


applications of MTA and the GEM analysis framework in both basic and transla-

tional research.

First, MTA was used to identify metabolic processes essential to the anti-

tumor function of CD8 T cells in cancer immunotherapy. T cells play a central

role in cancer immunosurveillance and current cancer immunotherapies. In order

to improve the patient response rate to immunotherapy, it is pivotal to understand

the factors regulating T cell function. It has been recognized that metabolism can

greatly affect different aspects of T cell function, including differentiation, cytokine

production, longevity and exhaustion. Via the MTA analysis of adoptive cell transfer

(ACT) therapy, including CAR-T therapy datasets, the mitochondrial uncoupling

protein UCP2 was predicted as a key determinant of ACT therapy response and

CD8 T cell anti-tumor function. GEM analysis also points to the generation of

reactive oxygen species (ROS) as a mechanism underlying the effect of UCP2. The

role of UCP2 in T cells and the ROS-related mechanisms were thoroughly validated

with genetic knockout/overexpression and pharmacologic inhibition experiments in

a Pmel-1/B16 ACT mice model.

Second, MTA was used to predict anti-SARS-CoV-2 targets that act via coun-

teracting the virus-induced metabolic alterations. The COVID-19 pandemic caused

by the SARS-CoV-2 coronavirus has been ongoing for about a year to date, with still

very few therapeutic options available. Viruses, including coronaviruses, are known

to hijack the host metabolism to facilitate their own proliferation, making targeting

host metabolism a promising antiviral approach. I performed an integrated GEM

analysis of 12 published in vitro and human patient gene expression datasets on



SARS-CoV-2 infection, revealing a wide-spread metabolic reprogramming induced

by the virus. MTA successfully predicted metabolic anti-SARS-CoV-2 targets, with

significant overlap with the experimentally validated targets identified from drug and

genetic screens. Further, MTA was used to identify potential targets for combining

with remdesivir (an approved anti-SARS-CoV-2 drug) to achieve higher efficacy.

In conclusion, I developed the improved MTA algorithm with an updated

GEM workflow, which were applied to cancer immunotherapy and coronavirus in-

fection. The integrated GEM analysis identified mitochondrial uncoupling as an

essential metabolic process in anti-tumor CD8 T cells, and effectively predicted host

metabolism-targeting anti-SARS-CoV-2 strategies. This demonstrates the value of

GEM in a broad range of metabolism-related research problems.
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Chapter 1: Introduction

1.1 Cell metabolism1

1.1.1 Overview

All living organisms and cells must harness non-biological energy, convert it

into biological energy and use it to drive all the biological processes needed for their

survival, growth, proliferation, and other activities. Biological energy transduction

obeys the laws of thermodynamics, including the conservation of energy in an iso-

lated system (i.e. total amount of energy in the universe does not change) and the

increase in disorder in an isolated system (i.e. the total entropy of the universe

always increases). Under conditions of constant temperature and pressure, which

(approximately) applies to most biological systems, the law of entropy increase leads

to that for any process to happen spontaneously, the change in Gibbs free energy,

∆G, must be negative. Living organisms and their cells utilizes free energy, i.e. they

rely on the decrease in Gibbs free energy to drive their biological activities. While

some autotrophs like plants are able to utilize the energy of the radiation from

the sun, other organisms including heterotrophs like animals exclusively harness

1a common reference for this section is the textbook Nelson, Cox, & Lehninger (2017)
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the chemical energy from the molecules they consume in their food and from their

environment. By maintaining and carefully regulating tens of thousands of chem-

ical reactions in each cell, they harness the free energy release from the chemical

compounds (metabolites) in a highly controlled manner, supporting their normal

biological activities and the turn-over of their structural components. This highly

complex and fine-tuned network of biochemical processes, the cell metabolism, is

fundamental to all life without which no other biological processes or activity can

happen.

Chemical reactions that the cell utilizes can happen spontaneously, i.e. they

have negative ∆G, termed thermodynamically unstable. However, although some

of the biochemical reactions can readily happen without extra “assistance”, most

biochemical reactions by themselves happen at very slow rates (i.e. kinetically sta-

ble). Therefore for the cell to harness these reactions efficiently, enzymes are needed

for most reactions. Enzymes are biocatalysts that significantly increase the rate

of chemical reactions. They are usually protein molecules (single or can be large

complexes of multiple protein sub-units), which are not consumed in the reactions

themselves, but act via decreasing the activation energy of the reaction they cat-

alyze. Different enzymes can be confined within defined cellular compartments, the

catalytic activities of each enzyme are usually highly specific to certain reactions,

with the function levels/activities of the enzymes subject to swift and highly refined

regulations. These mechanisms make it possible for the cell to regulate the entire

metabolic network in a precise manner.

The phase of metabolism involving the degradation of larger organic molecules

2



such as carbohydrates, fats, proteins and nucleic acids into smaller products and re-

leasing energy is called catabolism. The chemical energy harnessed during catabolism

is often conserved in ATP molecules and reduced electron carriers such as NADH,

NADPH and FADH2. The phase of metabolism involving the biosynthesis of smaller

precursor molecules into larger biomolecules is called anabolism. Anabolism requires

energy input which is usually in the form of the ATP molecules and reduced electron

carriers which are produced during catabolism – more specifically, the involvement of

these “energy-containing” molecules contribute to the spontaneity of the biosynthe-

sis reactions under physiological conditions, allowing them to happen when needed.

The cycle of catabolism and anabolism keeps the physical matter of life in constant

turn-over accompanied by a constant free energy dissipation and entropy increase,

in accordance with the physical laws of thermodynamics.

1.1.2 Overview of cell metabolic pathways in human

Although the entire cell metabolism has a highly intricate network-like struc-

ture, it is conventional to divide the cellular metabolic network conceptually into

different parts or sub-systems, called pathways. A common way of pathway def-

inition is based on the type of biomolecules involved, for example, pathways of

carbohydrate metabolism, amino acid metabolism, lipid metabolism, nucleic acid

metabolism, and so on. Additionally, a central part of cell metabolism responsi-

ble for the synthesis of ATP molecules (which acts as the “energy currency” of the

cell) is usually termed Energy metabolism, this includes the mitochondrial electron
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transport chain (ETC)/oxidative phosphorylation (OXPHOS) as well as the TCA

cycle which is a central hub for multiple metabolic pathways and responsible for the

production of reduced electron carriers which enter the ETC for ATP production.

Below I provide a condensed high-level overview of the various key cellular metabolic

pathways.

Glycolysis is the process of catabolizing glucose incompletely into pyruvate (via

several important intermediate metabolites such as glucose 6-phosphate, 3-phospho-

glycerate and phospho-enolpyruvate), producing energy in the forms of ATP and

NADH. Depending on whether oxygen is available, pyruvate may be converted into

lactate (during which the NADH previously generated is consumed) which is ex-

creted and may be subsequently recycled to produce glucose via gluconeogenesis, or

enter the mitochondria and be used for the synthesis of acetyl coenzyme A (Ac-CoA;

which then enters the TCA cycle for further catabolism). Gluconeogenesis, on the

other hand, is an anabolism pathway for the synthesis of glucose from pyruvate or

other glycolytic/TCA cycle intermediates. Via these intermediates, many different

types of molecules, including some amino acids and glycerol from triacylglycerols

can be used for gluconeogenesis, although mammals including human cannot use

fatty acids or Ac-CoA for gluconeogenesis. Gluconeogenesis overall appears to hap-

pen in the reverse direction compared to glycolysis but involve several distinct steps

of reactions which ensure its irreversibility and differential regulation from glycoly-

sis. Notably, the bypass reaction from pyruvate to phospho-enolpyruvate happens

via oxaloacetate and malate in the mitochondria, allowing TCA cycle intermediates

to be used for gluconeogenesis. While glucose (together with fructose) is a central
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metabolic in carbohydrate metabolism, different monosaccharides can be intercon-

verted via specific pathways. Pentose phosphate pathway (PPP) partly can act to

interconvert monosaccharides with different numbers of carbon atoms (in the non-

oxidative phase of the pathway), but it has another major oxidative phase which

serves as an alternative pathway of glucose catabolism. PPP branches from an

early upstream point of the glycolysis pathway (glucose 6-phosphate), ultimately

oxidizes it completely into CO2 generating reduced electron carrier NADPH, which

can not only be used for various biosynthesis processes but is also important for the

cellular antioxidation and redox balance. With incomplete oxidation of glucose in

PPP, ribose 5-phosphate is produced which is an important precursor for nucleotide

and coenzyme synthesis. Glucose can be used to synthesize large carbohydrate

molecules (polysaccharides) like glycogen (in the process of glycogenesis) for storage,

and glycogen can also be broken down (glycogenolysis) into glucose; these dynamic

interconversion process is regulated by hormones including adrenaline, glucagon and

insulin. The carbohydrate metabolism as summarized above is illustrated in Figure

1.1 (Figure taken from (Koolman & Roehm, 2011)).
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Figure 1.1: A diagram summarizing the carbohydrate metabolism path-
way. This figure is taken from the book Color Atlas of Biochemistry.

As described above, the pyruvate generated in glycolysis can be oxidized to

Ac-CoA and CO2 in the mitochondria, catalyzed by the pyruvate dehydrogenase

complex. Ac-CoA, an important activated acetyl group donor, can then enters the
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TCA cycle for further oxidation. TCA cycle, occurring in the mitochondrial matrix,

is a pivotal cyclic energy metabolism pathway at the center of cell metabolism that

can act as a hub connecting multiple pathways of carbohydrate, lipid and amino

acid metabolism. The first step of the TCA cycle involves the reaction of Ac-CoA

with oxaloacetate, forming citrate, which gives the cycle the other name (citric acid

cycle). Within a cycle of about 8 steps involving via citrate, cis-aconitate, isoci-

trate, α-ketoglutarate, succinyl-CoA, succinate, fumarate, and malate, oxaloacetate

is regenerated ready to react with another molecule of Ac-CoA thus completing the

cycle, while Ac-CoA is being oxidized generating NADH, GTP or ATP, FADH2, and

CO2. The generated NADH and FADH2 can further enter the mitochondrial ETC

for the synthesis of ATP in OXPHOS. TCA pathway (together with OXPHOS) is a

highly effective pathway for oxidizing glucose and generating energy in the form of

ATP compared to the incomplete oxidation of glucose via glycolysis. One molecule

of glucose when completely oxidized via TCA and OXPHOS can generate 30-32

molecules of ATP, while it can only generate 2 molecules of ATP (and 2 molecules

of NADH, which if not consumed in lactate production can further produce about

5 molecules of ATP if entering ETC/OXPHOS) via glycolysis. The many steps

and cyclic nature of TCA contributes to its important function as a hub of cell

metabolism. The four- and five-carbon metabolites derived from many different

catabolic pathways (e.g. those of amino acids) can be converted into and replenish

TCA intermediates via the so-called anaplerotic reactions and thus enter the path-

way for oxidation; many TCA intermediates can also be diverted away from the

cycle and enter a wide variety of anabolic pathways (e.g. those of carbohydrates,
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amino acids, fatty acids, porphyrins and heme, etc.). Therefore the TCA cycle is

termed an amphibolic pathway, serving both catabolic and anabolic functions. Fig-

ure 1.2 (taken from (Koolman & Roehm, 2011)) summarizes the multiple functions

of the TCA cycle.
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Figure 1.2: A diagram summarizing the TCA cycle and its multiple
functions. This figure is taken from the book Color Atlas of Biochem-
istry.

The reduced electron carriers NADH and FADH2 generated in the TCA cycle
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and other cellular catabolic processes enter the mitochondrial ETC, also called respi-

ratory chain, involving several large protein complexes located in the mitochondrial

inner membrane, including Complex I (NADH:ubiquinone oxidoreductase), Com-

plex II (succinate dehydrogenase, which is also part of the TCA cycle), Complex III

(ubiquinone:cytochrome c oxidoreductase), and Complex IV (cytochrome oxidase).

