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Developments of targeted therapies improved prognoses and outcomes of patients 

with localized breast tumors. However, treatment options become limited upon 

occurrence of metastasis, a spread of tumors to distant organs, as surgical removal of 

tumors are difficult and tumor cells resist to therapies. Tumor cells need to overcome 

hurdles such as limited access to oxygen, through hypoxia, and matrix detachment 

during metastasis. To better understand underlying mechanism enabling tumor cells to 

overcome the two stresses, metabolic and proteomic changes of breast tumor cells when 

faced with inhibited oxidative phosphorylation (OXPHOS), a model of hypoxia, and 

detachment are analyzed. 

To explore the influence of nutrients on protein expression and that of protein 

expression on metabolism, Chapter 2 of this dissertation presents a review of previous 

findings in studies on vitamin intakes affecting tissue proteomes. Metabolic fluxes 

reflecting cellular utilization of metabolic pathways are quantified with stable isotope 

tracing, which needs correction for abundances of naturally occurring isotopes if mass 

isotopologue distributions are directly used to infer fluxes. Chapter 3 introduces a 

computational tool, PolyMID, which corrects for abundances of naturally occurring 

isotopes. Among metabolic fluxes, that through pyruvate carboxylase (PC) is reported 



 

 

to be altered upon breast cancer-derived lung metastasis. However, work presented in 

Chapter 4 shows that the widely used method to quantify PC flux is inaccurate, and 

covers the development of a metabolic flux analysis-based approach with improved 

performance.  

Utilizing the above-mentioned tools, the work presented in Chapter 4 continues with 

analyses of metabolic and proteomic changes in breast cancer cells upon OXPHOS 

inhibition and culture in suspension. Protein networks regulating metabolic fluxes are 

identified. PC flux and its positively correlated protein network upon OXPHOS 

inhibition are found to be negatively correlated in cells resistant to detachment upon 

culture in forced suspension. Exposure to hypoxia elevates anchorage-independence of 

the detachment-resistant breast cancer cells. Taken together, hypoxia and matrix 

detachment induce metabolic and proteomic changes affecting metastatic potential of 

breast cancer cells. 
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Chapter 1. Introduction 
 

 
1.1 Stable Isotope Tracing and Metabolism 

1.1.1 Quantifying Cellular Utilization of Metabolic Pathways 

Metabolism is defined as biochemical reactions producing or consuming energy. 

Cells utilize metabolic pathways to chemically process nutrients to produce energy 

and synthesize macromolecules (1). Tricarboxylic acid (TCA) cycle is the major 

metabolic pathway cells utilize to produce reducing equivalents to feed into the 

electron transport chain (ETC) to make energy. TCA cycle intermediates can also exit 

mitochondria to synthesize fatty acids, amino acids, hemes, and purines (2). As can 

be seen from TCA cycle, metabolic pathways contribute to production of energy and 

macromolecules in the cell. Analyzing how cells utilize metabolic pathways provide 

information on how cells use available nutrients to survive.  

Cellular utilization of metabolic pathways can be quantified by tracing stable 

isotope-labeled nutrients. Isotopes of an element carry the same number of protons 

but different numbers of neutrons, resulting in having different masses. One of the 

commonly utilized isotopes to label nutrients are carbon atoms (3, 4). Carbon atoms 

whose masses are 13 atomic mass units (amu) which are heavier than the ones found 

in nature (12 amu) can be used to label nutrients such as glucose or glutamine (5-7). 

By culturing cells with medium containing a stable isotope-labeled nutrient and 

analyzing the distribution of the isotopes in metabolites, researchers can get 

information on how cells utilize the nutrient for fuel. 
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1.1.2 Correcting for Naturally Occurring Isotope Abundances 

i. Direct inspection of mass isotopologue distributions for flux analysis 

Researchers can perform a computational quantitation using metabolic flux 

analysis (MFA) to analyze cellular utilization of metabolic pathways. MFA requires 

researchers to computationally construct a metabolic reaction network. Information 

on tracers used in experiments and relative abundances of metabolites whose masses 

are different due to isotope incorporation are used as inputs for MFA. Fluxes of 

metabolic pathways in a network are computed by minimizing the sum of squared 

differences between the measured and model-estimated values. Due to complexity 

in constructing a network, MFA can be time- and data-consuming to researchers not 

familiar with computational analysis (3, 8).  

A more common approach to study cellular utilization of metabolic pathways is 

direct interpretation of mass isotopologue distributions (MIDs). When cells are 

cultured with stable isotope-labeled nutrients, metabolites that only differ in isotope 

compositions called mass isotopologues are present due to incorporation of isotopes. 

In a 13C tracing analysis, a metabolite with n carbon atoms has isotopologues from 

M0 (all carbons are 12C) to Mn (all n carbons are 13C). Relative abundances of 

isotopologues from M0 to Mn of a metabolite is called the MID. MIDs of 

metabolites can be directly used to infer how cells use specific metabolic pathways 

when isotope incorporation in metabolites is constant over time (3). For instance, 

relative abundances of citrate with two 13C atoms (M2 Cit) are frequently used as a 

measure of pyruvate dehydrogenase (PDH) activities in the cells cultured with 

glucose carrying six 13C atoms ([U-13C6]glucose). Pyruvate with three labeled 
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carbon atoms produced from [U-13C6]glucose is converted to acetyl coenzyme A 

(AcCoA) with two labeled carbon atoms (M2 AcCoA) by the activity of PDH. If 

M2 AcCoA condenses with oxaloacetate with unlabeled carbon atoms, M2 citrate 

is produced, which is commonly used as a readout of PDH activities (5, 6, 9). As 

direct interpretation of MIDs is more intuitive and requires less time, it is widely 

used to study cellular utilization of metabolic pathways in various disease models 

such as cancer cell proliferation (10) and metastasis (7, 11), diabetes (12, 13), and 

neural tube defects (14). 

ii. Naturally occurring isotope abundances confounding MID interpretation 

However, mass shifts of metabolites can also arise from incorporation of 

naturally occurring isotopes in stable isotope tracing analyses. Specifically, presence 

of naturally occurring carbon atoms whose masses are 13 amu are 1.11%. If 

researchers take MIDs to draw conclusions on cellular utilization of metabolic 

pathways without correcting for the 1.11%, results can be misleading in 13C tracing 

analyses (15). In addition to carbon atoms, naturally occurring isotopes exist in other 

chemical atoms such as 2H (relative abundances of 0.0115%), 15N (relative 

abundances of 0.368%), 17O (relative abundances of 0.038%), and 18O (relative 

abundances of 0.205%) (16). Thus MIDs should be corrected for abundances of 

naturally occurring isotopes to be accurately used as readouts of metabolic pathway 

utilization. 

 

1.2 Proteomics and Metabolism 

Cellular metabolism can be analyzed by inspecting abundances of substrates and 
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products of metabolic pathways by metabolomics. However, abundances of metabolites 

do not always correspond to cellular utilization of metabolic pathways. Specifically, 

accumulation of metabolites does not necessarily imply increased cellular utilization of 

metabolic pathways producing the metabolites as pathways consuming the metabolites 

may be inhibited (17). Quantifying activities and abundances of enzymes catalyzing 

metabolic reactions can aid in better understanding of how cells utilize metabolic 

pathways. Analyzing cellular proteomes enables researchers to inspect protein 

abundances of multiple metabolic enzymes simultaneously. Researchers can also 

examine correlations of protein abundances between metabolic enzymes and how they 

are correlated with proteins other than metabolic enzymes such as those involved in cell 

cycle or deoxyribonucleic acid (DNA) repair. Thus proteomics can be a useful tool to 

study correlations and regulations of metabolic enzymes. 

1.2.1 Impact of Vitamin Intakes on Tissue Proteomes 

i. Vitamins as cofactors in metabolic reactions 

Vitamins are cofactors in majority of metabolic reactions. Vitamin B3 works as a 

cofactor in the pentose phosphate pathway, pyruvate oxidation catalyzed by PDH, 

de novo serine synthesis, and TCA cycle (18). Vitamin B2 is needed for activities of 

ETC Complex I and II which take reducing equivalents generated from TCA cycle 

to produce energy (19). In addition to the two vitamins mentioned above, other 

vitamins participate as cofactors in various metabolic pathways (18, 20). As 

metabolic enzymes need cofactors to be activated, availability of vitamins in our 

body may impact abundances of metabolic enzymes, and consequently, cellular 

proteomes. 
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ii. Vitamins as regulators of nuclear transcription factors 

Vitamins also affect proteomes by regulating transcription of genes which 

consequently impacts protein abundances of the genes. Vitamin A can activate the 

retinoic acid receptor (RAR)-retinoid X receptor (RXR) heterodimers which 

regulate transcription by interacting with retinoic acid-responsive elements in the 

promoters of genes (21). Vitamin D can bind to vitamin D receptors which regulate 

transcription together with RXR by interacting with vitamin D receptor elements in 

the promoter regions of genes (22). Considering their roles in regulation of gene 

transcription, vitamins can affect abundances of proteins which are the products of 

transcription and translation and ultimately carry physiological functions in our 

body. 

 

1.3 Breast Cancer and Metastasis 

1.3.1 Breast Cancer 

Breast cancer is estimated to have the highest number of new cases among all 

cancers in 2023 in the United States (US). Approximately 13% of women is estimated 

to be diagnosed with breast cancer during lifetime (23) and death rate is reported to 

be 19.6% per 100,000 women in the US (24). Breast tumors are heterogeneous and 

have been categorized based on immunohistochemical measurements of the estrogen 

receptor (ER), progesterone receptor (PR), and human epidermal growth factor 

receptor 2 (HER2) in clinical settings (25). In 2000, Perou and colleagues classified 

breast tumors based on mRNA expressions and identified five molecular subtypes; 

luminal A and B, HER2, basal, and normal-like subtypes (26).  
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Among breast cancer-subtypes, patients with triple-negative (TN) breast tumors 

lack expressions of the ER, PR, and HER2 and account for 15% in the US breast 

cancer population. Though 70-80% of TN breast tumors are reported to be classified 

as basal-like molecular subtype, TN breast tumors that are not basal-like subtype exist, 

indicating the two terms are not synonymous (27, 28). Development of targeted 

therapies such as ER-targeting endocrine agents and HER2-targeting antibodies 

improved prognoses and outcomes of patients with hormone receptors-positive breast 

cancer patients (patients expressing ER, PR, or HER2). However, no targeted 

therapies are currently available for patients with TN breast tumors which may be 

associated with higher rates of mortality and earlier relapse compared with patients 

with other breast cancer-subtypes. Due to lack of targeted therapies, only options 

available for patients with TN breast tumors are surgery, radiation, and chemotherapy, 

all of which have severe side effects (25). 

1.3.2 Metastasis of Breast Cancer 

i. Metastasis as the cause of majority of deaths in breast cancer patients 

Metastasis, a spread of tumors into distant organs, occurs through a series of 

sequential steps. Tumors cells invade and migrate through extracellular matrix 

(ECM) in primary tumors, move into vasculature or lymphatic system, survive 

during circulation, exit the circulation, and enter/colonize secondary organs (29). 

Upon metastasis, removal of tumors with surgery becomes difficult and tumor cells 

can resist to targeted therapies. Due to these challenges in treatment of metastatic 

tumors, 90% of cancer deaths are reported to be associated with metastasis (30).  

Majority of breast cancer-associated deaths are also due to metastasis rather than 
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localized tumors themselves (31). According to the US cancer statistics from 2012 

to 2018, five-year survival rates of breast cancer patients with metastasis were only 

one-third of the survival rates of patients with primary breast tumors (23). Gogate 

and colleagues estimated the number of breast cancer patients with metastasis to 

increase by 50% from 2015 to 2030 (32), indicating survival of  more breast cancer 

patients may be at risk. Though the development of targeted therapies, early 

screening, and identification of breast cancer molecular subtypes contributed to 

increased survival of breast cancer patients with primary tumors, further research is 

needed to prevent or treat breast cancer metastasis. 

ii. Distinct patterns of metastasis among breast cancer-subtypes 

 Timing and sites of metastasis are reported to differ according to the breast 

cancer subtypes. Kennecke and colleagues reported patients with TN breast tumors 

have higher probabilities of developing metastasis within 15 years since diagnosis. 

Duration of survival after diagnosis of metastasis is reported to be shorter in patients 

with TN breast tumors compared with those carrying the other breast cancer-

subtypes (33).  

For patients with hormone receptors-positive breast tumors, bone is reported to 

be the common site of metastasis. For patients with TN breast tumors, bone and lung 

are reported to be the two most common sites of metastasis. According to a 

multivariate analysis comparing preferential metastatic sites across patients with 

different breast cancer-subtypes, patients with TN breast tumors have higher rates 

of distant nodal metastasis and lower rates of bone metastasis compared with those 

with the other breast cancer subtypes. Interestingly, patients with HER2-positive but 
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ER/PR-negative breast tumors have higher rates of brain metastasis compared with 

those with the other breast cancer-subtypes (33). 

1.3.3 Anchorage-Independent Survival of Tumor Cells During 

Metastasis 

Tumor cells need to overcome multiple hurdles to spread to distant organs and 

failure to overcome any of the hurdles can halt metastatic cascade. Only those tumor 

cells that acquired mechanisms to overcome all the hurdles can land at secondary 

sites and interact with host microenvironments (34). The first barrier tumor cells 

need to overcome is to maintain survival upon detachment from ECM at primary 

tumors. Non-malignant or tumor cells without metastatic potential undergo cell 

death process called anoikis upon detachment from ECM. However, certain tumor 

cells develop mechanisms to resist anoikis by regulating the tumor necrosis factor 

receptors superfamily called death receptors or mitochondrial caspases (35), 

enabling them to survive under anchorage-independent conditions. Cellular 

mechanism supporting anchorage-independent survival affects viability of tumor 

cells going through other steps of the metastatic cascade as tumor cells in circulation 

or at secondary sites (before colonization) are also under anchorage-independent 

condition (36). Thus, maintaining cellular survival in anchorage-independent 

condition serves a gatekeeper to successful metastasis.  

 

1.4 Metabolic Changes Promoting Anchorage-Independent Survival of 

Breast Tumor Cells 
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Tumor cells are reported to change phenotypes to maintain viability during 

metastatic cascade. For instance, tumor cells change from epithelial to mesenchymal 

morphology to detach from ECM and move to circulatory system. Throughout the 

metastatic cascade, anchorage-independent tumor cells are exposed to different types 

and amounts of metabolites upon losing contacts with ECM (37). Thus, tumor cells alter 

utilization of nutrients and metabolic pathways to meet metabolic requirements during 

metastasis. 

A previous study reported decreased utilization of glucose in glycolysis, pentose 

phosphate pathway, and TCA cycle upon detachment from ECM in a mammary 

epithelial cell line (38). In an anchorage-independent mammary epithelial cell line, 

HER2-overexpression increased glucose utilization in glycolysis, pentose phosphate 

pathway, PDH activities, and TCA cycle , indicating metabolic changes upon ECM 

detachment may be different according to distinct molecular signatures in mammary 

epithelial cells (39). 

In a TN breast cancer cell line, anchorage-independent cells are reported to depend 

more on glutamine than glucose to maintain viability (40). Fendt and colleagues 

reported increased dependence on pyruvate upon detachment from ECM in a breast 

cancer cell line (41). These previous findings suggest breast cancer cells may rewire 

metabolism to survive in anchorage-independent condition. 

 

1.5 Proteomic Changes Promoting Anchorage-Independent Survival of 

Breast Tumor Cells 

i. Proteomes reflecting survival and metastasis occurrence of breast cancer patients 
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Proteomic signatures are reported to stratify breast tumors into survival 

outcomes according to a quantitative proteomics on breast tumors of 178 patients 

(42), indicating analyzing proteomes may provide information directly related to 

patient survival. As proteins carry physiological functions in our body, proteomes 

may contain mechanisms crucial to survival of breast cancer patients. As metastasis 

is the cause of majority of cancer-associated deaths (30), analyzing proteomes of 

patients with metastasis may enable researchers to identify molecular mechanisms 

associated with patient survival. A previous study on plasma proteomes of 48 TN 

breast cancer patients reported cell adhesion and migration as pathways proteins 

whose abundances were differentially expressed in patients with metastasis 

compared with those without metastasis (43). The primary purpose of tumor cell 

adhesion and migration is to support anchorage-independent survival in metastasis 

(44). Thus analyzing proteomic changes associated with anchorage-independent 

survival of breast tumor cells can provide mechanisms critical to metastasis 

occurrence.  

ii. Reported proteomic changes upon detachment from ECM in breast cancer cells 

A previous study on the proteome of a hormone receptor-positive breast cancer 

cell line reported increased abundances of proteins regulating cell-cell or cell-ECM 

interactions upon detachment from ECM (45). In two hormone receptor-positive 

breast cancer cell lines, detachment from ECM increased abundances of proteins 

involved in degradations of fatty acids and ketone bodies, an oxidative branch of 

pentose phosphate pathway, and pyruvate carboxylase-catalyzed glucose 

anaplerosis (46). In addition to the abundance changes in the metabolic enzymes, 
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decreased abundances of proteins in phosphoinositide 3-kinases (PI3K)-AKT 

serine/threonine kinases (AKT) signaling and an integrin signaling pathways, all of 

which regulate cell cycle, are reported in the two anchorage-independent hormone 

receptor-positive breast cancer cell lines (47).  

iii. Associations of metabolomes and proteomes in breast tumors 

A proteomic analysis on breast tumors of 45 patients reported proteomic 

signatures are associated with glycolytic properties of breast tumors (48), 

suggesting a close association between metabolomes and proteomes in breast 

tumors. As metabolic rewiring and proteome alterations are both critical to 

development of metastasis, analyzing metabolic and proteomic changes 

simultaneously may enable identification of more efficient molecular targets that 

affect both. 
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Abstract 

The kinetics and localization of the reactions of metabolism are coordinated by the 

enzymes that catalyze them. These enzymes are controlled via a myriad of mechanisms 

including inhibition/activation by metabolites, compartmentalization, thermodynamics, 

and nutrient sensing-based transcriptional or post-translational regulation; all of which 

are influenced as a network by the activities of metabolic enzymes and have downstream 

potential to exert direct or indirect control over protein abundances. Considering many 

of these enzymes are active only when one or more vitamin cofactors are present; the 

availability of vitamin cofactors likely yields a systems-influence over tissue proteomes. 

Furthermore, vitamins may influence protein abundances as nuclear receptor agonists, 

antioxidants, substrates for post-translational modifications, molecular signal 

transducers, and regulators of electrolyte homeostasis. Herein, studies of vitamin intake 

are explored for their contribution to unraveling vitamin influence over protein 

expression. As a body of work, these studies establish vitamin intake as a regulator of 

protein abundance; with the most powerful demonstrations reporting regulation of 

proteins directly related to the vitamin of interest. However, as a whole, the field has 

not kept pace with advances in proteomic platforms and analytical methodologies, and 

has not moved to validate mechanisms of regulation or potential for clinical application. 

 

Introduction 

Regulatory Mechanisms 

Cellular metabolism is a system of chemical reactions in which cells harness the 
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energy stored in the chemical bonds of substrate molecules to perform their biological 

functions, maintain homeostasis, or to synthesize building blocks for structural 

maintenance or cellular division. The kinetics of these reactions are dependent on the 

activity of the proteins which catalyze them; thus proteins are key modulators of 

metabolism.  

Metabolic activity also exerts network control over itself by a diverse array of 

mechanisms which finely tune protein expression responses via nutrient sensing 

machineries (1). Products or intermediates of a metabolic pathway can inhibit or 

activate metabolic enzymes; e.g. malate inhibits the succinate dehydrogenase complex 

(2) and fructose-2,6-bisphosphate activates phosphofructokinase (3). The oxidative 

status of a cell can drive the directionality of redox reactions and impact abundances 

of redox reaction-catalyzing proteins; e.g. the KEAP1/NRF2 network responds to 

oxidative stress by upregulating expression of antioxidant-functioning proteins (4). 

Splice-variant or isozyme expression can impact relative pathway utilization at 

metabolic network nodes; e.g. splice variants and isozymes of pyruvate and lactate 

dehydrogenase respectively impact the bridge between glycolysis and the TCA cycle 

(5, 6). Additionally, local metabolite concentrations and thermodynamics can dictate 

the directionality of reactions catalyzed by compartment-specific isozymes; e.g. 

reductive activity of isocitrate dehydrogenase can be confined to the cytosol-specific 

isozyme (7). The impacts of the above-mentioned regulations are closely monitored 

by nutrient sensing proteins which initiate molecular events altering protein activation 

and expression; e.g. serine/threonine kinase 11, AMP-activated protein kinase, 

mammalian target of rapamycin 1, and sterol regulatory element-binding protein 1 are 
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part of overlapping protein networks that orchestrate protein-expression and post-

translational modification responses to nutrient availability (8, 9). Considering that 

many metabolic enzymes do not function in isolation and, as detailed in the sections 

that follow, require vitamin cofactors to stabilize intermediates, donate/accept 

electrons, shuttle substrates, and hold reactants in close proximity; vitamin status is a 

critical consideration when examining protein-mediated regulation of metabolism and 

the impacts of metabolism on protein expression. 

In addition to their potential regulatory roles as cofactors, vitamins orchestrate 

other direct or indirect mechanisms influencing protein abundance. Retinoic acid 

(vitamin A) interacts with nuclear receptors impacting gene transcription (10), 

ascorbic acid (vitamin C) impacts oxidative status and associated protein networks 

(11) and is reported to exhibit epigenetic regulation over protein expression (12), 

vitamin D regulates calcium signaling machinery, activates nuclear receptors, and 

exerts hormonal regulation over protein expression (13, 14), and niacin (vitamin B3) 

and biotin (vitamin B7) can be incorporated as post-translational modifications 

impacting protein function (15, 16). 

Herein, studies on systemic intake (dietary, injection, oral gavage) of vitamins and 

their impacts on tissue proteomes are examined, and their contributions to unraveling 

vitamin-based regulation of protein expression and tissue function are explored. The 

current work is intended to provide background information to understand each 

vitamin’s (Figures 2.1 and 2.2) molecular functions and highlight its role as a cofactor 

or substrate in the reactions of central metabolism (Figure 2.3, Appendix Tables 2.1-

2.13). Finally, this work is intended as a resource for identifying regulation of proteins 
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related to vitamin metabolism in published works. The public domain of proteomic 

data sets is ever expanding, but is rarely searched for effects related to vitamin 

metabolism. To that end, all proteins are specified by their HUGO Gene Nomenclature 

Committee (HGNC) gene symbol, or the HGNC gene symbol of the human ortholog 

when identified in another species, and proteins requiring a vitamin as a cofactor or 

substrate are tabulated (Appendix Tables 2.1-2.13). 

 

Proteomics Platforms 

Proteomics platforms of the discussed studies are provided to place them on a 

technological timeline. Platforms are described with the terms: orbitrap, QTOF 

(quadrupole time-of-flight), triple-TOF (triple – time of flight), QQQ (triple-

quadrupole), 2DGE-MS (two-dimensional gel electrophoresis – mass spectrometry), 

and 2DGE. In brief, orbitrap platforms are the workhorses of modern proteomics 

because their high achievable mass resolutions combined with high sensitivity are best 

suited for maximizing the number of proteins identified in a complex sample (17, 18); 

though QTOF and triple-TOF instruments, capable of maintaining mass resolution at 

higher scan speeds (19), hold a substantial influence in this arena. Within the 

categories of orbitrap, QTOF, and triple-TOF, there are major technological advances 

not discussed here. QQQ platforms are best suited for quantifying a pre-determined 

list of proteins. Lower scan speeds and mass resolution render them less capable than 

orbitrap, QTOF, or triple-TOF systems for non-targeted applications (17). Advances 

in nano-flow liquid chromatography coupled directly to mass spectrometry have 

improved proteomic depth by orders of magnitude over that achievable by 2DGE-MS, 
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where the upstream selection of protein spots predates the modern definition of non-

targeted proteomics. Similarly, identifying differentially intense protein spots using 

2DGE alone is considered an important milestone in the development of proteomics; 

but is rarely discussed outside the topic of the field’s history. 

 

Vitamin A 

Vitamin A exists in alcohol, aldehyde, acid, and ester forms known as retinol, 

retinal, retinoic acid, and retinyl esters respectively (Figure 2.1) (20). Several 

carotenoids are precursors to vitamin A including α- and β-carotene (21). β-carotene is 

converted to two molecules of retinal by beta carotene oxygenases (BCO1 or BCO2) 

(22). Retinal is an important component of rhodopsin (RHO), a protein in rod cells 

responsible for detecting low levels of light (23). Thus night blindness is telltale 

characteristic of vitamin A deficiency (24). Retinoic acid serves as a signaling molecule, 

acting through nuclear retinoic acid (RARA, RARB, RARG) and retinoid X (RXRA, 

RXRB, RXRG) receptors which regulate growth and differentiation (25, 26). Cellular 

and organismal trafficking of vitamin A is dependent on retinol/retinoic acid binding 

proteins (RBP family, CRABP1, CRABP2) and retinol esterification via lecithin retinol 

acyltransferase (LRAT) (27). Retinal is oxidized to retinol via aldehyde dehydrogenases 

(ALDH family) and retinol is oxidized to retinoic acid by retinol dehydrogenases (RDH 

and DHRS families) (28). In addition to inducing night blindness, vitamin A deficiency 

adversely impacts cellular growth, bone development, and antibody-based immune 

responses (29). 
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Figure 2.1. Fat-Soluble Vitamin Structures 
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are reported to induce abundance alterations in proteins associated with craniofacial 

development and neural crest processes (30). In a parallel triple-TOF-based study of 

gerbil plasma and 2DGE-MS-based study of gerbil liver and white adipose tissue, a few 

dozen protein abundances linked to a handful of biological processes are reported to 

respond to dietary retinol, β-carotene, lutein, or lycopene; though process or pathway 

enrichment analyses are not reported. As the authors discuss, plasma was not depleted 

of common highly abundant proteins upstream of analysis by mass spectrometry which 

are known to adversely impact data quality (31). In an orbitrap-based study of plasma 
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abundances; potentiating development of low-cost antibody-based tests for carotenoid 

deficiencies (32). A pair of 2DGE-MS-based studies link tissue function to protein 

abundance responses to vitamin A status in mice brains (33) and bovine muscle (34). 

