR inhibits cell cycle and glycolysis, respectively. Activation of DRAM, SCO2, and Cptlc
stimulates autophagy, OXPHOS, and B-oxidation of fatty acids, respectively. Inhibition of this

pathway, reverses all these effects, results in expression of Warburg Effect.

TORC1: TOR Complex 1, ACC1: Acetyl-CoA Carboxylase 1, Cptlc: Carnitine palmitoyltransferase Ic, DRAM: Damage-
Regulated Autophagy Modulator,

This figure is taken from (Jones and Thompson, 2009).
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Phylogenetic Profiling:

First proposed by Pellegrini et al. in 1999, phylogenetic profiling is a method based on the
evolutionary hypothesis that states proteins that function together prefer to evolve together.
According to this notion, evolution prefers to keep or eliminate functionally related proteinsin a
new organism in a coordinated manner (Pellegrini et al., 1999). The gene elimination, gain,
speciation, and lateral transfer are processes involved in the evolutionary journey of a
gene/protein through different species (Basu et al., 2011). The evolution of functionally related
proteins creates a regular pattern of presence or absence of their homologs in a subset of
genomes. This correlated pattern is called phylogenetic profiling (Pellegrini et al., 1999). Thus,
phylogenetic profiling shows the appearance or disappearance of a gene/protein across genomes
of multiple species. This method is used for finding functional/evolutionary associations of
genes/proteins, predicting their roles, and discovering complex organization of molecular

systems and pathways (Cui et al., 2011, Kotaru et al., 2013).

The amount of data obtained from sequenced genomes and proteins are rapidly
increasing. Additionally, experimental procedures are limited in identifying function of proteins
and genes. Tools/methods for predicting functions and finding relationships of genes/proteins
are required for saving time and expenses. Phylogenetic profiling is one of these methods. Its
simplest form for a gene/protein is a binary vector which has a length of the number of analyzing
genomes, representing 1 or 0 for each of them, if the homologue of the referring gene/protein is
present or absent in the target genome, respectively (Kotaru et al., 2013). Then, it is possible to
identify the co-evolution or correlation of various groups of genes/proteins, such as enzymes
involved in a particular metabolic pathway or some subunits of protein complexes, by comparing
their phylogenetic profiles to predict the function of unknown genes/proteins (Figure 7)
(Pellegrini, 2012). The predictive results of phylogenetic profiling concerning the functions of a
number of unknown proteins have been confirmed by experimental results (Kensche et al.,
2008). For example, phylogenetic profiling was used in a study to predict the functions of
mitochondrial proteins, and its results were compared with another method, comparative
physiology. The assumption of this study was based on the endosymbiotic theory. According to

this theory, the origin of mitochondria returns to a free-living alpha-proteobateria transformed
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to an organelle during the intracellular symbiosis with the origin of eukaryotic cells. Then, the
new organelle has lost or gained genes through its evolution from yeast to human and generated
an evolutionary memory or footprint. This evolutionary footprint could be demonstrated and

traced by phylogenetic profiling (Cheng and Perocchi, 2015).

Four factors are involved in affecting the predicted results of the method: 1) Selection of
Target Taxa: Generally, increasing the number of genomes results in more accurate results.
Elimination of redundant species will improve the results. 2) Identification of Homologs of a
Reference Protein: Applying sequence similarities methods, such as Basic Local Alignment Search
Tool (BLAST), could critically affect the predicted results. These methods find the best group of
homologs for the reference gene/protein. 3) Illustration of Homolog Distribution: Presence or
absence of a homolog in a genome could be demonstrated by binary characters (i.e. integers of
1 or 0). In other methods, the sequence similarity results (e.g. BLAST) could show the presence
or absence of the homolog in a fuzzy scale between 0 & 1. 4) Scoring Method of Phylogenetic
Profiles: Selecting an appropriate method to score and compare phylogenetic profiles is critical
for receiving the best result. There are various approaches calculating phylogenetic profiles.
Scoring methods can calculate simple distance measures (e.g. Jaccard coefficients), or statistical
parameters (e.g. Pearson’s correlation coefficient) (Basu et al., 2011). These methods stand on
this assumption that presence/absence of a gene in a particular genome is independent of the
presence/absence of its homologue in another genome. Due to this independence, they are
called “Naive Co-Occurrence Profiling Methods” (Kensche et al., 2008). There are also other
methods (e.g. Kernel based Method) considering evolutionary processes such as gene elimination
and speciation from the species to theirs ancestors, as well as the aforementioned parameters
(Basu et al.,, 2011). They are called “Model-based Co-Occurrence Methods”. Unlike Naive
measures, model-based methods consider evolutionary dependency of occurrence values of a

gene in a set of genomes (Kensche et al., 2008).

Similar to other bioinformatics techniques, there are some limitations and disadvantages
to the application of phylogenetic profiling. Simplification of complexity of biological pathways
and mechanisms into numbers results in loss of information. This loss of information limits the

yield and coverage of the phylogenetic profiling method. For example, accurate functional
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predictions can be obtained if a high score threshold is applied and only the most similar
phylogenetic profiles are selected. If the score threshold decreases, more false positive
predictions will be obtained. The other limitation of this technique originates from the type of
relationships between genes/proteins. Most of co-occurrence methods (e.g. Hamming distance
method) could investigate symmetric and binary relationships. In symmetric relationships, there
is no difference between association of protein 1 with protein 2 and vice versa. It means that the
measured values of association of protein 1 with protein 2, and association of protein 2 with
protein 1, are equal. This inability of the methods to differentiate between and association of
protein 1 with protein 2, and vice versa, leads to another disadvantage of the technique (Kensche
et al., 2008). This disadvantage of the method results in inaccurate functional predictions for
most proteins involved in a metabolic pathway. Except for a few core proteins conserved
evolutionarily, most of the proteins of a metabolic pathway have irregular patterns and
distributions in their phylogenetic profiling. These irregularities in distributions of most metabolic
proteins could be a representative of their adaptation to the circumstances of species or their
environments (Muley and Ranjan, 2013). Thus, asymmetric relationships are required to be
considered. Unlike symmetric relationships, asymmetric relationships differentiate between
association of two genes/proteins in both directions. Asymmetric relationships occur during the
evolution of a complex or pathway, especially when some accessory subunits are gained or lost
from an evolutionarily conserved pathway. Asymmetric relationships can be calculated by model-

based methods, such as maximum likelihood method (Kensche et al., 2008).

The other limitation of phylogenetic profiling relates to the number and phylum of
sequenced genomes. Generally, increasing the number of genomes improves the results of the
functional prediction. In another words, it increases the resolution of phylogenetic profiles
(Kensche et al., 2008). Due to this limitation, Lin et al. (2013) claimed that this technique is not
suitable for analyzing eukaryotic genes/proteins, and works properly only on prokaryotes. The
number of completely sequenced genomes of prokaryotes are much more than the eukaryotes,
and the organization of their genomes are different with each other. Due to these reasons, the
application of prokaryotic genomes for evaluating eukaryotic phylogenetic profiling is limited (Lin

et al., 2013). Another reason suggested for this limitation is the modular evolution of eukaryotic
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proteins, since some of them are the results of parasitism and endosymbiosis (Simonsen et al.,
2012). The organization of biological systems are modular. Each system includes sub-systems
restricted spatially and biochemically, performing their specialized functions. A module is a group
of proteins that interact with each other and are limited to a subcellular region, or a group of
enzymes involved in a metabolic pathway (Dey and Meyer, 2015). An evolutionary module is a
set of proteins whose phylogenetic profiles are more similar to each other in comparison with
other proteins outside of the module. In another words, the proteins of a module are co-evolved
with each other (Kensche et al., 2008). It seems that evolution works mostly on small sub-
modules rather than large modules (Dey et al., 2015). One possible way for solving the complexity
of modular evolution could be selecting the most suitable refrence genomes to reach to the
highest accuracy in protein function prediction, in a pathway-dependent manner. It has been
suggested that selecting refrence genomes from the archea, bacteria, and eukaryotes could be
the best approach for highly conserved pathways. For specialized networks, selecting refrence
genomes from close taxa is highly suggested for reaching to best results (Simonsen et al., 2012).
Another suggested solution is categorization of modular evolution of proteins (Orthogroups). By
considering this concept in the algorithm of the method, signaling and transcriptional cascades

could be differentiated from protein complexes or metabolic pathways (Dey et al., 2015).