The electrons are passed through these complexes – from Complex I and II to Com-

plex III via the mobile small molecule carrier ubiquinone (coenzyme Q), and from

Complex III to Complex IV via the small protein cytochrome c. Complex IV pass

the electron from cytochrome c to molecular oxygen and reduce it to water. Much of

the energy released from these reactions are used by Complex I, III and IV, which

are also proton pumps, to pump protons from the mitochondrial matrix into the

inter-membrane space, creating a gradient in proton concentration. The chemical

energy of this gradient is utilized by the ATP synthase (Complex V), which also

locates in the mitochondrial inner membrane for synthesizing ATP from ADP and

inorganic phosphate, coupled to the flow of proton back from the inter-membrane

space into the mitochondrial matrix. This process of ATP synthesis, i.e. OXPHOS,

is a pivotal metabolic process for generating the energy in the form of ATP that can

be used for a wide variety of cellular processes. Mitochondrial uncoupling proteins

located in the mitochondrial inner membrane can act to “leak” proton from the

inter-membrane space into the matrix, thus dissipating the proton gradient created

by the ETC for ATP synthesis. They have roles in regulating OXPHOS and heat

generation, among others. ETC and OXPHOS is also a major source of reactive

oxygen species (ROS) production in the cell, whose concentrations are regulated in
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a highly refined manner as excessive ROS can cause cell damage, while ROS also

serve as important signaling molecules. Mitochondrial uncoupling proteins thus also

have roles in regulating ROS generation. These are illustrated in Figure 1.3 (taken

from (Zhao, Jiang, Zhang, & Yu, 2019)).

Figure 1.3: A diagram showing the OXPHOS, ROS generation and
mitochondrial uncoupling protein. This figure is taken from Zhao et al.
2019.

Lipid, in the form of triacylglycerols, is broken down by lipase into glycerols

and free fatty acids. While glycerol can be converted to glycerone 3-phosphate and

enters glycolysis for further catabolism, fatty acids can be oxidized to generate large

amounts of energy inside the mitochondria in the process called fatty acid oxida-

tion (FAO). Free fatty acids are first activated into acyl-CoA in the cytosol, which

is then transported into the mitochondria via the carnitine shuttle. Once inside

the mitochondria, the acyl-CoA can undergo β-oxidation, which breaks down the

carbon backbone of the fatty acid in a step-wise fashion (each time a two-carbon

unit from the carboxyl end is removed) into Ac-CoA while producing NADH and

FADH2 in every step. Ac-CoA can enter the TCA cycle to produce more NADH

and FADH2, which can enter ETC/OXPHOS to generate large amounts of ATP,

11



which also helps to produce a lot of water. FAO can produce more than two-fold

the energy that can be produced by oxidizing the same weight of carbohydrate or

protein. Varied reaction steps are needed in β-oxidation depending on the type

of acyl chains (e.g. even or odd number of carbons, saturated or unsaturated, cis

or trans configuration of unsaturated chains, etc.). Very-long-chain and branched-

chain fatty acids, on the other hand need to be first catabolized into shorter products

in the peroxisome via β-oxidation (which also produces H2O2) or α-oxidation (for

branched-chain fatty acids), then transported to the mitochondria for further oxi-

dation. In the endoplasic reticulum (ER) exists a form of fatty acid oxidation called

ω-oxidation that breaks down fatty acid starting from the most distant carbon from

the carboxyl group. For lipid anabolism, fatty acid can be biosynthesized from Ac-

CoA in the cytosol (in many organisms including human), which is shuttled out

of mitochondria as citrate (formed by Ac-CoA reacting with oxaloacetate, and can

be converted back to Ac-CoA in the cytosol by citrate lyase consuming ATP). The

overall biosynthesis is catalyzed by fatty acid synthase in a step-wise fashion, where

the carbon backbone is elongated two carbons a time, similar to FAO. However, each

step involves different reactions from those in FAO involving the adding of carbons

from the three-carbon intermediate malonyl-CoA while consuming NADPH. The

malonyl-CoA required for each step is in turn derived from Ac-CoA (via reacting

with bicarbonate catalyzed by Ac-CoA carboxylase, requiring ATP). Fatty acids

with longer and more complex chains are synthesized from those with simple and

shorter chains in the ER, with the synthesis of unsaturated fatty acids requiring a

mixed-function oxidase called fatty acyl-CoA desaturase. Some poly-unsaturated
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fatty acids cannot be synthesized by mammals but are required precursors for other

important products (e.g. eicosanoids), and thus need to be obtained from diet and

are termed essential fatty acids. Triacylglycerols can be synthesized by conjugat-

ing glycerol 3-phosphate (derived from glycerol or from glycolysis) with acyl-CoAs

(derived from fatty acids via the catalysis of acyl-CoA synthetase) though multiple

steps. The metabolism of other types of lipids involve distinct pathways. For ex-

ample, cholesterol can be synthesized from Ac-CoA in the mevalonate pathway (via

various important metabolites including HMG-CoA, mevalonate, and squalene) ;

cholesterol is the precursor for the further synthesis of many important steroid hor-

mones. Ketone bodies refer to three metabolites including acetone, acetoacetate

and D− β-hydroxybutyrate. These are derived from Ac-CoA in the liver and can

be exported to other organs where they are converted back to Ac-CoA to be used

as fuel, especially during starvation where there is increased liver FAO activity to

generate Ac-CoA or in diabetes where there is deficiency in Ac-CoA oxidation via

TCA due to TCA intermediates being diverted for gluconeogenesis.

Human cells contain 20 common types of amino acids (with additional amino

acid derivatives). About 8 of the amino acids (methionine, valine, lysine, leucine,

isoleucine, phenylalanine, tryptophan, threonine) cannot be synthesized by the hu-

man cell and need to be taken from diet, thus they are termed essential amino acids.

Histidine is sometimes considered semi-essential as human body does not always

require it. In mammals, tyrosine is derived from the essential amino acid phenylala-

nine. The rest are called non-essential amino acids. The catabolism of amino acids

involves the disposition of the amino group as well as that of the carbon skeletons.
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Different animo acids can often be interconverted via the process of transamina-

tion, where an amino acid and an α-keto acid reacts under the catalysis of different

transaminases to “swap” their carbon skeleton. Notably, α-ketoglutarate can inter-

convert with glutamate, and oxaloacetate can interconvert with aspartate via this

process. This allows the amino group in various amino acids to be transferred to

glutamate or aspartate, which can then be disposed of via the urea cycle, while allow-

ing their carbon skeletons to be catabolized as α-keto acids, which ultimately enter

the TCA for oxidation or be used for other biosynthesis. It needs to be noted that,

however, not all amino acids can undergo transamination (exceptions include lysine,

threonine and proline), and others like histidine, serine, phenylalaine and methionine

are catabolized mainly via other unique pathways rather than via transamination.

For urea cycle, which serves to dispose of the amino group, ammonium is first gen-

erated in the mitochondria from glutamate via oxidative deamination (requiring

NAD+ or NADP+) or from glutamine via glutaminolysis. Ammonium joins HCO−3

to form carbamoyl phosphate (requiring ATP), which enters the urea cycle by first

reacting with ornithine to form citrulline. The rest of the urea cycle happens in the

cytosol after citrulline is transported out of the mitochondria, reacting with aspar-

tate to form arginino-succinate, which in turn converts to fumarate and arginine,

arginine then breaks down to urea and ornithine, the latter being again imported

into the mitochondria to complete the cycle. The urea generated is excreted in hu-

man (other species can excrete end products of different forms, e.g. birds excretes

the amino group as uric acid). The urea cycle is closely coupled to the TCA cycle via

the aspartate-arginino-succinate shunt, where the cytosol aspartate can be derived
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from oxaloacetate from the TCA cycle which is then exported from the mitochon-

dria, while the fumarate from arginino-succinate breakdown can be converted to

malate which then enters the mitochondria to rejoin the TCA cycle. As described

above, the TCA cycle is important for the metabolism of the carbon skeleton of

amino acids, thus the coupling of TCA cycle and the urea cycle serves to jointly

metabolize different chemical parts of amino acids. This leads me to the discussion

of the catabolism of amino acid carbon skeletons, which ultimately are mostly ei-

ther converted to pyruvate or Ac-CoA or enter the TCA cycle at different points.

The amino acids that can be catabolized into Ac-CoA (threonine, lysine, leucine,

isoleucine, tyrosine, tryptophan, phenylalanine) are termed ketogenic amino acids,

as they can then be converted into ketone bodies in the liver. Others that can be

converted to the other intermediates are called glucogenic amino acids, as they can

be used for gluconeogenesis (some amino acids are both ketogenic and glucogenic, in-

cluding isoleucine, phenylalanine, tyrosine, tryptophan, and threonine). Specifically,

glycine, alanine, serine, threonine, tryptophan and cysteine can be catabolized to

pyruvate; proline, glutamate, glutamine, arginine and histidine can be catabolized

to α-ketoglutarate; isoleucine, methionine, threonine and valine can be catabolized

into succinyl-CoA; aspartate and asparagine can be catabolized to oxaloacetate; ty-

rosine and phenylalanine can be catabolized to fumarate. In human and in other

species that are capable of synthesizing all amino acids, diverse pathways centered

around glycolysis and the TCA cycle are involved in amino acid biosynthesis: serine

is derived from 3-phospho-glycerate in the glycolysis pathway, which can in turn

generate glycine and cysteine; alanine, valine and leucine are derived from pyruvate;
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aromatic amino acids including phenylalanine, tyrosine, tryptophan and histidine

are derived via the PPP. Oxaloacetate from the TCA cycle can generate aspartate,

which in turn can lead to asparagine, lysine, threonine, isoleucine and methionine.

α-ketoglutarate from the TCA cycle can generate glutamate, which in turn generates

glutamine, proline and arginine (in the urea cycle). Amino acids are used for pro-

tein synthesis in the ribosome after conjugated with tRNAs into aminoacyl-tRNAs.

Conversely, cellular proteins are under constant turn-over and can be degraded in

the proteosome (or lysosome) into amino acids, which can then be reused.

Nucleotides can be synthesized either de novo or via salvage pathways which

recycle the free bases and nucleosides from nucleic acid breakdown. The de novo

synthesis of purines involves the production of inosine 5’-monophosphate (IMP) as

the first precursor with a purine ring. This process of purine ring building starts

from phosphoribosyl pyrophosphate (PRPP, derived from ribose 5-phosphate from

the PPP pathway), and requires glycine and two one-carbon unit donated from

tetrahydrofolate (THF) for carbons and nitrogens donated from two glutamines

and one aspartate. IMP can then be converted to AMP (requiring GTP) and GMP

(requiring ATP), which are in turn used to synthesize A/GDP, A/GTP and the

corresponding deoxyribonucleotides. The de novo synthesis of pyrimidines also re-

quires PRPP leading to the formation of uridine 5’-monophosphate (UMP) as the

first pyrimidine-ring containing precursor. The pyrimidine ring is built from as-

partate which contributes both carbons and nitrogen atoms, glutamine which con-

tributes another nitrogen atom, and HCO−3 which contributes another carbon atom.

UMP is in turn used to synthesize UDP and UTP. Various cytosine-containing nu-
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cleotides are synthesized starting from CTP converted from UTP, whereas various

thymine-containing deoxyribonucleotides are derived from dTMP, converted from

dUMP. In general, the conversion of NMPs to NDPs are catalyzed by various nu-

cleoside monophosphate kinases generally specific for a certain base but not the

sugar (i.e. ribose or deoxyribose); the conversion of NDPs to NTPs are catalyzed

by various nucleoside diphosphate kinases that are generally not specific for either

base or the sugar. The generation of deoxyribonucleotides generally happens on the

diphosphate level, converting various NDP into dNDP by ribonucleotide reductases.