 

Vitamin B1 

Thiamine (vitamin B1) is composed of linked pyrimidine and thiazole rings 

decorated with methyl, amine, and alkyl-hydroxyl functional groups (Figure 2.2) (35). 

Thiamine is transported through the plasma membrane via thiamine transporters 

(SLC19A2 and SLC19A3) (36) and then twice phosphorylated on the alkyl-hydroxyl 

functional group by thiamine pyrophosphokinase (TPK1), rendering it active as 

thiamine diphosphate (TDP) (35). TDP is a cofactor for enzymes catalyzing the 

oxidative decarboxylation of ketoacids including the pyruvate dehydrogenase complex 

(PDHA, PDHB, PDHX, DLAT, DLD), the oxoglutarate dehydrogenase complex 

(OGDH, DLST, DLD), and the branched chain keto acid dehydrogenase complex 

(BCKDHA, DBT, DLD) (37). It is also a cofactor for transketolase (TKT) in the non-

oxidative branch of the pentose phosphate pathway (38). Independent from its role as a 

cofactor, thiamine is believed to regulate ion transport activity in the nervous system 

(39). 

Vitamin B1 deficiency is marked by a broad range of neurological, respiratory, and 

cardiovascular pathophysiologies and is termed beriberi. Symptoms of beriberi are 

difficult to directly link to the molecular functions of vitamin B1 (40). 

In a 2DGE-MS-based study of type 2 diabetic and healthy control subjects, authors 

report treatment with thiamine reduces albumin (ALB) abundance in urine; indicating 
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the vitamin serves a protective role of kidney function (41). In a QTOF-based study of 

rat thalami under thiamine deficiency, glyceraldehyde-3-phosphate dehydrogenase 

(GAPDH) is the most up-regulated protein (50 fold) while regulated proteins are most 

enriched in the synaptic vesicle cycle pathway (according to the KEGG database). 

Proteomic changes are accompanied by diminished performances on cognitive tests 

(42). 

 

Figure 2.2. Water-Soluble Vitamin Structures 
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Vitamin B2 

Riboflavin (vitamin B2) is composed of an isoalloxazine ring and a bound ribitol 

(Figure 2.2) (43). It is activated by riboflavin kinase (RFK), forming flavin 

mononucleotide (FMN); and by flavin adenine dinucleotide synthase 1 (FLAD1), 

forming flavin adenine dinucleotide (FAD) (44). Bound FMN or FAD serves as an 

electron carrier for redox-reaction-catalyzing proteins (flavoproteins) including the 

succinate dehydrogenase complex (SDHA, SDHB, SDHC, SDHD), the pyruvate 

dehydrogenase complex (PDHA, PDHB, PDHX, DLAT, DLD), acyl-CoA 

dehydrogenases (ACADs), and methylene tetrahydrofolate reductase (MTHFR) (45). 

Riboflavin deficiency in humans predominantly occurs in combination with that of other 

nutrients. However animal studies link it to impaired fetal and intestinal development 

(46, 47), iron absorption (48), and lipid metabolism (49, 50). 

In a QTOF-based study of duck livers, riboflavin deficiency is accompanied by a 

reduced abundance of small-chain-specific acyl-coenzyme A dehydrogenases (ACADs), 

for which riboflavin serves as a cofactor, and concordant elevation of hepatic small 

chain fatty-acid lipid content. Dramatic decreases in protein abundance are reported for 

INPP1 (involved in inositol signaling), THRSP (purported regulator of lipid 

metabolism), BDH2 (a regulator of lipid metabolism), FXN (involved in mitochondrial 

iron-sulfur complex assembly), and NDUFS1 (a subunit of electron transport chain 

complex I) (51). In a QTOF-based study of maternal riboflavin deficiency, reductions 

in fetal duck hepatic TCA cycle, beta-oxidation, and electron transport chain proteins 

are reported, with IDH3A being the lone member of these pathways whose abundance 

increases (52). 
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Vitamin B3 

Niacin (vitamin B3) is inclusive of nicotinic acid and nicotinamide (Figure 2.2) 

which are converted to their mononucleotide forms by nicotinate 

phosphoribosyltransferase (NAPRT) and nicotinamide phosphoribosyltransferase 

(NAMPT) respectively (53). Both forms of the mononucleotide are subsequently 

converted to their adenosine dinucleotide forms by nicotinamide/nicotinic acid 

mononucleotide adenylyltransferases (NMNAT1, NMNAT2, NMNAT3). Nicotinamide 

adenine dinucleotide (NAD) is a cofactor form of the vitamin whereas nicotinic acid 

dinucleotide is subsequently converted to NAD by NAD synthase (NADSYN1) (54). 

NAD is reduced to NADH by oxidative reactions of glycolysis, the TCA cycle, and β-

oxidation; and subsequently serves as a redox equivalent carrier to the electron transport 

chain (55) and to regenerate reduced ascorbic acid (vitamin C) (56), glutathione (57), 

and thioredoxin (58). NAD can also be phosphorylated by NAD kinases (NADK, 

NADK2) to form a distinct redox shuttling cofactor, NADP (59). NADP is reduced by 

reactions in the oxidative pentose phosphate pathway (G6PD, PGD) and other enzymes 

(e.g. ME1, ME3, IDH1, IDH2) to NADPH. NADPH provides reducing equivalents for 

biosynthetic reactions in fatty acid, cholesterol, and deoxyribonucleotide synthesis (60). 

Outside its role as a reducing equivalent shuttle, NAD provides adenine dinucleotide 

phosphate (ADP) ribose for synthesis of the second messenger, cyclic adenosine 

monophosphate (cAMP), via the activity of adenylate cyclases (ADCY family) (61). 

NAD also provides ADP-ribose and poly-ADP-ribose for post translational 

modifications of proteins via activity of ADP-ribosyl transferases (ART family) and 

ADP ribose polymerases (PARP family) (62, 63). cAMP and protein (poly)ADP-
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ribosylation are important mediators of cell signaling and protein expression (64). 

Niacin is synthesized from tryptophan, but in small quantities relative to a healthy 

dietary intake (65). Deficiency, known as pellagra, is marked by dermatitis and severe 

gastrointestinal/neurological pathophysiologies which are fatal if untreated (66). No 

proteomic studies on systemic intake of vitamin B3 were found at the time of writing 

this review. 

 

Vitamin B5 

Pantothenic acid (vitamin B5) is composed of a molecule of pantoic acid bound to 

β-alanine (Figure 2.2) (67). Its primary metabolic function is as an acyl-carrier (68). 

Pantothenic acid is a substrate in the first reaction of coenzyme A (CoA) biosynthesis 

catalyzed by pantothenate kinases (PANK1, PANK2, PANK3, PANK4) (69). CoA is a 

substrate for enzymes catalyzing the oxidative decarboxylation of ketoacids including 

the pyruvate dehydrogenase complex (PDHA, PDHB, PDHX, DLAT, DLD), the 

oxoglutarate dehydrogenase complex (OGDH, DLST, DLD), and the branched chain 

keto acid dehydrogenase complex (BCKDHA, DBT, DLD) (70-72). Acyl species are 

activated by conjugation with CoA and are substrates in or products of glycolysis, the 

TCA cycle, fatty-acid synthesis/β-oxidation, cholesterol synthesis, ketogenesis, 

branched-chain amino acid catabolism, and protein acetylation/O-GlcNAcylation (73). 

Finally, 4’-phosphopanthetheine (product of PANK proteins' activities) is a cofactor of 

the acyl carrier protein domain of fatty acid synthase (FASN) (74). Vitamin B5 

deficiency is rare and usually accompanied by that of other nutrients (75). Burning of 

the feet and numbness in the toes is a characteristic manifestation along with variety of 
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other symptoms (76). No proteomic studies on systemic intake of vitamin B5 were found 

at the time of writing this review. 

 

Vitamin B6 

Vitamin B6 has aldehyde, alcohol, and amine forms (Figure 2.2); of which the 

phosphorylated aldehyde form (pyridoxal phosphate) acts as a cofactor to over 100 

enzymes (77). All three forms of vitamin B6 are phosphorylated by pyridoxal kinase 

(PDXK) (78). Both the phosphorylated alcohol and amine forms (pyridoxine phosphate 

and pyridoxamine phosphate) are converted to pyridoxal phosphate by pyridoxine 

phosphate oxidase (PNPO) (79). Pyridoxal phosphate is a cofactor for enzymes 

catalyzing decarboxylase reactions in gamma-aminobutyric acid (GAD1, GAD2) (80) 

and serotonin/dopamine biosynthesis (DDC) (81); as well as for enzymes catalyzing 

transamination reactions (e.g. GOT1, GOT2, GPT, GPT2) (82), cysteine synthesis 

(CTH) (83), heme synthesis (ALAS1, ALAS2) (84), carnitine synthesis (3-hydroxy-6-N-

trimethyllysine aldolase, gene unidentified) (85), niacin synthesis (KYNU) (86), and 

sphingolipid synthesis (SPTLC1, SPTLC2) (87). Pyridoxal phosphate is also an 

important cofactor for enzymes of one-carbon metabolism (SHMT1 and SHMT2) (88) 

and glycogen catabolism (PYGL and PYGM) (89). Vitamin B6 deficiency is rare because 

of its availability in many foods, and pathophysiologies can be diverse (90). 

In a triple-TOF-based study of streptozotocin-induced diabetic rat hippocampi, 

pyridoxamine treatment prevented long-term recognition memory impairment and 

regulated protein abundances in a number of diverse pathways; notably upregulating 

half of the proteins involved in ubiquinol biosynthesis (91).  In a 2DGE-MS-based study 
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of mice hippocampi, the abundances of phosphoglycerate mutase (PGAM1) and 

cannabinoid receptor-interacting protein 1 (CNRIP1) are reported to be 

elevated/reduced, respectively, upon administration of pyridoxine. Proteomic changes 

are accompanied by improved novel object recognition (92). 

 

Vitamin B7 

Biotin (vitamin B7) is composed of a fused-ring structure bound to a valeric acid 

side chain (Figure 2.2) (93). It is transported across the plasma membrane by the 

sodium-dependent solute carriers SLC5A6 and SLC19A3 (94, 95). As a cofactor/post-

translational modification, biotin covalently binds lysine residues (96). It is a cofactor 

for pyruvate carboxylase (PC), acetyl-CoA carboxylase (ACACA), propionyl-CoA 

carboxylase (PCCA), and the methylcrotonyl-CoA carboxylase complex (MCCC1, 

MCCC2) (97). Histones are also biotinylated, regulating gene expression (98). The post-

translational modification occurs via the activity of holocarboxylase synthetase (HLCS) 

(99). 

Biotin deficiency is rare and has wide ranging pathophysiologies. Eating raw egg 

whites can prevent its absorption (leading to deficiency) because of its affinity for 

avidin, a chemical in egg whites that is denatured upon cooking. This observation led to 

the vitamin’s eventual discovery (100). No proteomic studies on systemic intake of 

vitamin B7 were found at the time of writing this review. 

 

Vitamin B9 

The term folate (vitamin B9) is inclusive of a group of compounds composed of a 
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pteridine ring linked to para-aminobenzoic acid with a mono- or polyglutamate tail 

(Figure 2.2) (101). In its reduced form (tetrahydrofolate), a one-carbon unit cross-links 

(as CH or CH2) amine groups on the ring structure and aminobenzoic acid, or binds the 

secondary amine (as a formyl group) on the aminobenzoic acid group (102, 103). This 

one-carbon unit is utilized in the synthesis of purines and thymidine, conversion of 

homocysteine to methionine, interconversion of serine and glycine, and catabolism of 

histidine; reactions collectively termed one-carbon metabolism (104, 105). At the 

cellular level, one-carbon metabolism is tightly regulated by compartmentalization 

(104, 106, 107) while whole-body folate homeostasis is predominantly maintained by 

the liver through the enterohepatic cycle (108) 

Folate deficiency induces megaloblastic macrocytic anemia and fetal neural tube 

defects, purportedly via its adverse impact on nucleotide synthesis (109, 110). Low 

intake of folate is also linked to cardiovascular disease (111, 112), neurodegenerative 

disease (113, 114), Alzheimer’s disease (115, 116) and cancer (117-119). 

In an orbitrap-based study of follicle fluid of women undergoing in vitro 

fertilization, the folate supplemented group is reported to have elevated abundances of 

apolipoproteins from high density lipoproteins and reduced reactive protein c (CRP). 

The study is performed on women who did not become pregnant (120). In a QTOF-

based study of a folate-deficiency-induced intestinal neoplasia mouse model, the 

combinatorial impacts of folate deficiency and methylene tetrahydrofolate reductase 

heterozygous deletion (mthfr+/-) are reported to impact protein abundances spanning 

diverse cellular functions. However 40% of samples are discarded as outliers and the 

simultaneous examination of mthfr+/- and dietary folate deficiency does not allow 
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proteomic adaptations to be attributed to either in isolation (121). In a 2DGE-MS-based 

study of adult rats, aortic calmodulin (CALM1, calcium signaling) protein abundances 

are positively correlated with folate dose while abundances of triose phosphate 

isomerase (TPI1, glycolysis), transgelin (TAGLN, cytoskeleton), and glutathione s-

transferase alpha 3 (GSTA3, reductive detoxification) respond inversely (122). In an 

2DGE-MS-based study of rat livers, PRDX6 and GPX1 are reported to be elevated while 

cofilin (CFL1) is reported to be depleted under folate deficiency (123). Other studies 

report protein abundance differences due to folate intake in rat urinary exosomes (QQQ-

based) (124), human plasma (2DGE-MS) (125), fetal brain tissue from pregnant mice 

fed ethanol (2DGE-MS) (126), pregnant rat livers (2DGE-MS) (127), fetal rat livers 

(2DGE-MS) (128), adult rat livers and brains (2DGE-MS) (129), and livers of piglets 

born to folate deficient mothers (2DGE-MS) (130). 

 

Vitamin B12 

Cobalamin (vitamin B12) encompasses a group of molecules with four linked pyrrole 

ring derivatives (forming a corrin ring) and a cobalt atom bound at the center of the 

corrin ring. The cobalt atom also binds a 5,6-dimethylbenzimidazole nucleotide and a 

functional group (Figure 2.2) (131). The identity of the functional group distinguishes 

the vitamin B12 compounds as cyanocobalamin, hydroxycobalamin, hydrocobalamin, 

nitrocobalamin, 5’-deoxyadenosylcobalamin (also called adenosylcobalamin), and 

methyl cobalamin (132, 133). Methylcobalamin serves as a coenzyme in the conversion 

of homocysteine to methionine by methionine synthase (MTR) in the cytosol (134) and 

adenosylcobalamin is required for conversion of L-methylmalonyl-CoA to succinyl-
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CoA by methylmalonyl-CoA mutase (MUT) in mitochondria (135). 

Vitamin B12 deficiency is closely related to folate deficiency and can lead to 

megaloblastic anemia by impairment in the activity of methionine synthase (MTR) 

(109): 5-methyl tetrahydrofolate cannot be converted to one-carbon donors required for 

purine and thymidine synthesis without vitamin B12 as a cofactor, thus interfering with 

DNA synthesis and erythrocyte production (136). Vitamin B12 deficiency is also linked 

to neurological disorders independent of anemia (137). 

Ruoppolo and colleagues performed a 2DGE-MS-based study of lymphocytes 

isolated from methylmalonic acidemia with homocystinuria, cobalamin deficiency type 

C (MMACHC) patients (an inborn error in metabolism marked by inactivity of the 

MMACHC gene product) receiving a standard treatment of hydroxycobalamin, betaine, 

folate, and carnitine. Protein products of ME2, GLUD1, and GPD2, genes involved in 

anaplerosis and redox equivalent shuttling, are up-regulated while variant 2 of protein 

pyruvate kinase muscle isozyme (PKM) and lactate dehydrogenase B (LDHB) are 

down-regulated relative to lymphocytes isolated from healthy control donors (138). In 

a 2DGE-based study of adult rat cerebral spinal fluid, protein abundance shifts are 

reported to peak after several months on a cobalamin deficient diet (modest shifts) or 

after a total gastrectomy (more severe shifts), and return to near control values at later 

time points (139). In a 2DGE-MS-based study, glutathione s-transferase P (GSTP1) 

abundances are diminished and glutathione peroxidase 1 (GPX1) abundances are 

elevated in rat pup kidneys under maternal vitamin B12 deficient and maternal folate 

deficient conditions (140); suggesting maternal dietary intake of these vitamins impacts 

offspring kidney redox homeostasis mechanisms. In a similar 2DGE-MS-based study 
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of maternal vitamin B12 deficiency, the same group reports that several dozen rat kidney 

pup proteins revert to control levels upon administration of vitamin B12 at birth. 

Additionally, diminished abundance of beta-oxidation proteins in kidneys of pups born 

to vitamin B12 deficient mothers is accompanied by elevated PPARA (141), a positive 

regulator of fatty acid oxidation, suggesting attempted compensation at the cellular 

level. 

 

Vitamin C 

Vitamin C (ascorbic acid) is absorbed at the brush-border and distributed to cells 

throughout the body by the sodium-dependent plasma membrane solute carriers 

SLC23A1 and SLC23A2 (142). The oxidized form of vitamin C (dehydroascorbate) is 

also transported via plasma membrane glucose transporters SLC2A1, SLC2A3, and 

SLC2A4 (also known as GLUT1, GLUT3, and GLUT4) (143) and reduced intracellularly 

to ascorbic acid by glutathione (144) and the activity of thioredoxin reductases 

(TXNRD1, TXNRD2, or TXNRD3) (145). 

Vitamin C is a cofactor in the function of prolyl and lysyl hydroxylases, which 

consume oxygen and alpha-ketoglutarate to form the hydroxylated amino acid residue 

and succinate (146). The Fe2+ of these enzymes is restored from Fe3+ by oxidation of 

vitamin C (147). In the presence of oxygen, prolyl hydroxylases (EGLN1, EGLN2, 

EGLN3; also known as PHD2, PHD1, PHD3 respectively) hydroxylate the HIF1A 

protein; providing a necessary signal for its degradation and preventing a hypoxic 

response at the cellular level (148). Prolyl and lysyl hydroxylase activities are also 

necessary for post-translational modifications to form functional collagen (149). Lysyl 
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hydroxylases include PLOD1, PLOD2, and PLOD3 (150). Vitamin C serves a nearly 

identical function in reducing Fe3+ as a cofactor for trimethyllysine dioxygenase 

(TMLH), which catalyzes the first reaction in carnitine biosynthesis (151). Carnitine is 

essential for fatty acid catabolism in the mitochondria as only fatty acyl carnitines 

formed via the activity of carnitine palmitoyl transferases CPT1A, CPT1B, and CPT1C 

cross the inner mitochondrial membrane through the solute carrier SLC25A20 (152). 

Vitamin C similarly serves as a cofactor for tyrosine hydroxylase (TH), which catalyzes 

the first reaction in catecholamine (e.g. dopamine, epinephrine, and norepinephrine) 

synthesis (153). Additionally, vitamin C serves and as a general antioxidant (154). 

Vitamin C deficiency leads to the condition known as scurvy with symptoms largely 

attributed to malformed connective tissue due to improperly folded collagen (155). 

In a orbitrap-based study on a pig model of hemorrhagic shock, vitamin C 

administration is reported to impact plasma protein abundances in the complement 

pathway and those in poly-trauma related processes; including the stabilization of 

ADAMTS13 abundance, an important regulator of clot formation (156). An orbitrap-

based study of endoplasmic reticulum enriched fractions of livers in Werner syndrome 

mouse models identifies around a dozen proteins whose abundances are impacted by 

administration of vitamin C (157). A QTOF-based study of zebrafish reports 

upregulation of glutamate dehydrogenase (GLUD1) and downregulation of pyruvate 

kinase muscle isozyme (PKM) upon administration of vitamin C in a vitamin E deficient 

background (158). In a QQQ-based study of human plasma, ascorbic acid concentration 

is reported to be inversely related to vitamin D binding protein (GC) abundance (159). 

2DGE-MS-based studies identify protein abundance regulations in mouse models of 
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sarcoma metastases in the liver (160) and tumor nodules of adenocarcinoma due to 

administration of vitamin C (161). Another 2DGE-MS-based study reports polypeptide 

abundance shifts in hemodialysis patient plasma upon vitamin C supplementation (162). 

 

Vitamin D 

Vitamins D2 and D3 are respectively distinguished by their ergosterol and 

cholesterol backbones (163). Though only vitamin D3 is synthesized in animals, both 

can be converted to active forms. Exposure of 7-dehydrocholesterol (an intermediate in 

cholesterol synthesis) to ultra-violet radiation in the skin and subsequent isomerization 

produces cholecalciferol (vitamin D3, Figure 2.1) (164). Whether 7-dehydrocholesterol 

is derived from cholesterol via activity of 7-dehydrocholesterol reductase (DHCR7) or 

synthesized de novo in the skin is disputed (165). 7-dehydrocholesterol is successively 

hydroxylated by activity of cytochrome p450 enzymes (e.g. CYP2R1 and CYP27B1) in 

the liver and kidney to its active 1,25-(OH)2 cholecalciferol [1,25(OH)2D3] form (166). 

Transport of vitamin D and its metabolites occurs bound to vitamin D binding protein 

(GC) (167). Ergocalciferol is the vitamin D2 equivalent of cholecalciferol and is 

activated analogously (168). 

1,25(OH)2D3 influences cellular function via nuclear receptor-dependent and 

nuclear receptor-independent mechanisms. The former involves 1,25(OH)2D3-bound 

vitamin D receptor (VDR) forming a heterodimer complex with a retinoid X receptor 

(RXRA, RXRB, RXRG) and subsequently binding vitamin D response elements 

regulating transcription of genes largely involved modulating calcium and phosphorous 

transport (169) and maintaining homeostasis by regulating their absorption in the 
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kidneys, intestines, and bones (170, 171). The rapid-onset extracellular impacts (nuclear 

receptor-independent) of 1,25(OH)2D3 are mediated by a membrane-associated rapid 

response steroid binding protein, identified as PDIA3 (172), and diversely impact cell 

growth, survival, and immune response (173). 

Deficiency in vitamin D impairs bone mineralization causing rickets in 

infants/children and osteomalacia in adults (174). Vitamin D deficiency is also linked 

to cardiovascular diseases (175, 176), cancer (177, 178), neurological impairments (179, 

180) and autoimmune diseases (181, 182); though underlying mechanisms are not 

completely understood. 

In an orbitrap-based study of mouse fetal and postnatal lung tissue, maternal vitamin 

D deficiency is reflected in total proteome adaptations which are unexpectedly strongest 

at postnatal day 7 opposed to fetal time points. Impacted proteins include several 

associated with lung development (183). An orbitrap-based study of a mouse brain 

tissue model of remyelination in multiple sclerosis reports calcium binding protein 

abundances to be upregulated upon treatment with 1,25(OH)2D3, consistent with the 

vitamin's regulatory role over calcium absorption (184). In an orbitrap-based study of 

serum from overweight adults, vitamin D deficiency is reported to differentially affect 

abundances of proteins related to blood coagulation in males and females. However, 

abundances of these proteins are likely impacted by the production of serum from whole 

blood. The authors report quantifying 1,841 proteins (Table 2.1); an impressive 

analytical depth for serum (185). In a 2DGE-based study, vitamin D deficient children 

are reported to have diminished serum abundances of adiponectin (ADIPOQ) (186). In 

a separate 2DGE-based study, the same group reports fetuin-b (FETUB) to be elevated 
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in the plasma of obese vitamin D deficient children compared with their vitamin D 

sufficient counterparts (187). However the authors do not directly identify FETUB and 

rely on comparison of their findings to those of another study (188). Two 2DGE-MS-

based studies, of rat left ventricular and aortic tissue, identify proteins whose 

abundances respond upon inducing arterial calcification or atherosclerosis by co-

administration of vitamin D3 with nicotine or a high cholesterol diet respectively (189, 

190). Two studies (2DGE-MS and 2DGE-based respectively) examine the impacts of 

vitamin D deficiency on the rat brain proteome. The former reports the progeny of 

vitamin D deficient mothers to have diminished abundances of ATP synthase β (ATPB) 

and enolase 2 (ENO2) in both the cortex and hippocampus, and diminished calmodulin 

(CALM1) in the hippocampus amongst a variety of other regulated proteins (191). The 

latter finds low vitamin D diets to be accompanied by diminished cortical abundances 

of three glycolytic enzymes: triose phosphate isomerase (TPI1); phosphofructokinase, 

platelet (PFKP); and pyruvate kinase, muscle (PKM) (192). 
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Table 2.1. Summary of Key Findings 

Vitamin Key Findings 

Vitamin A 

Creation of a model of craniofacial disorders induced by prenatal 
retinoic acid exposure is reported to impact protein abundances 
whose functions are associated with neural crest processes (30). 
Plasma carotenoids abundances are reported to be associated with 
plasma proteins of diverse functions in Nepalese children, 
potentiating development of inexpensive assays to predict 
carotenoids deficiency (32). 