To accurately predict functions of unknown proteins, some essential criteria need to be
considered, including: selecting the method, scoring threshold, referenced genomes, and
evolutionary modular groups of proteins. Although phylogenetic profiling predictions could be
highly accurate, they are required to be confirmed by experimental evidence (Kensche et al.,

2008).
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Overall Hypothesis and Objectives:

Since experimental studies have shown that the metabolic shifts in glycolysis, TCA cycle,
and OXPHQOS, involved in bioenergetics and biosynthesis of cancer cells, are correlated with some
frequently-mutated oncogenes (the Glycolytic-TCA-OXPHOS-Correlated Oncogenes or GTO-
Oncogenes), we hypothesized that the GTO-Oncogenes and genes of glycolysis, TCA cycle, and
OXPHOS pathways could have evolved to function together. The overall objective of this study
was to determine whether there is a correlation between the phylogenetic profiles of the GTO-
Oncogenes and the genes involved in glycolysis, TCA cycle and OXPHQOS. Another aim of the study
was to predict the specific potential roles of GTO-Oncogenes in modulation of the metabolic
pathways, and to find other oncogenes that may be involved in the metabolic reprogramming of

the cancer cells.

Methods and Materials:
Selection of Oncogenes:

All of the “Significantly mutated genes” and “Additional significantly mutated genes found
under restricted hypothesis testing (RHT)” identified in 21 types of tumor were extracted from
the Supplementary Table 3 [File: 1. Supplementary Table 3 (Lawrence et al., 2014).xIsx] of
(Lawrence et al., 2014). A total number of 233 oncogenes were obtained and imported into an
excel file for statistical analysis [File: 2. List of Oncogenes.xlsx]. The number of repetitions was
calculated for each of 233 oncogenes. All of the oncogenes with the repetition number of >2
were primarily determined. A total number of 98 genes were obtained and selected in this step.
The final selection of oncogenes was performed by removing 11 of “GTO-Oncogenes” from the

list. So, a total number of 87 oncogenes were selected [File: 2. List of Oncogenes.xlsx — Sheet 2].

Selection of GTO-Oncogenes:

According to our literature review (summarized in the “Introduction” section), the

following oncogenes were selected as GTO-Correlated candidates: TP53, PIK3CA, PTEN, KRAS,
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NRAS, HRAS, BRAF, HER2/neu (ERBB2), c-Myc, EGFR, Akt1, Akt2, Akt3, ABL (bcr/abl), HIF-1a, HIF-
1B, LDH-A, and mTOR. After comparing the phylogenetic profiles of these oncogenes, the
oncogenes with low correlation (<50) were eliminated from the list of candidates. The
chromosomal position of these oncogenes were retrieved from “Kyoto Encyclopedia of Genes
and Genomes” (KEGG) database (Kanehisa et al., 2016) available at

<http://www.genome.jp/kegg/kegg2.html> (retrieved on 08/01/2016). The mitochondrial

localization of them was investigated via the Human MitoCarta2.0 database (Calvo et al., 2016)

available at <https://www.broadinstitute.org/scientific-

community/science/programs/metabolic-disease-program/publications/mitocarta/mitocarta-

in-0> (retrieved on 08/01/2016).

Selection of Genes of Glucose Metabolism:

The hsa Gene IDs and annotations of all human genes involved in
glycolysis/gluconeogenesis/ pyruvate oxidation pathway (67 genes), TCA cycle (30 genes), and
oxidative phosphorylation (109 genes) were obtained from KEGG database (Kanehisa et al.,
2016). Seven of these genes were shared with glycolysis/gluconeogenesis/ pyruvate oxidation
pathway and TCA cycle: DLAT, DLD, PCK1, PCK2, PDHA1, PDHA2, & PDHB. Another four genes of
TCA cycle were shared with Succinate Dehydrogenase Complex (Complex 2) of ETC: SDHA, SDHB,
SDHC, & SDHD. Thus, a total number of 195 genes were incorporated into a single excel file [File:
3. Genes of Glucose Metabolism]. The OXPHOS genes were categorized according to their
respective mitochondrial complexes, except for 5 genes. These genes did not belong to any of
the complexes: ATP12A, ATP4A, ATP4B, LHPP, PPA1, & PPA2. Random gene sets were used as

negative control.

Construction of Phylogenetic Profiles:

Construction of phylogenetic profiles was performed using a tool developed in our

laboratory PrePhyloPro Software version 0.1.7 available at
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<http://prephylopro.org/phyloprofile/> (retrieved on 08/01/2016). We imported genes of

different categories (e.g. 89 oncogenes, 17 GTO-Correlated candidates, and 195 genes of glucose
metabolism) into a csv file along with their Gene IDs, annotations, and Gene Colors. The hsa Gene
IDs and annotations of all aforementioned oncogenes for human species (Homo sapiens) were
obtained from the “Input gene list”. After preparation of our inputs list, we set the algorithm
parameters of the PrePhyloPro Software as follows: 1) Linkages number: the value of 100 was
selected. 2) BLAST Evalue: the minimum number of 0.0001 was selected. 3) Organism: Homo
sapiens (Human) was selected for this parameter. Then, the gene list was uploaded and analyzed
by the software. The phylogenetic profiling was performed based on 972 taxa (82 archaea, 614
bacterial, & 276 eukaryotic species including chloroplast & mitochondrial proteins). The output
files of the software are “Correlation Matrix” table and plot, profile plot, and predicted linkages.
The software uses the Pearson correlation coefficient and Jaccard similarity measures (Choi et

al., 2010) for calculation of correlation/similarity between phylogenetic profiles.

Results:

To compare the phylogenetic profiling of glucose metabolism genes, GTO-Oncogenes,
and other oncogenes, we performed several analyses. First we selected the following oncogenes,
based on literature review, to construct and compare their phylogenetic profiles: TP53, PIK3CA,
PTEN, KRAS, NRAS, HRAS, BRAF, HER2/neu (ERBB2), c-Myc, EGFR, Akt1, Akt2, Akt3, ABL (bcr/abl),
HIF-1a (HIF1a), HIF-1B (HIF1B), LDH-A, and mTOR. Then, the phylogenetic profile of these
oncogenes were constructed and analyzed using the PrePhyloPro Software version 0.1.7
(Linkages Number = 100, Blast Evalue = 0.0001, Homo sapiens) [File: 1. GTO-Oncogenes.tar.gz].
We adjusted the Blast Evalue to the smallest value in the software (0.0001) to increase the
accuracy of the functional predictions. By applying a high score threshold (or small Blast Evalue)
only the most similar homologs are selected, improving the accuracy of our predicted results

(Kensche et al., 2008).

A comparison of the correlation coefficients of the phylogenetic profiles of the oncogene

pairs revealed that LDH-A had the lowest correlation (i.e. ~0) with the other input genes. Thus, it
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was excluded from the list of inputs. Then, we grouped the oncogenes based on the
similarity/correlation of their phylogenetic profiles. According to their occurrence patterns
(presence/absence) in different kingdoms & phyla, these oncogenes were divided into 3
subgroups (Figure 8): 1) Oncogenes mainly found in Animals (HIF-18, HIF-1a, c-Myc, & TP53) with
correlations of 0.50-0.70. 2) Oncogenes mostly found in Eukaryotes (PTEN, PIK3CA, mTOR, N-Ras,
K-Ras, & H-Ras) with correlations of 0.50-1.00. 3) Oncogenes found in both Eukaryotes and
Prokaryotes (HER2/neu, EGFR, ABL, BRAF, Akt1, Akt2, & Akt3). These seem to be highly conserved

in all kingdoms of life. The correlations of these genes are 0.80-1.00.