In the salvage pathways, free bases from the breakdown of nucleic acids can react

with PRPP to form the corresponding NMP. NTPs are used to synthesize RNA

e.g. during transcription via RNA polymerases, while dNTPs are used to synthesize

DNA e.g. during DNA replication via DNA polymerases. The nucleotide de novo

synthesis pathway is shown in Figure 1.4 (taken from (Koolman & Roehm, 2011)).
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Figure 1.4: A diagram the nucleotide de novo synthesis pathway. This
figure is taken from the book Color Atlas of Biochemistry.

I conclude my brief overview of human cell metabolic pathways here, with the

note that this is not a complete introduction, with many important aspects of cell

metabolism omitted, including but not limited to the metabolism and function of

different vitamins, coenzymes/cofactors, inorganic metabolites like different mineral

ions, reactive oxygen species (ROS), reactive nitrogen species, and cellular antioxi-

dation, and the details of the metabolisms of less common types of carbohydrates,

lipids, amino acid derivatives and nucleotide/base derivatives. Nevertheless, there

18



is no doubt that cell metabolism underlies all other aspects of cellular activities, it

not only supports these other diverse processes but also involves in intricate inter-

actions of double-way regulations with these other domains of cell biology, allowing

the optimal response and normal function of cells under a wide variety of conditions.

1.2 Genome-scale metabolic modeling2

1.2.1 Genome-scale metabolic models (GEMs)

GEMs are mathematical network models that contain the information on all

cellular metabolic reactions, the enzymes catalyzing the reactions, and the metabo-

lites involved in the reactions and their stoichiometric numbers, allowing the in silico

modeling and simulation of cell metabolism in a holistic manner using mathematical

programming techniques. At its core, GEMs represent the interconnected network

of m cellular metabolites and n reactions responsible for their transformation and

transportation in a single matrix called the stoichiometric matrix S(m×n), where each

row corresponds to a metabolite and each column corresponds to a reaction; an el-

ement in the matrix Sji is the stoichiometric number of the j’th metabolite in the

i’th reaction (with positive values for products and negative values for reactants).

GEM distinguishes different compartments of the cell, including for example the

nucleus, mitochondria, endoplasmic reticulum (ER), Golgi apparatus, peroxisome,

and extracellular space, among others (depending on the type of species); the same

chemical species within different cellular compartments is represented by different

2a common reference for many contents throughout this section is the textbook Palsson (2015)
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metabolites in the model, which are linked by exchange reactions when applica-

ble. The metabolic reactions each has specific limits to their reaction rates (called

“fluxes”, often denoted by v) due to thermodynamic and kinetic constraints, given

as a vector of lower bound values vlb and a vector of upper bound values vub in the

model. Non-reversible reactions have flux lower bounds of zeros, whereas reversible

reactions have negative flux lower bounds, with the negative flux value representing

the reaction occurring in the reversed direction. A GEM also includes several spe-

cial types of “artificial” reactions: Boundary reactions are at the system boundary

representing the uptake/secretion of metabolites into/out of the entire metabolic

system being modeled, for example a reaction conceptually representing metabolite

exchange between the extracellular space and the environment. Sink reaction is a

specific type of reversible boundary reaction added to the model to allow certain

metabolites to be directly supplied into the metabolic network at certain points

(e.g. can be used when the actual reaction producing the metabolite is unknown;

it also allows for metabolites being diverted away from the system being modeled).

Another specific type of boundary reaction is the demand reaction (or drain re-

action), which irreversibly directs metabolites away from the system, conceptually

representing the consumption of metabolites for other biologically processes that are

not being explicitly modeled. Biomass reaction is a single demand reaction diverting

a large range of essential metabolites such as ATP, different amino acids, nucleotides,

lipids and carbohydrates away from the modeled system in appropriate ratios cor-

responding to the specific chemical composition and functionality of the cell being

modeled. Conceptually the biomass reaction represents the total metabolic demand
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for large molecule biosynthesis, maintenance, growth and proliferation of the cell

being modeled. Relationships between the genes/enzymes and the reactions, called

gene-protein-reaction associations (GPR), are represented by boolean expressions.

For example, for a reaction that can be catalyzed by either one of three isozymes A,

B and C, the relation is expressed as A|B|C, where as if all three genes/proteins D,

E and F to form a functional holoenzyme to catalyze a reaction, then the relation is

expressed as D&E&F . A GEM is specifically built for a certain species, or a specific

strain (e.g. for unicellular organisms like E. coli or yeasts) or a specific tissue/cell

type for a multicellular organism like human.

Traditionally, the construction of a GEM takes the so-called bottom-up ap-

proach, which involves the long and demanding process of putting together each

cellular metabolic reaction, pathway and module in a step-by-step manner, requir-

ing detailed knowledge on the metabolism of the target species or tissue, a large

amount of different domains of supporting data and a wide spectrum of different

expertises, usually necessitating the collaborative efforts of the research commu-

nity. The process starts with a draft reconstruction, where all possible metabolic

genes/proteins and functions harbored by the target organism/cell are enumerated

and collected. This can involve the analysis of the annotated whole genome sequence

if the species of interest to identify all open reading frames (ORFs) that possibly

encode metabolic enzymes. The metabolic functions (reactions) of each gene are

identified based on existing knowledge, and the GPR associations are established.

Transcriptome and other omic data can also be used to utilized to refine the set of

metabolic functions relevant to the specific system (e.g. cell/tissue type/organ) of
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interest. The draft model is then subject to manual curation involving the survey of

vast amount of literature to identify more accurate information on the metabolite

specificity of the genes/reactions, the chemistry of the metabolites (most basically,

their chemical formulae and electric charges), the stoichiometry of the reactions,

the thermodynamic/kinetic properties of the reactions (including their reversibility

and limits on reaction rates), and the cellular compartments of the metabolites and

reactions. Information on the chemical composition, energy demand and growth

phenotype of the cell/organism is also needed to create the biomass reaction. Such

comprehensively compiled knowledge-base is converted into the computational GEM

format. Naturally, the necessary information for some genes/metabolites/reactions

can be missing, which then accordingly requires experimental studies, and/or the-

oretical computation/estimates, and the use of computational techniques such as

gap-filling in order to produce a functioning model. Due to the prevalence of am-

biguities due to incomplete knowledge, there is the practice of assigning confidence

scores to different components (e.g. reactions, pathways, etc.) of the constructed

model. The constructed model is subject to several evaluations and validations. For

example, basic quality checks involve inspecting whether the model can generate

all essential precursor metabolites, produce biomass on nutrients/substrates that

the cell/organism is known to grow on, and maintain metabolic functions/processes

known to the cell/organism of interest (e.g. the secretion of known metabolite prod-

ucts). Further comprehensive validation can be conducted by comparing the model

predictions with available experimental data, including (but not restricted to) ATP

production efficiency via oxidative phosphorylation (OXPHOS), O2 consumption
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and CO2 production rates, and metabolic gene knockout (KO) phenotypes. The en-

tire process of construction-curation-validation can be iterative to generate the final

working model. Many different tools exist to facilitate or automate the particular

steps of GEM construction, and many aim to achieve full automation of fast GEM

reconstruction (Bekiaris & Klamt, 2020; Cuevas et al., 2016; Hamilton & Reed, 2014;

Karlsen, Schulz, & Almaas, 2018). These methods involve the automated analysis

and annotation of the genome of the species of interest, and takes advantage of

databases such as MetaCyc (Caspi et al., 2010) and KEGG (Kanehisa, Goto, Sato,

Furumichi, & Tanabe, 2012) for prior knowledge on metabolism. An incomplete list

of examples include Model SEED (Henry et al., 2010), SuBliMinaL Toolbox (Swain-

ston, Smallbone, Mendes, Kell, & Paton, 2011), merlin (Dias, Rocha, Ferreira, &

Rocha, 2015), CarveMe (Machado, Andrejev, Tramontano, & Patil, 2018), with

benchmark studies comparing the different methods available (Mendoza, Olivier,

Molenaar, & Teusink, 2019). Softwares have been developed to comprehensively

evaluate the quality of constructed models, notably the recent MEMOTE (Lieven

et al., 2020).

Currently, GEMs are available for a wide range of organisms spanning prokary-

otes, unicellular and multicellular eukaryotes. GEMs for many classical model

species (e.g. the bacteria E. coli, the budding yeast Saccharomyces cerevisiae, and

the house mouse Mus musculus (Khodaee, Asgari, Totonchi, & Karimi-Jafari, 2020;

Sigurdsson, Jamshidi, Steingrimsson, Thiele, & Palsson, 2010)), pathogenic organ-

isms (e.g. the gastric bacteria Helicobacter pylori and the parasite Trypanosoma

cruzi), and microorganisms or cell types important for the fermentation/biotechnology
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industry (e.g. the acetic acid bacteria Acetobacter pasteurianu and the Chinese ham-

ster ovary, i.e. CHO cell) are available. Notably, there have been multiple ver-

sions of GEMs for human with several iterated updates (Ma et al., 2007; Recon 1,

Duarte et al., 2007; Recon 2, Thiele et al., 2013; Recon 3D, Brunk et al., 2018;

HMR1, Mardinoglu et al., 2013, HMR2, 2014; iHsa, Blais et al., 2017), with a most

recent reconstruction incorporating several previous models (Human1, containing

13,417 reactions, 10,138 metabolites and 3,625 genes, Robinson et al., 2020) initi-

ating a version-controlled and open-source model development framework based on

a GitHub repository, which will potentially accelerate future research by provid-

ing real-time rolling updates to the model. Notable online databases hosting large

ranges of GEMs include BiGG Models (King et al., 2016) and BioModels (Glont et

al., 2018).

1.2.2 The methodological framework of GEM

Under the framework of systems biology modeling with GEM, the fluxes of

all metabolic reactions often denoted by the vector v is the variable being mod-

eled. Many different problems in GEM often involve the computation of optimal

v’s or other related objective functions subject to different types of constraints, thus

termed constraint-based modeling (CBM). Together with GEM construction, this

framework is also termed constraint-based reconstruction and analysis (COBRA).

Different mathematical optimization techniques are used in CBM/COBRA, such as

linear programming (LP), quadratic programming (QP), mixed integer program-
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ming (MIP), and non-linear programming (NLP).

The most important set of constraints making the optimization problems solv-

able in CBM/COBRA is that imposed by the steady state assumption, which as-

sumes that the metabolic system being modeled is in a steady state with no net

change in the concentration of any metabolite. Essentially, this assumption requires

that the total production flux of any one metabolite equals to its total consumption

flux, thus there is no net accumulation or depletion of any metabolite within the

system. Mathematically, this corresponds to the set of linear constraints expressed

by Sv = 0, also termed flux balance. Such an assumption is apparently seldom

strictly satisfied, as it is rare, if not impossible to find a real-life biological system to

be strictly under steady state. However, the steady state assumption is a quite rea-

sonable one under biological homeostasis and many experimental conditions where

the cells or system under study is in a stable biological state over a reasonably

long duration of time. Besides, many biological systems can be regarded as being

in quasi-steady states, which means that a system with relatively fast kinetics can

be practically in steady states although its environment is changing with dynamic

inputs and outputs between the system and the environment. The steady state

assumption and flux balance are central and highly useful in CBM/COBRA, as

without this assumption, the system would have to be modeled by kinetic modeling

involving the kinetic constants of the reactions, which in many cases are unknown,

rendering the system impractical to analyze. In practise, flux balance is usually

assumed for all metabolites in the model, although if certain metabolites are known

to not satisfy the assumption and their fluxes of net accumulation/consumption are
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known, the flux balance constraints for these metabolites can be replaced by the

corresponding constraints on flux production or consumption as appropriate.

The flux balance constraints restricts the viable solution space of a model

comprising n reactions from Rn to a subspace of Rn, or specifically a hyperplane.

Imposing the lower and upper bounds of the reaction fluxes further shrinks the

space, i.e. one defined as:

Sv = 0

vlb ≤ v ≤ vub

When the reactions in the model are defined in a way that all flux values are

positive (i.e. each reversible reaction i is expressed as two “half reactions” whose

flux lower bounds are zero and upper bounds are |vlb
i | and |vub

i |, respectively), then

this solution space is a bounded subset of a convex cone. Additional constraints

based on reaction kinetics and thermodynamics, metabolite concentrations, gene and

protein expression, etc. can be formulated and help to further shrink the solution

space, although they cannot shrink the space to a single point, namely, a single

unique solution generally cannot be found only by imposing the various constraints.