Vitamin B1 
Treatment with thiamine is presented as a potential strategy to 
improve kidney function in type 2 diabetic patients (41). Thiamine 
deficiency is reported to impact cognition in rats (42). 

Vitamin B2 Dietary and maternal dietary riboflavin to impact the machineries of 
lipid metabolism and fetal lipid metabolism in ducks (51, 52). 

Vitamin B6 
A rat model of diabetes reports pyridoxamine treatment to impact 
proteins involved in synaptic plasticity in hippocampi and have 
protective effects on long-term memory (91). 

Vitamin B9 
Folate supplementation in women undergoing in vitro fertilization is 
reported to increase abundances of apolipoproteins of high-density 
lipoproteins in monofollicular fluid (120). 

Vitamin B12 
Maternal cobalamin deficiency is reported to impact abundances of 
proteins related to lipid metabolism in the offspring kidneys of rats 
(141).  

Vitamin C 
Treatment with ascorbic acid is reported to impact plasma 
abundances of proteins involved in complement and coagulation 
pathway in a pig model of hemorrhagic shock (156). 

Vitamin D 

Maternal vitamin D deficiency is reported to impact abundances of 
proteins involved in mouse neonatal lung development during 
alveolar development stages without affecting gross lung structure 
(183). Treatment with 1,25(OH)2D3 is reported to increase 
abundances of proteins involved in calcium homeostasis in a mouse 
brain model of remyelination (184). 

Vitamin E 

A quantitative model based on plasma protein abundances is reported 
to predict plasma α-tocopherol status, potentiating the development 
of an inexpensive assay to detect α-tocopherol deficiency (193). A 
mouse model of Alzheimer’s disease reports treatment with the 
tocotrienol-rich fraction of palm oil reduces the abundance of 
amyloid beta A4 protein, the primary component of amyloid plaques, 
in hippocampi (194). 

Vitamin K 
A quantitative model based on five plasma protein abundances is 
reported to predict vitamin K deficiency with moderate accuracy 
(195). 



 39 

Vitamin E 

Members of the vitamin E class of molecules all contain fused phenyl and 

chromanol rings linked to a 16-carbon side-chain (196). Methyl group placement on the 

phenyl ring dictates α, β, γ, and δ designation while side-chain saturation state 

distinguishes tocopherols from tocotrienols (Figure 2.1). Furthermore, all forms of 

vitamin E have three chiral centers resulting in 8 stereoisomers (197). RRR α-tocopherol 

is the most biologically active form, likely due to specificity of α-tocopherol transfer 

protein (TTPA) whose binding is necessary for packaging and transport to tissues from 

the liver (198). α-tocopherol primarily localizes to membranes (i.e. plasma, endoplasmic 

reticulum, and mitochondrial) and functions as an antioxidant for unsaturated, lipid-

bound fatty acids (196). Α-tocopherol also has non-antioxidant signal-transduction 

functions impacting a broad range of cellular activities (199). 

Vitamin E deficiency is rare due to the availability of the vitamin in the diet (200), 

though it may be caused by a genetic defect in α-tocopherol transfer protein (TTPA) and 

diseases associated with fat malabsorption (201, 202). Severe vitamin E deficiency can 

result in hemolytic anemia, neurological disorders, and ataxia (201, 203-205). 

An orbitrap-based study of plasma from undernourished Nepalese children reports 

plasma α-tocopherol concentration to be positively correlated with abundances of a 

number of apolipoproteins (APOs) and negatively correlated with the muscle isozyme 

of the protein pyruvate kinase (PKM). Authors establish a linear model based on a 

handful of protein quantities that accounts for most variance in α-tocopherol plasma 

concentration and suggest an inexpensive, portable, antibody-based methodology can 

be used to assay plasma α-tocopherol abundance in low-income countries (193). An 
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orbitrap-based study of hippocampi, medial prefrontal cortices, and striata tissue in a 

mouse model of Alzheimer's disease reports administration of a tocotrienol-rich fraction 

of palm oil down-regulates hippocampi expression of the amyloid beta A4 protein 

(APP). Amyloid beta A4 is the principle component of amyloid plaques characteristic 

of Alzheimer's disease (194). In a QTOF-based study of rabbit aortae, vitamin E 

supplementation is reported to impact protein abundances including the apolipoprotein, 

APOA1, and several related to oxidation/reduction processes (206). 2DGE-MS-based 

studies also reports vitamin E supplementation to impact apolipoprotein abundances in 

human plasma (207, 208). In a 2DGE-based study of high-density reared rainbow trout 

livers, vitamin E supplementation is reported to regulate the abundances of a handful of 

heat shock and metabolic proteins (209). Finally, a 2DGE-MS-based study reports 

vitamin E supplementation to regulate a number of plasma protein abundance in patients 

harboring prostate tumors (210). 

 

Vitamin K 

Vitamin K compounds all share a common fused benzyl and methyl-

naphthoquinone ring moiety (Figure 2.1). Naturally occurring vitamin K compounds 

include phylloquinone and menaquinones (211). Vitamin K is a necessary cofactor of 

gamma-glutamyl carboxylase (GGCX), an enzyme which catalyzes the carboxylation 

of glutamate protein residues to carboxyglutamate residues (212). This post-

translational modification is necessary for the function of proteins of the coagulation 

cascade (F2, F7, F9, F10), proteins inhibiting coagulation (PROC, PROS1, PROZ), and 

those associated with connective tissue matrix formation (BGLAP, MGP) (213). 
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Newborn infants are among the most at-risk for vitamin K deficiency because they do 

not have adequate stores and milk is not a sufficient source. Thus a phylloquinone 

injection shortly after birth is recommended (214). Elevated risk of hemorrhage is 

associate with vitamin K deficiency (215). 

In an orbitrap-based study of plasma from Nepalese children, authors create a model 

based on five protein abundances which can predict vitamin K deficiency with moderate 

accuracy. Vitamin K status is based on a surrogate measurement of an abundance of an 

abnormal form of prothrombin  (195). 

 

Conclusions 

Proteomic studies have established dietary vitamin status as a regulator of tissue 

protein abundances. The regulatory feedback between vitamin status and protein 

expression is highlighted by findings where the abundances of proteins directly related 

to the vitamin are impacted by systemic intake of that vitamin, including: abundances 

of proteins related to craniofacial development and neural crest processes are impacted 

in an established maternal retinoic acid toxicity-driven model of craniofacial birth 

defects (30), deficiency in their riboflavin cofactor is accompanied by reduced 

abundances of acyl-coenzyme A dehydrogenases and accumulation of the enzymes' 

substrates (51), treatment with the active form of vitamin D is accompanied by increased 

expression of calcium binding proteins (184), and vitamin E supplementation impacts 

proteins related to redox processes (206) (Table 2.1). However, the literature in this field 

is sparse and, in all likelihood, the vast majority of vitamin-status to protein abundance 

relationships are undescribed; especially considering the void in the literature for several 
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vitamins. Moreover, the field has not advanced to explore the mechanisms of these 

regulations, their biological impacts, or their potential to shape clinical interventions. 

Modern proteomic platforms are ever increasing achievable depth, where analysis of 

whole mammalian tissue (216-220) or plasma (221, 222) routinely results in 10,000 or 

1,500 unique proteins quantified per sample respectively. Furthermore, advances 

continue in capacity to detect post-translational modifications (223, 224), determine 

compartmental localization (225), and apply findings in clinical settings (226). In a 

golden age of proteomic technological advances, studies of vitamin intake have not kept 

pace. Of those using orbitrap, QTOF, or triple-TOF systems, many fall short of the 

cutting edge of analytical depth (Table 2.2); whereas most studies have relied on 

antiquated 2DGE-MS platforms. Outdated platforms rendering fewer quantified 

proteins are likely contributors to clustering (227) or enrichment analysis techniques 

(228-234) not being widely employed. These high-throughput methods of data analysis 

provide systems-level stratification of proteome-wide adaptations and can guide 

targeted inquiries. As the study of precision nutrition advances in an era of big data, 

fundamental questions of nutrient-protein interactions will be at the forefront of 

understanding molecular mechanisms of nutrient and substrate processing. Where the 

sparsity of the literature leaves fundamental questions unanswered, opportunity for 

rapid advancement lies with application of cutting-edge technologies in well-designed 

and executed studies. 
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Figure 2.3. Schematic of Vitamin Involvement in Reactions of Central Carbon 

Metabolism. Abbreviations defined in the list of abbreviations section. I, II, III, and V 

refer to electron transport chain complex numbers. 
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Table 2.2. Summary of Technical Depth of Orbitrap-, QTOF-, and Triple-TOF-

based Studies.  

Study Year Platform Tissue # Proteins 
Identified # Samples 

(30) 2018 Orbitrap mouse 
embryo heads 

group 1: 313 total 
group 2: 372 total 2 groups 

(31) 2018 Triple-TOF gerbil plasma 109 total 30 
(32, 193, 

195) 2015 Orbitrap human plasma 4,705 total 
589/set 

72 iTRAQ 
sets 

(42) 2018 QTOF rat thalami 1,440 total 6 x 3 tech. 
reps. 

(51) 2017 QTOF duck livers 1,749 total 3 iTRAQ 
sets 

(52) 2019 QTOF fetal duck 
livers 3,801 total 1 iTRAQ 

set 

(91) 2019 Triple-TOF rat 
hippocampi 4,807 total 2 iTRAQ 

sets 

(120) 2015 Orbitrap human 
follicular fluid 227 total 1 TMT set 

(121) 2014 QTOF mouse 
intestine 2,039 total 10 

(156) 2019 Orbitrap pig plasma 534 total 45 

(157) 2018 Orbitrap mouse liver 
fraction 4,058 total 9 

(158) 2014 QTOF zebrafish 2,956 total 19 

(183) 2016 Orbitrap mouse lung 1,160 total, 
240 common to all 34 

(184) 2018 Orbitrap mouse brain 5,062 total 1 TMT set 

(185) 2016 Orbitrap human serum 1,841 total 1 iTRAQ 
set 

(194) 2019 Orbitrap mouse brain 
tissues 

group 1: 5,847 total 
group 2: 6,047 total 

2 groups of 
6 

(206) 2013 QTOF rabbit aortae 100 total 24 x 3 tech. 
reps. 

A protein only needs to be identified in one sample to contribute to the total number of 

unique proteins (indicated as "total" below), thus the total is typically larger in studies 

with greater sample numbers. An iTRAQ or TMT set is a pool of samples that are run 

on the LC-MS/MS concurrently. Because the samples in a set are all analyzed 
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simultaneously, a set's contribution to the total number of unique proteins is similar to 

that of a single sample. 
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Abstract 

Stable-isotope tracing is a method to measure intracellular metabolic pathway 

utilization by feeding a cellular system a stable-isotope-labeled tracer nutrient. The 

power of the method to resolve differential pathway utilization is derived from the 

enrichment of metabolites in heavy isotopes that are synthesized from the tracer 

nutrient. However, the readout is complicated by the presence of naturally occurring 

heavy isotopes that are not derived from the tracer nutrient. Herein we present an 

algorithm, and a tool that applies it (PolyMID-Correct, part of the PolyMID software 

package), to computationally remove the influence of naturally occurring heavy 

isotopes. The algorithm is applicable to stable-isotope tracing data collected on low- 

and high- mass resolution mass spectrometers. PolyMID-Correct, part of the PolyMID 

software package, is open source and available under an MIT license. 

 

Introduction 

Utilization of intracellular metabolic pathways can be assayed by tracing with 

stable-isotope-labeled nutrients. Cells cultured in medium containing a stable-isotope-

labeled nutrient, i.e. a tracer, internalize and metabolize it; allowing the heavy isotope(s) 

to be incorporated in metabolic pathway reactants, products, and intermediates. Heavy 

isotope presence in metabolites can then be assayed by mass spectrometry and used to 

infer pathway utilization by quantitative modelling using metabolic flux analysis (MFA) 

or manual inspection of mass isotopologue distributions (MIDs, Figures 3.1A-B).  
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Figure 3.1. Principles of Stable-Isotope Tracing. A) Isotopes of an element are atoms of 
that element with different masses due to the number of neutrons they contain. Each element 
has a characteristic isotope mass distribution (IMD) describing the proportion of the atoms having 
the nominal mass (m) and those greater than nominal mass by n integer atomic mass units (m+n). 
Mass isotopologues of a compound are molecules of that compound with different masses due 
to the number of heavy isotopes they contain. Each compound has a mass isotopologue 
distribution (MID) describing the proportion of molecules having the monoisotopic mass (m) and 
those greater than the monoisotopic mass by n integer atomic mass units (m+n). Molecules of 
mass m have no extra neutrons due to heavy isotope incorporation while those of mass m+n have 
n extra neutrons due to heavy isotope incorporation. B) Schematic of possible TCA cycle 
metabolite labeling patterns due to incorporation of 13C from a [U-13C5]glutamine tracer. 
 

If data is incorporated into an MFA model, it is done as either time-course or static 

(steady-state) measurements where the set of metabolic fluxes that minimizes the sum 

of squared differences between model-computed and measured values is returned. 

However, MFA models are generally constructed taking great liberties in making 

simplifying assumptions of biochemical networks; limiting their representation of 

cellular metabolism. Thus, manual interpretation is generally performed in lieu of the 

burdensome step of fitting an MFA model to measured MIDs. 

As an illustration of flux inference by manual inspection, consider a glutamine tracer 

with all five carbons labeled as 13C, denoted [U-13C5]glutamine, that is metabolized by 

enzymes of the tricarboxylic acid (TCA) cycle and associated anaplerotic pathways. 
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Examination of label incorporation on citrate can then distinguish relative utilization of 

the oxidative tricarboxylic acid (TCA) cycle, reductive carboxylation, and 

glutaminolysis. If via the oxidative TCA cycle, [U-13C5]glutamine will label citrate with 

four heavy carbon atoms; if via the reductive carboxylation, [U-13C5]glutamine will 

label citrate with five heavy carbon atoms; and if via glutaminolysis, [U-13C5]glutamine 

will label citrate with six heavy carbon atoms (Figure 3.1B). 

However, inference of pathway utilization by manual inspection of metabolite MIDs 

is confounded by incorporation of naturally occurring heavy isotopes. Posed as a 

question related to the above described example using a [U-13C5]glutamine tracer: How 

does the researcher know if citrate with five heavy isotopes derives them all from the 

tracer or derives four from the tracer and one due to incorporation of naturally present 

13C, 2H, or 17O? Whether synthesis of the citrate molecule in question is attributed to 

oxidative TCA cycle flux or reductive carboxylation is dependent on distinguishing 

these two scenarios (Figure 3.1B). Note that [U-13C5]glutamine labeling citrate with five 

heavy carbon atoms via simultaneous flux through glutaminolysis and pyruvate 

carboxylase is not considered in this example for simplicity. 

This and analogous questions can be answered by post-processing of measured mass 

isotopologue distributions in a manner that removes the influence of naturally occurring 

heavy isotopes. Herein, we present the PolyMID-Correct tool, part of the PolyMID 

software package, that relies on known distributions of naturally occurring atomic 

isotopes (1) and applies the principles of polynomial expansion to correct stable-isotope 

tracing data for the presence of naturally occurring heavy isotopes.  

PolyMID-Correct is open source and written in Python 3. Information about the 
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metabolite, including its measured MID, is passed to this tool within a user-created text 

file or via the command line. The user can specify whether mass differences due to 

naturally occurring isotopes of specified atoms are resolved from mass differences due 

to the tracer atom, i.e. if the data is high mass resolution; or if MIDs are inclusive of all 

heavy isotopes, i.e. if the data is low mass resolution (henceforth referred to as high- 

and low- resolution). The identity of the tracer atom is also specified by the user along 

with the purity of the tracer molecule and the atom enrichment of the heavy-isotope 

label on the tracer. 

Other programs that are freely available to correct for naturally occurring isotopes 

in high- and low- resolution data include AccuCor (1), IsoCor (2), IsoCorrectoR (3), 

and PyNAC (4). However, PolyMID-Correct is the only of these that allows users to 

specify input parameters programmatically; allowing for smooth integration into data 

processing pipelines. PolyMID-Correct is also the only option that allows users to 

specify the elemental identity of atoms whose heavy isotope incorporation into 

metabolites is resolved from incorporation of heavy isotopes of the tracer element. 

AccuCor and IsoCor make this distinction based on the user-input instrument resolution 

whereas IsoCorrectoR and PyNAC either allow all or no other elemental heavy isotopes 

to be distinguished from the tracer atoms. PolyMID-Correct also includes the option for 

data to be input from a single, simply-formatted, text file; providing a shallower learning 

curve for command-line novices. PolyMID-Correct, IsoCor, and PyNAC are 

implemented in Python whereas AccuCor and IsoCorrectoR are implemented in R. 
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Results 

General Correction Algorithm 

PolyMID-Correct transforms a measured MID of a metabolite into a set of 

component MIDs. Each component MID is a theoretical MID of the metabolite where 

a known number of heavy tracer atoms are incorporated. Consider a [U-13C6]glucose 

tracing experiment where 13C incorporation on the amino acid serine is being 

examined. Theoretically, serine can be labeled with zero, one, two, or three heavy 

carbon atoms from [U-13C6]glucose. The portion of serine molecules containing zero 

13C atoms derived from [U-13C6]glucose will have an MID consistent with naturally 

occurring isotope incorporation. The portion of serine containing one 13C atom 

derived from [U-13C6]glucose will also have an MID consistent with naturally 

occurring isotope incorporation with the exception that one of the carbon atoms is 

guaranteed to be labeled as 13C. Analogously, the portions of serine containing two or 

three 13C atom derived from [U-13C6]glucose will have MIDs consistent with naturally 

occurring isotope incorporation with the exceptions that, respectively, two or three of 

the carbon atoms are guaranteed to be labeled as 13C. The MIDs accounting for natural 

isotope incorporation of serine guaranteed to contain zero, one, two, or three 13C atoms 

derived from [U-13C6]glucose can be computed theoretically, as described in a 

subsequent section. Thus, the measured MID of serine can be formulated as Equation 

1 where the weights of each of the component vectors are the components of the 

corrected MID. 
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(Eq. 1) 

 

where 𝑆 indicates an MID component of serine, the subscript 𝑚 indicates a measured 

value, the subscript 𝑐 indicates a value corrected for incorporation of naturally 

occurring isotopes, the subscript 𝐿 (for labeled) preceded by a number indicates a 

molecule of serine guaranteed to have that number of labeled carbon atoms, and the 

subscript 𝑀 followed by a number indicates the MID component corresponds to that 

number of atomic mass units above the monoisotopic mass of serine. As examples; 

𝑆!,#$ is the measured MID component of serine that is zero atomic mass units above 

the monoisotopic mass, 𝑆%+,#& is the theoretical MID component two atomic mass 

units above the monoisotopic mass of a serine molecule guaranteed to have one carbon 

derived from [U-13C6]glucose, and 𝑆*,#% is the corrected MID component of serine 

that is one atomic mass unit above the monoisotopic mass. 

Equation 1 can be rewritten as Equation 2 because the multiplication of a matrix 

by a column vector is equivalent to weighting the columns of the matrix by the 

components of the vector (5). 
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This elegant formulation, proposed by Brunengraber and colleagues (6), collects 

the corrected MID components as a vector and maps it to the measured MID by 

multiplication of what is termed a correction matrix. Equation 2 is written in succinct 

matrix form as Equation 3. 

𝑆! = 𝐶𝑀 ∗ 𝑆*                (Eq. 3) 

where 𝑆! is the measured MID of serine, 𝐶𝑀 is the correction matrix for serine in a 

13C tracing experiment, and 𝑆* is the MID of serine corrected for abundances of 

naturally occurring isotopes. Thus, the MID corrected for abundances of naturally 

occurring isotopes is given by Equation 4. 

𝑆* = 𝐶𝑀
	-
∗ 𝑆!                    (Eq. 4) 

where 𝐶𝑀
	-

is the Moore-Penrose inverse of the correction matrix. The above example 

is worked through for a 13C tracer and serine. However, it can be generalized to any 

tracer and metabolite by formation of analogous component vectors in Equation 1. 

PolyMID-Correct does not allow the corrected MID to have more components than 

physically possible, e.g. 𝑆* can only have four components in a carbon-tracing 

experiment because serine only has three carbon atoms. However, 𝑆! may have more 

than four components due to naturally occurring heavy isotopes of other atoms or 

those on derivatization reagents. This leads to situations where the correction matrix 
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is not square and Equation 4 is overdetermined. Thus, Equation 4 yields a best fit for 

𝑆* with associated residuals. 

 

The Correction Matrix 

As determined in the previous section, the component vectors of Equation 1 are the 

columns of the correction matrix. Herein, the algorithm developed for and applied by 

PolyMID-Correct to compute the columns of the correction matrix is presented. In 

contrast to earlier efforts (7, 8), it considers the impacts on the computation of columns 

in the correction matrix of substituting tracer atoms for naturally occurring atoms in 

the chemical formulas of the molecules represented by those columns. 

Each component vector in Equation 1 is an MID of serine, where serine is 

guaranteed to contain a specified number of 13C atoms from [U-13C6]glucose. The first 

component vector corresponds to serine with zero 13C atoms derived from the tracer, 

the second component vector corresponds to serine with one 13C atom derived from 

[U-13C6]glucose, and so on. If the MID of an intact and unmodified serine has been 

measured, its chemical formula is: C3H7NO3. Each carbon on serine is capable of 

being labeled as 13C from the tracer. The first component vector has no 13C atoms 

derived from the tracer, so it is simply the MID of serine found in nature. The 

components of this vector can be computed from the isotope mass distributions 

(IMDs) of each atom (1), specified as Equation 5. Note the distinction between an 

IMD and an MID as illustrated in Figure 3.1A. 

𝐼𝑀𝐷. = [𝐶#$ 𝐶#% 𝐶#&] 

𝐼𝑀𝐷/ = [𝐻#$ 𝐻#% 𝐻#&]              (Eq. 5) 
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𝐼𝑀𝐷0 = [𝑁#$ 𝑁#% 𝑁#&]                                                                             

𝐼𝑀𝐷1 = [𝑂#$ 𝑂#% 𝑂#&] 

where 𝐶, 𝐻, 𝑁, and 𝑂 represent the elements for which they are chemical symbols. 

The subscript 𝑀 followed by a number indicates the relative abundance of an isotope 

that is that number of atomic mass units heavier than the nominal mass. These values 

are known constants. To compute the MID of serine (C3H7NO3), the IMDs of the 

atoms are multiplied together as if they were polynomials (9) as in Equation 6. 

𝑀𝐼𝐷.'/201' = 𝐼𝑀𝐷.' ∗ 𝐼𝑀𝐷/2 ∗ 𝐼𝑀𝐷0 ∗ 𝐼𝑀𝐷1'            (Eq.6) 

𝑀𝐼𝐷.'/201' =

[𝐶#$ 𝐶#% 𝐶#&]'[𝐻#$ 𝐻#% 𝐻#&]2[𝑁#$ 𝑁#% 𝑁#&][𝑂#$ 𝑂#% 𝑂#&]' 

Terms that have the same collective mass are grouped as illustrated for a simple 

example molecule, C2, in Equation 7. 

𝑀𝐼𝐷.& = 𝐼𝑀𝐷.& 

𝑀𝐼𝐷.& = [𝐶#$ 𝐶#% 𝐶#&] ∗ [𝐶#$ 𝐶#% 𝐶#&]                       (Eq. 7) 

𝑀𝐼𝐷.& = [𝐶#$𝐶#$ 2𝐶#$𝐶#% (2𝐶#$𝐶#& + 𝐶#%𝐶#%) 2𝐶#%𝐶#& 𝐶#&𝐶#&] 

 

The second column of the correction matrix in Equation 2 is the MID of a serine 

molecule as it is found in nature, but with one carbon replaced by a labeled carbon 

atom derived from the tracer, CL. Thus, the second column of the correction matrix is 

the MID of the molecule CLC2H7NO3, where the IMD of CL is considered to be 100% 

enriched for isotopes one atomic mass unit above the nominal mass, as per the 

definition of a labeled carbon atom. 

𝐼𝑀𝐷.! = [𝐶+,#$ 𝐶+,#% 𝐶+,#&]                          (Eq.8)          



 75 

𝐼𝑀𝐷.! = [0 1 0] 

where 𝐼𝑀𝐷.! is the isotope mass distribution of a labeled carbon atom and 𝐶+,#$ is 

the component of 𝐼𝑀𝐷.! corresponding to 0 atomic mass units above the nominal 

mass of carbon (as indicated by the subscript 𝑀0). 

Values within the remaining columns of the correction matrix are computed 

analogously, thus providing all information required to apply Equation 4 to correct for 

incorporation of naturally occurring heavy isotopes in a serine MID as measured in a 

13C tracing experiment. This algorithm can be generalized to compute the correction 

matrix corresponding to any metabolite-tracer combination. For larger metabolites 

with tens of atoms that can acquire label from the tracer, such as lipids in a carbon 

tracing experiment, many expansions of long polynomials must be performed to 

compute the columns of the correction matrix; thus PolyMID-Correct may require a 

few minutes to compute their corrected MIDs. 

 

High Resolution Data 

The distinction between high- and low- resolution mass spectrometer data in 

stable-isotope tracing is whether the mass differences due to incorporation of heavy 

isotopes of tracer element can be distinguished from incorporation of those of other 

elements. This is illustrated in the mass spectrographs displayed in Figures 3.2A-B for 

a molecule of tryptophan. The spectrograph in Figure 3.2A is collected from a high-

resolution Orbitrap instrument capable of resolving mass differences due to 

incorporation of heavy isotopes of carbon, nitrogen, oxygen, and hydrogen. The data 

in Figure 3.2B is a representation of the same data as it would be measured on a low-
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resolution instrument, i.e. one that is not capable of resolving mass differences due to 

incorporation of a heavy isotope of carbon from that of any other heavy isotope. 