Based on the comparison of correlation scores, it was obvious that the phylogenetic
profiles of Subgroup 3 oncogenes have the most similarity with each other. Although some of
them were from the same gene family (e.g. Akt 1, 2, and 3), the overall high degree of
conservation from prokaryotes (particularly eubacteria) to animals could represent a conserved
biochemical/signaling pathway. On the other hand, the oncogenes of other subgroups, especially
Subgroup 1, were not highly correlated with each other. One of the objectives of this study was
to compare phylogenetic profiles of the most relevant GTO-Oncogenes with metabolism genes
of glycolysis, TCA cycle, and OXPHOS. Because the phylogenetic profiles of some of the GTO-
Oncogenes were not highly correlated with each other, we performed additional analysis to
narrow down the list of GTO-Oncogenes. For this reason, the average mutation rate and the
number of repetition of 11 of the above oncogenes were calculated, based on the data from
(Lawrence et al., 2014). The others were not found in this study. Also, the gene position and
mitochondrial localization of all of the 17 GTO-Oncogenes were investigated [File: 2. Additional
Analysis of GTO-Oncogenes.xlsx]. Based on our results, none of these oncogenes were considered
mitochondrial proteins. The most repeated & mutated oncogenes were TP53 (Subgroup 1,
#Repeat = 18, Average Mutation Rate = 34.9%), PTEN (Subgroup 2, #Repeat = 9, Average
Mutation Rate = 14.87%), K-Ras (Subgroup 2, #Repeat = 9, Average Mutation Rate = 14.23%), N-
Ras (Subgroup 2, #Repeat = 8, Average Mutation Rate = 8.15%), PIK3CA (Subgroup 2, #Repeat =
8, Average Mutation Rate = 14.13%), BRAF (Subgroup 3, #Repeat = 6, Average Mutation Rate =
15.55%), HER2/neu (Subgroup 3, #Repeat = 6, Average Mutation Rate = 2.72%), EGFR (Subgroup
3, #Repeat = 4, Average Mutation Rate = 10.63%%), H-Ras (Subgroup 2, #Repeat = 3, Average
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Mutation Rate = 3.93%), mTOR (Subgroup 2, #Repeat = 2, Average Mutation Rate = 8.45%), and
Aktl (Subgroup3, #Repeat = 2, Average Mutation Rate = 2.65%). For better visualization of the
mutation rate, we decided to classify them. By selecting 10.0% as the threshold for mutation rate,

we divided our GTO-Oncogenes into 2 classes: High & Low mutated GTO-Oncogenes (Table 1).
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Figure 8. Categorization of Oncogenes involved in Metabolic Shift of Glycolysis, TCA Cycle and
OXPHOS in Cancer Cells (GTO-Oncogenes).

According to presence or absence of each oncogene in different kingdoms and phyla, they were
categorized into 3 subgroups. Subgroups 1, 2, and 3 were found in “Animals”, “Eukaryotes”, and
“Eukaryotes & Prokaryotes”, respectively. Due to very low correlation of LDH-A with other

inputs, it was excluded from analysis.
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Subgroup 1 (found in Animals) Subgroup 2 (found in Eukaryotes) Subgroup 3 (found in Prokaryotes & Eukaryotes)

High Mutation Rate (210.0%) PIK3CA, PTEN, K-Ras BRAF, EGFR

mTOR, N-Ras, H-Ras ABL, Akt1, Akt2, Akt3, HER2/neu

Table 1. Classification of GTO-Oncogenes based on Their Mutation Rate.

By selecting 10.0% as the threshold for mutation rate, our 17 oncogenes were divided into 2
classes: High and Low mutated oncogenes. By combination of this classification with their

categorization according to their occurrence pattern, 6 groups were obtained.

To find the best correlated GTO-Oncogenes, we selected the oncogenes with high
mutation rate from all the 3 subgroups and compared their phylogenetic profiling correlations
(File: 3. Correlation Matrix of High Mutated Oncogenes.xlsx). As TP53 was the only member of
Subgroup 1 with high mutation rate, there was no need to compare it with the other members
of its subgroup. From comparison of high mutated members of Subgroup 2, K-Ras had the lowest
correlation with PIK3CA and PTEN, with the value of 0.61 & 0.54, respectively. Thus, it was
eliminated from our final list. The high mutated members of Subgroup 3, i.e. BRAF and EGFR, had
the correlation of 0.87 with each other. Therefore, both of them were selected as the
representatives of their subgroup. Thus, TP53 was selected as the representative of Subgroup 1,
PIK3CA and PTEN as the representatives of Subgroup 2, and BRAF and EGFR as the

representatives of Subgroup 3.

To determine whether there was a correlation between the GTO-Oncogenes and the

genes of glucose metabolism, we compared the phylogenetic profiles of the two gene sets.
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Analysis of the phylogenetic profiles would provide novel insight into the potential interactions
of these oncogenes with genes of different stages of glucose metabolism in cancer cells. Although
none of these oncogenes was a mitochondrial protein [File: 2. Additional Analysis of GTO-
Oncogenes.xlsx], some of them could translocate to mitochondria under certain conditions.
Under stress, the wild-type TP53 moves to mitochondrial outer membrane to trigger apoptosis.
It also could enter mitochondrial matrix to protect its genome (Vaseva and Moll, 2013). PTEN is
another representative of GTO-Oncogenes which its localization into mitochondria is critical for
mitochondrial-dependent apoptosis (Zhu et al., 2006). Interestingly, no mitochondrial
localization is found for wild-type BRAF, while its activating mutants such as BRAF (G469A), BRAF
(V600E), BRAF (V600K), and BRAF (V600D), could translocate to mitochondria to exert their anti-
apoptotic effects (Lee et al., 2011). In the presence of EGF, EGFR could translocate to
mitochondria and bind to COX2 (SCO2). Subsequently, EGFR could phosphorylate COX2 to
modulate mitochondrial functions (Demory et al., 2009). All these studies showed that we could
expect to find phylogenetic correlations between our oncogenic representatives and glucose

metabolic genes in the cytoplasm or the genes of TCA cycles and OXPHOS, found in mitochondria.

The Phylogenetic Profile of TP53 is Highly Correlated with Complexes 1, 4 and 5 of
Mitochondrial ETC.

For determining which components of glucose metabolic pathways were highly
correlated with the TP53 phylogenetically, a list of glucose metabolic genes was required. For this
reason, 195 genes involved in glucose metabolism, glycolysis/gluconeogenesis/pyruvate
oxidation pathway + TCA cycle + oxidative phosphorylation, were retrieved from KEGG database
(Kanehisa et al., 2016). The phylogenetic profiles of all these genes as well as TP53 were prepared
and analyzed by the PrePhyloPro Software version 0.1.7 (Linkages Number = 100, Blast Evalue =
0.0001, Homo sapiens) [File: 4. TP53 & Genes of Glucose Metabolism.tar.gz]. For better
comparison of the phylogenetic profiles, we selected the cut off value of 0.85. 17 glucose
metabolic genes had similarity correlation of >0.85 with TP53: ATP4B, ATP5L, ATP5J, ATP5J2,
COX412, COX6C, COX7A2L, COX7A2, COX7A1, NDUFB11, NDUFB9, NDUFA7, NDUFB8, NDUFB10,
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NDUFB1, NDUFB5, & G6PC2. Three of these genes were from ATP Synthase Complex. Five were
from Cytochrome C Oxidase Complex (Complex 1V). Seven were from Complex | of ETC. One of
the oxidative phosphorylation genes, ATP4B, had the highest correlation with TP53 with the value
of 0.98. Interestingly, it did not belong to any of the ETC complexes. The phylogenetic profile of
one of the genes from glycolysis/gluconeogenesis/pyruvate oxidation pathway, i.e. G6PC2, also

displayed a high correlation with the TP53 gene.

It seemed that TP53 was highly correlated with a select group of OXPHOS components
(Complexes 1, IV, & ATP Synthase), rather than the components of TCA cycle and

glycolysis/gluconeogenesis/pyruvate oxidation pathway.