Therefore, many different optimization algorithms are applied to obtain a unique or

at least more restricted set of solutions for detailed analysis, depending on different

biologically informed assumptions, and additional techniques including sampling can

be used to analyze a non-uniquely defined space of solutions.

One most basic and important optimization method in GEM to obtain unique

or a more restricted set of solutions is the flux balance analysis (FBA), where cer-
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tain cellular objective function is maximized (or minimized). A cellular objective

function in FBA fobj(v) is a single scalar-valued linear function of the reaction flux

vector v representing a certain biological process or function, a common example

being the biomass reaction – In many cases, for example cultured bacteria or other

actively proliferating cells in optimal (rich) growth media, it is reasonable to assume

that the system being modeled is under optimal growth, represented by maximal

biomass production. Maximizing the biomass production is formulated as the linear

programming (LP) problem below:

maximize fobj(v) = vbiomass

subject to:

Sv = 0

vlb ≤ v ≤ vub

Similarly, other cellular objective functions can be specified as appropriate

depending on the prior knowledge of the cell type or organism under study. FBA

can also be used to study the capacities of various biological functions under differ-

ent conditions by specifying the corresponding cellular objective functions, e.g. co-

factors (e.g. NADH or NADPH), biosynthetic precursors or ATP production. Dif-

ferent biological conditions can be specified with additional constraints, for exam-

ple, nutrient/metabolite availability can be specified by the flux bounds of their

boundary reactions, and metabolic gene/reaction knockdowns or knockouts can be

represented by decreased or zero flux bound values of the corresponding reaction.
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In all cases, since both the objective function and the sets of constraints are linear,

the problems can be formulated as LP problems which can be effectively solved by

well-known algorithms such as the simplex algorithm.

Although the bounded LP problem in FBA is guaranteed to identify the opti-

mal objective value, the optimal solutions vopt that can yield the optimal objective

value may be non-unique, in which case they are termed degenerate solutions. Such

cases are very common when modeling a large genome-scale model. Many tech-

niques exist for further analysis of the optimal solution(s) of FBA and the space

of degenerate solutions. For example, the sensitivity of the optimal solution can

be analyzed by shadow prices and reduced costs. The shadow price of a boundary

reaction is the incremental change in the optimal objective function value given the

incremental flux change of the boundary reaction (i.e. the derivative of the former

with respect to the latter), i.e. it measures whether or how the optimal objective

value is affected by the availability of a certain metabolite. Similarly, the reduced

cost is defined for an internal reaction (i.e. not boundary) and measures whether or

how the change of an internal flux affects the optimal objective value. The presence

of metabolites/reactions with zero shadow price/reduced cost implies the existence

of degenerative solutions. These analyses of the effect of varying one parameter (the

flux of the I’th reaction) on the optimal objective value, called robustness analysis,

are conducted via solving a series of LP problems with different fixed θ values:
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maximize fobj(v)

subject to:

Sv = 0

vI = vI,min + θ(vI,max − vI,min), θ ∈ [0, 1]

vlb
i ≤ vi ≤ vub

i , i = 1, ..., n, i 6= I

Similarly, the effect of varying two parameters on the optimal objective func-

tion value can be analyzed, which produces a 2D surface called phenotypic phase

plane. Another more direct way of analyzing degenerate solutions is the flux vari-

ability analysis (FVA), which computes the range of possible fluxes of each reaction

while fixing the cellular objective function at its optimal value f opt
obj . FVA is formu-

lated as follows:

maximize and minimize vi, for each i = 1, ..., n

subject to:

fobj(v) = f opt
obj

Sv = 0

vlb ≤ v ≤ vub

Besides, the space of degenerate solutions, or any convex space of solutions

in LP problems can in theory be characterized using uniform random sampling,

i.e. sampling of a statistically sufficient number of solutions that lie uniformly within

the solution space. These sample points reflecting the flux distribution under the
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optimal objective value can then be analyzed and visualized to study the variability

in the metabolic state under the optimal cellular objective function. Sampling a

high-dimensional space, however, can be a challenging problem, especially that the

solution space of GEM can often have irregular and elongated shape. The sampling

of large GEMs can also take a very long time to converge. A well-known sampling al-

gorithm suitable for the sampling of high-dimensional spaces with irregular shapes is

called artificial centering hit-and-run (ACHR), and many variations of the algorithm

have been developed (Kaufman & Smith, 1998; Megchelenbrink, Huynen, & Mar-

chiori, 2014; Saa & Nielsen, 2016). Coordinate hit-and-run with rounding (CHRR)

is another efficient algorithm shown to have fast convergence time (Fallahi, Skaug, &

Alendal, 2020; Haraldsdóttir, Cousins, Thiele, Fleming, & Vempala, 2017). Rather

than sampling, a recent algorithm based on expectation propagation was shown

to accurately approximate the marginal distribution of high-dimensional polytopes

with high computation efficiency (Braunstein, Muntoni, & Pagnani, 2017). These

algorithms are valuable for more detailed analyses of the convex solution spaces

arising from the CBM/COBRA of GEMs.

1.2.3 GEM algorithms for omic data integration

GEM modeling has proven invaluable for the in silico simulation of the metabolism

of many different organisms, producing results with good concordance with exper-

imental data. For unicellular organisms or cells of multicellular organisms under

culture, the alteration in cell metabolism under different culture conditions can be
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readily modeled, provided that a GEM tailored for the cell type under study has been

constructed. However, for complex multicellular organisms like human, a large num-

ber of different tissue and cell types exist with highly diverse and distinct metabolic

functions, in theory requiring a customized GEM for each. Furthermore, for the

modeling of in vivo metabolism, the cells of different organs and tissues are within

different metabolic environments that are not pre-defined. Variabilities across condi-

tions or individuals due to other factors only indirectly related to cell metabolism are

also not as straightforward to model as, say, changes in metabolite availability in the

culture media or direct perturbation of metabolic genes/enzymes. Fortunately, the

advent and fast progress made in different omic profiling technologies has allowed the

fine-grained and high-throughput characterization of cellular molecular landscapes

in any biological samples under any experimental conditions. Whole-transcriptome

gene expression data from microarrays or various RNA-sequencing technologies,

high-throughput protein expression data from mass spectrometry-based quantita-

tive proteomics, and metabolomics data that quantifies the level of large numbers

of metabolites in a sample are now widely available. The integration of such omic

data into GEM has truly unleashed the power of GEM modeling for the study of cell

metabolism in a greater range of problems. The various omic data which provides

detailed high-coverage molecular profiles is often analyzed with statistical modeling

techniques, which can reveal complex patterns in the data but often cannot easily

establish any causal relationships. In contrast, the CBM/COBRA framework of

GEM modeling, due to its capacity to perform mechanism-based in silico simula-

tions, can be used to investigate causality. Thus, the integration of GEM with omic
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data provides a valuable opportunity to deepen the understanding of the molecular

system under study, specifically within the domain of metabolism.

Next I will focus on the discussion of integration of gene (or protein) expression

data into GEM. A large number of different algorithms exist for this important prob-

lem (Jamialahmadi, Hashemi-Najafabadi, Motamedian, Romeo, & Bagheri, 2019;

Kim & Lun, 2014; Opdam et al., 2017). The common idea underlying these al-

gorithms is to either select a subset of high-confidence reactions from the general

GEM (“base model”) of an organism that are supported by the additional omic

data, and/or to adjust the flux bounds of the reactions or directly fit the flux values

based on the notion of a rough correlation between gene/protein expression lev-

els and the activity levels (i.e. fluxes) of the corresponding reactions, resulting in

refined GEMs and/or optimal flux distributions specific to the sample or context

that correspond to the external omic data. Some of the algorithms of the first type

include MBA (Jerby, Shlomi, & Ruppin, 2010), mCADRE (Wang, Eddy, & Price,

2012), FASTCORE (Vlassis, Pacheco, & Sauter, 2014), FASTCORMICS (Pacheco

et al., 2015), and CORDA (Schultz & Qutub, 2016), which involves the identifica-

tion of “core” sets of reactions supported by external data including expression data,

supplemented usually in a parsimonious fashion by additional reactions necessary

to yield a consistent model without “dead-end” reactions that cannot bear fluxes.

These algorithms generate customized GEMs that correspond to the external data,

but do not directly compute an optimal flux distribution. Most other algorithms

are of the second type, which seek to maximize the concordance of flux and gene

expression in various ways. GIMME (Becker & Palsson, 2008), E-Flux (Colijn et al.,

32



2009), Lee et al. (Lee et al., 2012), GIM3E (Schmidt et al., 2013), E-Fmin (Song,

Reifman, & Wallqvist, 2014), and TRFBA (Motamedian, Mohammadi, Shojaosa-

dati, & Heydari, 2017) each applies different LP-based formulations to maximize

the concordance between the fluxes and gene expression values (after converted to

the reaction level based on the GPR boolean mapping). Also based on this idea but

instead of using LP-based formulations, iMAT (Shlomi, Cabili, Herrg̊ard, Palsson,

& Ruppin, 2008), INIT (Agren et al., 2012) and tINIT (Agren et al., 2014) use

MILP-based formulations to maximize the number of reactions with high or low

fluxes that are consistent with the corresponding high or low gene expression levels

(defined based on pre-defined thresholds as parameters). RegrEx (Robaina Estévez

& Nikoloski, 2015) is based on a MIQP formulation that minimizes the difference be-

tween flux and gene expression data with `1-norm regularization. PRIME (Yizhak

et al., 2014) requires the gene expression data of multiple samples together with

the data on measured cell growth rates of the samples, which are used to identify a

subset of reactions correlating with the measured cell growth. The flux bounds of

these reactions are then directly adjusted according to the gene expression values.

Many additional algorithms are available (e.g. Zhang et al., 2019), however, only

a few attempts have been made to compare and benchmark the various algorithms

in a comprehensive manner (Jamialahmadi et al., 2019; Opdam et al., 2017), and

the available benchmark studies only cover a subset of the available methods. The

benchmark studies mostly adopted technical evaluations (e.g. robustness to noisy

data) and indirect methods (e.g. predicting known metabolic functionalities, gene

essentiality, drug response, etc.) to validate the performance of the algorithms,
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as large-scale data of direct flux measurements is very rare. Different algorithms

can each involve numerous parameters whose varied values can affect the perfor-

mance of the algorithms. For example, many algorithms requires a pre-determined

gene expression level threshold to define high vs low expression, and the benchmark

study of Opdam et al. that compared MBA, mCADRE, FASTCORE, iMAT, INIT

and GIMME (Opdam et al., 2017) shows that in some cases, the selection of this

threshold can contribute to more variation in the whether a reaction is retained

in the resulting model even compared to the choice of algorithm; In gene essen-

tiality prediction, however, the most variation appears to arise from the choice of

algorithm, and using stricter gene expression thresholds as well as properly con-

straining the GEM based on culture media composition and exometabolomic data

overall helped to improve the accuracy for gene essentiality prediction; mCADRE

and MBA seemed to performed the best in the gene essentiality prediction, followed

by INIT and iMAT (while these two showing high variation in their performances

depending on dataset and parameters used); GIMME and FASTCORE performed

worse than the other algorithms in this task. The constraining of the model based

on metabolite uptake also significantly affected growth rate prediction. The study

concluded that no single algorithm is a universal best performer and algorithms

need to be chosen based on the available data and goal of the study (Opdam et

al., 2017). The benchmark study by Jamialahmadi et al. (Jamialahmadi et al.,

2019) compared mCADRE, FASTCORE, FASTCORMICS, CORDA, iMAT, INIT,

PRIME, GIMME, and TRFBA based on technical assessments and a few tasks

specifically based on cancer cell lines including predicting cell growth rate, metabo-
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lites uptake/secretion rates, drug response and gene essentiality, and cancer driver

gene prediction. This study confirms the findings in the Opdam et al. study that

the algorithm performance depends on the specific task, and constraining metabolic

uptake based on culture media helped to improve performance notably for growth

rate prediction, although constraint models did not improve essential gene prediction

much except for TRFBA. CORDA and iMAT was found to perform worse than the

other algorithms in predicting growth rate. PRIME was the only algorithm found to

be able to produce significant predictions on metabolite uptake/secretion rates with-

out constraining the model based on the media, but once with proper constraining,

other algorithms including GIMME, TRFBA and simply parsimonious FBA (pFBA,

without expression data integration) can produce better performances. PRIME and

TRFBA appeared to perform the best on drug sensitivity and gene essentiality

prediction, however, both algorithms takes advantage of data on measured growth

rates. In gene essentiality prediction, GIMME also had reasonable performance,

but mCADRE performed worse, which is contradictory to the Opdam et al. results

potentially due to the variation in the dataset and detailed algorithm parameters

used, highlighting the limitations of current benchmark studies. On the other hand,