PolyMID-Correct considers high resolution measurements by setting the IMD for 

elements whose isotope mass differences are resolved from those of the tracer element 

to be 100% nominal mass. The measured and corrected high- and low- resolution 

MIDs of tryptophan are displayed in Figure 3.2C. The m+0 term (i.e. the term 

corresponding to zero atomic mass units above monoisotopic mass) is near unity when 

measured MID of tryptophan is corrected for abundances of naturally occurring heavy 

isotopes because it was extracted from a sample not exposed to a stable-isotope tracer. 

High-resolution data is entered as the relative areas of peaks due to incorporation of 

heavy isotopes of atoms of the same element as the tracer. Thus, for tryptophan in a 

carbon tracing experiment, the m+0 term would be the relative peak area 

corresponding to monoisotopic tryptophan (with no heavy isotopes of any atoms), the 

m+1 term would be the relative peak area corresponding to tryptophan with one 13C 

atom, the m+2 term would be the relative peak area corresponding to tryptophan with 

two 13C atoms, and so on. Peak areas would be relative to the sum of the m+0 peak 

and all peaks of tryptophan corresponding to incorporation of one or more 13C atoms. 
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Figure 3.2. Correction of High- and Low-Resolution Data. A) High-resolution mass 
spectrograph of protonated tryptophan. B) Low-resolution representation of the same 
mass spectrograph of protonated tryptophan. C) PolyMID correction of tryptophan 
MIDs for naturally-occurring isotope abundances in a 13C tracer experiment. 
Abbreviations: meas: measured, corr: corrected. 
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labeled atom positions (Figures 3.3). Consider an experiment performed with [U-

13C6]glucose where it is 50% pure with an atom enrichment of 95%. After correcting 

the MID of serine for natural isotopic abundances, the labeling on serine can be 

interpreted as carbon atoms derived from labeled atoms of the tracer, i.e. 50% [U-

13C6]glucose with 95% atom enrichment. However, after subsequent correction for 

tracer purity and enrichment, the labeling on serine can be interpreted as carbon atoms 

derived from glucose; a much more physiologically relevant readout. PolyMID-

Correct removes the influences of tracer impurity and less than unity atom enrichment 

by adjusting the IMD of the labeled element as in Equation 9. 

𝐼𝑀𝐷3! = 𝑃 ∗ 𝐸 ∗ [0 1 0	. . .] + (1 − 𝑃 ∗ 𝐸) ∗ 𝐼𝑀𝐷3           (Eq. 9 

where 𝑃 is the purity of the tracer, 𝐸 is the label-atom enrichment of the tracer, 𝐼𝑀𝐷3! 

is the isotope mass distribution of the labeled element, and 𝐼𝑀𝐷3 is the isotope mass 

distribution of the element as it is found in nature. In other words, the IMD of the 

labeled element has a component that is 100% labeled and a component with that 

element's naturally occurring IMD. 

 

Figure 3.3. Illustrations of Tracer Enrichment and Label Enrichment. [U-
13C6]glucose tracer enrichment is 50% and 13C label enrichment is 95%. 
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Methods 

PolyMID Availability and Installation 

PolyMID is free open source software available under the MIT license. Source 

code is available at http://VacantiLab.github.com/PolyMID. PolyMID runs on Python 

3 and is operating system independent. Python 3 is required to install and run 

PolyMID. To determine if Python 3 is installed, type the following command in the 

Terminal (MacOS and Linux) or Cmd (Windows) window: 

python3 --version 

If a version of Python 3 is listed, then Python 3 is installed. If not, then Python 3 

must be installed prior to continuing. With Python 3 installed, use the following 

command in the Terminal or Cmd window to install PolyMID: 

pip install PolyMID 

Running PolyMID-Correct 

Inputs from a Text File 

The following provides instructions to perform the correction of a measured 

MID of tryptophan (Figure 3.2) for naturally occurring heavy isotope abundances. 

In a plain text editor, create a .txt file having the following format: 

FragmentName: TryptophanProtonated 

FragmentFormula: C11H13N2O2 

CanAcquireLabel: C11H13N2O2 

MIDm: 0.88885 0.106829 0.004322 

LabeledElement: C 

TracerEnrichment: 1 
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LabelEnrichment: 1 

HighRes: N O H 

FragmentName and FragmentFormula specify the name and formula of the 

metabolite fragment. For analyses on LCMS systems using electrospray ionization, 

the fragment will generally be the whole metabolite. For analyses on GCMS systems 

using electron ionization, the fragment will generally be a portion of the derivatized 

form of the whole metabolite. The value, CanAcquireLabel, specifies which atoms 

of the fragment can possibly acquire label from the tracer. Only the atoms that are 

of the same element as the tracer are considered. If the fragment formula is identical 

to the metabolite formula, then this input could be the same as the input 

FragmentFormula. However, in cases where the fragment is a derivatized version 

of the metabolite, atoms of the derivatizing agent cannot acquire label from the 

tracer and should be excluded from this input. The value, MIDm, is the mass 

isotopologue distribution of the metabolite fragment as it is measured. The value, 

LabeledElement, is the chemical symbol of the heavy isotope-labeled element on 

the tracer molecule. The value, TracerEnrichment, is the percent of the chemical 

species of the tracer molecule that is labeled. The value, LabelEnrichment, is the 

fraction of atoms in labeled positions on the tracer that are labeled as heavy isotopes. 

Finally, HighRes is a series of element chemical symbols, separated by spaces, 

whose mass shifts due to incorporation of heavy isotopes are distinguished from 

those of the labeled element. HighRes can also take on values of all or none to 

indicate mass shifts due to incorporation of heavy isotopes of all or no chemical 

species, respectively, can be distinguished from those of the labeled element. 
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Open the Terminal (MacOS or Linux) or Cmd (Windows) window and type the 

command, Python3, to start the Python3 interpreter. The Python3 interpreter should 

now be running in the Terminal or Cmd window. Type the command, Import 

PolyMID, to load the PolyMID software. PolyMID-Correct is part of the PolyMID 

software package. To run Poly-MID-Correct, type the command, Output = 

PolyMID.Correct(). A window accessing the operating system's directories will 

open. Navigate and select the text file specifying the input values as formatted 

according to instructions in the previous section. The program will run and print the 

corrected MID and associated sum of squared residuals when finished. The 

corrected MID and sum of squared residuals can also be accessed with the 

commands Output.MIDc and Output.SSE. 

Inputs from the Command Line 

The ability to define all inputs and call PolyMID-Correct directly from the 

command line allows it to be integrated into data processing workflows. The 

following provides instructions to perform the correction of a measured MID of 

tryptophan (Figure 3.2) for naturally occurring heavy isotope abundances. Open the 

Terminal (MacOS or Linux) or Cmd (Windows) window and type the command, 

Python3, to start the Python3 interpreter. The Python3 interpreter should now be 

running in the Terminal or Cmd window. Type the command, Import PolyMID, to 

load the PolyMID software. To implement the same correction for naturally 

occurring heavy isotopes as performed above, first define the following variables: 

>>> FragmentName = 'TryptophanProtonated' 

>>> FragmentFormula = 'C11H13N2O2' 
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>>> CanAcquireLabel = 'C11H13N2O2' 

>>> MIDm = [0.88885, 0.106829, 0.004322] 

>>> LabeledElement = 'C' 

>>> TracerEnrichment = 1 

>>> LabelEnrichment = 1 

>>> HighRes = ['N', 'O', 'H'] 

Next, curate the variables into a single "Fragment" object, Input: 

>>> Input = PolyMID.Fragment(FragmentName, FragmentFormula, 

CanAcquireLabel, MIDm, LabeledElement, 

TracerEnrichment, LabelEnrichment, HighRes) 

Finally, run PolyMID-Correct passing it the Input variable: 

>>> Output = PolyMID.Correct(Input) 

The program will run and print the corrected MID and associated sum of squared 

residuals when finished. The corrected MID and sum of squared residuals can also 

be accessed with the commands Output.MIDc and Output.SSE. 

 

Discussion 

Interpretation of labeling patterns from stable-isotope tracing experiments is widely 

applied and dependent on accounting for the influence of naturally-occurring heavy 

isotopes. Investigating flux through metabolic pathways is used to probe complex 

mechanisms in eukaryotic systems, including: compartmental regulation of cellular 

metabolism (10, 11), stress-induced adaptations of tumor cells (12), nutrient selection 

for biosynthesis (13, 14), and the maintenance of stem cell pluripotency (15, 16). It is 
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also used in the process of optimizing micro-organisms to produce desirable industrial 

products (17) and to investigate the function of the human microbiome (18).  

Furthermore, a push towards understanding biology on a genome-wide level lends 

towards combining systems analyses of metabolic function, i.e. stable-isotope tracing 

measurements, with high-throughput molecular measurements. We focus on 

measurements of the proteome because that is where our expertise lies and proteins are 

a major purveyor of gene function. The sharpening of quantitative resolution of 

proteomics can now link unbiased and unsupervised groupings similar tissue samples 

based on proteome profiles to distinct metabolic phenotypes (19) and the ever-

increasing sensitivity of detecting protein phosphorylation provides troves of data 

linking cell signaling cascades to treatments or stresses impacting metabolism (20-23). 

Thus clean interpretations, less the influence of natural isotopic abundances, of label 

incorporation from stable-isotope tracing-based measurements will be indispensable 

when systems analyses of genome-wide molecular measurements (24) are applied to 

advance understanding of the interplay between gene function and nutrient metabolism 

(25, 26). PolyMID-Correct, with options for single text-file inputs or a full command-

line interface, is well-suited for manual operation of multiple software components, or 

full integration into computational pipelines analyzing multiple levels of systems 

measurements. 
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Abstract 

Altered cellular metabolism is a well-established trait of cancer. The current work 

establishes alterations in metabolic adaptations as defining traits of heterogenous 

metastatic potential. When challenged with inhibition of oxidative phosphorylation 

(OXPHOS) or loss of anchorage, breast cancer cells have individual metabolic, 

proliferative, and proteomic response profiles. Parallel application of stable-isotope 

tracing and high-throughput proteomics reveals functional relationships between 

metabolic flux alterations and protein expression. While some relationships are 

expected, such as abundances of electron transport chain proteins correlating with the 

flux response through pyruvate dehydrogenase; others are not so obvious, such as the 

link between glucose anaplerosis and cell cycle regulation. Protein network and 

metabolic flux responses are found to be additive in inhibited OXPHOS and loss of 

anchorage, and contribute to driving cells to a metastatic phenotype. Furthermore, in 

situ and in silico measurements of metabolic fluxes by application of stable-isotope 

tracing and metabolic flux analysis were necessary to observe the described regulatory 

mechanisms, as metabolic enzyme abundances are found not to correlate with their 

activities.  Finally, the study of glucose anaplerosis required shortcomings in established 

methods to be addressed. Thus, the current work commences with the development of 

a robust metabolic flux analysis model to measure pyruvate carboxylase activity in situ. 

 

Introduction 

The tricarboxylic acid (TCA) cycle provides building blocks for synthesis of lipids, 

amino acids, and nucleotides, and generates reducing equivalents for oxidative 
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phosphorylation (OXPHOS) and ATP synthesis (1). When TCA cycle intermediates are 

utilized as precursors for macromolecule synthesis, they are replenished by a process 

termed anaplerosis; which is necessary to keep the TCA cycle active and maintain its 

biosynthetic and energetic functions (2). Glucose provides substrate for a predominant 

anaplerotic pathway involving the activity of pyruvate carboxylase (PC); yielding the 

TCA cycle intermediate, oxaloacetate (2). PC-mediated anaplerosis has been 

extensively studied as a metabolic regulator in diabetes (3, 4), liver metabolism (5), 

tumorigeneses (6, 7), and metastases (8-10). Elevated PC expression or its activity is 

implicated as a mechanism promoting breast tumor cell proliferation (11) and metastasis 

(11-13), distinguishes breast tumor subtypes (11, 14, 15), and is reported as a marker 

for poorer patient prognosis (12). Collectively, the above-mentioned findings from 

clinical, in vivo, and in vitro studies highlight the importance of PC-mediated 

anaplerosis in the metabolism of breast tumor cells. Thus, the current work examines 

the intracellular activity of PC in breast tumor cell lines. 

Herein, inaccuracies in established methods to measure intracellular PC flux are 

exposed and a novel method based on metabolic flux analysis (16) (MFA) of [U-

13C6]glucose tracing data is presented. Performance of the MFA-based method is 

evaluated in breast cancer cell lines that are exposed to small molecules targeting 

metabolism. Across conditions and cell lines, the MFA-based approach yields results 

nearest to an accepted gold-standard methodology, using [3-13C]glucose (17, 18), or 

even exposes the gold standard’s limitations. The MFA-based method does not require 

a separate experiment with a more costly and generally less informative metabolic 

tracer, [3-13C]glucose, and in some cases, outperforms its application. Thus, the MFA-
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based approach may be widely applicable to data collected from [U-13C6]glucose tracing 

experiments in any cell culture system. 

The finding that breast cancer cell lines have different PC-flux responses to inhibited 

OXPHOS and glutaminase activity indicates a heterogeneity in breast tumor metabolic 

regulation. Exploration of this heterogeneity at the proteome level reveals metabolic 

flux responses are coordinated with protein expression adaptation programs linked to 

cellular functions, either directly, or via seemingly more distant connections. For 

instance, in response to inhibited OXPHOS, OXPHOS protein and the upstream 

pyruvate dehydrogenase (PDH) complex’s flux alterations correlate. Conversely, 

elevated reductive carboxylation is correlated with upregulated expression of the 

distally related RNA polymerase complex.  The direct and indirect functional 

relationships between metabolic activity and protein expression underscore a need to 

study relationships between tumor metabolism and cellular regulatory mechanisms as 

interacting networks. Furthermore, widely applied inferences of metabolic activities by 

enzyme expression (19) are limited as in situ measurements of enzyme activity are not 

found to be correlated with their abundances; highlighting the necessity of metabolic 

flux measurements by stable isotope tracing and MFA. 

Considering the metastatic process involves inhibited OXPHOS, through limited 

access to oxygen, and lost cellular anchorage (20), herein, the metabolic and proteomic 

network adaptations to metastasis are considered as the sum of responses to the 

individual processes. Indeed, findings indicate that heterogenous responses in PC 

activity to individual application of inhibited OXPHOS and lost anchorage sum to a 

homogenous response in the metastatic process, and subsequently, simultaneous 
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application of the stresses can drive a cell line toward a metastatic phenotype. 

 

Results 

Implementation of an MFA model corrects inaccuracies in current methods to assay 

PC flux 

Culture with [U-13C6]glucose is widely applied to assay intracellular utilization of 

glycolysis, the TCA cycle, amino acid synthesis, fatty acid synthesis, cholesterol 

synthesis, one-carbon metabolism, glycosylation, nucleotide synthesis, and other 

metabolic pathways (21-24). Culture with [U-13C6]glucose and readout of the relative 

abundance of M3 malate (M3-Mal method) is commonly used to assay flux through 

pyruvate carboxylase (13, 25-29), as all labeled pyruvate carbons are retained on malate 

while flux through PDH would surrender a labeled carbon to CO2 (Figure 4.1A). The 

M3-Mal method is applied as a proxy for the gold standard of culture with [3-

13C]glucose (3Glc method). In application of the 3Glc method, the labeled carbon is 

preserved in PC-catalyzed anaplerosis, but not in the reaction catalyzed by pyruvate 

dehydrogenase (Figure 4.1B). Assuming 50% of pyruvate produced from glycolysis 

carries a labeled carbon, relative PC flux can be calculated as the abundance of M1 

malate derived from [3-13C]glucose multiplied by two. Application of the M3-Mal 

method indicates that flux through PC is elevated upon inhibition of glutaminase, with 

CB839, in BT20 and MCF7 cells (indicated in red in Figures 4.1C-D, Appendix Figure 

4.1A-B); and that while inhibition of complex I, with rotenone, is a strong activator of 

PC flux in BT20 cells, it is a strong inhibitor of the same flux in MCF7 cells (indicated 

in green in Figures 4.1C-D, Appendix Figure 4.1A-B). However, the gold-standard 
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(3Glc) method reveals upregulation of PC flux is overestimated by the M3-Mal method 

in BT20 and MCF7 cells, both untreated or treated with CB839 (indicated in blue in 

Figures 4.1C-D). Multiple rounds of the TCA cycle also produce malate with three 

labeled carbon atoms from [U-13C6]glucose (Appendix Figure 4.1C); potentially leading 

to overestimation of PC flux by the M3-Mal method. Furthermore, the 3Glc method 

reveals treatment with rotenone modestly activates PC flux in MCF7 cells (indicated in 

purple in Figure 4.1D), in contrast to the dramatic deactivation predicted by the M3-

Mal method (indicated in green in Figure 4.1D, Appendix Figure 4.1B). 

 

Figure 4.1. PC Flux Quantification. (A) Schematic of [U-13C6]glucose labeling of 
carbon atoms in de novo serine synthesis and the TCA cycle. (B) Schematic of [3-
13C]glucose labeling of carbon atoms in the TCA cycle. (C) PC flux measured with the 
3Glc, M3 Mal, Mal-Suc, and MFA methods in the BT20 breast cancer cells. (D) PC 
flux measured with the 3Glc, M3 Mal, Mal-Suc, and MFA methods in the MCF7 breast 
cancer cells. (E) MFA model network schematic. (F) Schematic of [3-13C]glucose 
labeling of carbon atoms in glycolysis, the pentose phosphate pathway, and the TCA 
cycle. (G) Relative abundances of M2 lactate. Error bars represent standard deviation 
(C, D, and G). *p<0.05, **p<0.01, and ***p<0.001 by ANOVA with Tukey’s post hoc 
test (C and D), or a two-tailed, equal variance, Student’s t test (G). AcCoA: acetyl CoA, 
αKG: alpha-ketoglutarate, Cit: citrate, E4P: erythrose 4-phosphate, Fum: fumarate, F6P: 
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fructose 6-phosphate, GAP: glyceraldehyde 3-phosphate, Glc: glucose, Mal: malate, 
Oac: oxaloacetate, Pyr: pyruvate, PC: pyruvate carboxylase, PDH: pyruvate 
dehydrogenase, RL5P: ribulose 5-phosphate, R5P: ribose 5-phosphate, Ser: serine, Suc: 
succinate, S7P: sedoheptulose 7-phosphate, X5P: xylulose 5-phosphate, 3PG: 3-
phosphoglycerate, 6PG: 6-phosphogluconate, 6PGL: 6-phosphogluconolactone. 

 

A proposed correction of overestimation of PC flux by the M3-Mal method involves 

subtraction of M3 succinate from M3 malate (Mal-Suc method). Following the 

assumption that succinate dehydrogenase (SDH) is irreversible, all M3 succinate would 

be derived from multiple rounds of the TCA cycle, and its subtraction from M3 malate 

would yield the contribution of M3 malate due only to flux through PC (18). However, 

flux through SDH is not always irreversible (30, 31). In fact, the Mal-Suc method 

predicts a two-fold decrease in flux through PC when BT20 cells are treated with CB839 

where the 3Glc method predicts more than a two-fold increase (indicated in brown in 

Figure 4.1C). Additionally, application of the Mal-Suc method does not resolve 

increased flux through PC detected by the 3Glc method when MCF7 cells are treated 

with rotenone (indicated in purple in Figure 4.1D). Mass isotopologue distributions 

(MIDs) of succinate are available in the Supplement (Appendix Figures 4.1D-E). 

Though PC flux can be measured more accurately by the 3Glc method, it requires 

culture with [3-13C]glucose; which provides  essentially no information regarding 

glucose metabolism downstream of PDH and is considerably more costly than [U-

13C6]glucose. Herein, a metabolic network with nodes representing glycolytic and TCA 

cycle products/intermediates is built into an MFA model designed to resolve relative 

PC flux when fit to experimental MIDs resulting from cell culture with [U-13C6]glucose 

(MFA method). The node representing both TCA cycle intermediates and the product 
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of PC is compartmentalized to resolve contributions from PC and the TCA cycle (Figure 

4.1E). Details of the reactions in the modeled network are available in the Methods 

section. When benchmarked against the 3Glc method, the MFA method corrects 

overestimation of the M3-Mal method in MCF7 cells, both untreated and treated with 

CB839 (indicated in pink in Figure 4.1D). The MFA method corrects the 

underestimation of the Mal-Suc method in BT20 cells treated with CB839 (indicated in 

orange in Figure 4.1C) and in MCF7 cells treated with rotenone (indicated in orange in 

Figure 4.1D). Interestingly, the MFA method predicts lower fluxes through PC in 

untreated MCF7 cells and in those treated with CB839 when compared to the 3Glc 

method (indicated in black in Figure 1D). [3-13C]glucose can label malate via pyruvate 

dehydrogenase flux when the pentose phosphate pathway (PPP) is active (Figure 4.1F), 

leading to an overestimation of PC flux by the 3Glc method. Relative flux through the 

PPP can be assayed with the [3-13C]glucose tracer by examination of M2 pyruvate 

(Figure 4.1F). Indeed, MCF7 cells, untreated and treated with CB839, exhibit higher 

relative fluxes through PPP than their BT20-cell counterparts (Figure 4.1G). Thus, the 

3Glc method may be overestimating PC flux in MCF7 cells in a manner that is corrected 

by the MFA method. 

 

Metabolic fluxes are differentially regulated across breast cancer cell lines 

In consideration of breast cancer heterogeneity, the cellular proliferation and 

intracellular metabolic pathway utilization responses to rotenone were measured. The 

rate of proliferation is reported as the coefficient relating the derivative of cell quantity 

to cell quantity in an exponential model of cell growth (Methods). All cells proliferated 
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when left untreated (Appendix Figure 4.2A) and responses to rotenone range from 

decreased proliferation (ratio between zero and one) in MDAMB157 cells, arrested 

proliferation (ratio near zero) in T47D, HCC1419, and MCF7 cells, to cell death 

(negative ratio) in BT20 cells (Figure 4.2A).  

 

Figure 4.2. Metabolic adaptations upon OXPHOS inhibition. (A) Growth rate ratios 
of rotenone-treated to untreated cells. (B) PC flux tabulated with the MFA method. 
Fluxes are normalized to the untreated group mean for each cell-type. (C) Citrate MID 
from MDAMB157 cells cultured with [U-13C6]glucose. (D) Citrate MID from T47D 
cells cultured with [U-13C6]glucose. (E) Schematic of [U-13C5]glutamine labeling of 
carbon atoms in the TCA cycle. (F) Citrate MID from MCF7 cells cultured with [U-
13C5]glutamine. (G) Citrate MID of BT20 cells cultured with [U-13C5]glutamine. (H) 
Log2-transformed ratios of metabolic fluxes, rotenone-treated to untreated conditions. 
Error bars represent standard deviation (A-D and F-G).  *p<0.05, **p<0.01, and 
***p<0.001 by a two-tailed, equal variance, Student’s t test (A-D and F-G). Gln: 
glutamine, Glu: glutamate, PDH: pyruvate dehydrogenase flux, PC Flux: Pyruvate 
carboxylase flux, QOX: glutamine oxidation flux, QRC: glutamine reductive 
carboxylation flux, Ser: de novo serine synthesis flux.  
 

Metabolic pathway utilization varies similarly, but no single pathway response 

0.5

0

G
ro
w
th

R
at
e
R
at
io

(+
ro
te
no

ne
/u
nt
re
at
ed

)

BT
20

T4
7D

MC
F7

HC
C1
41
9

MD
AM

B1
57

-0.5

-1.0

A

***

***
***

***
***

B

***

*** ns

***

***

BT
20

T4
7D

MC
F7

HC
C1
41
9

MD
AM

B1
57

4

3

2

1

0P
C
Fl
ux

(M
FA

)

untreated
+rotenone

C

D

G

untreated
+rotenone

100%
80%
60%
40%
20%
0%R

el
at
iv
e
A
bu

nd
an

ce

M0 M1 M2 M3 M4 M5 M6

T47D Citrate ([U-13C6]glucose)

***

untreated
+rotenone

80%
60%
40%
20%

0%
M0 M1 M2 M3 M4 M5 M6R

el
at
iv
e
A
bu

nd
an

ce BT20 Citrate ([U-13C5]glutamine)

ns

untreated
+rotenone

80%
60%
40%
20%
0%

M0 M1 M2 M3 M4 M5 M6R
el
at
iv
e
A
bu

nd
an

ce MCF7 Citrate ([U-13C5]glutamine)

***

untreated
+rotenone

80%
60%
40%
20%
0%

R
el
at
iv
e
A
bu

nd
an

ce

M6M0 M1 M2 M3 M4 M5

MDAMB157 Citrate ([U-13C6]glucose)

*

Gln

Glu

αkg

Suc
Fum

Mal

Oac

Cit

AcCoA
Pyr

Glc

12C
13C
13C via ox. TCA
13C via red. carbox.

E
F

H
PDHPC FluxQRC SerQOX

Fl
ux

R
at
io

(+
ro
te
no

ne
/u
nt
re
at
ed

)

BT
20

T4
7D

MC
F7

HC
C1
41
9

MD
AM

B1
57

2

-2

-4

0



 97 

correlates with cellular proliferation. In response to rotenone treatment, pyruvate 

carboxylase (PC) flux increases in MDAMB157 and BT20 cells, but is far less impacted 

in the other cell lines (Figure 4.2B). Pyruvate dehydrogenase (PDH) flux into the TCA 

cycle, as assayed by the relative abundance of M2 citrate in a [U-13C6]glucose tracing 

experiment (Figure 4.1A), modestly decreases in MDAMB157 cells upon treatment 

with rotenone (Figure 4.2C), but drops dramatically in T47D and other cell lines (Figure 

4.2D and Appendix Figure 4.2B). Serine synthesis is assayed by the relative abundance 

of M3 serine in a [U-13C6]glucose tracing experiment (Figure 4.1A) and also displays a 

characteristic response profile to rotenone across the five breast cancer cell lines; 

dropping dramatically in the only cell line (HCC1419) synthesizing a substantial portion 

of its serine pool (Appendix Figure 4.2C). 