The Phylogenetic Profiles of only PIK3CA, but not PTEN, are Highly Correlated with Complexes
1, 3, and 4 of Mitochondrial ETC, as well as Hexokinases of Glycolysis Pathway.

Similar to analysis of TP53, we identified which genes of glucose metabolism were highly
correlated with the representatives of Subgroup 2, PIK3CA and PTEN. The phylogenetic profiles
of all the aforementioned 195 genes involved in glucose metabolism as well as PIK3CA and PTEN
were constructed and analyzed by the PrePhyloPro Software version 0.1.7 (Linkages Number =
100, Blast Evalue = 0.0001, Homo sapiens) [File: 5. Subgroup 2 Representatives & Genes of
Glucose Metabolism.tar.gz]. The threshold of 0.85 was selected for phylogenetic correlation
coefficients. PTEN did not have a correlation coefficient of >0.85 with the aforementioned
metabolic genes. At this threshold, PIK3CA had correlation with 13 metabolic genes: COX6B1,
COX6B2, COX5B, COX17, UQCRB, NDUFA8, NDUFA13, NDUFA6, HK1, HK2, HK3, GCK (HK4), &
HKDC1. From these 13 genes, four genes were from Cytochrome C Oxidase Complex (Complex
IV). Three genes belonged to Complex I. One gene was from Cytochrome bcl Complex (Complex

1), and five genes (Hexokinases) were glycolytic enzymes.

Based on these results, only PIK3CA was highly correlated with some components of
OXPHOS (Complexes I, lll & IV) as well as Hexokinases. No significant correlation was observed
between the phylogenetic profiles of this GTO-Oncogene and those of the other components of

glycolysis/gluconeogenesis, TCA cycle or ETC.
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There’s no Significant Correlation between the Phylogenetic Profiles of BRAF and EGFR with
Components of Glycolysis/Gluconeogenesis, TCA, and OXPHOS.

In the third round of our analysis, we investigated the phylogenetic correlation of the
representatives of Subgroup 3 of GTO-Oncogenes, BRAF and EGFR, with the aforementioned 195
metabolic genes. As these subgroup oncogenes were found in prokaryotes and eukaryotes, it
would be predictable that they likely would have high correlation with highly conserved pathways
or complexes. Thus, their phylogenetic profiles were generated and analyzed by the PrePhyloPro
Software version 0.1.7 (Linkages Number = 100, Blast Evalue = 0.0001, Homo sapiens) [File: 6.
Subgroup 3 Representatives & Genes of Glucose Metabolism.tar.gz]. Interestingly, at threshold
of 0.85, no correlation was observed between phylogenetic profiles of BRAF or EGFR and glucose

metabolic genes.

According to these results, we could observe that there was no significant correlation
between phylogenetic profiles of BRAF and EGFR with all the 195 genes of glucose metabolism.
It was against our prediction stating that these oncogenes would likely be correlated with highly
conserved pathways. Perhaps this observation showed that the Subgroup 3 representatives did
not gain any direct interactions with components of cellular bioenergetics during evolution. Most
of the genes of glucose metabolism found in both prokaryotes and eukaryotes did not show any
significant correlation with each other. As is shown in Figure 9, most of these metabolic genes
had low correlation with each other, demonstrated by blue (correlation coefficient 0.0-0.25) and
gray spots (correlation coefficient <0.0). It seems that they preferred to form cluster with each
other in small numbers and with distinct borders (Figure 9). Because of that, these glucose
metabolic genes demonstrated high correlation within their clusters, while lacking significant

correlation with other clusters.
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Figure 9. Formation of Clusters in Glucose Metabolic Genes found in Prokaryotes and

Eukaryotes.

The phylogenetic profiles of glucose metabolic genes found in prokaryotes and eukaryotes had
no significant correlation with each other, except within clusters. Because of that, we can see
red spot clusters (correlation coefficient >0.75) at the edge a blue-gray context (correlation
coefficient <0.25). This observation could show independent evolution of different pathways and

complexes.

Phylogenetic Profiles of Random Genes found in Animals and Eukaryotes Have a Good Chance

to Share Their Highly Correlated Genes of Glucose Metabolism with TP53 and PIK3CA.

As a negative control, we repeated our studies with a set of randomly selected genes from
the human genome. Three independent sets of five random genes were selected from whole
human genome by generating random integer numbers. Each set replaced our five
representatives of Subgroups 1, 2, & 3 of GTO-Oncogenes. The phylogenetic profiles of each set
of random genes and all 195 glucose metabolic genes were constructed and analyzed by the
PrePhyloPro Software version 0.1.7 (Linkages Number = 100, Blast Evalue = 0.0001, Homo

sapiens). For analysis of the results, we selected the correlation coefficient threshold of 0.85. The
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analysis of combination of the first set of random genes with the glucose metabolic genes showed
the following results [File: 7. Random Genes Set 1 & Genes of Glucose Metabolism.tar.gz]: Three
of these random genes were found in prokaryotes and eukaryotes. One was found in eukaryotes,
and the other one was found in animals. Among all these five genes, only one gene (PPP1R1A)
had correlation of 20.85 with glucose metabolic genes. PPP1R1A was mostly found in animals,
but not other eukaryotes or prokaryotes. It had correlation with 13 glucose metabolic genes:
ND6, NDUFA3, NDUFC1, NDUFB4, NDUFC2-KCTD14, NDUFC2, NDUFB6, NDUFV3, NDUFA1,
COX7B, COX7B2, UQCR11, & G6PC2. Nine of these genes belonged to Complex | of ETC. Two of
them were from Cytochrome C Oxidase Complex (Complex IV). One was from Cytochrome bcl
Complex (Complex lllI), and the other one belonged to glycolysis/gluconeogenesis/pyruvate

oxidation pathway.

PPP1R1A was the only gene in this set which had correlation of >0.85 with glucose
metabolic genes. Since it was mostly found in animals, we compared its results with the
representative of Subgroup 1, TP53. Interestingly, only one gene was found to be highly
correlated with both TP53 & PPP1R1A: G6PC2. Although both genes had high correlation with
subunits of Complexes | & IV, none of them were common between these two. The only shared

gene belonged to glycolysis/gluconeogenesis pathway. Thus, the phylogenetic profiling results of

this random gene was % similar to the results of TP53.

The second analysis showed the results of the combination of Set 2 of random genes with
glucose metabolic genes [File: 8. Random Genes Set 2 & Genes of Glucose Metabolism.tar.gz].
Based on these results, four out of five random genes had similarity correlation of >0.85 with
glucose metabolic genes. Interestingly, three of them were highly correlated with each other too:
CHRNAZ2, SYTL3, & OR10A2. They were found mostly in animals. CHRNA2 was highly correlated
with 12 genes of glucose metabolism: COX412, COX7A2L, COX7A2, COX7A1, NDUFB9, NDUFBS,
NDUFA7, NDUFB10, NDUFB5, ATP5J, ATP5J2, & ATP4B. In addition to these 12 genes, SYTL3 had
high correlation with four other genes of glucose metabolism: COX411, COX6C, ATP5L, & G6PC2.
Except for COX4l1, the other 15 genes were shared with OR10A2 in having high correlation. It
also had high correlation with COX7C, NDUFB11, & NDUFB1. Totally, these three random genes

were highly correlated with subunits of Complexes |, IV, & V. The fourth random gene, LIMS1,
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was mostly found in eukaryotes. It had high correlation with five genes of glucose metabolism:
ATP5F1, COX5A, COX6A1, COX6A2, & UQCRB. Thus, it seems that it was mostly correlated with
Complex IV of ETC. The last random gene, ATP11A, was found in prokaryotes and eukaryotes. It

did not have high correlation with any of the glucose metabolic genes.