FASTCORE, FASTCORMICS, INIT, and iMAT had good performances in various

technical assessments including robustness to noise, lack of blocked reactions and

similarity in the obtained model given similar input data. The authors further pro-

posed a new algorithm combining TRFBA and FASTCORMICS which they called

TRFBA-CORE, which does not require measured growth rate data, and showed it

to have overall the most balanced performance across multiple tasks and technical
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evaluations. Despite this, the authors highlighted the need for further more robust

benchmarks and the choice of method based on the problem under study. The com-

parison of the performances of the algorithms using different tasks (according to

(Jamialahmadi et al., 2019)) is summarized in Table 1.1

Table 1.1: Qualitative summary of relative performances of different
GEM algorithms for integrating gene expression data, in different pre-
diction tasks or quality control assessments. The two ratings (before
and after slashes) correspond to models generated with general medium
and cell-specific medium, respectively. med: medium.

Algorithms

Growth

Rate

Metabolite

Exchange

Rate

Gene

Essentiality

Lack of Blocked

Reactions Robustness

GIMME high/high low/high low/med low/low low/low

iMAT med/med low/med low/low high/high high/high

INIT low/low low/low low/low high/high high/high

mCADRE med/med low/low low/low high/high low/low

FASTCORElow/low low/low low/low low/low med/med

FASTCORMICSlow/low low/low low/low high/high high/high

CORDA med/high low/low low/med high/high low/low

PRIME high/high med/low high/high high/high med/med

TRFBA high/high low/high high/high high/high high/high

As one example of the many gene expression data integration algorithms, and

also due to the specific relevance to the work in this thesis, I next describe the
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Integrative Metabolic Analysis Tool (iMAT) algorithm (Shlomi et al., 2008) in more

detail. iMAT takes the transcriptome-wide gene expression data of a sample in a

vector, together with the “base” GEM of the corresponding organism as input; it

outputs a GEM customized to the given sample, with reaction flux bounds further

constrained to fit that of the expression profile. The input vector contains the

within-sample-normalized expression values of all genes in a sample (i.e. the values

should ideally be comparable between any two genes), two threshold parameters are

used to divide all genes into three sets: high-expression, medium-expression, and

low-expression. Then the gene expression vector is mapped to a discretized vector

of {1, 0,−1}, with high, medium, and low-expression genes mapped to 1, 0, and -1,

respectively. This vector of discretized gene expression values is then converted to a

vector of expected reaction activity levels, based on the boolean GPR association,

but replacing the logical & and | operators withmax andmin functions, respectively.

The resulting reactions with values of 1 are expected to have high activity, denoted

RH , and those with values of -1 are expected to have low activity, denoted RL.

Only RH and RL are used in the subsequent optimization procedure, and reactions

with values of 0 are not used. The subsequent optimization seeks to maximize

the number of reactions bearing consistent flux levels with those expected from the

expression data, while subject to the usual constraints of the metabolic network

(i.e. flux balance and the flux bounds). This is formulated as an MILP problem

by introducing a series of integer (actually binary) variables y+
i ’s and y−i ’s, for each

reaction i ∈ RH one y+
i and one y−i is introduced, and for each reaction i ∈ RL only

one y+
i is introduced. The formulation is such that for a reaction i ∈ RH , y+

i = 1
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corresponds to that it has large positive flux greater than the positive parameter

εhi (i.e. high activity level in the positive direction), y−i = 1 corresponds to large

negative flux (smaller than −εhi), and y+
i = y−i = 0 corresponds to the default flux

bound constraint in the “base” model; obviously y+
i and y−i cannot both be 1 for

i ∈ RH ; for a reaction i ∈ RL, y+
i = 1 corresponds to that it has small flux value

near zero (absolute flux value smaller than the positive parameter εlo), and y+
i = 0

corresponds to the default flux bound constraint:

maximize
v,y+,y−

( ∑
i∈RH

(y+
i + y−i ) +

∑
i∈RL

y+
i

)

subject to:

Sv = 0

vlb ≤ v ≤ vub

vi + y+
i (vlb

i − εhi) ≥ vlb
i , for i ∈ RH

vi + y−i (vub
i + εhi) ≤ vub

i , for i ∈ RH

vi + y+
i (vlb

i + εlo) ≥ vlb
i , for i ∈ RL

vi + y+
i (vub

i − εlo) ≤ vub
i , for i ∈ RL

y+
i , y

−
i ∈ {0, 1}

The original formulation of iMAT as in (Shlomi et al., 2008) set the parameter

εhi to 1 and does not have the εlo parameter, and is equivalent to fixing εlo at

zero. After solving the MILP problem, vlb
i , i ∈ RH ∧ y+,opt

i = 1 are set to εhi,

vub
i , i ∈ RH ∧ y−,opt

i = 1 are set to −εhi, and vub
i , i ∈ RL ∧ y+,opt

i = 1 are set

to εlo, vlb
i , i ∈ RL ∧ y+,opt

i = 1 are set to max(−εlo, v
lb
i ). To address the issue of
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possibly multiple optimal solutions, The above MILP problem is run twice for each

reaction, one time forcing the reaction to be activated (having flux greater than

εhi) and the second time forcing it to be inactivated (having flux lesser than εlo),

the resulting optimal objective function values of the two runs, f obj,act
i and f obj,inact

i

are compared, and if f obj,act
i > f obj,inact

i , reaction i is determined to be activated, if

f obj,act
i < f obj,inact

i , reaction i is determined to be inactivated, if f obj,act
i = f obj,inact

i ,

the activity level of reaction i is undetermined and the corresponding flux bounds

are not changed (left as default as in the base model). Alternatively, analogous to

the FVA procedure, after solving the base MILP, an additional linear constraint can

be added forcing the objective function at its optimal value, then a series of MILPs

can be solved to determine the maximal and minimal fluxes of each reaction.

1.2.4 Additional GEM algorithms relevant to this thesis

Many GEM algorithms have been developed for various specific purposes. In

this section I describe a few additional algorithms that are relevant to the work in

this dissertation.

Minimization of Metabolic Adjustment (MOMA) (Segrè, Vitkup, & Church,

2002) is an algorithm to predict the flux distribution after a metabolic perturba-

tion, i.e. a metabolic reaction knockout (KO). Although this prediction can be also

achieved with FBA after simulating the KO by constraining the corresponding re-

action flux to zero (or a very low value), MOMA is based on the idea that after

the KO, the preference of the system in the short term is to make only minimal ad-
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justments and shift to a nearest point in the new feasible metabolic space. MOMA

adopts the Euclidean distance measure to determine the “nearest point”, leading to

a QP problem formulated as below (where vopt,wt is the optimal solution obtained

from FBA on the wild-type (WT) model without any KO, and vi = 0 simulates the

KO of the i’th reaction):

minimize
v

||v− vopt,wt||22

subject to:

Sv = 0

vlb ≤ v ≤ vub

vi = 0

However, to address the issue of possible degenerate solutions in the FBA,

an alternative QP formulation is given below, where the WT model and the KO

model are optimized together (f opt,wt
obj is the optimal cellular objective function value

obtained from FBA in the WT model):
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minimize
vwt,vko

||vwt − vko||22

subject to:

fobj(vwt) = f opt,wt
obj

Svwt = 0

Svko = 0

vlb,wt ≤ vwt ≤ vub,wt

vlb,ko ≤ vko ≤ vub,ko

vko
i = 0

Metabolic Transformation Algorithm (MTA) (Yizhak, Gabay, Cohen, & Rup-

pin, 2013) is an algorithm for the prediction of metabolic targets whose KO can

transform the cellular metabolic state from a given reference state to a given target

state. For example, MTA can be used to predict therapeutic targets for reversing

the disrupted cell metabolism in a metabolism-related disease. The input to MTA

is the transcriptome-wide gene expression data of the reference state, in addition

to the differential gene expression (DE) changes in the target state compared to

the reference state, provided as two vectors; MTA outputs a score called the MTA

score for each reaction, with higher MTA scores corresponding to better targets,

i.e. whose KO can better transform the cell metabolism from the reference to the

target state. I will describe the algorithm details of MTA in Chapter 2.
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1.3 Metabolism of T cells in cancer and cancer immunotherapy

1.3.1 Overview of cancer immunology

Cancer is a group of complex diseases commonly exhibiting phenotypes of ma-

licious cell growth and invasion, characterized and enabled by multiple hallmarks

including replicative immortality, sustained proliferation signals, evasion of growth

suppression signal, resistance to cell death, angiogenesis, invasion and metastasis,

mutation and genome instability, cell energetics dysregulation, inflammation, and

evasion of the immune system (Hanahan & Weinberg, 2011). Although evidences

for the involvement of the immune system in cancer have been found from early

on, it is not until recent years that the role of immune system in the development

of cancer was evidently established, the detailed mechanisms of the interaction be-

tween cancers and the immune system were identified, and the principle of cancer

immunology being successfully exploited for the development of novel effective anti-

cancer therapies. As early as in 1863, Rudolf Virchow observed the presence of

leukocytes within tumors and suggested that cancers arise at sites of chromatic in-

flammation (Balkwill & Mantovani, 2001). Other notable reports include that in

the late 19th century, William Bradley Coley notice tumor regression in a patient

after Streptococcus infection, and hypothesized that the immune system can act to

destroy tumors (Coley, 1893). He even designed and tested the now famous “Coley’s

Toxins”, a mixture of bacterial products on cancer patients over the next decades,

which is regarded as the first cancer immunotherapy ever tested. The hypothe-
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sis of cancer immunosurveillance, namely the immune system surveys the body to

eliminate any nascently transformed cells (Burnet, 1970), initially built upon many

previous ideas and observations of the involvement of immune system in cancer,

was supported and validated in more recent studies in mice (Dighe, Richards, Old,

& Schreiber, 1994; Kaplan et al., 1998; Shankaran et al., 2001; Street, Cretney, &

Smyth, 2001).

Currently, it has been established that many cancers can arise from muta-

tions in their genomes, resulting in the expression of mutated proteins or abnormal

expression of proteins that are mostly not or lowly expressed in normal adult tis-

sues. These mutated or abnormal proteins can be degraded into short peptides and

presented on the cell surface by the major histocompatibility complexes (MHC) I

molecules, which can be detected by CD8 T cells that in turn activates to elimi-

nate the mutated cells. These presented peptides arising from cancer mutations or

cancer-related dysregulation in gene expressions that are recognized by CD8 T cells

are called tumor antigens (Schumacher & Schreiber, 2015). Both adaptive immunity

and innate immunity, with different immune cell types of the innate immunity, such

as natural killer (NK) cells, have also been recognized to play important roles in

cancer immunosurveillance (Waldhauer & Steinle, 2008). For example, the low and

abnormal expression of MHC-I molecules by some cancer cells can lead to decreased

inhibition to NK cells via its various receptors, resulting in NK cell-mediated cancer

killing (Yokoyama & Kim, 2006). Studies on cancer immunosurveillance in turn also

reveals that the immune system contributes to the development of tumors with re-

duced immunogenecity, which are ultimately able to evade the recognition and clear-
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ance by the immune system, further bringing forward the closely related concept

of cancer immunoediting (Dunn, Bruce, Ikeda, Old, & Schreiber, 2002; Shankaran

et al., 2001). Cancer immunoediting has been conceptualized as a dynamic process

involving three phases of the so-called three E’s: elimination, equilibrium, and es-

cape (Dunn, Old, & Schreiber, 2004). During elimination, i.e. the classical phase of

immunosurveillance, the immune system is able to detect and specifically eliminate

the emerging transformed cells via different recognition and effector mechanisms.