Stable-isotope tracing with [U-13C5]glutamine can inform of reductive 

carboxylation, by labeling citrate with five heavy carbon atoms, and of glutamine 

oxidation, by labeling malate with four heavy carbon atoms (Figure 4.2E). In response 

to rotenone, MDAMB157, HCC1419, and MCF7 cells upregulate reductive 

carboxylation (Figures 4.2F and Appendix Figure 4.2D), while the same flux is 

unaffected in T47D and BT20 cell lines (Figure 4.2G and Appendix Figure 4.2D). 

Finally, glutamine oxidation is either decreased or unaffected by rotenone in the five 

breast cancer cell lines (Appendix Figure 4.2E). Findings regarding the five metabolic 

pathway responses to rotenone discussed above are summarized in Figure 4.2H. 

 

Proteomic and metabolite network responses 

To assess whether the metabolic network response is driven by a proteomic network 
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response, proteome profiles of the five breast cancer cell lines were measured when the 

cells were exposed to rotenone. Mass spectrometry-based proteomics methods 

quantified 9,869 proteins based on 161,489 uniquely identified peptides. Dimensional 

reduction by t-distributed stochastic neighbor embedding (t-SNE) reveals cell-type to 

be the strongest driver of network protein expression when cells are challenged with the 

major metabolic disruption of inhibited oxidative phosphorylation (Figure 4.3A, left 

panel). Strikingly, when protein network adaptations (ΔAbundances) are considered, 

rotenone treatment is the clear driver of proteomic separation (Figure 4.3A, right panel). 

These findings indicate that cell proteomes do not adopt expression patterns 

characteristic of inhibited oxidative phosphorylation, rather respond with defined shifts 

from cell-type driven protein expression programs. 
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Figure 4.3. Proteomic regulation of metabolic function upon OXPHOS inhibition. 
(A-B) t-SNE dimensional reduction plots for proteins (A) and metabolites (B). (C) 
CREC-CDDA plots. (D) Correlation network of top correlating protein abundance shifts 
with those of growth and metabolic fluxes. Proteins with distances less than 0.125 in 
Figure 4.3C define the nodes. Nodes are color-coded based on the metabolic flux the 
represented proteins are correlated with. (E) Volcano plot showing enriched KEGG 
pathways from Enrichr pathway analysis performed on the top correlating proteins with 
growth and metabolic fluxes. Distance<0.125 in figure 4.3C was used to define the top 
correlating proteins. Enriched pathways with adjusted p-values less than 0.01 are color-
coded based on metabolic flux the pathways are correlated with. (F) Changes of protein 
abundances and PC flux upon OXPHOS inhibition across the five breast cancer cell 
lines. Z-scores of log2-transformed ratios displayed. 

 

To assess whether metabolism is also regulated by deviating from characteristic cell-

type metabolic network function, independent measurements of metabolite abundances 

were examined. Indeed, t-SNE analyses of metabolite abundances do not stratify based 

on OXPHOS status as do analyses of metabolite abundance adaptations (Figure 4.3B). 
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Taken together, these data indicate both proteomic and metabolic network regulation to 

inhibited OXPHOS occur as deviations from cell-type driven programs and suggest the 

existence of metabolome-proteome feedback mechanisms regulating network 

responses. 

 

Proteomic regulation of metabolic fluxes 

 For growth and each indicator of intracellular metabolic flux, relative responses to 

rotenone were correlated with protein quantity responses. Purported protein regulators 

of each metabolic flux and false discovery rate are determined by cross-referenced 

enrichment-corrected correlation distance distribution analysis (CREC-CDDA, 

Methods). The enrichment of computed protein-flux correlation distances at the tail near 

zero, relative to those of a decoy set, determines the false discovery rate (Figure 4.3C). 

Quantified proteins whose responses are found to correlate with a metabolic flux 

response to rotenone (CREC-CDDA distance < 0.125) are visualized as a network. Each 

node represents a protein. Nodes are joined by an edge (not shown to reduce clutter) if 

corresponding protein responses to rotenone are correlated beyond the indicated 

threshold, and arranged so that highly connected nodes are in proximity according to 

the Yifian Hu algorithm (32). Correlating protein abundance responses to metabolic flux 

responses are indicated by node color, revealing protein regulatory networks of 

metabolism (Figure 4.3D). Protein members of the metabolic regulatory networks are 

analyzed for enrichment in pathways curated by the Kyoto Encyclopedia of Genes and 

Genomes (33) (Figure 4.3E, Appendix Table 4.1).  

Notably, protein regulatory networks whose abundance responses to rotenone 
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correlate to that of cell proliferation are enriched in proteins that participate in DNA 

replication (Figure 4.3E, Appendix Table 4.1). The functional relevance of DNA 

replication to cell proliferation lends confidence to the analogous findings on functional 

drivers of metabolic flux that are not so well established. For instance, protein regulatory 

networks whose abundance responses correlate to that of PC flux are enriched in 

regulators of the cell cycle. It is not obvious why the cell cycle and PC activity would 

be co-regulated in the face of inhibited OXPHOS. However, proteins whose responses 

to PC flux also include BIRC5 (a.k.a. Survivin) and GTSE1, potent inhibitors of 

apoptosis (Figure 4.3F). Thus, upregulating PC flux may permit escape of apoptosis and 

continued execution of the cell cycle. Protein abundance responses correlating to PDH 

flux are enriched in OXPHOS proteins (Figure 4.3E, Appendix Table 4.1). PDH and 

OXPHOS are functionally linked, as flux through PDH is the canonical pathway 

providing glycolytic substrate for production of reduced cofactors in the TCA cycle. 

Thus, mechanisms to co-regulate PDH activity and proteins of OXPHOS could be 

functionally advantageous. Interestingly, protein abundance responses correlating with 

reductive carboxylation of glutamine are enriched in members of the RNA polymerase 

(Figure 4.3E, Appendix Table 4.1). Reductive carboxylation was originally described 

as a tumorigenic means to proliferate under conditions of hypoxia or dysfunctional 

mitochondria (34-36). Considering hypoxia and dysfunctional mitochondria are forms 

of inhibited OXPHOS, it is not surprising that pharmacological inhibition of complex I 

also induces reductive carboxylation in breast cancer cells (Figure 4.2F-H, Appendix 

Figure 4.2C). Of note, the current work suggests that the reductive carboxylation 

response is not ubiquitously hard-wired, but rather cell-type specific. The high 
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correlation of the reductive carboxylation response with RNA polymerase proteins 

suggests reductive carboxylation also has a functional role in the transcription response 

when OXPHOS is inhibited. Finally, protein abundance responses correlating with 

oxidative glutamine anaplerosis include regulators of the cell cycle and DNA replication 

(Figure 4.3E, Appendix Table 4.1). Notably, these proteins participate in accomplishing 

similar functions as those correlating with cell proliferation and PC flux, though their 

identities are unique. Thus, different metabolic responses may orchestrate unique 

aspects of cellular function. 

Finally, metabolic activity responses to inhibited OXPHOS are, in most cases, found 

to be divergent from the abundance responses of the enzymes catalyzing the activities. 

The PC flux (Figure 4.3F), serine synthesis (Appendix Figure 4.3A), and reductive 

carboxylation (Appendix Figure 4.3B) flux responses do not correlate with enzyme 

abundance responses in the respective pathways. Interestingly, the glutamine oxidation 

flux response correlates with the protein abundance response of GLS, but not GLS2 

(Appendix Figure 4.3C), suggesting GLS as the dominant isoform catalyzing glutamine 

anaplerosis in breast cancer cells. The flux response of pyruvate dehydrogenase deviates 

sharply from the abundances of protein subunits catalyzing the reaction in MDAMB157 

cells, suggesting the cell line may have some sort of compensatory mechanism to 

maintain PDH activity when the enzyme complex's abundance is low (Appendix Figure 

4.3D). 

 

Proteome networks respond to anchorage independence 

Because the metastatic process involves both inhibited OXPHOS, through hypoxia, 
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and matrix detachment (37) the proteomes and metabolomes of two cell lines with 

diverging behaviors in tissue culture were profiled in anchored and forced-suspension 

conditions. Under culture conditions allowing for anchorage, BT20 cells spontaneously 

detach at a rate more than an order of magnitude greater than that of T47D cells (Figure 

4.4A). When cells are cultured on agarose-coated surfaces, forcing suspension, BT20 

cells aggregate in greater numbers of smaller clusters, whereas T47D cells form fewer, 

larger clusters (Figures 4.4B and 4.4C). Dimensional reduction of protein abundances 

of anchored and forced-suspension cells, by tSNE, groups based on cell type; however, 

the separation is driven by anchorage status when abundance shifts are analyzed 

(Figures 4.4D). Analogously, dimensional reduction of metabolomics data only groups 

by anchorage status when metabolite abundance shifts are considered (Figure 4.4E). 

Thus, as in the inhibition of OXPHOS, cells do not acquire suspension-defined 

proteome and metabolite profiles and both BT20 and T47D cells execute anchorage-

loss-defined proteomic and metabolomic program shifts from basal states, and the 

program shifts results in diverging behaviors in suspension. 
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Figure 4.4. PC flux and proteome profiles of anchored and suspension cells. 
(A) Fraction of spontaneously detached cells among all viable cells across three time 
points. (B) Number of colonies formed when cells were grown in forced-detachment 
condition. (C) Number of viable cells in a colony under forced-detachment condition. 
(D-E) t-SNE dimensional reduction plots for proteins (D) and metabolites (E). (F) PC 
flux tabulated with the MFA method. (G) Volcano plot showing fold changes of protein 
abundances upon detachment in T47D. Quantified proteins are colored in black and 
members of the protein network regulating PC flux are colored in pink. (H) Fraction of 
suspension cells among all viable cells cultured under normoxia or hypoxia. (I) Boxplot 
showing hypoxic proteomic profile. Abundances of proteins in HIF-1 signaling KEGG 
pathway are transformed to z-scores. Error bars represent standard deviation (A-C, F, 
and H-I).  *p<0.05, **p<0.01, and ***p<0.001 by a two-tailed, equal variance, 
Student’s t test (B-C, F, and H-I). 
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flux through PC was measured in response to forced-suspension for both BT20 and 

T47D cells. Flux through PC is elevated nearly two-fold in T47D cells and unchanged 

in BT20 cells (Figure 4.4F); the opposite of the PC-flux response pattern observed due 

to inhibited OXPHOS (Figure 4.2B). Because PC flux is regulated upon forced 

suspension of T47D cells, the response of the protein network associated with PC flux 

upon inhibition of OXPHOS (Figures 4.3C and 4.3D) was examined. Indeed, the same 

protein abundance shifts are highly regulated when T47D cells are forced into 

suspension (Figure 4.4G), but surprisingly in the opposite direction as PC flux (Figure 

4.4F). Because the examined protein-network response is positively correlated with the 

PC-flux response when OXPHOS is inhibited (Figure 4.3C) and PC flux is dramatically 

upregulated in BT20 and T47D cells upon OXPHOS inhibition (Figure 4.2B) and forced 

suspension (Figure 4.4F), respectively, T47D cells were cultured in hypoxic conditions 

(1% O2) to determine if simultaneous exposure to PC flux induced by detachment and 

the protein network responses linked to PC flux in conditions of OXPHOS inhibition 

would lead T47D cells to acquire a spontaneous detachment profile more similar to that 

of BT20 cells. Indeed, hypoxia induces nearly a 100% increase in the rate at which 

T47D cell spontaneously detach without substantially altering the high basal rate of 

BT20 cells (Figure 4.4H). BT20 cells cultured in normoxic conditions have a more 

hypoxic proteome profile relative to T47D cells, in anchored or suspension conditions 

(Figure 4.4I), potentially predisposing them to spontaneous detachment. Taken together, 

these findings indicate that components of metabolic and proteome network responses 

to individual stresses in the metastatic process, i.e. detachment and hypoxia, can interact 

to drive metastatic phenotypes in heterogenous tumors types. 
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Discussion 

As the gateway to a major anaplerotic source, PC regulation/dysregulation, are 

established contributors to metabolic manifestations of chronic diseases and cancers 

(38). Aberrant hepatic PC activity can drive post-prandial gluconeogenesis under 

conditions of insulin resistance (3). Furthermore, PC is believed to be the major 

anaplerotic substrate supplier in non-small cell lung cancer (39) and allows certain 

gliomas and renal carcinomas to bypass TCA cycle defects while supplying anabolic 

substrate (6, 7, 40). Amongst studies of breast cancer, activation of pyruvate carboxylase 

is commonly implicated as a mechanism supporting metastasis. Fendt and colleagues 

report elevated PC activity in lung metastases of primary breast tumors (13) whereas 

Wendt and colleagues find PC to promote formation of lung metastases without 

impacting growth of the primary tumor (12). Furthermore, PC is reported as a driver of 

migration capacity and invasiveness (11). 

As presented in the current work, the established methodology of carbon tracing 

with [3-13C]glucose provides a fairly reliable readout of in situ PC activity. Though 

active flux through the PPP could be a confounding factor yielding a modest 

overestimation, its greatest shortcoming is not accuracy or precision, but its apparent 

interchangeability with interpretation of labeling patterns resulting from culture with 

[U-13C6]glucose. Because tracing with [U-13C6]glucose is generally informative of 

metabolic pathway activities, including glycolysis, the PPP, glycosylation, the TCA 

cycle, fatty acid synthesis, cholesterol synthesis, and amino acid synthesis; it is 

commonly applied to investigate metabolic adaptations. Tracing with [U-13C6]glucose 

also provides an apparent readout of relative flux through PC, prompting most 
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researchers to forgo a resource intensive follow-up investigation with [3-13C]glucose. 

The current work highlights overestimation of PC flux by readouts of tracing with [U-

13C6]glucose and inaccuracies associated with currently applied correction methods 

(18). The robust MFA approach presented herein, capable of harnessing data produced 

in experiments with [U-13C6]glucose, eliminates the motivation to present other 

problematic interpretations of glucose anaplerosis regulation based on labeling patterns 

derived from [U-13C6]glucose metabolism. Given the importance of measuring PC 

activity, the current work provides a foundation for fundamental investigations of 

metabolic regulation and a potential avenue for more accurate re-interpretations of prior 

works. 

By defining intracellular pathway utilization and proteomic responses to inhibited 

OXPHOS across five breast cancer cell lines, results presented herein highlight that 

environmental and nutrient sensing regulatory networks (41, 42) can give rise to 

heterogenous metabolic responses to identical cellular stimuli. Integrated analyses 

highlight that metabolic responses are co-regulated with cellular functions. Several 

findings are of established relations between protein expression and metabolic function, 

including the PDH activity response positively correlating with OXPHOS protein 

expression shifts and the proliferation response positively correlating with expression 

of DNA replication proteins. Affirmation of well-established functional relationships 

lends confidence to the putative functional relationships between metabolism and the 

proteome that are seemingly more distant. For instance, the reductive carboxylation 

response to inhibited OXPHOS is highly correlated with proteins of the RNA 

polymerase complex. A precise mechanistic explanation for this relationship is elusive, 
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but it suggests transcription is sensitive to NAD(P)+/NAD(P)H ratios as reductive 

carboxylation produces NAD(P)+ by consumption of NAD(P)H (34-36). Similarly, 

mechanisms justifying the findings of co-regulation of PC flux, the cell cycle, and 

apoptosis suppression are not well-defined. However, a study of MDAMB231 breast 

cancer cells finds PC mRNA expression to prevent cell cycle arrest and be protective 

against apoptosis (43). Thus, their reported observations, and others linking PC to tumor 

cell survival (38), may be explained by PC activity co-regulation with apoptosis 

suppressors, BIRC5 and GTSE1, amongst regulators of the cell cycle. 

The initial steps of the metastatic process include survival in environments with 

limited access to oxygen and cellular detachment (37) As described in the introduction, 

upregulation of PC activity is implicated as a driver of metastasis in breast cancer; 

though at which point in the process and the regulatory mechanisms involved are 

unclear. Herein, PC activity is found to be induced exclusively by inhibited OXPHOS 

or culture in suspension, dependent on the cell line, and is associated with different 

stimuli-specific proteome program shifts. Thus, the initial stages of the metastatic 

process can be thought of as a sum of network adaptations to the individual components. 

The most striking heterogeneity observed was the active downregulation of the PC-

correlated, inhibited-OXPHOS, proteome program shift in T47D cells when cultured in 

suspension; even though suspension culture induced a 100% up-regulation of PC 

activity. This led to the correct prediction that T47D cells in suspension are primed to 

respond to hypoxia, illustrating the resolving power of network analyses on the 

metastatic process in a heterogeneous disease such as breast cancer. 

In an era of wide application of high throughput molecular profiling of the genome, 
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epigenome, transcriptome, translatome, proteome, phosphoproteome, and metabolome; 

the network-based nature of cellular regulation is becoming clearer. However, the 

assumption of correlations of metabolic activity with high throughput measurements of 

enzyme expression is not always sound. Thus, integration of molecular profiling with 

measurements of pathway activity, such as stable-isotope tracing and MFA, can traverse 

the gap and link regulation of energetic and biosynthetic metabolism to cellular and 

molecular network responses. Furthermore, heterogenous diseases share common 

processes, such as the metastatic process in breast cancer, and progression through the 

metastatic process involves common metabolic adaptations. However, as the current 

work reveals, metabolic changes may be activated at different stages. Thus, resolving 

the metabolic regulations and molecular profile shifts responding to the component 

stresses of metastasis brings us closer to understanding the mechanisms driving similar 

metabolic adaptations across a heterogeneous disease like breast cancer. 

 
Methods 

Cell Culture 

Growth medium for all cells was RPMI supplemented with 10% v/v fetal bovine 

serum. Cells were cultured in T75 flasks and passaged while subconfluent. Cells were 

passaged by rinsing with PBS and lifting by incubation with a trypsin EDTA solution 

at 37oC.  

 

Proliferation Measurements 

30,000 cells were plated in each well of 24-well plates. After 48, 96, and 144 hours, 
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cells were stained with 1 mL PBS, 0.5 μL Hoechst, 2 μL propidium iodide and incubated 

at 37oC for 15 minutes. Numbers of total and dead cells were counted in triplicates using 

a Celigo S Imaging Cytometer (Nexcelom). Blue and red channels in viability 

application were used to count the numbers of cells stained with Hoechst and propidium 

iodide, respectively. Exposure time was set at 50,000 milliseconds. Number of live cells 

were quantified by subtracting the number of dead cells from the total number of cells 

in each well. Growth was modeled as exponential (Equation 1), and growth rate 

determined as the slope of the linear regression fit to the log-transformed growth 

equation. 

 

𝑛 = 𝑛!𝑒"#          [1] 

 

where n is the number of cells, n0 is the initial number of cells, μ is the growth rate, and 

t is time. 

 

Counting Numbers of Spontaneously Detached Cells in Normoxia and Hypoxia 

Cells were cultured in hypoxia (1% O2) for 48 hours to pre-condition the cells in 

hypoxia before quantification. In both normoxic (20% O2) or hypoxic conditions, 

30,000 cells were plated with growth medium in each well of 24-well plates. After 48 

and 96 hours, the medium was moved to separate wells. 1 μL Hoechst and 4 μL 

propidium iodide were added to the medium and incubated at 37oC for 15 minutes to 

stain spontaneously detached cells. The cells remained anchored to the plates were 

stained with 1 mL PBS, 0.5 μL Hoechst, 2 μL propidium iodide and incubated at 37oC 
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for 15 minutes.  

 

Counting Number of Viable Cells and Colonies in Forced-Detachment Condition 

1 g of agarose in 100 mL of water was sterilized. 1 mL of the sterile agarose solution 

was used to coat each well of 6-well plates. 300,000 cells were plated in each agarose-

coated well. After 48 and 96 hours, numbers of colonies were counted under the light 

microscope by putting grids (10 mm in 100 square) under the plate. Cells suspending as 

single cells or forming colonies were separated using cell strainers (pore size of 40 μm). 

The cells suspending as single cells passed through the strainer together with the 

medium. 1 μL Hoechst and 4 μL propidium iodide were added to the medium containing 

the single suspension cells in 6-well plates and incubated  at 37oC for 15 minutes. The 

cells forming colonies were caught on the cell strainers which were moved back to 6-

well plates by washing the strainer with 1 mL PBS. The colonies were broken up by 

pipetting multiple times. 0.5 μL Hoechst and 2 μL propidium iodide were added to each 

well and incubated at 37oC for 15 minutes.  

 

Protein Extraction 

Proteins were extracted from cells in sub-confluent T75 culture flasks. Growth 

media was removed and cells rinsed with PBS prior to being lifted off the flask with 1 

mL of a trypsin+EDTA solution. The cell/trypsin suspension was diluted in 10 mL of 

PBS and pelleted by centrifugation at 400 g. The supernatant was removed, cells 

resuspended in 1 mL of PBS, and pelleted again by centrifugation at 400 g. The resulting 

cell pellet was stored at -80oC. Pellets were resuspended in 150 μL lysis buffer (4% w/v 
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SDS, 25mM HEPES, 1 mM dithiothreitol, pH 7.6), heated to 95oC for 5 minutes, and 

sonicated with a probe sonicator until achieving a viscosity similar to water as 

determined by visual inspection. Samples were centrifuged at 14,000 g for 15 minutes 

and the supernatant was collected. Protein was quantified using the BioRad DC Protein 

assay and protein solutions were stored at -80oC. 

 

Protein Digestion 

Buffer exchange and protein digestion was performed using the Sp3 magnetic bead 

clean-up protocol. Sp3 bead mixtures (Cytiva 45152105050250 and 65152105050250, 

50 mg/mL) were removed from cold storage (4oC) and mixed for 5 minutes by swirling. 

Aliquots, 200 μL, from each mixture were pooled and rinsed twice with 900 μL water. 

Sp3 beads were separated from solution by incubation on a magnetic rack and removal 

of supernatant. Sp3 beads were then resuspended in 400 μL water and set aside for later 

use. Chloroacetamide (20 μL at 0.4 M) and the Sp3 bead solution (40 μL) were added 

to each protein solution, followed by acetonitrile to a final composition of 70% (v/v). 

Protein mixtures were incubated at room temperature in a rotating rack for 20 min. The 

Sp3 bead and protein mixture was incubated on a magnetic rack for 2 min, and the 

supernatant removed and discarded. The Sp3 beads were washed twice by resuspension 

and removal of 900 μL of 70% (v/v) ethanol, then allowed to dry at room temperature 

for 1 min. A LysC (Wako Pure Chemical Industries 129-02541) solution in water, 20 

μL at 2 μg/uL, was diluted in 980 μL of a 1M urea, 50 mM HEPES (pH 7.8) solution. 

Sp3 beads were resuspended in 100 μL of the LysC/urea/HEPES solution and incubated 

at 37oC overnight with gentle swirling. Trypsin (Thermo 90057) was resuspended in 
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500 μL of 50 mM HEPES, pH 7.8. The trypsin solution was added to the digestion 

mixture, 100 μL, followed by another overnight incubation period at 37oC with gentle 

swirling. Reaction mixtures were then incubated on magnetic racks for 2 min and the 

supernatant (containing proteins digested to peptides) collected and stored at -80oC. 

 

TMT Labeling 

TMT10plex or TMTpro reagents (collectively TMT) were removed from the freezer 

and allowed to come to room temperature. Each reagent tag was resuspended in 40 μL 

of acetonitrile and set aside. From each peptide sample solution, 80 μL were aliquoted 

followed by addition of 8 μL of 1M TEAB. TMT reagent tag solutions were each added 

to a sample aliquot and allowed to incubate at room temperature for 2 hours. A single 

TMT10plex set was used to label each of the five cell lines, untreated and treated with 

rotenone (10 total samples). A single TMTpro set was used to label each of 4 replicates 

of BT20 and T47D cultured in attached or forced-suspension conditions (16 total 

samples). 

All sample volumes were then pooled and cleaned by strong cation exchange (SCX). 

Formic acid, 10% (v/v) in water, was added to the pooled sample mixture to bring its 

pH below 3. The strong cation exchange column (Strata-X-C 8B-S029-TAK) was 

washed with 600 μL of ethanol followed by 600 μL of water. The pooled sample mixture 

was then added to the column. The column was then washed with 1 mL of a 30% (v/v) 

MeOH, 0.1% (v/v) formic acid, 69.9% (v/v) water solution. The sample was then eluted 

from the column with 1 mL of a 30% (v/v) MeOH, 5% (v/v) ammonia, 65% (v/v) water 

solution. The eluted sample was then dried under vacuum and stored at -80oC. 
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Prefractionation by HiRIEF 

The pooled sample solution eluted from SCX was resuspended in 250 μL of 99% 

(v/v) 8M urea and 1% (v/v) ampholyte solution (Cytiva). A 24 cm-long immobilized 

pH gradient (IPG) strip, pH 3-10 (Cytiva) was swollen with the sample solution 

overnight. Isoelectric focusing (IEF) was run on an Ettan IPGphor system (GE 

Healthcare) until 150 kV-h was reached. After the focusing, peptides from the strip were 

extracted into 72 fractions. Peptides from each fraction were extracted by incubating 

with 60 μL of water for 1 hour and 60 μL of 35% acetonitrile, 64.9% water, 0.1% formic 

acid for 1 hour. The peptide solutions were dried under vacuum and stored at -80oC. 