To optimize our phylogenetic results, we decided to classify the random genes of Set 2
according to their occurrence patterns in various kingdoms and phyla. CHRNA2, SYTL3, & OR10A2
were found in animals. Thus, we compared their results with TP53, the representative of
Subgroup 1. Interestingly, 15 genes of glucose metabolism were highly correlated with TP53 and
22 of the Set 2 of random genes. These genes were mostly subunits of Complexes |, IV, & V. Even
ATP4B & G6PC2, the independent component of OXPHOS and an enzyme of

glycolysis/gluconeogenesis pathway, respectively, were among these shared highly correlated
5 . .
genes. Therefore, the results of 22 of these random genes were % similar to the results of TP53.

The last random gene of Set 2 which had correlation of >0.85 was LIMS1. It was found in
eukaryotes. Therefore, we compared it with PIK3CA, the representative of Subgroup 2.

Comparison of their highly correlated genes showed that only one gene, UQCRB, was shared with

these two. Thus, the results of this random gene were 1—13 similar to the results of PIK3CA.

According to the third round of analysis [File: 9. Random Genes Set 3 & Genes of Glucose
Metabolism.tar.gz], three of the random genes were found in eukaryotes, one was found in
animals, and another one was found in prokaryotes and eukaryotes. Four of these genes had
correlation of 20.85 with glucose metabolic genes. Such as the second analysis, three random
genes were highly correlated with each other: TRIM68, STON1, & UBE4B. Phylogenetic profiling
comparison showed that 10 genes of glucose metabolism had high correlation with TRIM68:
COX6B1, COX5B, COX17, UQCRB, NDUFA®6, HK1, HK2, HK3, GCK, & HKDC1. The next random gene,
STON1, had also high correlation with these genes. In addition to them, it had high correlation
with COX6B2, NDUFA8, NDUFA2, & NDUFA13. Except for NDUFA2, the other 13 genes of glucose
metabolism had high correlation with UBE4B. In addition to subunits of Complexes | & IV, these
three random genes had high correlation with Hexokinases too. The fourth random gene which

had high correlation with glucose metabolic genes was DPCD. It was mostly found in animals. It
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had correlation of 20.85 with five genes of glucose metabolism: ATP5J, ATP4B, COX7A2L,
COX7A2, & COX7A1. Thus, it seems that this random gene had high correlation with subunits of
Complex IV of ETC.

The three highly correlated random genes of Set 3, TRIM68, STON1, & UBE4B, were found
in eukaryotes. Because of that, we compared their results with PIK3CA: the representative of
Subgroup 2. 13 glucose metabolic genes which were highly correlated with PIK3CA were shared

with 22 of these random genes. Thus, the highly correlated genes with at least two of these
random genes were E similar to the genes highly correlated with PIK3CA. We also compared the

results of DPCD with TP53’s. Interestingly, all the highly correlated genes with DPCD were shared

with TP53’s results. Because it had five highly correlated genes from glucose metabolism and

TP53 had 17, 15—7 of the results of TP53 could be predicted by this random gene.

We performed three round of phylogenetic analysis with combination of 5 random genes
and 195 glucose metabolic genes. The purpose of these analyses was to find about the chances
of getting the same correlated genes resulted from the representatives of Subgroups 1, 2 & 3, via
selecting random genes. Totally, we analyzed 15 random genes. Five of these random genes were
found in prokaryotes and eukaryotes (3 from first + 1 from second + 1 from third analyses).
Interestingly, none of them had high correlation (20.85) with the aforementioned metabolic
genes. It could show that the genes belonged to this category, were highly conserved. Thus, there
was a very little chance for them to share their highly correlated genes with other genes (inputs).
We had also five random genes found in eukaryotes (1 from first + 1 from second + 3 from third
analyses). No high correlation was observed for the only random gene of this category from the

first round of analysis. For the second analysis, the single gene of this category resulted in high

correlation with genes that were shared with 1—13 of the corresponding results of PIK3CA. The same

. . . . . 13
calculations for the three random genes of this category from the third analysis resulted in 1—3 of

the shared glucose metabolic genes highly correlated with PIK3CA. These results could show that
there was a higher chance for random genes found in eukaryotes to get high correlated genes
similar to oncogenes of Subgroup 2 rather than the random genes found in both prokaryotes and

eukaryotes. There were also five random genes found in animals (1 from first + 3 from second +
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1 from third analyses). Interestingly, all of them had high correlation with the glucose metabolic

genes. Totally, %, g, & % of glucose metabolic genes which were highly correlated with TP53
were similar to the corresponding results of these random genes in the first, second, and third
round of analysis, respectively. Finally, we could see that the random genes found in animals had
the highest chance to be highly correlated with the genes that were shared with oncogenes of

Subgroup 1.

According to the phylogenetic results obtained from analysis of random genes, we could
conclude that the chance of selecting a random gene found in each category of animals,

eukaryotes, and both prokaryotes and eukaryotes, were almost equal. This chance was 33.3%
(%) for each category. Despite this result, we need to analyze all the human genes to be able to

generalize this chance to other randomly selected genes. However, the chance of obtaining
similar phylogenetic results from random genes was not even near equal. This chance for two
independent genes (inputs) found in different categories was the lowest, particularly when one
input was found in animals and the other one was found in both prokaryotes and eukaryotes.
Because of that, we categorized different genes according to their occurrence pattern, and then
compared their phylogenetic profiling. Thus, this chance increased when both inputs were from
one category. Based on our calculations of random genes, inputs found in animals had the highest
chance to produce similar results (i.e. High Chance of False Positivity). On the other hand, this
chance was lowest for genes found in both prokaryotes and eukaryotes (Low Chance of False
Positivity). This similarity in the results of random genes, if they were really irrelative to the target
genes, could increase false positive outputs. | think the chance for this similarity maximizes in
genes found in animals, because the number of animal genomes used as the reference taxa in
the phylogenetic profiling was much fewer than eukaryotes and prokaryotes. To improve our
results, and eliminate false positivity, we need more sequenced genomes from eukaryotes and
animals. As the metabolic genes, particularly core components of metabolic pathways, are
usually conserved during evolution, there is a chance that they would show correlation with a
high number of genes that have a similar pattern of conservation, due to their essential roles in

an entire kingdom.
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Novel connections between oncogenes and glucose metabolism

Another goal of this study was to identify new connections between oncogenes and the
glucose metabolic pathway that may drive cancer cell proliferation. To achieve this goal, we
utilized phylogenetic profiling to predict the correlation of oncogenes, not implicated
metabolism, by comparing their phylogenetic profiles with the GTO-Oncogenes known to have a
role in cellular metabolism, such as TP53, PTEN, PIK3CA, BRAF & EGFR. Our investigation of the
correlation of phylogenetic profiles of each of the aforementioned oncogenes with genes, that
were part of the metabolic pathways, showed that TP53 & PIK3CA, but not BRAF, EGFR & PTEN,
were highly correlated with some components of OXPHOS and glycolysis/gluconeogenesis
pathways. After analyzing phylogenetic profiles of random genes, their results were compared
with the GTO-Oncogenes. It was estimated that genes found in animals & eukaryotes had a higher
chance to correlate with the other genes found in the same phylum or kingdom. This estimation
did not disprove any correlation of TP53 or PIK3CA with the genes in the metabolic pathways,
but we had to be aware about the possible false positive results of these subgroups of GTO-
Oncogenes. We, therefore, used the five representatives of Subgroups 1, 2 & 3 as the reference

oncogene sets to predict a potential role for oncogenes in cellular metabolism.