This imposes a strong selection pressure on the cancer cells. During the equilibrium

phase, some cancer cells have evolved to have reduced immunogenicity and avoided

the complete destruction by the immune system, the immune system is no longer

able to fully recognize and react to kill the cancer cells, reflected by a latency period.

Finally during escape, the cancer cells are able to overcome the immunological con-

straints via multiple active mechanisms of immunosuppression, thereby achieving

massive outgrowth.

Cancer cells can exploit multiple mechanisms for immunosuppression (Ra-

binovich, Gabrilovich, & Sotomayor, 2007). Cancers can have reduced/impaired

antigen presentation, which contributes to the escape from T cell recognition. This

can be due to lost expression of the antigen (Spiotto, Rowley, & Schreiber, 2004),

and/or downregulation of or mutation in the antigen presentation machinery (Cor-

nel, Mimpen, & Nierkens, 2020). Although the downregulation of MHC-I molecules

may render the cancer cells susceptible to NK cell-mediated killing, cancers have

also evolved mechanisms to desensitize NK cell activation and avoid killing by NK

cells (Deng et al., 2015). The cancers can also secret immunosuppressive cytokines,
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notably TGF-β (Batlle & Massagué, 2019), which can contribute to the recruitment

and promote the differentiation of immunomodulatory cell types such as regula-

tory T cells (Tregs) (Plitas & Rudensky, 2020) and tumor-associated macrophages

(TAMs) (Mantovani, Marchesi, Malesci, Laghi, & Allavena, 2017) in the tumor mi-

croenvironment (TME), which has been regarded as immunosuppressive in general

(Hinshaw & Shevde, 2019) also due to hypoxia (Ackerman & Simon, 2014), low

pH (from the exported lactate generated in the tumor glycolysis, accompanied by

proton) (Corbet & Feron, 2017), deficiency in essential metabolites for immune cell

function (Lau & Vander Heiden, 2020) (e.g. arginine) (Geiger et al., 2016), increased

ROS (Jin & Jin, 2020) and the abundance of immunosuppressive metabolites de-

rived from tumor metabolism (e.g. adenosine (Mastelic-Gavillet et al., 2019) and

kynurenine (Hornigold et al., 2020)). Importantly, cancer cells and other cell types

within the TME can express and upregulate different ligands molecules that en-

gage in inhibitory interactions with the receptors on different immune cells, called

immune checkpoints. CTLA-4 represents one of the earliest studied checkpoint

molecules that is mostly expressed on Treg cells, which competes with CD28 in

binding the B7 costimulatory molecules on T cells with high affinity (Leach, Krum-

mel, & Allison, 1996). PD-1 is another well-studied immune checkpoint molecule

on the T cells, with its ligands including PD-L1 and PD-L2 expressed by cancer

cells and other cells in the TME such as tumor-associated fibroblasts (Freeman

et al., 2000; Sun, Mezzadra, & Schumacher, 2018). The identification of CTLA-4

and PD-1/PD-L1 and their role in cancer immunity led to the development of the

first immune checkpoint blockade (ICB) therapies involving the targeting of these
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molecules with monoclonal antibodies (Esfahani et al., 2020). Many other immune

checkpoint molecules (and ligands) have been subsequently identified and under

study, with the hope of the development of novel ICB therapies based on these

targets (Qin et al., 2019), some examples include LAG-3, TIM-3, CD276/B7-H3,

VTCN1/B7-H4, TIGIT, and VISTA (Marhelava, Pilch, Bajor, Graczyk-Jarzynka,

& Zagozdzon, 2019; Marin-Acevedo et al., 2018; Qin et al., 2019).

1.3.2 Cancer immunotherapy, immune checkpoint blockade therapy

and factors associated with patient response

Although cancer immunotherapy broadly encompasses ICB, adoptive cell trans-

fer therapy (ACT), antibody-based immunotherapies, treatment vaccines and im-

mune modulators (NCI, 2015; Waldman, Fritz, & Lenardo, 2020), ICB with immune

checkpoint inhibitors seem to have currently become one of the most active area of

immunotherapy development and testing, thanks to the encouraging successes of the

anti-CTLA-4 and anti-PD-1/PD-L1 ICB therapies which helped many patients to

achieve persistent cancer remission unseen with previous therapies (Couzin-Frankel,

2013). Following the initial development, anti-PD-1/PD-L1 antibodies have been

tested in a wide array of cancer types, resulting their approval by FDA in a total

of 21 cancer types as of February 2021 (Institute, 2021). Despite long-lasting re-

sponse seen in some patients, the fractions of patients responding to the therapies

are overall suboptimal (around 20%) (Carretero-González et al., 2018), and many

current developments have been seeking to address this issue via the identification
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of biomarkers that predict response (Ganesan & Mehnert, 2020; Havel, Chowell, &

Chan, 2019) and via the identification and evaluation of potential combinatory ther-

apies with ICB (Meric-Bernstam, Larkin, Tabernero, & Bonini, 2020). Many factors

have been identified to be correlated with response to ICB, including target (e.g. PD-

L1) expression (Mok et al., 2019), tumor mutational burden (TMB) (Samstein et

al., 2019), DNA repair deficiencies in the tumor like mismatch repair deficiency (Le

et al., 2017), specific mutational signatures (Rizvi et al., 2015), neoantigen load

(Van Allen et al., 2015), the presence of viral infection (Ganesan & Mehnert, 2020),

MHC-I and II expression (Rodig et al., 2018), and the abundance and cytolyic

function of tumor-infiltrating lymphocytes (Sade-Feldman et al., 2018; Van Allen

et al., 2015). Additionally, various gene expression based signatures or predictors

have been investigated for their performance in predicting response [Cristescu et al.

(2018); Nirmal et al. (2018); Ott et al. (2019); Sahu et al. (2019); Auslander et al.

(2018); and many others]. The gut microbiota composition has been implicated to

affect response as well (Sivan et al., 2015). In terms of combinatory therapy with

ICB, a wide range of different therapies, including chemotherapies, radiotherapies

and targeted therapies are being actively tested, with 2900 clinical trials registered

investigating 253 different potential targets as of February, 2021 (Institute, 2021).

The investigation of the targeting of novel checkpoint molecules are also ongoing,

with several registered clinical trials (Esfahani et al., 2020). Besides the inhibition of

suppressive checkpoint molecules, molecules of co-stimulatory pathways, also called

stimulatory checkpoints, are also under investigation for therapeutic strategies seek-

ing to activate these molecules (Marhelava et al., 2019; Marin-Acevedo et al., 2018).
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1.3.3 Adoptive cell transfer therapy

Adoptive cell transfer therapy (ACT), especially adoptive T cell transfer ther-

apies including the T cell receptor-T cell (TCR-T) or chimeric antigen receptor-T

cell (CAR-T) therapies represent another major promising development in cancer

immunotherapy. This therapy involves the isolation of tumor-infiltrating lympho-

cytes (TILs) from tumor patients, followed by the identification of tumor-reacting

lymphocytes and ex vivo stimulation and expansion, which are then infused back

into the cancer patient to treat their tumors (Rosenberg, Restifo, Yang, Morgan, &

Dudley, 2008). The efficacy of autologous TIL transfusion was first demonstrated in

1988 for the treatment of metastatic melanoma (Rosenberg et al., 1988). The treat-

ment regimen was subsequently significantly improved, involving lympho-depletion

by chemotherapy before TIL transfer (Dudley et al., 2002). The isolated TILs can

also be genetically engineered allowing them to target specific tumor antigens. In

TCR-T therapy, T cells reacting to tumor antigens with high avidity are identified

and their TCR genes are cloned, which can then be transduced into the T cells of the

patients to express the tumor antigen-reacting TCR. These engineered TCR-T cells

can then be expanded and infused into the patients. The first clinical trial of TCR-

T therapy was for melanoma based on a TCR reacting to the MART1 melanoma

antigen, which successfully lead to regression in several metastatic melanoma pa-

tients with long-lasting response (Morgan et al., 2006). In CAR-T therapy, instead

of a TCR gene, an artificially engineered chimeric antigen receptor (CAR) is trans-

duced into the acceptor T cells. CAR comprises a single chain variable fragment
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(scFv) proportion for the specific recognition of tumor antigen, which is connected

to a transmembrane domain followed by intracellular domains for transducing the

antigen-binding signal inside the cell for T cell activation. The intracellular domain

contains a TCR CD3ζ signaling domain, and usually multiple co-stimulating do-

mains such as CD28 and 4-1BB (June & Sadelain, 2018). Unlike TCR-T cell, CAR-

T cell does not have HLA restriction, although it can only recognize intact antigen

present on the cell surface (while TCR-T cell recognized MHC-presented antigen,

which can be derived from intracellular proteins) (Jafferji & Yang, 2019). CAR-T

cell therapy was first investigated for targeting the B cell antigen CD19 to treat

refractory chronic lymphocytic leukemia (CLL) and acute lymphoblastic leukemia

(ALL), which achieved durable response and the cure of the first relapsed and re-

fractory ALL patient (Brentjens et al., 2013; Grupp et al., 2013; Porter, Levine,

Kalos, Bagg, & June, 2011). Subsequent development led to the FDA approval of

anti-CD19 CAR-T products for relapsed and refractory B cell ALL and relapsed

and refractory diffuse large B-cell lymphoma (DLBCL). In addition to CD19, CD20

and CD22 are being investigated as alternative or combinatory targets in CAR-T

therapy for hematological malignancies (Styczyński, 2020). CAR-T therapy has so

far had the greatest success in hematological malignancies, with high response rates

in various leukemias and lymphomas (June & Sadelain, 2018). Both TCR-T and

CAR-T therapy are under development for various solid tumors (Jiang et al., 2019),

although clinical breakthroughs remain to be seen due to challenges including the se-

lection of tumor antigen, and strategies for divert the CAR-T cells to the tumor site

and infiltrate the tumor (Wagner, Wickman, DeRenzo, & Gottschalk, 2020). Ad-
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ditional challenges for the further optimization of ACT therapy include addressing

the potential mutation of the targeted antigen, reducing therapy-associated toxic-

ity (esp. for CAR-T therapy), reducing the exhaustion of transferred T cell in the

TME and enhancing the long-term persistence of the transferred T cells (Jiang et

al., 2019).

1.3.4 Immunometabolism in T cell differentiation and function

In recent decades, the role of metabolism in the functional regulation of many

different cell types of the immune system has been established, leading to the emer-

gent and developing field of immunometabolism (Makowski, Chaib, & Rathmell,

2020). Among the most well studied is the metabolic underpinnings of the function

and differentiation of T cells, which is central to cancer immunity (Waldman et al.,

2020) and to the response in both ICB and ACT cancer immunotherapies (Fraietta

et al., 2018; Sade-Feldman et al., 2018). Different types of T cells with different dif-

ferential stages are characterized by distinct metabolic profiles, which are not mere

correlators of T cell states but are closely coupled to T cell signaling and can have a

causal role in regulating cell function and determining cell fate (Klein Geltink, Kyle,

& Pearce, 2018). Below I will describe and summarize the metabolic characteristics

and their interconnection with cell signaling and cell function in different types of

T cells.