 

Peptide Analysis by LC-MS/MS 

Each HiRIEF fraction, or pooled fraction sample, was loaded onto a C18 trap 

column (Thermo 164535) by a capillary flow of a 97% water 3% ACN solution and 

separated by nano flow LC on 60 or 90 minute gradients ramping the polar component, 

A (95% water, 5% DMSO), to organic component, B (90% ACN, 5% DMSO, 5% 

water), ratio from 97:3 to 65:35. Data dependent acquisition isolated the top 5 abundant 

ions with a +2 to +7 charge over a 1 m/z window offset by 0.5 m/z for HCD fractionation 

and MS2 analysis. Ion exclusion time was set to 70 seconds. MS1 and MS2 spectra were 

obtained at resolutions of 70,000 and 35,000 respectively. All m/z filtering and spectral 

collections were performed with a Thermo QE tandem quadrupole Orbitrap MS/MS.  

 

Spectral Search and Protein Quantification 
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Spectra were searched against the human subset of the Ensembl proteome database 

(v91) by application of MSGF+ (44) and Percolator (45). Search parameters included 

fixed TMT10plex modifications at N-termini and lysine residues, variable methionine 

oxidation, fixed carbamidomethylation of cysteine residues, a precursor mass tolerance 

of 10 ppm, and a precursor charge range of +2 to +6. Peptide spectral matches (PSMs) 

found at 1% false discovery rate (FDR) were used to infer gene identities. Protein FDR 

was constrained to 1% by the picked-FDR method using gene symbols as protein 

groups. Quantifications are thus condensed to a one-to-one mapping with gene symbols, 

presented as normalized to the average of all samples for every gene, followed by 

normalization to the resulting median of all genes for every sample, and then log2-

transformation. Where protein abundance changes or adaptations due to rotenone 

treatment are presented, normalized quantifications are further normalized to the cell-

line average for each gene prior to log2-transformation (46, 47). 

 

Stable Isotope Tracing 

Growth medium was removed from subconfluent cells plated in 6-well plates. Cells 

were rinsed with PBS. Tracer medium was placed on all wells and cells were incubated 

for 48 hours. Tracer medium was an RPMI formulation without glucose, glutamine, and 

pyruvate, and supplemented with 10% v/v dialyzed fetal bovine serum. Glucose and 

glutamine were added back at 10 mM and 2.5 mM respectively. In glucose tracing 

experiments, glucose was added back as either [U-13C6]glucose or [3-13C]glucose. In 

glutamine tracing experiments, glutamine was added back [U-13C5]glutamine. After 48 

hours, metabolites were extracted. Tracer medium was removed and all wells rinsed 
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with a saline solution. Cold methanol, 400 uL on dry ice, was charged to each well along 

with 160 μL of ice cold water containing 50 nmol of the internal standard, norvaline. 

Cells were scraped in the MeOH/water mixture and moved to a 1.5 mL microcentrifuge 

tube. Chloroform, 400 μL containing 0.5 nmol of the internal standard heptadecanoate, 

was added to each metabolite extraction solution. MeOH/water/CHCl3 mixtures were 

shaken for 5 minutes at 1500 rpm and centrifuged at 16,000 g. The polar (top) layer was 

separated and dried under vacuum. The dried polar metabolites were derivatized with a 

methoxyamine hydrochloride solution, 20 uL at 20 mg/mL, at 40oC for 30 minutes. 

Reaction mixtures were then each charged with 20 μL of N-methyl-n-(tert-

butyldimethylsilyl)trifluoroacetamide + 1% tert-butyldimethylchlorosilane and 

incubated for an additional 1 hour at 40oC. Derivatized metabolite mixtures were then 

analyzed with gas chromatography mass spectrometry (GCMS). From each 

derivatization reaction volumne, 1 uL was injected at the GCMS inlet. The carrier gas 

(He) flow-rate was set to 1 mL/min with a septum purge flow of 3 mL/min and a purge 

flow to the split vent at 15 mL/min. Injections were splitless and performed into an inert 

splitless liner with an inlet temperature of 270oC. Metabolites were separated in a 0.25 

mm inner diameter by 30 m long column with a 0.25 um thick silica film lining. Prior 

to injection, the column oven equilibrated at 100oC for 30 s. The temperature ramp 

program was as follows: hold at 100oC for 1 min, ramp to 255oC at 3.5oC/min, ramp to 

320oC at 15oC/min, hold for 4 min. GC eluants were fragmented and ionized by electron 

ionization. Mass to charge ratios were measured by a single quadrupole mass 

spectrometer. Resulting spectra were searched and integrated using the PolyMID 

software package. Metabolite abundances are recorded as peak areas and normalized 
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analogously to protein quantities. When calculating mass isotopologue distributions, 

incorporation of naturally occurring heavy isotopes was corrected for by PolyMID-

Correct (48). 

 

Stable Isotope Tracing on Suspension Cells 

1,000,000 cells were cultured in agarose-coated 35 mm culture dishes with growth 

medium for 24 hours. Cells in the growth medium were centrifuged at 600 g for 5 

minutes. The growth medium was removed and the cells were re-suspended with PBS 

which was centrifuged again at 600 g for 5 minutes. After removing PBS, the cells were 

re-suspended in tracer medium and moved to new agarose-coated 35 mm culture dishes. 

The cells were incubated with the tracer medium for 24 hours. The tracer medium was 

an RPMI formulation without glucose, glutamine, and pyruvate, and supplemented with 

10% v/v dialyzed fetal bovine serum. 10 mM of [U-13C6]glucose and 2.5 mM of 

glutamine were added back to the medium. After 24 hours of incubation, the tracer 

medium containing the cells were centrifuged at 600 g for 4 minutes. After removing 

the medium, the cells were re-suspended with saline and centrifuged again at 600 g for 

4 minutes. The saline solution was removed and the cells were re-suspended with a 

mixture of 160 μL of ice cold water containing 50 nmol of the internal standard, 

norvaline, and 400 uL of cold methanol on dry ice. Cells re-suspended in the mixture 

were pipetted several times. Chloroform, 400 μL containing 0.5 nmol of the internal 

standard heptadecanoate, was added to the cells in the mixture. MeOH/water/CHCl3 

mixtures were shaken for 5 minutes at 1500 rpm and centrifuged at 16,000 g to separate 

polar (top) and non-polar (bottom) layers. After separating and drying the polar (top) 
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layer under vacuum, derivatization was performed following the same method used for 

anchored cells. 

 

Metabolic Flux Analysis 

Metabolic Flux Analysis (MFA) was performed using the INCA software suite (49, 

50). The following reactions (Equations 2-14) are included in the model: 

Glc (abcdef) -> Pyr (abc) + Pyr (def)      [2] 

Pyr (abc) -> AcCoA (bc) + CO2 (a)      [3] 

Pyr (abc) + CO2 (d) -> Mal.pc (abcd)      [4] 

Mal.pc (abcd) -> Pyr (abc) + CO2 (d)      [5] 

Mal (abcd) -> Pyr (abc) + CO2 (d)      [6] 

Mal (abcd) + Mal (efgh) + AcCoA (ij) + AcCoA (kl) -> Mal (ijbc) + Mal (gflk) +  

CO2 (a) + CO2 (d) + CO2 (e) + CO2 (h)      [7] 

Mal.pc (abcd) + Mal.pc (efgh) + AcCoA (ij) + AcCoA (kl) -> Mal (ijbc) + Mal 

(gflk) + CO2 (a) + CO2 (d) + CO2 (e) + CO2 (h)     [8] 

FA (ab) -> AcCoA (ab)        [9] 

Mal.dilution (abcd) -> Mal (abcd)      [10] 

0*Mal (abcd) -> Mal.measured (abcd)      [11] 

0*Mal.pc (abcd) -> Mal.measured (abcd)     [12] 

Mal.measured (abcd) -> Mal.sink (abcd)      [13] 

Mal (abcd) -> Mal.sink (abcd)       [14] 

where lower-case letters represent the order of carbon atoms of the molecular species in 

each reaction. Reactions represented by Equations 2 and 13 have flux values fixed to 
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1.0. All other flux values were determined by INCA’s solver by minimizing the sum of 

squared error between measured and model output mass isotopologue distributions. The 

flux of Equation 12 is taken as the relative contribution of PC to the malate pool. PC 

flux values are reported as the model output value +/- the sample standard deviation of 

three or more replicates. Continuation was performed on each model output to ensure 

PC flux was bounded, though only variances and degrees of freedom from biological 

replicates were used to perform downstream statistical analyses. 

 

t-distributed stochastic neighbor embedding 

Dimensionality reduction was performed by t-distributed stochastic neighbor 

embedding using the R package, Rtsne (51), setting output dimensionality to 2, 

perplexity to 3, and with 10,000 iterations. 

 

Cross-referenced enrichment-corrected correlation distance distribution analysis 

(CREC-CDDA) 

Pearson correlations are converted to correlation distances by Equation 15. Cross-

referenced correlation distances between proteins and metabolic fluxes were computed 

between ΔFluxes and ΔAbundances by averaging the correlation distance of a ΔFlux / 

ΔAbundance pair with that of the protein of interest and its highest correlating protein 

(determined by examination of ΔAbundance’s in the present data set) in an independent 

data set of breast tumor proteomes (52). If the protein of interest and/or the highest 

correlating protein are not in the independent data set, then the next highest correlating 

protein(s) with the protein of interest (in the current data set) were used. Enrichment-
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corrected correlation distances were then adjusted by Equation 16. 

𝑑$ = 0.5 ∗ (1 − 𝑟)        [15] 

𝑑%$ = 𝑑$& + (0.5 − 𝑑$&) ∗ 𝑝%       [16] 

where dc is correlation distance, r is Pearson correlation, dcr is cross-referenced 

correlation distance, dec is enrichment-corrected cross-referenced correlation distance, 

pe is the lowest adjusted p-value of a KEGG 2021 pathway (53) enrichment, computed 

by the Enrichr tool (54), of the block of 100 genes containing the protein in the list of 

genes ranked by lowest dcr. Decoy correlations were computed by correlating vectors of 

identical sizes populated with random numbers. Decoy pe values for each correlation 

pair were randomly drawn from the pe distribution resulting from 10,000 enrichment 

queries of the KEGG 2021 pathways with 100 randomly selected gene symbols of 

proteins quantified in the current study. A dec cut-off of 0.125 defined protein regulators 

of metabolic flux and resulted in less than 8-15% density contributed by the decoy 

distribution (i.e. 8-15% false discovery rate). 

 

Correlation network of protein regulators of metabolic flux 

A Pearson correlation coefficient of protein abundances adaptations greater than 

0.96 amongst protein regulators of metabolism (selected as described above) was used 

as criteria to connect nodes and define edges. The network topology was generated by 

application of the Yifan Hu algorithm (32) in Gephi 0.9.7 (55). 

 

Acknowledgements 

This work was supported in part by a Cancerfonden (Swedish Cancer Society) 



 121 

postdoctoral fellowship award (number CAN/2016/1219, to NMV), a Wenner-Gren 

Foundations postdoctoral fellowship award (number UPD2016-0099, to NMV and JL), 

a Karolinska Institutet Foundation Research Grant (number 2016fobi50574, to NMV), 

a Cornell University College of Human Ecology Data Sciences Teaching Initiative grant 

(to NMV), a Cornell University Center for Vertebrate Genomics Seed Grant award (to 

NMV), a Cornell University Center for Vertebrate Genomics Scholars award (to HJ), 

and Cornell University Division of Nutritional Sciences faculty start-up funds (to 

NMV). 

 

Author Contributions 

This study was conceived by NMV. Oversight was provided by HJJ, JL, and NMV. 

Experiments and analyses were performed by HJ and NMV. HJ and NMV wrote the 

original draft manuscript and created the figures. All authors contributed to editing and 

revisions of the text and figures. 

 

Declaration of Interests 

The authors declare no competing interests. 

 

 

 

 

 

 



 122 

REFERENCES 
 
1. Raimundo N, Baysal BE, Shadel GS. Revisiting the TCA cycle: signaling to tumor 

formation. Trends Mol Med. 2011;17(11):641-9. 
 
2. Owen OE, Kalhan SC, Hanson RW. The key role of anaplerosis and cataplerosis for 

citric acid cycle function. J Biol Chem. 2002;277(34):30409-12. 
 
3. Perry RJ, Camporez JG, Kursawe R, Titchenell PM, Zhang D, Perry CJ, et al. Hepatic 

acetyl CoA links adipose tissue inflammation to hepatic insulin resistance and type 2 
diabetes. Cell. 2015;160(4):745-58. 

 
4. Li X, Cheng KKY, Liu Z, Yang JK, Wang B, Jiang X, et al. The MDM2-p53-pyruvate 

carboxylase signalling axis couples mitochondrial metabolism to glucose-stimulated 
insulin secretion in pancreatic β-cells. Nat Commun. 2016;7:11740. 

 
5. Cappel DA, Deja S, Duarte JAG, Kucejova B, Iñigo M, Fletcher JA, et al. Pyruvate-

Carboxylase-Mediated Anaplerosis Promotes Antioxidant Capacity by Sustaining 
TCA Cycle and Redox Metabolism in Liver. Cell Metab. 2019;29(6):1291-305.e8. 

 
6. Lussey-Lepoutre C, Hollinshead KE, Ludwig C, Menara M, Morin A, Castro-Vega 

LJ, et al. Loss of succinate dehydrogenase activity results in dependency on pyruvate 
carboxylation for cellular anabolism. Nat Commun. 2015;6:8784. 

 
7. Cardaci S, Zheng L, MacKay G, van den Broek NJ, MacKenzie ED, Nixon C, et al. 

Pyruvate carboxylation enables growth of SDH-deficient cells by supporting 
aspartate biosynthesis. Nat Cell Biol. 2015;17(10):1317-26. 

 
8. Schwörer S, Pavlova NN, Cimino FV, King B, Cai X, Sizemore GM, et al. Fibroblast 

pyruvate carboxylase is required for collagen production in the tumour 
microenvironment. Nat Metab. 2021;3(11):1484-99. 

 
9. Liu C, Zhou X, Pan Y, Liu Y, Zhang Y. Pyruvate carboxylase promotes thyroid 

cancer aggressiveness through fatty acid synthesis. BMC Cancer. 2021;21(1):722. 
 
10. Elia I, Doglioni G, Fendt SM. Metabolic Hallmarks of Metastasis Formation. Trends 

Cell Biol. 2018;28(8):673-84. 
 
11. Phannasil P, Thuwajit C, Warnnissorn M, Wallace JC, MacDonald MJ, Jitrapakdee 

S. Pyruvate Carboxylase Is Up-Regulated in Breast Cancer and Essential to Support 
Growth and Invasion of MDA-MB-231 Cells. PLoS One. 2015;10(6):e0129848. 

 
12. Shinde A, Wilmanski T, Chen H, Teegarden D, Wendt MK. Pyruvate carboxylase 

supports the pulmonary tropism of metastatic breast cancer. Breast Cancer Res. 
2018;20(1):76. 



 123 

 
13. Christen S, Lorendeau D, Schmieder R, Broekaert D, Metzger K, Veys K, et al. 

Breast Cancer-Derived Lung Metastases Show Increased Pyruvate Carboxylase-
Dependent Anaplerosis. Cell Rep. 2016;17(3):837-48. 

 
14. Phannasil P, Ansari IH, El Azzouny M, Longacre MJ, Rattanapornsompong K, 

Burant CF, et al. Mass spectrometry analysis shows the biosynthetic pathways 
supported by pyruvate carboxylase in highly invasive breast cancer cells. Biochim 
Biophys Acta Mol Basis Dis. 2017;1863(2):537-51. 

 
15. Waks AG, Winer EP. Breast Cancer Treatment: A Review. Jama. 2019;321(3):288-

300. 
 
16. de Falco B, Giannino F, Carteni F, Mazzoleni S, Kim DH. Metabolic flux analysis: 

a comprehensive review on sample preparation, analytical techniques, data analysis, 
computational modelling, and main application areas. RSC Adv. 2022;12(39):25528-
48. 

 
17. Jang C, Chen L, Rabinowitz JD. Metabolomics and Isotope Tracing. Cell. 

2018;173(4):822-37. 
 
18. Buescher JM, Antoniewicz MR, Boros LG, Burgess SC, Brunengraber H, Clish CB, 

et al. A roadmap for interpreting (13)C metabolite labeling patterns from cells. Curr 
Opin Biotechnol. 2015;34:189-201. 

 
19. Martinez-Reyes I, Chandel NS. Cancer metabolism: looking forward. Nat Rev 

Cancer. 2021;21(10):669-80. 
 
20. Valastyan S, Weinberg RA. Tumor metastasis: molecular insights and evolving 

paradigms. Cell. 2011;147(2):275-92. 
 
21. Vacanti NM, Divakaruni AS, Green CR, Parker SJ, Henry RR, Ciaraldi TP, et al. 

Regulation of substrate utilization by the mitochondrial pyruvate carrier. Mol Cell. 
2014;56(3):425-35. 

 
22. Lewis CA, Parker SJ, Fiske BP, McCloskey D, Gui DY, Green CR, et al. Tracing 

compartmentalized NADPH metabolism in the cytosol and mitochondria of 
mammalian cells. Mol Cell. 2014;55(2):253-63. 

 
23. Zhang H, Badur MG, Divakaruni AS, Parker SJ, Jager C, Hiller K, et al. Distinct 

Metabolic States Can Support Self-Renewal and Lipogenesis in Human Pluripotent 
Stem Cells under Different Culture Conditions. Cell Rep. 2016;16(6):1536-47. 

 
24. Badur MG, Zhang H, Metallo CM. Enzymatic passaging of human embryonic stem 

cells alters central carbon metabolism and glycan abundance. Biotechnol J. 



 124 

2015;10(10):1600-11. 
 
25. Linares JF, Cordes T, Duran A, Reina-Campos M, Valencia T, Ahn CS, et al. ATF4-

Induced Metabolic Reprograming Is a Synthetic Vulnerability of the p62-Deficient 
Tumor Stroma. Cell Metab. 2017;26(6):817-29.e6. 

 
26. Krycer JR, Yugi K, Hirayama A, Fazakerley DJ, Quek LE, Scalzo R, et al. Dynamic 

Metabolomics Reveals that Insulin Primes the Adipocyte for Glucose Metabolism. 
Cell Rep. 2017;21(12):3536-47. 

 
27. Leone RD, Zhao L, Englert JM, Sun IM, Oh MH, Sun IH, et al. Glutamine blockade 

induces divergent metabolic programs to overcome tumor immune evasion. Science. 
2019;366(6468):1013-21. 

 
28. Davis JC, Alves TC, Helman A, Chen JC, Kenty JH, Cardone RL, et al. Glucose 

Response by Stem Cell-Derived β Cells In Vitro Is Inhibited by a Bottleneck in 
Glycolysis. Cell Rep. 2020;31(6):107623. 

 
29. Faubert B, Li KY, Cai L, Hensley CT, Kim J, Zacharias LG, et al. Lactate 

Metabolism in Human Lung Tumors. Cell. 2017;171(2):358-71.e9. 
 
30. Tomitsuka E, Kita K, Esumi H. The NADH-fumarate reductase system, a novel 

mitochondrial energy metabolism, is a new target for anticancer therapy in tumor 
microenvironments. Ann N Y Acad Sci. 2010;1201:44-9. 

 
31. Chinopoulos C. Which way does the citric acid cycle turn during hypoxia? The 

critical role of α-ketoglutarate dehydrogenase complex. J Neurosci Res. 
2013;91(8):1030-43. 

 
32. Hu YF. Algorithms for Visualizing Large Networks. Ch Crc Comp Sci Ser. 

2012:525-49. 
 
33. Ogata H, Goto S, Sato K, Fujibuchi W, Bono H, Kanehisa M. KEGG: Kyoto 

Encyclopedia of Genes and Genomes. Nucleic Acids Res. 1999;27(1):29-34. 
 
34. Metallo CM, Gameiro PA, Bell EL, Mattaini KR, Yang J, Hiller K, et al. Reductive 

glutamine metabolism by IDH1 mediates lipogenesis under hypoxia. Nature. 
2011;481(7381):380-4. 

 
35. Mullen AR, Wheaton WW, Jin ES, Chen PH, Sullivan LB, Cheng T, et al. Reductive 

carboxylation supports growth in tumour cells with defective mitochondria. Nature. 
2011;481(7381):385-8. 

 
36. Wise DR, Ward PS, Shay JE, Cross JR, Gruber JJ, Sachdeva UM, et al. Hypoxia 

promotes isocitrate dehydrogenase-dependent carboxylation of alpha-ketoglutarate 



 125 

to citrate to support cell growth and viability. Proc Natl Acad Sci U S A. 
2011;108(49):19611-6. 

 
37. Rankin EB, Nam JM, Giaccia AJ. Hypoxia: Signaling the Metastatic Cascade. 

Trends Cancer. 2016;2(6):295-304. 
 
38. Lao-On U, Attwood PV, Jitrapakdee S. Roles of pyruvate carboxylase in human 

diseases: from diabetes to cancers and infection. J Mol Med (Berl). 2018;96(3-
4):237-47. 

 
39. Fan TW, Lane AN, Higashi RM, Farag MA, Gao H, Bousamra M, et al. Altered 

regulation of metabolic pathways in human lung cancer discerned by (13)C stable 
isotope-resolved metabolomics (SIRM). Mol Cancer. 2009;8:41. 

 
40. Izquierdo-Garcia JL, Cai LM, Chaumeil MM, Eriksson P, Robinson AE, Pieper RO, 

et al. Glioma cells with the IDH1 mutation modulate metabolic fractional flux 
through pyruvate carboxylase. PLoS One. 2014;9(9):e108289. 

 
41. Jeong H, Vacanti NM. Systemic vitamin intake impacting tissue proteomes. Nutr 

Metab (Lond). 2020;17:73. 
 
42. Metallo CM, Vander Heiden MG. Understanding metabolic regulation and its 

influence on cell physiology. Mol Cell. 2013;49(3):388-98. 
 
43. Rattanapornsompong K, Khattiya J, Phannasil P, Phaonakrop N, Roytrakul S, 

Jitrapakdee S, et al. Impaired G2/M cell cycle arrest induces apoptosis in pyruvate 
carboxylase knockdown MDA-MB-231 cells. Biochem Biophys Rep. 
2021;25:100903. 

 
44. Kim S, Pevzner PA. MS-GF+ makes progress towards a universal database search 

tool for proteomics. Nat Commun. 2014;5:5277. 
 
45. Granholm V, Kim S, Navarro JC, Sjölund E, Smith RD, Käll L. Fast and accurate 

database searches with MS-GF+Percolator. J Proteome Res. 2014;13(2):890-7. 
 
46. Panizza E, Regalado BD, Wang F, Nakano I, Vacanti NM, Cerione RA, et al. 

Proteomic analysis reveals microvesicles containing NAMPT as mediators of 
radioresistance in glioma. Life Sci Alliance. 2023;6(6). 

 
47. Vacanti NM. The Fundamentals of Constructing and Interpreting Heat Maps. 

Methods Mol Biol. 2019;1862:279-91. 
 
48. Jeong H, Yu Y, Johansson HJ, Schroeder FC, Lehtiö J, Vacanti NM. Correcting for 

Naturally Occurring Mass Isotopologue Abundances in Stable-Isotope Tracing 
Experiments with PolyMID. Metabolites. 2021;11(5). 



 126 

 
49. Young JD. INCA: a computational platform for isotopically non-stationary 

metabolic flux analysis. Bioinformatics. 2014;30(9):1333-5. 
 
50. Rahim M, Ragavan M, Deja S, Merritt ME, Burgess SC, Young JD. INCA 2.0: A 

tool for integrated, dynamic modeling of NMR- and MS-based isotopomer 
measurements and rigorous metabolic flux analysis. Metab Eng. 2022;69:275-85. 

 
51. L vdM. Accelerating t-SNE using Tree-Based Algorithms. Journal of Machine 

Learning Research. 2014;15:3221-45. 
 
52. Johansson HJ, Socciarelli F, Vacanti NM, Haugen MH, Zhu Y, Siavelis I, et al. 

Breast cancer quantitative proteome and proteogenomic landscape. Nat Commun. 
2019;10(1):1600. 

 
53. Kanehisa M, Furumichi M, Sato Y, Kawashima M, Ishiguro-Watanabe M. KEGG 

for taxonomy-based analysis of pathways and genomes. Nucleic Acids Res. 
2023;51(D1):D587-d92. 

 
54. Chen EY, Tan CM, Kou Y, Duan Q, Wang Z, Meirelles GV, et al. Enrichr: 

interactive and collaborative HTML5 gene list enrichment analysis tool. BMC 
Bioinformatics. 2013;14:128. 

 
55. Bastian M. HS, Jacomy M. Gephi: an open source software for exploring and 

manipulating networks. International AAAI Conference on Weblogs and Social 
Media. 2009. 