To narrow down the number of oncogenes we considered the number of occurrences of
mutations (Repetition Number) for each oncogene in different cancers based on the data from
(Lawrence et al., 2014) [File: 1. Supplementary Table 3 (Lawrence et al., 2014).xlsx]. According to
our calculations [File: 2. List of Oncogenes.xlsx], mutations of 135 oncogenes were found only in
one type of cancer. 50 oncogenes were mutated in two types of cancers. Mutations of 18
oncogenes were found in three types of cancer, and 30 oncogenes were found in >4 types of
cancers. 11 out of 17 GTO-Oncogenes were the oncogenes with Repetition Number >2. For this
study, we considered the oncogenes with >2 repetitions; excluding the 11 GTO-Oncogenes, a
total of 87 oncogenes were included. The phylogenetic profiles of these 87 oncogenes as well as
the five representatives of Subgroups 1, 2, & 3, were constructed and examined by the
PrePhyloPro Software version 0.1.7 (Linkages Number = 100, Blast Evalue = 0.0001, Homo
sapiens) [File: 10. Functional Prediction of Unknown Oncogenes.tar.gz]. At first glance on

“Correlation Matrix Plot” of the results (Figure 10), it was obvious that most of the analyzed
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oncogenes were clustered into 3 subgroups: 1) Subgroup 1, which were found in animals. 2)
Subgroup 2, which were found in eukaryotes. 3) Subgroup 3, which were found in both
prokaryotes & eukaryotes. Dissimilar to plots of glucose metabolic genes, “Correlation Matrix
Plot” of these oncogenes were full of red (correlation coefficient >0.75), orange (correlation
coefficient 0.50-0.75), and white spots (correlation coefficient ~0.35-0.50). It seemed that some
of the oncogenes within each subgroup were highly correlated with each other. For selecting the
highly correlated oncogenes, the similarity correlation of 0.85 was adjusted as the cut off value.
TP53 had similarity correlation >0.85 with 12 oncogenes with the average correlation value of
0.95: EZR, APC, MGA, ERBB3, PIK3R1, NFE2L2, ANK3, RUNX1, CASPS, ELF3, SMAD4, & RXRA. Using
this threshold, 15 oncogenes were highly correlated with PTEN with the average score of 0.86:
CTNNB1, RASA1, SMARCB1, ARHGAP35, STAG2, RBM10, CTCF, ZNF471, U2AF1, PBRM1, BRCA1,
CREBBP, HIST1H3B, EP300, & ATM. In addition to them, PIK3CA had high correlation with 7
oncogenes with the average value of 0.93: SETDB1, NSD1, ARID2, PTPN11, NCOR1, RAC1, & SPEN.
BRAF had high correlation with 9 oncogenes with the average score of 0.90: CDK12, MAP3K1,
STK11, MAP2K4, MAP2K1, TGFBR2, EPHA2, FGFR2, & FGFR3. At this threshold, EGFR had
correlation with 8 oncogenes, which 6 of them were shared with BRAF: CDK12, MAP3K1, TGFBR2,
EPHA2, FGFR2, FGFR3, KIT, & FLT3. The average of correlation value for EGFR was 0.88. Near half
of the initial subset, i.e. a total of 45 oncogenes, were considered as candidates involved in by

this threshold (i.e. 20.85).

The use of prokaryotes has been suggested to be preferable to eukaryotes as the
reference genomes for phylogenetic profiling of components of pathways involved in lipid or
carbohydrate metabolism (Jothi et al., 2007). To further narrow down the list of oncogenes,
therefore, we considered the 11 candidates of Subgroup 3 which were highly linked with BRAF &
EGFR. As these candidates were found in both prokaryotes and eukaryotes, they could be

preferably conserved during evolution, and have interactions with BRAF & EGFR.

Although we suggested 11 candidates from Subgroup 3 to be correlated with regulatory
oncogenes involved in glucose metabolic shifts in cancer cells proliferation (i.e. GTO-Oncogenes),
we wanted to introduce the best candidates from all the three subgroups. Such as selecting the

representatives of subgroups of GTO-Oncogenes, we analyzed more data to reduce the number
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of 45 oncogenes. The number of occurrence (Repetition Number) and the average of the
mutation rate of all these 45 oncogenes were calculated based on the data from (Lawrence et
al., 2014). The mitochondrial localization and gene position of them were also included [File: 11.
Additional Analysis of Candidate Oncogenes.xlsx]. According to these results, only one of these
45 oncogenes was considered as mitochondrial protein: CASP8. By selecting 10.0% as the
threshold for mutation rate, we classified them into High & Low Mutated Candidate Oncogenes.

(Table 2). By considering high mutated oncogenes, 7 candidate oncogenes were selected.

To optimize our functional predictions, we needed to compare the above phylogenetic
profiles with the phylogenetic profiles of random genes. The aforementioned 15 random genes
we had analyzed for investigating their correlation with glucose metabolic genes were used for
this step too. They were checked to be oncogene or not. None of these random genes were found
in our list of oncogenes. The phylogenetic profiles of these 15 random genes as well as 45
candidate oncogenes, and 5 representatives of subgroups (total 65 gene inputs) were
constructed and analyzed by the PrePhyloPro Software version 0.1.7 (Linkages Number = 100,
Blast Evalue = 0.0001, Homo sapiens) [File: 12. Functional Prediction of Random Genes.tar.gz]. At
threshold of 0.85, seven random genes did not have correlation with any of the representatives
of subgroups 1-3, and their highly correlated oncogenes: ATP11A, ARSD, BRIP1, KRIT1, PPP1R1A,
SRSF5, & CACNALE. Four random genes had high correlation with TP53 and its correlated

candidates: DPCD, CHRNA2, SYTL3, & OR10A2. DPCD had high correlation with 13—2 of the high
correlated candidates of TP53. The other three were highly correlated with % of the predicted

candidates of TP53. One random gene, LIMS1, had correlation with 115 of high correlated

20 21

candidates of PTEN. Three random genes, TRIM68, STON1, & UBE4B, were correlated with =2’ 32"

& % of the predicted candidates of PIK3CA. According to these results, more than half of our

random genes could predict the highly correlated candidates in Subgroups 1 & 2 (found in
Animals or Eukaryotes, respectively), but not Subgroup 3 (found in both Prokaryotes &
Eukaryotes). Due to low rate of high correlation in random genes of Subgroup 3, we could
conclude that the predicted results of BRAF and EGFR were the best candidates to function in

regulation of glucose metabolic shifts in cancer cells.
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Figure 10. Correlation Matrix Plot of 87 Selected Oncogenes and Representatives of

Subgroups 1, 2 & 3 of GTO-Oncogenes.

It is clear that phylogenetic profiles of most of the selected oncogenes preferred to cluster
together. Similar to GTO-Oncogenes such as TP53, PTEN, etc, the selected oncogenes were
categorized into 3 subgroups, based on their occurrence patterns in different kingdoms & phyla.
Except for a few oncogenes, most of the oncogenes of each subgroup were highly correlated

with each other.
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Subgroup 1 (found in Animals) Subgroup 2 (found in Eukaryotes) Subgroup 3 (found in Prokaryotes & Eukaryotes)

High Mutation rate (210.0%) CTNNB1, PBRM1, CREBBP FLT3

RASA1, SMARCB1, ARHGAP35, STAG2, RBM10, CTCF, ZNF471,
U2AF1, BRCA1, HIST1H3B, EP300, ATM, SETDB1, NSD1, ARID2,
PTPN11, NCOR1, RAC1, SPEN

CDK12, MAP3K1, STK11, MAP2K4, MAP2K1, TGFBR2,
EPHA2, FGFR2, FGFR3, KIT

Table 2. Classification of 45 Candidate Oncogenes Based on Their Mutation Rate.

Similar to GTO-Oncogenes, candidate oncogenes with mutation rate of 210.0% or <10.0% were

classified as High or Low Mutated Oncogenes, respectively.

Discussion & Conclusion:

A hallmark of cancer is the metabolic reprogramming of glucose consumption and
bioenergetics. This effect seems to be regulated by the oncogenes we have called the GTO-
Oncogenes. In this study, we searched for these oncogenes, investigated their phylogenetic
correlations with all the genes of glycolysis, TCA cycle, and OXPHOS, and found other oncogenes
contributing to this metabolic reprogramming via phylogenetic profiling comparison. In this
section, we discussed the limitations of phylogenetic profiling, especially false positive results,

and the experimental data to support our predictive phylogenetic results.