Naive T cells (Tn) are quiescent and relatively inactive metabolically, with a

baseline level of glucose uptake which is used to generate ATP in OXPHOS (Klein
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Geltink et al., 2018). The Tn survival and homeostasis is partly maintained by IL-7

signaling as well as other pathways related to metabolic regulation including mTOR

signaling (whose activation promotes glycolysis and drives the cell out of quiescence)

(Yang, Neale, Green, He, & Chi, 2011) and extracellular adenosine signaling via its

receptor (which helps to maintains IL-7R expression and decrease sensitivity to TCR

activation) (Cekic, Sag, Day, & Linden, 2013).

Upon T cell activation, the TCR signaling upregulates cell metabolism via

PI3K-AKT-mTOR pathway and the induction of c-Myc for subsequent transacti-

vation of metabolic genes(Powell, Pollizzi, Heikamp, & Horton, 2012). In early

activation, both glycolysis and TCA cycle/OXPHOS are increased. The increase

in OXPHOS produces ROS, which is required for T cell activation (Sena et al.,

2013), although an appropriate ROS level achieved by refined regulation together

with antioxidation pathways is key to the proper T cell activation (Mak et al., 2017).

Sufficient ATP generation via OXPHOS in early activation is also critical to ensure

full activation and the differentiation of effector T cells (Teff). This increase in mi-

tochondrial metabolic activity is supported by mitochondrial biogenesis, promoted

by AMPK signaling and expression of PPAR and PGC-1α (Scharping et al., 2016).

Mitochondrial serine and one-carbon metabolism is also increased, which may reflect

a need to synthesize glutathione for fine-tuning ROS levels (Ma et al., 2017). T cells

also exhibit increased de novo purine synthesis and increased fatty acid synthesis

early during activation (Lee et al., 2014; Ma et al., 2017). Several amino acids,

including alanine, is also needed for T cell activation (Ron-Harel et al., 2019).

After full activation, CD8+ Teff cells shows fast growth and proliferation, ex-
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press high level of glucose transporters including GLUT1, and exhibit high levels of

both glycolysis and OXPHOS (Fox, Hammerman, & Thompson, 2005), showing an

aerobic glycolysis phenotype similar to that of many fast-proliferating cancer cells,

famously known as the Warburg effect (Koppenol, Bounds, & Dang, 2011). Glycoly-

sis has been shown as essential for normal Teff function, including in the anti-cancer

settings (Chang et al., 2015), and the low-glucose condition in the TME can hamper

effector function. Engagement of the inhibitory immune checkpoint PD-1 can in-

hibit glycolysis and promote FAO, negatively regulating T cell activation (Patsoukis

et al., 2015). The reasons why Teff cells require glycolysis are not fully elucidated,

although some studies shown that the lactate dehydrogenase in Teff is required for

maintaining cellular Ac-CoA and the acetylation of IFNγ promoter and enhancers

(Peng et al., 2016). Despite the importance of glycolysis, mitochondria are also

active in Teff, with high activity of mitochondrial fission (Buck et al., 2016). Glu-

taminolysis also has high activity in Teff, which was shown to be also used mainly

for ATP instead of biomass production in vitro (Fox et al., 2005). Other amino

acids including arginine, leucine and methionine have been shown to be important

for Teff cell proliferation and effector function (Wang & Zou, 2020).

CD4+ Teff cells have many established subtypes with distinct functions, and

metabolism appears to be important in the CD4 differentiation into different sub-

types. Activation of mTOR signaling which is a master regulator of cell metabolism

promotes Th1 and Th17 differentiation; specifically mTORC2 signaling is needed for

Th2 differentiation; on the other hand, inhibiting mTOR signaling shifts the differ-

entiation towards Treg cells (Klein Geltink et al., 2018). Like CD8+ Teff cells, CD4+
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Teff also have active glucose import and glycolysis, together with active glutaminol-

ysis, the inhibition of which will allow for Treg differentiation (Metzler, Gfeller, &

Guinet, 2016). Besides generating ATP, glycolysis and glutaminolysis compete for

substrates with the hexosamine biosynthesis pathway which synthesizes UDP-N-

acetylglucosamine for O-GlcNAcylation of various proteins important for the dif-

ferentiation of different CD4+ T cell subtypes (Swamy et al., 2016). Fatty acid

synthesis has been shown to be important for Th17 differentiation, and fatty acid

synthesis deficiency can result in Treg cell differentiation (Berod et al., 2014).

As seen above, Treg cells do not have active fatty acid synthesis but in contrast

use FAO, which has been shown to be important for their suppressive function

(Procaccini et al., 2016). They also have active OXPHOS, consistent with the need

for further oxidation of the Ac-CoA from FAO for ATP production (Gerriets et al.,

2016). Glycolysis are also active in Treg cells, and appears to have a complex role on

Treg function (Gerriets et al., 2016). The ability of Tregs to inhabit the acidic and

nutrient-poor TME has been linked to their ability of utilize lactate in the TME,

which is converted to pyruvate via the reversible lactate dehydrogenase reaction

and then further used for TCA (Angelin et al., 2017). Intracellular cholesterol and

cholesterol synthesis have also been shown to be important for the function of Treg

cells (Zeng et al., 2013).

Memory T cells (Tm) display a distinct metabolic phenotype that is consis-

tent with long-time survival. CD8+ Tm cells have low glycolysis and remodels their

mitochondria for high-efficiency OXPHOS with lower mitochondrial membrane po-

tential (Sukumar et al., 2013). Tm cells also have increased triglyceride storage and
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rely on FAO for energy production (Pearce et al., 2009). Arginine has been shown

to enhance the long-term survival of Tm cells (Geiger et al., 2016).

Currently, most characterizations of T cell metabolism have been focused

around the central energy metabolism (TCA/OXPHOS) and a few other common

pathways like glycolysis and lipid metabolism. A more complete picture of global

cell metabolic changes during T cell differentiation is still missing. Further, much of

the current knowledge on T cell metabolism has been derived from in vitro systems,

while differences can exist for the in vivo setting (Artyomov & Van den Bossche,

2020). The relationship between metabolic state and T cell immune functional state

can be complicated, often leading to apparently paradoxical observations which re-

quires deeper investigation to understand the underlying mechanisms and reasons for

the particular metabolic regulation observed. As an example, a recent study (Vod-

nala et al., 2019) has shown that a nutrient deprivation state associated with high

extracellular potassium concentration in the TME contributes to the dysfunction

of the tumor-infiltrated T cells, but the suppression of effector function associated

with such a state also corresponds to increased T cell stemness and can be harnessed

to improve long-term T cell persistence and tumor clearance in ACT therapy. This

study also highlights that a deep understanding of T cell metabolism can be trans-

lated into strategies for modulating T cell function and improve the efficacy of cancer

immunotherapies (Makowski et al., 2020).

1.4 Metabolism in COVID-19 and host-SARS-CoV-2 interaction
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1.4.1 COVID-19: natural history, epidemiology and clinical features

The coronavirus disease 2019 (COVID-19) is a severe and highly infectious res-

piratory disease whose first known case appeared in late December 2019 in Wuhan,

China (Zhu et al., 2020). Since then, COVID-19 has quickly evolved into a global

pandemic within a few months by March 2020 (WHO, 2020c) and is still ongoing,

resulting in more than 100 million infected cases and over 2 million deaths (as of

March 2021) (WHO, 2020b). The pathogen for COVID-19 has been identified to be

a new betacoronavirus that was never discovered before, and was named severe acute

respiratory syndrome coronavirus 2 (SARS-CoV-2) (Coronaviridae Study Group of

the International Committee on Taxonomy of Viruses, 2020). Two related viruses of

the coronavirus family (Coronaviridae), the severe acute respiratory syndrome coro-

navirus (SARS-CoV) and Middle East respiratory syndrome coronavirus (MERS-

CoV), emerged in 2002 and 2012 respectively have also caused serious respiratory

diseases (Cui, Li, & Shi, 2019), making COVID-19 the third coronavirus-related

severe infectious disease discovered in the recent decades. Like SARS-CoV and

MERS-CoV (Cui et al., 2019), SARS-CoV-2 is likely to be of zoonotic origin, with

the first COVID-19 cases epidemiologically linked to a wet market in Wuhan selling

seafood, live poultry and wildlife (Jiang, Du, & Shi, 2020). Phylogenetic studies

have identified high similarities between the genomic sequences of SARS-CoV-2 and

a group of betacoronaviruses of the subgenus Sarbecovirus previously found in bats

in China (F. Wu et al., 2020; P. Zhou et al., 2020), and SARS-CoV-2-related coro-

naviruses have also been found in Malayan pangolins (Manis javanica) (Lam et al.,
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2020). However, the identity of the direct progenitor of SARS-CoV-2 is still uncer-

tain (Andersen, Rambaut, Lipkin, Holmes, & Garry, 2020), and the intermediate

host responsible for the zoonotic transmission of the virus from the wild reservoir

host species to human has not been confidently identified (J. Zhao et al., 2020).

Airborne transmission has been determined to be the dominant route of trans-

mission of COVID-19 (R. Zhang et al., 2020), specifically via respiratory droplets

and potentially aerosol (Doremalen et al., 2020), fecal-oral transmission can also be

possible (Xu et al., 2020). COVID-19 is highly transmissible, with a basic repro-

duction number (the expected number of infections directly caused by transmission

from one primary infected individual when all individuals are susceptible) estimated

to be around 2 or 3 (Billah, Miah, & Khan, 2020; S. Zhao et al., 2020), similar to

SARS and higher than e.g. the 2009 influenza and MERS (Petersen et al., 2020).

The incubation period (time from infection to symptom onset) of COVID-19 was

estimated to range from 1.3 to 11.3 days (Lauer et al., 2020), longer than SARS

(Petersen et al., 2020). SARS-CoV-2 show a distinct kinetics of virus shedding, with

high viral load when symptoms begin and a subsequent decline but persisting for a

long period, making it critical to timely isolate and quarantine patients as soon as

infection is detected and for sufficiently long time (Petersen et al., 2020; Wölfel et

al., 2020; Zheng et al., 2020). COVID-19 is less deadly than SARS or MERS, with

possibly more than 50% infected cases being asymptomatic (G. Li et al., 2020), and

most symptomatic cases being mild (Z. Wu & McGoogan, 2020). However, asymp-

tomatic patients can still spread the virus (Li et al., 2020), adding to the challenge

of transmission control. The infection-fatality risk was estimated to be 1.39% in the
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New York City, the first epidemic center in the USA (Yang et al., 2021), and other

estimates for other regions in the world were mostly below 1% (Pastor-Barriuso et

al., 2020; Streeck et al., 2020). Older age and various comorbidities including hyper-

tension, obesity, diabetes and coronary heart disease (among others) were identified

as the risk factors for SARS-CoV-2 infection and/or severe disease (Jordan & Adab,

2020; B. Mao et al., 2020).