 



 127 

Appendix to Chapter 1 

 

Abbreviations 

AcCoA Acetyl Coenzyme A 

AKT Serine/Threonine Kinases 

amu Atomic Mass Unit 

DNA Deoxyribonucleic Acid 

ECM Extracellular Matrix 

ER Estrogen Receptor 

ETC Electron Transport Chain 

HER2 Human Epidermal Growth Factor Receptor 2 

MFA Metabolic Flux Analysis 

MID Mass Isotopologue Distribution 

PC Pyruvate Carboxylase 

PDH Pyruvate Dehydrogenase 

PI3K Phosphoinositide 3-Kinases 

PR Progesterone Receptor 

RAR Retinoic Acid Receptor 

RXR Retinoid X Receptor 

TCA Tricarboxylic Acid 

TN Triple-Negative 

US United States 

[U-13C6]glucose Uniformly Labeled Glucose 
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Appendix to Chapter 2 

 

Abbreviations 

AcAc Acetoacetate 

ACACA Acetyl-CoA Carboxylase 

ACAD Acyl-CoA Dehydrogenase 

AcCoA Acetyl coenzyme A 

ADAMTS13 ADAM Metallopeptidase with Thrombospondin Type I Motif 13 

ADCY Adenylate Cyclase 

ADIPOQ Adiponectin 

ADP Adenine Dinucleotide Phosphate 

aKG Alpha ketoglutarate 

AKT Serine/threonine kinases 

ALAS1-2 5’-Aminolevulinate Synthase 1-2 

ALB Albumin 

ALDH Aldehyde dehydrogenases 

Ala Alanine 

amu Atomic mass unit 

APO Apolipoproteins 

APOA1 Apolipoprotein A1 

APP amyloid beta precursor protein 

ART ADP-Ribosyl Transferase 

Asp Aspartate 

ATP Adenosine Triphosphate 

ATPB ATP Synthase Beta 

BCKDHA Branched Chain Keto Acid Dehydrogenase E1 Subunit Alpha 

BCO1 Beta Carotene Oxygenase 1 

BCO2 Beta Carotene Oxygenase 2 

BDH2 3-Hydroxybutyrate Dehydrogenase 2 

BGLAP Bone Gamma-Carboxyglutamate Protein 
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CALM1 Calmodulin 1 

cAMP Cyclic Adenosine Monophosphate 

Cit Citrate 

CoA Coenzyme A 

CFL1 Cofilin 1 

CRABP1 Cellular retinoic acid binding protein 1 

CRABP2 Cellular retinoic acid binding protein 2 

CRP C-Reactive Protein 

CTH Cystathionine Gamma-Lyase 

CTP Cytidine Triphosphate 

CNRIP1 Cannabinoid Receptor-Interacting Protein 1 

CPT1A Carnitine Palmitoyltransferase 1A 

CPT1B Carnitine Palmitoyltransferase 1B 

CPT1C Carnitine Palmitoyltransferase 1C 

CYP2R1 Cytochrome P450 Family 2 Subfamily R Member 1 

CYP27B1 Cytochrome P450 Family 27 Subfamily B Member 1 

DBT Dihydrolipoamide Branched Chain Transacylase E2 

DDC Dopa Decarboxylase 

DHCR7 7-dehydrocholesterol reductase 

DHO Dihydroorotate 

DHRS Dehydrogenase/Reductase 

DLAT Dihydrolipoamide S-Acetyltransferase 

DLD Dihydrolipoamide Dehydrogenase 

DLST Dihydrolipoamide S-Succinyltransferase 

DNA Deoxyribonucleic acid 

dTMP Deoxythymidine Monophosphate 

dUDP Deoxyuridine Diphosphate 

dUMP Deoxyuridine Monophosphate 

ECM Extracellular matrix 

ER Estrogen receptor 

EGLN1 Egl-9 Family Hypoxia Inducible Factor 1 
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EGLN2 Egl-9 Family Hypoxia Inducible Factor 2 

EGLN3 Egl-9 Family Hypoxia Inducible Factor 3 

ENO2 Enolase 2 

FAD Flavin Adenine Dinucleotide 

FASN Fatty Acid Synthase 

FETUB Fetuin-B 

FLAD1 Flavin Adenine Dinucleotide Synthetase 1 

FMN Flavin Mononucleotide 

Fum Fumarate 

FXN Frataxin 

F2 Coagulation Factor II, Thrombin 

F6P Fructose 6-Phosphate 

F7 Coagulation Factor VII 

F9 Coagulation Factor IX 

F10 Coagulation Factor X 

GAD 1-2 Gamma-Aminobutyric Acid 1-2 

GAPDH Glyceraldehyde-3-Phosphate Dehydrogenase 

GC GC Vitamin D Binding Protein 

GGCX Gamma-Glutamyl Carboxylase 

Glc Glucose 

GlcN Glucosamine 

GlcNAc N-Acetylglucosamine 

Glu Glutamate 

GLUD1 Glutamate Dehydrogenase 1 

GLUT1 Glucose Transporter 1 

GLUT3 Glucose Transporter 3 

GLUT4 Glucose Transporter 4 

Gly Glycine 

GOT 1-2 Glutamic-Oxaloacetic Transaminase 1-2 

GPD2 Glycerol-3-Phosphate Dehydrogenase 2 

GPT Glutamic-Pyruvic Transaminase 
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GSTA3 Glutathione S-Transferase Alpha 3 

GSTP1 Glutathione S-Transferase Pi 1 

GPX1 Glutathione Peroxidase 1 

G3P Glyceraldehyde 3-Phosphate 

G6P Glucose 6-Phosphate 

G6PD Glucose 6-Phosphate Dehydrogenase 

Hcy Homocysteine 

HER2 Human epidermal growth factor receptor 2 

HGNS HUGO Gene Nomenclature Committee 

HIF1A Hypoxia Inducible Factor 1 Subunit Alpha 

HLCS Holocarboxylase Synthetase 

HMGCoA 3-Hydroxy-3-Methylglutaryl-CoA 

IC Isocitrate 

IDH1-2 Isocitrate Dehydrogenase (NADP(+)) 1-2 

IDH3A Isocitrate Dehydrogenase (NAD(+)) 3 Catalytic Subunit Alpha 

Ile Isoleucine 

INPP1 Inositol Polyphosphate-1-Phosphatase 

KEGG Kyoto Encyclopedia of Genes and Genomes 

KEAP Kelch Like ECH Associated Protein 

KYNU Kynureinase 

LDHB Lactate Dehydrogenase B 

Leu Leucine 

LRAT Lecithin retinol acyltransferase 

Mal Malate 

MCCC1 Methylcrotonyl-CoA Carboxylase Subunit 1 

MCCC2 Methylcrotonyl-CoA Carboxylase Subunit 2 

mDNA Methylated DNA 

Met Methionine 

ME1 Malic Enzyme 1 

ME3 Malic Enzyme 3 

MFA Metabolic flux analysis 
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MGP Matrix Gla Protein 

MID Mass isotopologue distribution 

MMACHC Methylmalonic Acidemia with Homocystinuria, Cobalamin 

Deficiency Type C 

MMCoA Methylmalonyl-CoA 

MTHFR Methylene Tetrahydrofolate Reductase 

MTR Methionine Synthase 

MUT Methylmalonyl-CoA Mutase 

NAD Nicotinamide adenine dinucleotide 

NADK NAD Kinase 

NADSYN1 NAD Synthetase 1 

NAMPT Nicotinamide Phosphoribosyltransferase 

NAPRT Nicotinate Phosphoribosyltransferase 

NDUFS1 NADH:Ubiquinone Oxidoreductase Core Subunit S1 

NMNAT Nicotinamide Nucleotide Adenylyltransferase 

NRF2 NFE2 Like BZIP Transcription Factor 2 

Oac Oxaloacetate 

OGDH Oxoglutarate Dehydrogenase 

PARP ADP Ribose Polymerase 

PANK1-4 Pantothenate Kinase 1-4 

PC Pyruvate carboxylase 

PCCA Propionyl-CoA Carboxylase 

PDH Pyruvate dehydrogenase 

PDHA Pyruvate Dehydrogenase E1 Subunit Alpha 

PDHB Pyruvate Dehydrogenase E1 Subunit Beta 

PDHX Pyruvate Dehydrogenase Complex Component X 

PDIA3 Protein Disulfide Isomerase Family A Member 3 

PDXK Pyridoxal Kinase 

PEP Phosphoenolpyruvate 

PFKP Phosphofructokinase, Platelet 

PGAM1 Phosphoglycerate Mutase 1 
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PGD Phosphogluconate Dehydrogenase 

PHD1 Prolyl Hydroxylase 1 

PHD2 Prolyl Hydroxylase 2 

PHD3 Prolyl Hydroxylase 3 

PI3K Phosphoinositide 3-kinases 

PKM Pyruvate Kinase, Muscle 

PLOD1 Procollagen-Lysine, 2-Oxoglutarate 5-Dioxygenase 1 

PLOD2 Procollagen-Lysine, 2-Oxoglutarate 5-Dioxygenase 2 

PLOD3 Procollagen-Lysine, 2-Oxoglutarate 5-Dioxygenase 3 

PNPO Pyridoxine Phosphate Oxidase 

PPARA Peroxisome Proliferator Activated Receptor Alpha 

PPCoA Propionyl-CoA 

PR Progesterone receptor 

PROC Protein C, Inactivator of Coagulation Factors Va and VIIIa 

PROS1 Protein S 

PROZ Protein Z, Vitamin K Dependent Plasma Glycoprotein 

PYGL Glycogen Phosphorylase L 

Pyr  Pyruvate 

PYGM Glycogen Phosphorylase, Muscle-Associated 

QTOF Quadrupole time-of-flight 

QQQ Triple-quadrupole 

RAR Retinoic acid receptor 

RARA Retinoic acid receptor alpha 

RARB Retinoic acid receptor beta 

RARG Retinoic acid receptor gamma 

RBP Retinol-binding proteins 

RDH Retinol Dehydrogenases 

reps Replicates 

RFK Riboflavin Kinase 

RHO Rhodopsin 

Ru5P Ribulose 5-Phosphate 
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RXR Retinoid X receptor 

RXRA Retinoid X receptor alpha 

RXRB Retinoid X receptor beta 

RXRG Retinoid X receptor gamma 

R5P Ribose 5-Phosphate 

SAH S-Adenosylhomocysteine 

SAM S-Adenosylmethionine 

SDHA Succinate Dehydrogenase Complex Flavoprotein Subunit A 

SDHB Succinate Dehydrogenase Complex Flavoprotein Subunit B 

SDHC Succinate Dehydrogenase Complex Flavoprotein Subunit C 

SDHD Succinate Dehydrogenase Complex Flavoprotein Subunit D 

Ser Serine 

SHMT1 Serine Hydroxymethyltransferase 1 

SHMT 2 Serine Hydroxymethyltransferase 2 

SLC2A1 Solute Carrier Family 2 Member 1 

SLC2A3 Solute Carrier Family 2 Member 3 

SLC2A4 Solute Carrier Family 2 Member 4 

SLC19A2 Solute Carrier Family 19 Member 2 

SLC19A3 Solute Carrier Family 19 Member 3 

SLC23A1 Solute Carrier Family 23 Member 1 

SLC23A2 Solute Carrier Family 23 Member 2 

SLC25A20 Solute Carrier Family 25 Member 20 

SLC5A6 Solute Carrier Family 5 Member 6 

SPTLC 1 Serine Palmitoyltransferase Long Chain Base Subunit 1 

SPTLC 2 Serine Palmitoyltransferase Long Chain Base Subunit 2 

Suc Succinate 

SucCoA Succinyl-CoA 

TAGLN Transgelin 

TCA Tricarboxylic acid 

TDP Thiamine Diphosphate 

tech Technical 
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THF Tetrahydrofolate 

Thr Threonine 

THRSP Thyroid Hormone Responsive 

TKT Transketolase 

TMLH Trimethyllysine Dioxygenase 

TN Triple negative 

TPI1 Triose Phosphate Isomerase 1 

TPK1 Thiamine Pyrophosphokinase 1 

Triple-TOF Triple – time of flight 

TTPA Alpha Tocopherol Transfer Protein 

TXNRD1 Thioredoxin Reductase 1 

TXNRD2 Thioredoxin Reductase 2 

TXNRD3 Thioredoxin Reductase 3 

UDP Uridine Diphosphate 

UTP Uridine Triphosphate 

UQ Ubiquinone 

Val Valine 

VDR Vitamin D Receptor 

X5P Xylulose 5-Phosphate 

2DGE Two-Dimensional Gel Electrophoresis 

2DGE-MS Two-Dimensional Gel Electrophoresis–Mass Spectrometry 

6PGL 6-Phosphogluconolactone 

6PG 6-Phosphogluconate 
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Appendix Table 2.1: Enzyme, enzyme complexes, or enzyme families requiring vitamin A 
as a cofactor or substrate 
 
Enzyme Function 

Rhodopsin kinase (GRK1) Phosphorylation of rhodopsin to terminate 
phototransduction. 

Retinoic acid binding proteins (CRABP1, 
CRABP2) 

Solubilization of retinoic acid and regulation of 
intracellular retinoic acid metabolism. 

Retinol binding protein (RBP1, RBP2, 
RBP3, RBP4, RBP5) 

Transport of retinol from hepatic parenchymal 
cell into the blood by forming holo-retinol 
binding protein (holo-RBP). 

Transthyretin (TTR) Transport of holo-RBP in the blood by forming 
holo-RBP-transthyretin ternary complex. 

b-carotene 9’10’ dioxygenase (BCO2) Cleavage of b-carotene into b-apo-10’-carotenal 
and b-ionine. 

b-carotene 15,15’-dioxygenase (BCO1) Cleavage of b-carotene into retinal. 

Lecithin retinol acyltransferase (LRAT) Esterification of retinol by transferring sn-1 fatty 
acids from phosphatidylcholine to retinol.  

Retinol dehydrogenases (RDH5, RDH8, 
RDH10, RDH11, RDH12, RDH13, 
RDH14, RDH16, DHRS1, DHRS2, 
DHRS3, DHRS4, DHRS4L1, DHRS4L2, 
DHRS7, DHRS7B, DHRS7C, DHRS9, 
DHRS11, DHRS12, DHRS13, DHRSX) 

Conversion of retinol to retinal. 

 
 
Appendix Table 2.2: Enzyme, enzyme complexes, or enzyme families requiring vitamin B1 
(thiamine) as a cofactor or substrate 
 
Enzyme Function 
Pyruvate dehydrogenase complex 
(PDHA1, PDHA2, PDHB, PDHX, DLAT, 
DLD) 

Decarboxylation of pyruvate to acetyl-CoA. 

a-Ketoglutarate dehydrogenase complex 
(OGDH, DLST, DLD) 

Decarboxylation of a-ketoglutarate to succinyl-
CoA. 

Branched-chain a-keto acid 
dehydrogenase complex (BCKDHA, 
BCKDHB, DBT, DLD) 

Transamination of valine, isoleucine and leucine. 

Transketolase (TKT) Synthesis of pentoses and NADPH in glycolysis 
and pentose phosphate pathway. 

Thiamine transporters (SLC19A2, 
SLC19A3) 

Transport of thiamine across the plasma 
membrane. 

Mitochondrial thiamine pyrophosphate 
carrier (SLC25A19) 

Transport of thiamine pyrophosphate into 
mitochondria. 
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Appendix Table 2.3: Enzyme, enzyme complexes, or enzyme families requiring vitamin B2 
(riboflavin) as a cofactor or substrate 
 
Enzyme Function 
Succinate dehydrogenase complex 
(SDHA, SDHB, SDHC, SDHD) 

Complex II in electron transport chain. 
Conversion of succinate to fumarate in TCA cycle. 

Pyruvate dehydrogenase complex 
(PDHA1, PDHA2, PDHB, PDHX, DLAT, 
DLD) 

Decarboxylation of pyruvate to acetyl-CoA. 

sn-Glycerophosphate dehydrogenase 
(GPD2) 

NADH shuttle between glycolysis and electron 
transport chain in mitochondria. 

Electron transfer flavoprotein 
dehydrogenase (ETFDH) 

Transfer electron from electron transfer 
flavoprotein to ubiquinone.   

Dihydrolipoyl dehydrogenase (DLD) Oxidative decarboxylation of pyruvate by pyruvate 
dehydrogenase complex. 

Acyl-CoA dehydrogenases (ACADM, 
IVD, ACADS, ACADL, GCDH, 
ACADVL, ACADSB, ACAD8, ACAD9, 
ACAD10, ACAD11) 

Dehydrogenation of acyl-CoA esters in fatty acid 
b-oxidation. 

Dimethylglycine dehydrogenase 
(DMGDH) 

Catalysis of dimethylglycine to form sarcosine in 
choline catabolism. 

Choline dehydrogenase (CHDH) Choline catabolism. 
Sarcosine dehydrogenase (SARDH) Catalysis of sarcosine to form glycine. 
NADPH oxidases (NOX1, NOX2, NOX3, 
NOX4, NOX5, DUOX1, DUOX2) Production of superoxide and hydroperoxide. 

Xanthine oxidase (XDH) Oxidation of hypoxanthine to xanthine in purine 
catabolism. 

Aldehyde oxidase (AOX1) Aldehyde oxidation in pyridoxic acid and retinoic 
acid metabolism. 

Pyridoxine phosphate oxidase (PNPO) Conversion of pyridoxamine phosphate to 
pyridoxal phosphate, an active form of vitamin B6. 

D- and L-amino oxidase (DAO, IL4IA) Oxidative deamination of D- and L-amino acids. 
Monoamine oxidase (MAOA, MAOB) Dopamine, tyramine and histamine metabolism. 
Sulfhydryl oxidases (QSOX1) Disulfide bond formation in proteins. 
Spermine oxidase (SMOX) Amine catabolism. 

Kynurenine 3-monooxygenase (KMO) Conversion of kynurenine to 3-hydroxy-
kynurenine in tryptophan metabolism. 

Squalene monooxygenase (SQLE) Squalene oxidation in cholesterol synthesis. 
Flavin monooxygenases (FMO1, FMO2, 
FMO3, FMO4, FMO5, FMO6) Oxidation of amines and sulfides. 

NADPH-cytochrome P450 
oxidoreductase (POR) 

Electron donor for cytochrome b5, heme 
oxygenase, 3-b-hydroxysterol delta-24-reductase 
and squalene monooxygenase. 

NADH-ubiquinone oxidoreductase 
(NDUFV1, NDUFV2, NDUFV3) Complex I in electron transport chain. 
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Cytochrome b5 reductase (CYB5R1, 
CYB5R2, CYB5R3, CYB5R4) Double bond formation in fatty acids. 

3-b-Hydroxysterol delta-24-reductase 
(DHCR24) Conversion of desmosterol to cholesterol. 

7-Dehydrocholesterol reductase 
(DHCR7) Conversion of 7-dehydrocholesterol to cholesterol. 

Methylenetetrahydrofolate reductase 
(MTHFR) 

Conversion of 5,10-methylene tetrahydrofolate to 
5-methyl tetrahydrofolate. 

Glutathione reductase (GSR) Reduction of glutathione disulfide (GSSG) to 
glutathione (GSH). 

Thioredoxin reductase (TXNRD1, 
TXNRD2, TXNRD3) 

Thioredoxin reduction in conversion of 
ribonucleotides to deoxyribonucleotides in DNA 
synthesis. 

3-Ketosphinganine reductase (KDSR) Conversion of 3-ketosphinganine to sphinganine in 
sphingosine synthesis. 

Dihydroceramide desaturase (DEGS1, 
DEGS2) 

Desaturation of dihydroceramide to maintain 
balance between sphingolipids and 
dihydrosphingolipids. 

Dihydroxyacetone phosphate 
acyltransferase (GNPAT) Ether lipids synthesis in peroxisomes. 

Alkyl dihydroxyacetone phosphate 
synthase (AGPS)  

FAD synthase (FLAD1) Adenylation of flavin mononucleotide (FMN) for 
flavin adenine dinucleotide (FAD) generation. 

Nitric oxide synthases (NOS1, NOS2, 
NOS3) Production of nitric oxides from L-arginine. 

Lysine-specific demethylase 1 (KDM1A) 
Demethylation of mono- and di-methylated lysine 
4 of histone H3 (H3K4) and lysine 9 of histone 3 
(H3K9).  

 
 
 
Appendix Table 2.4: Enzyme, enzyme complexes, or enzyme families requiring vitamin B3 
(niacin) as a cofactor or substrate 
 
Pathway Enzyme 

Glycolysis Glyceraldehyde-3-phosphate dehydrogenase 
(GAPDH) 

Interconversion of pyruvate and lactate Lactate dehydrogenase (LDHA, LDHB, LDHC) 

TCA cycle 

Pyruvate dehydrogenase (PDHA1, PDHA2, 
PDHB), Isocitrate dehydrogenase (IDH1, IDH2, 
IDH3A, IDH3B, IDH3G), a-Ketoglutarate 
dehydrogenase (OGDH), Malate dehydrogenase 
(MDH1, MDH2) 

Fatty acid b-oxidation b-Hydroxyacyl-CoA dehydrogenase (HADH, 
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HSD17B10, HSD17B4, EHHADH) 

Vitamin B6 Catabolism 

Aldehyde dehydrogenases (ALDH3A1, ALDH3A2, 
ALDH3B1, ALDH3B2, ALDH1A1, ALDH1A2, 
ALDH1A3, ALDH1B1, ALDH1L1, ALDH1L2, 
ALDH2, ALDH4A1, ALDH5A1, ALDH6A1, 
ALDH7A1, ALDH8A1, ALDH9A1, ALDH16A1, 
ALDH18A1) 

Pentose phosphate pathway Glucose-6-phosphate dehydrogenase (G6PD), 6-
Phosphogluconate dehydrogenase (PGD) 

Malate aspartate shuttle Malate dehydrogenase (MDH1, MDH2) 

Glycerol-3-phosphate shuttle Glycerol-3-phosphate dehydrogenase (GPD1, 
GPD2) 

Fatty acid and steroid synthesis 
b-Ketoacyl-acyl carrier protein (ACP) reductase 
(HSD17B8), 3-Hydroxy-3-methylglutaryl 
coenzyme A (HMG-CoA) reductase (HMGCR) 

Triacylglycerol synthesis Diacylglycerol O-transferase 1 (DGAT1)  
Ketone body formation 3-Hydroxybutyrate dehydrogenase (BDH1, BDH2) 

Folate-dependent one carbon metabolism 
Dihydrofolate reductase (DHFR, DHFR2), 
Methylene THF reductase (MTHFR), Methylene 
THF dehydrogenase (MTHFD1, MTHFD2) 

Branched chain amino acid catabolism 

b-Hydroxyisobutyrate dehydrogenase (HIBADH), 
Methylmalonic semialdehyde dehydrogenase 
(ALDH6A1), Branched chain keto acid 
dehydrogenase (BCKDHA, BCKDHB), b-
Hydroxyacyl-CoA dehydrogenase (HADH, 
HSD17B10, HSD17B4, EHHADH) 

Lysine catabolism 

Lysine-a-ketoglutarate reductase (AASS), 
Saccharopine dehydrogenase (SCCPDH), L-a-
Aminoadipate-d-semialdehyde dehydrogenase 
(AASDH) 

Serine and glycine metabolism D-Glycerate dehydrogenase (GRHPR), D-3-
Phosphoglycerate dehydrogenase (PHGDH) 

Pyrimidine synthesis Dihydroorotate dehydrogenase (DHODH), 
Ribonucleotide reductase (RRM1, RRM2, RRM2B) 

ADP-ribosylation reactions for post 
translational modifications 

ADP ribose polymerases (PARP1, PARP2, 
PARP3, PARP4, TNKS, TNKS2, PARP6, TIRARP, 
PARP8, PARP9, PARP10, PARP11, PARP12, 
PARP13, PARP14, PARP15, PARP16), ADP-
ribosyl transferases (ART1, ART3, ART4, ART5) 

Synthesis of cyclic adenosine 
monophosphate (cAMP) for intracellular 
signal transduction 

Adenylate cyclases (ADCY1, ADCY2, ADCY3, 
ADCY4, ADCY5, ADCY6, ADCY7, ADCY8, 
ADCY9, ADCY10) 

Cyclic ADP-ribose and nicotinic acid 
adenine dinucleotide phosphate 
(NAADP) formation in calcium 

ADP-ribosyl cyclases (CD38, BST1) 
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metabolism 
Sirtuin deacetylation in p53 function and 
genomic stability  

NAD-dependent deacetylases sirtuins 1-6 (SIRT1, 
SIRT2, SIRT3, SIRT4, SIRT5, SIRT6) 

 
 
 
Appendix Table 2.5: Enzyme, enzyme complexes, or enzyme families requiring vitamin B5 
(pantothenic acid) as a cofactor or substrate 
 
Enzyme Function 
10-Formylteterahydrofolate 
dehydrogenase (ALDH1L1, ALDH1L2) 

Oxidation of 10-formylteterahydrofolate to form 
tetrahydrofolate. 

Cytosolic fatty acid synthase (FASN) Fatty acid synthesis. 
4’-Phosphopantetheine transferase 
(AASDHPPT) Addition of 4’-phosphopantetheine to proteins. 

a-Aminoadipate semialdehyde 
dehydrogenase (ALDH7A1) 

Conversion of lysine to a-aminoadipate 
semialdehyde in lysine degradation. 

Pyruvate dehydrogenase complex 
(PDHA1, PDHA2, PDHB, PDHX, DLAT, 
DLD) 

Decarboxylation of pyruvate to acetyl-CoA. 

a-Ketoglutarate dehydrogenase complex 
(OGDH, DLST, DLD) 

Decarboxylation of a-ketoglutarate to succinyl-
CoA. 

Branched-chain a-keto acid 
dehydrogenase complex (BCKDHA, 
BCKDHB, DBT, DLD) 

Transamination of valine, isoleucine and leucine. 

 
 
 
Appendix Table 2.6: Enzyme, enzyme complexes, or enzyme families requiring vitamin B6 
as a cofactor or substrate 
 
Enzyme Function 

Aminotransferases  

Transfer of an amino group from an amino acid to 
a-keto acid in nonessential amino acids synthesis. 
Aspartic amino transferase (GOT1, GOT2) and 
alanine aminotransferase (GPT, GPT2) are the 
common aminotransferases with vitamin B6 as 
coenzymes. 