The phylogenetic profiling comparison of GTO-Oncogenes demonstrated high correlation
among PIK3CA, PTEN, and mTOR, but not Akt, while all of them belonged to a signaling pathway
(DeBerardinis et al., 2008). Also, although Akt could be activated by Ras family of oncogenes
(Elstrom et al., 2004), no significant correlation was observed between Akt and the oncogenes of
the Ras family. Instead, other signaling molecules, such as EGFR and HER2/neu, which could

activate some components of PI3K/Akt/mTOR pathway (DeBerardinis et al., 2008), had high
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correlation only with Akt. Perhaps this is due to the fact that Akt could be activated in different
signaling pathways. Another scenario suggests separate evolutionary routes for the components
of metabolic pathways. Each metabolic pathway could have two components: a highly conserved
set of core genes which makes up a small fraction of the pathway, and a large subset of newly
evolved genes added to the core pathway. These newly evolved genes result in adaptation of
organism to new conditions (Muley and Ranjan, 2013). The highly conserved and newly evolved
portions both could form different evolutionary modules. The genes in each module have higher
co-evolutionary linkages with each other. Not all the cellular pathways and networks have
evolutionary modules. It is estimated that about half of the protein complexes or metabolic
networks have meaningful evolutionary modules. To unravel more asymmetric linkages within
different modules of a pathway, more sequenced genomes are required to improve the

resolution of phylogenetic profiles (Kensche et al., 2008).

Due to the differences in the phylogenetic profiles of the members of the PI3K/Akt/mTOR
pathway, one approach would be to exclude all the oncogenes in each subgroup that only had
signaling or transcriptional activity and focus on metabolic proteins. We decided against this
approach, since except for Subgroup 3, all the members of the other subgroups did not show
very high correlation within their clusters. Instead, we selected oncogenes with high mutation
rate. Among highly mutated GTO-Oncogenes, we selected the oncogenes with high correlation
in their subgroups: TP53 from Subgroup 1, PTEN and PIK3CA from Subgroup 2, and EGFR and
BRAF from Subgroup 3. Although none of these oncogenes are mitochondrial, some of the
protein variants, such as wild-type TP53 (Vaseva and Moll, 2013), PTEN (Zhu et al., 2006), some
activating mutants of BRAF (Lee et al., 2011), and EGFR (Demory et al., 2009), can bind or enter
the mitochondria under certain conditions. Because of their potential presence in mitochondria,
we could expect to see high correlation of their phylogenetic profiles with some components of
the TCA cycle and OXPHOS. Therefore, to identify potential interactions of glucose metabolic
genes with oncogenes, phylogenetic profiles of all genes involved in glycolysis, TCA cycle, and

OXPHOS were constructed and compared with these selected GTO-Oncogenes.

According to primary phylogenetic profile analysis, TP53 showed a high correlation with

some subunits of mitochondrial complexes 1, 4, and 5. It also had high correlation with one
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enzyme of glycolysis/gluconeogenesis pathway and an independent component of OXPHOS.
Unfortunately, no experimental evidences of their direct interaction with TP53 were found in the
literature, except for the role of TP53 in synthesis of Cytochrome C Oxidase subunit 2 (SCO2 or
COX2). As it was mentioned before, SCO2 is an important subunit for Complex IV function, and
its expression is regulated by TP53 (Wanka et al., 2012). In addition, an indirect interaction of
TP53 with ATP synthase was found. Strap (stress-responsive activator of p300), the
transcriptional coactivator of TP53, can also be transferred into mitochondria, can bind to ATP

synthase and inhibit its activity (Maniam et al., 2015).

Phylogenetic profile of PIK3CA had high correlation with mitochondrial complexes 1, 3,
and 4, as well as Hexokinase family of glycolytic enzymes. Phylogenetic profile of PTEN was not
significantly correlated with aforementioned glucose metabolic genes. Unfortunately, there was

no evidence of direct interaction of PTEN and PIK3CA with these genes of glucose metabolism.

Interestingly based on the primary results of phylogenetic profiling, no significant
correlation was observed between EGFR and BRAF with all the 195 genes of glucose metabolism.
These results were against our expectation to observe high correlation of these oncogenes with
highly conserved pathways of glucose metabolism. Glucose metabolic genes found in both
prokaryotes and eukaryotes preferred to form phylogenetic clusters with each other in small
numbers (Figure 9). These clusters could be a clue for detecting phylogenetically conserved

pathways. Unfortunately, neither BRAF nor EGFR had a significant correlation with these clusters.

To optimize the primary results of phylogenetic profiling, it was required to compare them
with the results of negative controls. There was little chance for randomly selected genes to be
functionally correlated. They were suggested to be used as negative controls (Pellegrini et al.,
1999). However, for negative controls, we could also use oncogenes that certainly were not
involved in glucose metabolism of cancer cells. Due to complexity of biological systems and
uncharacterized pathways, finding oncogenes unrelated to the metabolic pathways seemed very
difficult. Thus, the results of randomly selected genes were prepared and analyzed to optimize
the primary main results. Among all 15 randomly selected genes, each subgroup of animals,

eukaryotes, and both prokaryotes and eukaryotes had 5 genes. Similar to the classification of
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oncogenes, it might be helpful to categorize all the human genes according to their occurrence
pattern. Then, we could calculate the probability of selecting random genes from each subgroup.
Perhaps it would be needed to select more random genes from phylum of animals or kingdom of
eukaryotes. Nevertheless, analysis of randomly selected genes found in prokaryotes &
eukaryotes showed no significant correlation with EGFR and BRAF, or their highly correlated
metabolic genes. It could demonstrate that genes of this subgroup belong to highly conserved
pathways or complexes. Therefore, there was a low probability for oncogenes of Subgroup 3 to
share their highly correlated genes (outputs) with randomly selected genes of this subgroup. The
phylogenetic results of random genes found in eukaryotes or animals showed that the probability
of predicting highly correlated genes of oncogenes of subgroups 1 and 2 with random genes are
higher than the previous subgroup. In other words, the order of false positivity of random genes
is: Animals > Eukaryotes > Both Prokaryotes and Eukaryotes. One reason for this order could be
the value of conservation of pathways or complexes. From the evolutionary perspective, genes
found only in animals are considered younger than the genes found in eukaryotes or both
prokaryotes and eukaryotes. Therefore, they are more related to each other, and their
predictions could have more similarity. The other reason which might be more important is the
number of sequenced genomes. The phylogenetic profiles were prepared from 276 eukaryotic
and 696 fully sequenced prokaryotic genomes. It seemed that ~¥33% of the eukaryotic genomes
were from animals (91 sequenced genomes of animals). Since the number of reference animal
species was much fewer than the eukaryotes or both prokaryotes and eukaryotes, the
discrimination of phylogenetic profiles of genes found in animals became harder as they showed
more similarity. Subsequently the probability of acquiring false positive results was higher for this
subgroup. To enhance the accuracy of predictive results of this group and reduce false positivity,
more sequenced genomes from eukaryotes and especially animals are required. The other
approach to reduce false positive results, is “Bootsrapping”. This statistical method is very useful
to calculate false positivity of random samples (Efron, 1979). For this purpose, bootsrapping

needs to be incorporated into the PrePhyloPro Software version in subsequent versions.

Due to the importance of glucose metabolism in development of cancer cell, metabolic

pathways involved in metabolic reprogramming of cancer cells are considered as a new target
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for cancer treatment. They also could be helpful in understanding the correlation of other
metabolic diseases, such as diabetes, with cancer. Discovery of the underlying biological
networks involved in the metabolic diseases and cancer can support repurposing of drugs for
cancer treatment (Pierotti et al., 2013). In the last part of the results, we tried to predict function
of other oncogenes that could be correlated with reprogramming of glucose metabolism in
cancer cell proliferation via constructing and comparing their phylogenetic profiles with BRAF,
EGFR, PTEN, PIK3CA, and TP53. A total number of 45 oncogenes with Repetition Number 22 were
highly correlated with these 5 GTO-Oncogenes. Analysis of the phylogenetic profiles of these 5
oncogenes with genes of glucose metabolism have shown that the false positive results of
oncogenes of subgroups 1 and 2, such as TP53, PTEN and PIK3CA, could be higher than the
oncogenes of Subgroup 3. In addition, prokaryotic genomes were suggested as the best reference
taxa for phylogenetic profiling of components of carbohydrate or lipid metabolism (Jothi et al.,
2007). Thus, we included the 11 candidate oncogenes that had high correlation with BRAF and
EGFR: CDK12, MAP3K1, STK11, MAP2K4, MAP2K1, TGFBR2, EPHA2, FGFR2, FGFR3, KIT, and FLT3.
Based on the phylogenetic profiling results, we suggest that these oncogenes are involved in
regulation of glucose metabolic shift in cancer cells through the interactions with the GTO-

Oncogenes of Subgroup 3; oncogenes that were found in both prokaryotes and eukaryotes.