Decarboxylases  

Removal of carboxy group from amino acids in the 
formation of g-aminobutyric acid (glutamate 
decarboxylase (GAD1, GAD2)), serotonin (DDC), 
histamine, dopamine and epinephrine. 

Racemases (SRR) Interconversion of D-amino acids and L-amino 
acid. 

Dehydratases (SDS) Removal of an amino group from amino acids. 
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Cystathionine β-synthase (CBS) Conversion of homocysteine to cystathionine in 
cysteine synthesis. 

Cystathionine γ-lyase (CTH) Conversion of cystathionine to cysteine. 
Selenocysteine b-lyase (SCLY) Conversion of selenocysteine to selenide. 
Serine hydroxymethyltransferase 
(SHMT1, SHMT2) 

Transfer of hydroxyl group from serine to 
tetrahydrofolate (THF) for glycine generation. 

d-Aminolevulinate synthase (ALAS1, 
ALAS2) 

Labilization of glycine and addition of succinate to 
generate d-aminolevulinate, the first and rate-
limiting step in heme synthesis. 

Glycogen phosphorylase (PYGM, PYGL) Degradation of glycogen to glucose-1-phosphate. 
Serine palmitoyl transferase (SPTLC1, 
SPTLC2, SPTLC3) 

Condensation of serine with palmitoyl-CoA in 
sphingolipid synthesis. 

d-6-Desaturase (FADS2) Desaturation of linoleic and g-linolenic acids. 

Kynureninase (KYNU) Conversion of 3-hydroxykynurenine to 3-
hydroxyanthranilic acid in niacin synthesis. 

 
 
 
Appendix Table 2.7: Enzyme, enzyme complexes, or enzyme families requiring vitamin B7 
(biotin) as a cofactor or substrate 
 
Enzyme Function 

Pyruvate carboxylase (PC) Carboxylation of pyruvate to oxaloacetate in 
anaplerotic reaction. 

Acetyl-CoA carboxylase (ACACA, 
ACACB) Carboxylation of acetyl-CoA to malonyl-CoA. 

Propionyl-CoA carboxylase (PCCA, 
PCCB) 

Carboxylation of propionyl-CoA generated from 
catabolism of odd-chain fatty acids, isoleucine, 
threonine and methionine to form methylmalonyl-
CoA. 

b-Methylcrotonyl-CoA carboxylase 
(MCCC1, MCCC2) 

Carboxylation of b-methylcrotonyl-CoA 
generated from catabolism of leucine to form b-
methylglutaconyl-CoA which can be further 
catabolized to acetoacetate and acetyl-CoA. 

Holocarboxylase synthetase (HLCS) Catalysis of covalent linkage of biotin to lysine 
residues of carboxylases.  

Sodium-dependent solute carriers 
(SLC5A6, SLC19A3) 

Transport of biotin across the plasma membrane 

 
 
Appendix Table 2.8: Enzyme, enzyme complexes, or enzyme families requiring vitamin B9 
(folic acid) as a cofactor or substrate 
 
Enzyme Function 
Glycinamide ribonucleotide Addition of formyl groups at C8 position in 10-
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formyltransferase (GART) formyl THF in purine synthesis. 
5-amino-4-imidazole carboxamide 
ribonucleotide formyltransferase (ATIC) 

Addition of formyl groups at C2 position in 10-
formyl THF in purine synthesis. 

Thymidylate synthetase (TYMS) 
Conversion of deoxyuridine monophosphate 
(dUMP) to deoxythymidine monophosphate 
(dTMP), a rate-limiting step in DNA synthesis. 

Serine hydroxymethyltransferase 
(SHMT1, SHMT2) 

Conversion of THF and serine to 5,10-
methylene THF and glycine. 

Methionine synthase (MTR) Conversion of 5-methyl THF and homocysteine 
to THF and methionine. 

10-Formyl THF synthetase (MTHFD1, 
MTHFD1L) Formylation of THF to form 10-Formyl-THF. 

5,10-Methenyl THF cyclohydrolase 
(MTHFD1, MTHFD2) 

Conversion of 10-formyl THF to 5,10-methenyl 
THF. 

5,10-Methylene-THF dehydrogenase 
(MTHFD1, MTHFD2) 

Conversion of 5,10-methenyl THF to 5,10-
methylene THF. 

Dihydrofolate reductase (DHFR, 
DHFR2) 

Conversion of folic acid to dihydrofolate. 
Conversion of dihydrofolate to THF. 

Methylene THF reductase (MTHFR) Conversion of 5,10-methylene THF to 5-methyl 
THF 

 
 
Appendix Table 2.9: Enzyme, enzyme complexes, or enzyme families requiring vitamin B12 
(cobalamin) as a cofactor or substrate 
 
Enzyme Function 

Methionine synthase (MTR) Conversion of homocysteine to methionine in 
the cytosol with methylcobalamin as a cofactor. 

Methylmalonyl-CoA mutase (MUT) 

Isomerization of methylmalonyl-CoA to 
succinyl-CoA to catabolize odd-chained fatty 
acids and cholesterol in the mitochondria with 
adenosylcobalamin as a cofactor. 

 
 
Appendix Table 2.10: Enzyme, enzyme complexes, or enzyme families requiring vitamin C 
(ascorbic acid) as a cofactor or substrate 
 
Enzyme Function 

Dopamine b-hydroxylase (DBH) Hydroxylation of dopamine to form 
norepinephrine. 

Peptidylglycine a-amidating 
monooxygenase (PAM) 

Addition of carboxy-terminal α-amide group to 
activate peptide hormones.  

Prolyl 3-hydroxylase (P3H1, P3H2, 
P3H3) Hydroxylation of prolyl and lysyl residues in 

collagen synthesis. Prolyl 4-hydroxylase (P4HA1, P4HA2, 



 143 

P4HA3, P4HB, P4HTM) 
Lysyl hydroxylase (PLOD1, PLOD2, 
PLOD3) 
Hypoxia inducible factor prolyl 
hydroxylases (EGLN1, EGLN2, EGLN3) 

Hydroxylation of hypoxia inducible factor 1 
subunit alpha (HIF1A) protein. 

Tyrosine hydroxylase (TH) Conversion of tyrosine to L-DOPA in 
catecholamine biosynthesis. 

Trimethyllysine hydroxylase (TMLH) Conversion of trimethyllysine to hydroxy 
trimethyllysine in carnitine biosynthesis. 

g-Butyrobetaine hydroxylase (BBOX) Conversion of g-butyrobetaine to carnitine in 
carnitine biosynthesis. 

4-Hydroxyphenylpyruvate dioxygenase 
(HPD) 

Conversion of 4-hydroxyphenylpyruvate to 
homogentisate in tyrosine catabolism. 

Sodium-dependent vitamin C 
transporters (SLC23A1, SLC23A2) 

Absorption of ascorbic acid at the intestinal 
brush border and distribution to tissues. 

Glucose transporters (SLC2A1, SLC2A3, 
SLC2A4) 

Absorption of oxidized ascorbic acid at the 
gastrointestinal tract and distribution to tissues. 

Carnitine-acylcarnitine translocase 
(SLC25A20) 

Transport of carnitine fatty acid complexes into 
inner mitochondria. 

 
 
Appendix Table 2.11: Enzyme, enzyme complexes, or enzyme families requiring vitamin D 
as a cofactor or substrate 
 
Enzyme Function 

Vitamin D binding protein (GC) Transport of vitamin D metabolites in the blood 
to tissues. 

Protein disulfide isomerase A3 (PDIA3) Regulation of rapid membrane-associated 
signaling pathway of vitamin D. 

1a-hydroxylase (CYP27B1) Conversion of 25(OH)D to 1,25(OH)2D3 in the 
kidney. 

24-hydroxylase (CYP24A1) Degradation of 1,25(OH)2D3 and 25(OH)D to 
inactive forms.  

25-hydroxylase (CYP2R1) Conversion of vitamin D3 to 25(OH)D3. 
 
 
Appendix Table 2.12: Enzyme, enzyme complexes, or enzyme families requiring vitamin E 
as a cofactor or substrate 
 
Enzyme Function 

a-tocopherol transfer protein (TTPA) 
Transfer of RRR a-tocopherol and to very low-
density lipoprotein (VLDL) for distribution to 
tissues. 
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Appendix Table 2.13: Enzyme, enzyme complexes, or enzyme families requiring vitamin K 
as a cofactor or substrate 
Enzyme Function 

g-Glutamyl carboxylase (GGCX) 
Posttranslational carboxylation of glutamic acid 
residues to form g-carboxy-glutamate required 
for coagulation and bone mineralization. 
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Appendix to Chapter 3 

 

Abbreviations 

MFA Metabolic Flux Analysis 

MID Mass Isotopologue Distribution 

TCA Tricarboxylic Acid 

IMD Isotope Mass Distribution 
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Appendix to Chapter 4 

 

Abbreviations 

OXPHOS Oxidative Phosphorylation 

TCA Tricarboxylic Acid 

ATP Adenosine Triphosphate 

PC Pyruvate Carboxylase 

MFA Metabolic Flux Analysis 

PDH Pyruvate Dehydrogenase 

SDH Succinate Dehydrogenase 

MIDs Mass Isotopologue Distributions 

PPP Pentose Phosphate Pathway 

t-SNE t-Distributed Stochastic Neighbor Embedding 

BIRC5 Baculoviral IAP Repeat Containing 5 

GTSE1 G2 and S-Phase Expressed 1 

GLS Glutaminase 

GLS2 Glutaminase 2 
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Appendix Figure 4.1. Labeling of TCA cycle intermediates by [U-13C6]glucose.  
(A) Malate MID of BT20 cells cultured with [U-13C6]glucose. (B) Malate MID of MCF7 
cells cultured with [U-13C6]glucose. (C) Schematic of [U-13C6]glucose labeling of 
carbon atoms in the second and third turns of the TCA cycle. (D) Succinate MID of 
MCF7 cells cultured with [U-13C6]glucose. (E) Succinate MID of BT20 cells cultured 
with [U-13C6]glucose. Error bars represent standard deviations. *p<0.05, **p<0.01, and 
***p<0.001 by ANOVA with Tukey’s post hoc test. 
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Appendix Figure 4.2. Proliferation and mass isotopologue distributions. 
(A) Number of viable cells quantified versus time, normalized to initial time point. (B 
and C) MID of citrate (B) and serine (C) in breast cancer cell lines cultured with [U-
13C6]glucose. (D and E) MID of citrate (D) and malate (E) in breast cancer cell lines 
cultured with [U-13C5]glutamine. Error bars represent standard deviations.  *p<0.05, 
**p<0.01, and ***p<0.001 by a two-tailed, equal variance, Student’s t test.  
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Appendix Figure 4.3. Correlations of flux responses with enzyme abundance 
responses upon inhibited OXPHOS. (A) Adaptations of de novo serine synthesis flux 
and abundances of enzymes catalyzing steps in the pathway upon rotenone treatment. 
(B) Adaptations of glutamine reductive carboxylation flux and abundances of isocitrate 
dehydrogenase isoforms upon rotenone treatment. (C) Adaptations of glutamine 
oxidation flux and abundances of glutaminase isoforms upon rotenone treatment. (D) 
Adaptations of pyruvate dehydrogenase flux and pyruvate dehydrogenase complex 
members upon rotenone treatment. PDH Flux: pyruvate oxidation flux, QOX Flux: 
glutamine oxidation flux, QRC Flux: glutamine reductive carboxylation flux, SER Flux: 
de novo serine synthesis flux. 
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Appendix Table 4.1. Enrichr pathway analysis of protein ΔAbundances correlated with ΔFluxes, +/- rotenone. Enrichment in 
KEGG pathways. Pathways with adjusted p-values less than 0.01 are displayed. 

 

Flux CorrelatedGeneSymbols KEGGPathway CorrelatedGeneSymbolsinPathway

CellCycle 17.02

DNAReplication

DNAReplication PRIM2, POLA1, POLA2, PRIM1, RPA2, MCM4, MCM2

DNAReplication

DNA Replication

DNA Replication

33.73
QOX

Adjusted
P-value

Odds
Ratio

NDUFS7, NDUFA2, EIF2AK3, NDUFS1, SDHA, NDUFV2,
COX5B

C1orf122, C4orf19, TXLNG, SGMS2, NUDT22, RNF187, PARP1, TFDP1, AZI2, POLG2, DTL, TOP2A, TMEM206, CENPF, GTPBP3, BUB1, UNC45A, PRIM1,
TTI1, REST, TELO2, PLCE1, BIRC5, PSMG3, PSMG4, CUL4A, SLC45A4, SOS1, CDC123, CABLES1, ELP3, LARGE2, PRC1, RRP12, RHPN2, TRIP13, MAL2,
SPATA5L1, GMNN, COQ7, ZFP1, DLG5, MRPS23, SKA1, DPY19L3, ARMC7, PRIM2, XPNPEP3, CAMK2D, KRI1, POLE2, SMC2, ATM, COQ5, TIMELESS,
PPIH, BUB1B, CBX2, NFIB, EI24, KIF20B, MNAT1, NCAPD3, AAAS, PHKA1, CCDC93, PMS1, DBF4, ZWINT, MZT1, HOOK1, CDCA2, TIA1, CDC25C,
CNKSR1, C2CD2L, AP3M2, ATP1A3, SUOX, CCDC120, WDR60, ANAPC13, ZYG11B, CLDND1, WRB, DDX11, RAD51, UBE2G2, KIF20A, ARID4A, LIN37,
PLK1, POLA1, GTF2H4, MRPS7, ATR, NBEAL2, RFC5, HELLS, SHCBP1

ANAPC13, TFDP1, DBF4, PLK1, BUB1B, ATM,
CDC25C, BUB1, ATR

RFC5, PRIM2, POLA1, PRIM1, POLE2 5.09E-05

1.32E-04

4.45E-05
7.42E-04

5.33E-03

9.13E-03

9.03E-03

4.68E-12

2.06E-06

8.84E-05

1.07E-04

2.17E-04

8.57E-03

9.88E-07

9.63E-04

9.63E-04

1.64E-03
1.77E-03

3.56E-03

6.23E-03

7.97E-03

1.29E-06

Nucleotide Excision
Repair

RFC5, CUL4A, POLE2, MNAT1, GTF2H4 24.88

TRIAP1, RPL32, GTF2A2, IST1, PPOX, TRABD, RPUSD4, TIA1, KCTD5, UFC1, NDUFA2, EIF4A3, PSMB1, CXorf38, ZNF766, NUP37, RNF126, SMIM26,
CGREF1, CENPI, ZYG11B, PSMA4, NSMCE4A, TTI1, ZNF513, CLCC1, VPS4A, NDUFV1, RUVBL2, SRP9, DDX39B, AAAS, INA, SAE1, GTPBP3, PPARG,
POLR1D, COQ7, POLR3E, MAGEA12,APPBP2 SENP6, IFT27, URB2, FAM210B, BABAM1, CNOT2, FGD3, PES1,ACTR6, ZNF84, MGME1, EXOSC6, MRPS7,
NMRAL1, PCIF1, SPC25, PSMA7, RAD9A, NSMCE1, RDH10, UBE2G2, POLR3D, TCP1, NDUFV2, METTL21A, CCDC6, SOS1, GTF2H1, CTDP1, SF3B5,
LEMD3, RPL7A, NUBP1, MRPL47, DDX18, RBM45, SMC4, FOXA1, TECR, MARCKSL1, AGGF1, PAIP2B, IDH3G, ZNF517, POLR3A, PHLPP2, NDUFS1,
IRF3, RNF41 POLR2A, PPP4R1, HARS, DCTN5, PPIG, FARP2, MGA, FAM199X, CLNS1A, UBE3A

QRC

PC
Flux

SER

PDH

Growth

POLR3A, POLR2A, POLR3D, POLR3E, POLR1DRNA Polymerase
Cytosolic DNA-Sensing

Pyrimidine
Metabolism

Huntington's Disease

Huntington's Disease

POLR3A, IRF3, POLR3D, POLR3E, POLR1D

POLR3A, POLR2A, POLR3D, POLR3E, POLR1D

POLR2A, NDUFA2, NDUFS1, PPARG, NDUFV2,
NDUFV1

Epstein-Barr Virus
Infection POLR3A, IRF3, POLR2A, POLR3D, POLR3E, POLR1D

CENPF, BIRC5, TOP2A, GTSE1, PLK1, RAD51, PRC1, ELP4, CDCA8, METTL6, C2CD5, CDCA2, FIBP, B4GAT1, MELTF, FAM83D, COQ5, UBE2C,ANAPC13,
KIF20A, SUOX, CHAF1B, ANLN, TOB1, TELO2, SLC6A11, POLQ, SOS1, DST, GIT2, ABCF2, TPX2, LIN37, RACGAP1, TMEM206, DTL, SPATA5L1, ESPL1,
KIF1BP, PBK, AURKB, GMNN, SPATA5, ZWINT, TXLNG, GSS, PMS1, CAPN15, FAM120B, DBF4, CCNB2, UBE2S, KIF11, PRIM2, SASS6, ARMC7, NR3C1,
CCNA2, PRIM1, PSMG3, WRB, HOOK1, KIF15, CLDND1, TRIP13, SGMS2, SLC19A1, C1orf122, CSF2RA, CENPU, KNTC1, RAD54B, CCNB1, KIF20B,
C4orf19, CCDC93, KIF18B, ZNF554, RAB30, WWC3, WSB1, HMMR, POLG2, TONSL, SNX21, INCENP, MZT1, TIMELESS, KIF23, NUDT22, TIPIN, TFDP1,
PIMREG ELP3, CENPE, AURKA, BUB1B, NCAPD3, CHAF1A, TK1, PDE3B, PRKCE, NDC80, GMPS, PIGH, CKAP2, NBEAL2, NCK1, FAM98A, PHKA1,
RBM23, EIF3K, UBE2T, DNAJC14, HASPIN, NUSAP1, HELLS, ELL3, ARHGAP24, MASTL, PPIH, IQSEC2, GEN1, POLA2, KLHL13, RNF187, TRMT6,
PRPSAP1, PARP1, NFKBIL1, USP1, REEP4, ZNF720, MCM10, COQ7, NUF2, ESCO2, TICRR, CCNH, ATR, TUBA8, POLA1, BUB1, UBR7, UNC45A, ZER1,
EXOC4, GCLC, LRR1, GREB1, C2CD2L, CASP8AP2, ATAD2, INHBB, SMG5, BUD23, CDC20, KIF22, BCAM, VRK1, BRMS1L, PLCE1, CETN3, CDK2,
BTBD2, MYO9A, MFAP3L, CEP55, SMC2, MCM2, SEH1L, RPA2, MNAT1, CABLES1, SPPL2B, MGMT, ZNF580, RPL23, DIAPH3, NCAPH, MCM4, WDHD1,
UHRF1, SHCBP1, ELP5,HDAC11, CEP78, MAGEA10

Cell Cycle

Oocyte Meiosis

Progesterone-Mediated
Oocyte Maturation

Fanconi Anemia Pathway

p53 Signaling Pathway

CPSF2, ZBTB5, DDX18, OIP5, PHF20, MBOAT2, FOXP4, SYTL2, ING3, KANSL2, CENPH, KDM5A, SMC4, TOPBP1, CHD4, UHRF1, NCAPH, TWISTNB,
VWA1, BUD23, CENPI, EEF2KMT,ANKLE2, SIPA1L1, SUPT16H, FANCD2, RACK1, PRPF4B, PPP4R3B, GADD45GIP1, MMS22L, RRP36, NCAPD2, NCAPG,
NSD1, ECD, NUP155, SMC2, MDC1, WDR34, PODXL, AES, BRD9, MPHOSPH9, GTF2I, RPS14, MCM7, CHAF1A, EP400, PNO1, POLR2B, SPC25, NCAPH2,
EZH2, GID8, ANKRD2, SLC2A10, PARD3, ABCB6, ULBP2, TEX2, MBD3, PRRC2C, KIF4B, TAF9B, EPC1, APOB, MIPOL1, MGA, MCM3, AKT3, CASP8AP2,
DPY30, PTPN18, BAG3, SLCO4A1, MAEA, POLR2E, MSH6, POLD3, MASTL, FMN1, DHX16, CIAPIN1, HELLS, LSG1, CTDSPL2, TRIR, NR2F6, CSDE1,
DDX3X, SNCB, NRDE2, SF3B3, ASTE1, MOCS1, CASP2, EIF3M, NACA, ATAD2B, MARVELD2, TOP3A, MCM5, MCM2, ARID5B, POMK, SLPI, SARAF,
CKLF, CDKL2, ERO1B, MRPS30, POLA1, FANCM, L3MBTL2, WDHD1, BYSL, EPS8L1, GK5, NLK, HASPIN, TSR1, MCM4, TUBA8, GINS2, SMARCD1,
TIPIN, SYK, PHF19, WDR5, RPL5, FANCF, TRAF3IP2, FAM50A, SYBU, TRMT61A, PTTG1, ASB7, DHFR, TJP1, SNX19, USP12, VSIG10, SAMD1, ANXA10,
PBK, TONSL, CDK19, FGF2, MAP3K11, LRRC26

MRPL47, RPUSD4, MRPL19, PHLPP2, INA, DDX18, URB2, NSMCE1, CENPI, SENP6, SF3B3, CLCC1, MARCKSL1, CNOT2, DNAJA3, ISCA1, SPTBN4,
NFU1, MGA, CHD5, ZNF513, DDX3X, TIA1, PIGS, RDH10, NSMCE4A, EIF4A3, NUP155, URB1, SMIM26, NDUFA2, SREK1, APOBEC3C, WDR5, MRPL33,
GPRC5B, MAGEA12, SDHA, NDUFS1, VPS4A, APPBP2, STRBP, COX5B, ADGRE5, TRIAP1, IST1, DBP, SAE1, NDUFS7, NUP37, SPC25, RRP36, GTF3C2,
RPL32, FGD3, SPPL2A, MRPS7, MGLL, LYRM2, TFB2M, LPCAT4, PARD3, SMC4, GTF2A2, FAM192A, NDUFV2, RFFL, BCL7A, PARP4, RPP30, HNRNPD,
CENPH, METTL21A, POLD1, C15orf61, EIF2AK3, RFC4, EGFR, CEP290, EEF2KMT, CHERP, SLIRP, PPP4R1, PYURF, ASXL1, ITGB6, IDH3G, MGME1,
FAM208B, RBM3, DAP3, IP6K1, FARP2, RAD9A, RFC5, COPG2, NIPSNAP2, MRPS9, GHITM, TUBB3

DDX18, CENPI, SF3B3, MRPL19, SENP6, MGA, NUP155, CENPH, DDX3X, SMC4, RRP36, RPUSD4, CHD4, MRPL47, EEF2KMT, SPC25, ZBTB5, INA,
SPTBN4, PHLPP2, URB2, MBOAT2, PARD3, CNOT2, WDR5, EIF4A3, CPSF2, SMC2, POLD1, NSMCE1, APOBEC3C, EHMT2, ASXL1, CHERP, POLD3,
GINS2, FOXP4, ZDBF2, NSMCE4A, SDHA, MPHOSPH9, TWISTNB, WDR34, LSG1, VWA1, PPP4R3B, SUPT16H, GPRC5B, HNRNPD, MIS12, TSPAN15,
SMPD4, SMIM26, TIA1, RBM45, SREBF1,APPBP2, SPPL2A, FAM50A, POMK, MRPL33, PNO1, BRD9, SARAF, RBM3, SLPI, PTTG1, DPY30, FARS2, POLA1,
MRPL35, IP6K1, RCL1, DNAJA3, FAM208B, OIP5, PARP4, RSBN1, GK5, GTF2I,AGGF1, TEX2, MGME1, ZNF574, RFC5, FANCD2, CDK19, FAM192A, DHFR,
CHD5, WDCP, NDUFS7, ANKLE2, B3GNT3, USP12, MRPS30, SLCO4A1, ARHGAP35, MARCKSL1, ABCG2 Mismatch Repair

Mismatch Repair

RFC5, POLD3, POLD1

POLD3, RFC5, POLA1, POLD1

ANAPC13, CCNH, PLK1, BUB1B, CDC20, CCNA2,
CCNB2, CCNB1, TFDP1, DBF4, ESPL1, CDK2, MCM4,
BUB1, ATR, MCM2

CDC20, ANAPC13, CCNB2, CCNB1, ESPL1, PLK1,
CDK2, BUB1, AURKA

CCNA2, ANAPC13, CCNB2, CCNB1, PLK1, CDK2,
PDE3B, BUB1

RAD51, UBE2T, USP1, RPA2, TELO2, ATR

CCNB2, CCNB1, CDK2, GTSE1, ATR

POLD3, POLA1, MCM7, MCM3, MCM4, MCM5, MCM2

Non-Alcoholic Fatty
Liver Disease

NDUFS7, NDUFA2, EIF2AK3, NDUFS1, SDHA,
NDUFV2, COX5B

Alzheimer's Disease

Parkinson's Disease
NDUFS7, NDUFA2, NDUFS1, SDHA, NDUFV2, COX5BOxidative Phosphorylation

NDUFS7, NDUFA2, NDUFS1, SDHA, NDUFV2, COX5B

Ribosome

RFC5, RFC4, POLD1

RFC5, RFC4, POLD1

NDUFS7, NDUFA2, NDUFS1, SDHA, NDUFV2, COX5B

MRPS9, RPL32, MRPL19, MRPS7, MRPL33

17.7

10.42

6.73

6.42

16.97

26.38

8.69

9.74

13.86

8.43

33.22

10.33

9.23

9.94
9.28

30.74

6.73

7.88

38.74