To confirm these studies, we looked for evidence in the literature, preferably
experimental studies, for connections of these 11 candidate oncogenes with glucose metabolic
pathways. We found that a few of these candidates, such as MAP3K1, STK11, and MAP2K1, were
shown to be fully or partially involved in changes of cellular glucose metabolism, e.g. OXPHOS.
Activation of MAP3K1 by sodium nitroprusside (SNP), a nitric oxide donor, results in transfer of
Bax to mitochondria, reduction of activity of mitochondrial Complex 1, and decrease of ATP levels
in human chondrocytes. Along with other serial events, SNP can have apoptotic effect on these
cells. This apoptotic effect can be improved by overexpression of a dominant negative mutant
of MAP3K1 (Cherng et al., 2008). Therefore, avoiding apoptosis is another hallmark of cancer
promoted by MAP3K1. The other candidate, STK11, is a tumor suppressor gene encoding the liver
serine/threonine kinase B1 (LKB1). It is critically involved in regulation of glucose metabolism. In

breast cancer cells, loss of LKB1 results in metabolic reprogramming of cancer cells in an
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HER2/neu-dependent manner by activation of Akt/mTOR signaling (Dupuy et al.,, 2013).
Inactivation of STK11 in zebrafish increases the level of pyruvate dehydrogenase kinase 2 (PDK2).
Subsequently, PDK2 phosphorylates and inactivates pyruvate dehydrogenase complex, leading
to stimulation of glycolysis as well as lactate production. It is suggested that the mutants of STK11
could be applied to identify drugs targeting metabolic reprogramming of cancer cells (Kuang et
al., 2016). Also, loss of STK11 in mouse embryonic fibroblasts enhances uptake and consumption
of glucose and glutamine via deregulation of cell bioenergetics and metabolism in a HIFla-
dependent manner. In tumor cells, loss of STK11 stimulates glycolysis and TCA cycle activity as
well as increases the expression of HIF1a in presence of normal concentration of oxygen. It is also
critically involved in control of cell metabolism and growth by regulating mTOR (Faubert et al.,
2014). In human cancer cells expressing BRAFV®%%E mutant, MAP2K1 (MEK1) could be activated
by BRAFV69E mutant to trigger MEK-ERK signaling pathway (Kang et al., 2015). As mentioned
before, the Ras-BRAF-MEK-ERK pathway contributes to regulation of many hallmarks of cancer,
such as cell growth, survival, invasion, angiogenesis, and the metabolic reprogramming of the
cells (Kumar et al., 2007, Hall et al., 2013). BRAFV®%%F mutant could also enhance expression of 3-
hydroxy-3-methylglutaryl-CoA lyase (HMGCL) via an octamer transcription factor Oct-1. HMGCL
is involved in ketogenesis pathway, and its silencing results in inhibition of growth and
proliferation of human melanoma cells. Interestingly, acetoacetate, the product of this enzyme,
stimulates direct interaction of BRAFV%%¢ mutant with MAP2K1. Thus, this constitutive activating

mutant couples MEK-ERK signaling to metabolic ketogenesis pathway (Kang et al., 2015).

No experimental studies directly talked about EPHA2 or KIT implications in
reprogramming of glucose metabolism in cancer cells, but a study showed that EPHA2
stimulation by ephrin-Al results in inhibition of Akt activity in human corneal epithelial cells
(Kaplan et al., 2012). In another study, it was found that glucose metabolism in human corneal
epithelial keratinocytes could be changed through the activation of Akt/Glycogen Synthase
Kinase (GSK)-3B pathway by KIT signaling (Peng et al., 2013). Among all 11 candidate oncogenes,
at least five of them (MAP3K1, STK11, MAP2K1, EPHA2 and KIT) were found to be involved in
regulation of metabolic pathways of cancer cells. Interestingly, most of these oncogenes trigger

pathways that are common in one important effector molecule, Akt. According to phylogenetic
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profiling results, Aktl, 2, and 3, belong to Subgroup 3. Thus, it seems that Akt is a great target for
modulating the metabolic pathways connected to the proliferation of cancer cells. The remaining
6 candidate oncogenes may also play a role in this process. Experimental data are required to

elucidate the mechanism of their involvement.

To overcome the high false positive rate of the representatives of subgroups 1 and 2, and
to narrow down the number of 34 candidate oncogenes, we calculated the average mutation
rates of these genes. Highly mutated candidate oncogenes were: APC, PIK3R1, and ANK3 for
Subgroupl. CTNNB1, PBRM1, and CREBBP for Subgroup 2. Previous evidence showed that APC
and CTNNB1 could participate in deregulation of glucose metabolism in cancer cells.
Interestingly, both these genes belong to the Wnt/beta-catenin signaling pathway. This signaling
pathway is involved in reprogramming of glucose metabolism in colon cancer cells (Pate et al.,
2014). CTNNB1 encodes beta-catenin, a critical component of this signaling cascade.
Adenomatous polyposis coli (APC) is a tumor suppressor, involved in regulation of Wnt/beta-
catenin signaling pathway. It binds to beta-catenin to inhibit the signaling pathway.
Downregulation of APC by glucose regulated protein 78 (GRP78) results in release of beta-catenin
and activation of this signaling pathway leading to a metabolic shift in glucose metabolism (Li et
al., 2014). Acute activation of beta-catenin occurs after deletion of APC in liver cells of mice. It
results in downregulation of ATP5al and ATP5b, the two catalytic subunits of mitochondrial

Complex 5, as well as stimulation of lactate dehydrogenase (LDH) (Chafey et al., 2009).

Optimization of the phylogenetic results of the GTO-Oncogenes with randomly selected
genes revealed the likelihood of high false positivity rate for the oncogenes of subgroups 1 and
2. Since the genetic pool and tissue of origin are two important factors determining the metabolic
features of cancer (Yuneva et al., 2012), future studies should focus on a particular type and

original tissue of cancer to exclude some of false positive results.

In this study, we looked for phylogenetically linked genes of glucose metabolism with
some of the most important GTO-Oncogenes, such as TP53, PTEN, PIK3CA, BRAF and EGFR. We
realized that the GTO-Oncogenes found in both prokaryotes and eukaryotes seem to belong to

highly conserved pathways which do not have significant phylogenetic linkages with glucose
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metabolism genes. On the other hand, GTO-Oncogenes found in eukaryotes or animals prefer to
have high correlation with some subunits of Complexes of OXPHOS rather than components of
TCA cycle or glycolysis. Interestingly, we observed that the rate of false positivity of the GTO-
Oncogenes depends on their occurrence patterns in different kingdoms and phyla. Oncogenes
found in animals have the highest, while oncogenes found in both prokaryotes and eukaryotes

have the lowest rate of false positivity.

To conclude, we predicted functions of other oncogenes in metabolic reprogramming of
cancer cells by phylogenetic profiling comparison with TP53, PTEN, PIK3CA, BRAF, and EGFR. Due
to low rate of false positivity and highly conserved pathways, we suggested that the oncogenes
with phylogenetic linkages with BRAF and EGFR could be critically interconnected in the signaling
and metabolic pathways participating in glucose metabolic shift in cancer cells. Their shared
effectors, such as Akt, therefore, could be potent targets for modulation of cancer metabolism

and for treatment of cancer.
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