The most common initial symptoms of COVID-19 include dry cough, fever,

and fatigue, additional symptoms can include sputum production, sore throat,

haemoptysis, chills, headache, chest pain, anorexia, diarrhea, and nausea/vomiting

(Hu, Guo, Zhou, & Shi, 2020). Dyspnoea and pneumonia can subsequently develop

within a median time of 8 days from disease onset (Z. Wu & McGoogan, 2020). Se-

vere or critical cases (about 20% in some reports) require ventilation and intensive

care unit (ICU) admission and can develop respiratory failure, septic shock and/or

multiple organ dysfunction or failure (Z. Wu & McGoogan, 2020). Although being

primarily a respiratory disease, multiple organs other than the lung and respiratory

tract can be affected (Zaim, Chong, Sankaranarayanan, & Harky, 2020), including

the heart and blood vessels (Bikdeli et al., 2020; Shi et al., 2020), liver (C. Zhang

et al., 2020), kidneys (Diao et al., 2020), brain (L. Mao et al., 2020) and intestine

(Xiao et al., 2020), among others. Although most patients recover from the disease,

there can be long-term persisting symptoms (e.g. fatigue, shortness of breath, cough,

joint pain and chest pain) (CDC, 2020) and/or abnormalities found in clinical tests

(e.g. pulmonary diffusion impairment) (Cortinovis, Perico, & Remuzzi, 2021).
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1.4.2 SARS-CoV-2 biology

SARS-CoV-2 is a positive-sense single-stranded RNA (+ssRNA) enveloped

virus from the Coronaviridae family, Betacoronavirus genus, and the Sarbecovirus

subgenus (Zhu et al., 2020). Its RNA genome has 29,891 bases, with a similar

genomic organization with other betacoronaviruses (Santos, 2020). The genome en-

codes 29 proteins, including 6 functional open reading frames (ORFs) for the repli-

case (ORF1a/1b), spike (S), envelope (E), membrane (M) and nucleocapsid (N)

proteins (the latter four being structural proteins), and 7 putative ORFs for acces-

sory proteins (Chan et al., 2020). The replicase ORF encodes two large polyproteins

that are proteolytically cleaved into 16 non-structural proteins (nsp1-16) (Chan et

al., 2020). The spike protein is integrated into the viral envelope resulting in crown-

like spikes on the surface of the virus, giving coronavirus its name (Santos, 2020),

which is also responsible for the viral attachment and entry of host cells via en-

docytosis (J. Shang, Ye, et al., 2020; Walls et al., 2020). It has been determined

that the human angiotensin-converting enzyme 2 (ACE2) protein, present on the

cell membrane, is the host receptor for viral entry (R. Yan et al., 2020). The re-

ceptor binding motif (RBM) within the domain (RBD) of the viral spike protein

trimer binds to the host ACE2 protein; host proteases including the serine protease

TMPRSS2, cathepsin B/L and furin then cleave and “prime” the spike protein at

the cell surface or in the early endosome (Hoffmann et al., 2020; J. Shang, Wan, et

al., 2020), triggering a conformation change in the spike protein that subsequently

promote membrane fusion and viral entry (Chambers, Yu, Valdes, & Arulanandam,
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2020; Hoffmann et al., 2020).

After entry into the host cell, the virus initiates a complicated process of pro-

tein expression and genome replication. The translation of the two replicase ORFs

utilizes a programmed–1 ribosomal frameshift (Finkel et al., 2021), producing two

polyproteins that will be cleaved into the 16 non-structural proteins (nsp1-16) via

by two cysteine protease activities present in nsp3 and nsp5 (V’kovski, Kratzel,

Steiner, Stalder, & Thiel, 2020). Nsp2-16 forms the virus replication and tran-

scription complex (RTC) (L. Yan et al., 2020), including the RNA-dependent RNA

polymerase (RdRP, nsp12; with cofactors nsp7 and nsp8, as well as nsp14 which has

an exonuclease domain for proofreading) for viral genome replication (Eckerle, Lu,

Sperry, Choi, & Denison, 2007; Gao et al., 2020). In other coronaviruses, RTC is

formed within double-membrane vesicles (DMVs) derived from endoplasmic retic-

ulum (ER) and other host endomembranes; it is localized to specific subcellular

locations involving complex interactions with host proteins to further advance the

viral cell cycle (V’kovski et al., 2019). The viral genome replication first produces a

full-length negative-sense RNA, which is then further replicated into positive-sense

genomic RNA (V’kovski et al., 2020). More viral proteins can then be translated

from the newly synthesized viral genome. As with other coronaviruses, the genome

replication is characterized by a unique discontinuous transcription at transcription

regulatory sequences (TRSs), producing a nested set of subgenomic RNAs (sgR-

NAs) with shared 5’ and 3’ sequences (Sola, Almazán, Zúñiga, & Enjuanes, 2015).

The virion assembly involves the association between the viral RNA genome with

the nucleocapsid proteins and happens on the cytoplasmic side of the ER–Golgi
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intermediate compartment (ERGIC) cisternae (Klein et al., 2020). The assembled

virions within membrane-bound vesicles are then released via exocytosis (Ghosh et

al., 2020; Klein et al., 2020), completing the life cycle of the virus.

The host-pathogen interactions (HPI) of SARS-CoV-2 are highly complex. In

vitro studies of SARS-CoV-2 protein expression followed by affinity purification and

mass spectrometry (MS)-based protein identification has identified hundreds of host-

SARS-CoV-2 protein-protein interactions (PPI) (Gordon et al., 2020). The host cell

typically senses viral invasion and mounts anti-viral responses via different innate

immune pathways, notably the type I/III interferon (IFN) pathway (Vabret et al.,

2020), however, SARS-CoV-2 is able to suppress the activity of these pathways via

different mechanisms (Vabret et al., 2020; V’kovski et al., 2020). For example, the

ORF3b of the virus may effectively inhibit IFN response (Konno et al., 2020), and

it has been shown that SARS-CoV-2-infected cells and patients exhibit impaired

IFN response (Blanco-Melo et al., 2020; Hadjadj et al., 2020). Other viral proteins,

on the other hand, may induce the activation of various inflammatory pathways,

e.g. interleukin (IL)-6 and IL-8 production that can cause the symptoms associated

with severe diseases (J. Li et al., 2021). It has been suggested that an imbalanced

immune response involving the failure to mount an early IFN response and a dysreg-

ulated inflammatory response during SARS-CoV-2 infection drives the development

of COVID-19 (Blanco-Melo et al., 2020; Giamarellos-Bourboulis et al., 2020).
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1.4.3 Anti-COVID-19 therapies and vaccines

Governments, industries and scientific communities across the world and have

responded quickly to the COVID-19 crisis in search of efficient preventative and ther-

apeutic strategies. To date (March 2021), there are thousands of registered clinical

trials on COVID-19 (WHO, 2021). Potential therapies under clinical investigation

include small-molecular drugs, biologics e.g. monoclonal antibodies, plasma-based

and cell-based therapies, among others (“Global Coronavirus COVID-19 Clinical

Trial Tracker,” 2020; Thorlund et al., 2020). Unfortunately, Very few therapies have

been established as beneficial to COVID-19 patients. Drugs proposed for COVID-19

treatment early in the pandemic including lopinavir, ritonavir and hydroxychloro-

quine were later shown to be ineffective (Cavalcanti et al., 2020; RECOVERY Col-

laborative Group, 2020). Remdesivir, a viral RdRP inhibitor represents the only

drug approved by the drug regulatory authorities of several countries including the

U.S. Food and Drug Administration (FDA) (Beigel et al., 2020; FDA, 2020d). How-

ever, it confers only mild clinical benefits to a subset of COVID-19 patients, and is

not recommended by the World Health Organization (WHO) as a first-line treat-

ment for COVID-19 patients (Spinner et al., 2020; WHO, 2020a; WHO Solidar-

ity Trial Consortium et al., 2020). Janus kinase (JAK) inhibitor baricitinib (in

combination with remdesivir), and virus-neutralizing antibodies bamlanivimab, and

casirivimab plus imdevimab have obtained Emergency Use Authorization (EUA)

from the FDA (FDA, 2020a, 2020c, 2020b). Dexamethasone and other corticos-

teroids have been recommended by the U.S. National Institutes of Health (NIH) for
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hospitalized patients requiring supplemental oxygen (NIH, 2020; RECOVERY Col-

laborative Group et al., 2020). To date, one of the most promising and encouraging

advances among the anti-COVID-19 efforts has been the successful development of

several SARS-CoV-2 vaccines around the world, some have been approved or au-

thorized for emergency use in different countries (Dong et al., 2020; FDA, 2021b,

2021a).

There have been a lot of preclinical efforts in identifying potential therapeu-

tic drugs and targets for anti-SARS-CoV-2. Numerous antiviral drug repurposing

screens of varied scales using libraries of existent drugs have been performed in vitro

(e.g. Riva et al., 2020; Touret et al., 2020). Some studies have tried to identify

effective drug combinations (e.g. Bobrowski et al., 2021; Nguyenla et al., 2020).

A few genetic screens using e.g. the CRISPR-Cas9 technology have been reported,

revealing potential gene targets for inhibiting SARS-CoV-2 infection or proliferation

(Daniloski et al., 2021; Schneider et al., 2021; R. Wang et al., 2021; Wei et al., 2021).

A recent study reported the application of CRISPR-Cas13 in degrading SARS-CoV-

2 RNA and suppression the viral infection (Abbott et al., 2020). Different parties

and research groups have created databases containing compiled resources on po-

tential anti-SARS-CoV-2 drugs, targets and therapies (e.g. Kuleshov et al., 2020;

Chen, Allot, & Lu, 2021). There are also large number of computation-driven efforts

for predicting anti-SARS-CoV-2 drugs and/or targets, based on a wide variety of

algorithms (e.g. Bobrowski et al., 2021; Y. Zhou, Hou, et al., 2020; Y. Zhou et al.,

2020).
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1.4.4 Viral regulation of host metabolism

Viruses are known to “hijack” host cell metabolism to complete their own in-

tracellular life cycle (Mayer, Stöckl, Zlabinger, & Gualdoni, 2019; Thaker, Ch’ng, &

Christofk, 2019), modulating diverse pathways including carbohydrate, lipid, amino

acid and nucleotide metabolism (Mayer et al., 2019; Sanchez & Lagunoff, 2015).

Coronaviruses including MERS-CoV rearrange cellular lipid profiles upon infection

(Yan et al., 2019; Yuan et al., 2019); as described above, coronaviruses induce the

formation of complex networks of DMVs derived from ER and other intracellular

membranes, in which they assemble their RTCs for viral replication and protein

translation (V’kovski et al., 2019), and the formation of DMVs and RTCs are criti-

cal for the viral life cycle. Notably, counteracting the metabolic demands of viruses

including MERS-CoV have been shown to abolish their ability to infect the host

cells (Mayer et al., 2019; Yuan et al., 2019). Targeting the virus-induced metabolic

changes has been proposed to be a promising novel antiviral strategy (Mayer et al.,

2019).

Soon after the emergence of COVID-19, people have noticed that certain

metabolic factors are important determinants of disease risk and severity (Marazuela,

Giustina, & Puig-Domingo, 2020). Many reports have shown that diabetes pa-

tients have significantly increased risk of morbidity and mortality due to COVID-19

(e.g. Guan et al., 2020; Petrilli et al., 2020). Increase glucose level can promote

SARS-COV-2 infection and proliferation in human monocytes (Codo et al., 2020).

However, the full mechanisms underlying this association are yet unclear and likely
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involve systemic factors such as lung function and immune response being modulated

by glucose level (Lim, Bae, Kwon, & Nauck, 2021). Obesity is another risk factor

for hospitalization and severe disease of COVID-19 (Petrilli et al., 2020). On the

other hand, survivors of SARS may develop new-onset and long-lasting metabolic

abnormalities, which may also occur in COVID-19 patients (Ayres, 2020). Re-

cent studies have reported that SARS-CoV-2 induces metabolic changes in numer-

ous pathways including tricarboxylic acid (TCA) cycle, oxidative phosphorylation,

lipid metabolism, amino acid metabolism (e.g. tryptophan metabolism), and pen-

tose phosphate pathway, among others in human patient samples (Bojkova, Costa,

et al., 2020; Ehrlich et al., 2020; Gardinassi, Souza, Sales-Campos, & Fonseca,

2020; S. Li et al., 2021; Thomas et al., 2020). Several new studies have shown that

anti-SARS-CoV-2 effect can be achieved by targeting various host metabolism path-

ways, for example, the PPARα-agonist fenofibrate can reverse SARS-CoV-2-induced

metabolic changes and block the viral replication (Ehrlich et al., 2020); DHODH

inhibitors that suppress pyrimidine de novo synthesis showed anti-SARS-CoV-2 ac-

tivity (R. Xiong et al., 2020); the inhibition of certain phosphoinositides can disrupt

endocytosis and block SARS-CoV-2 cell-entry (Ou et al., 2020); and transketolase

inhibitor was shown to inhibit SARS-CoV-2 in a dose-dependent manner (Bojkova,

Costa, et al., 2020). These studies suggest that targeting metabolism as an antiviral

strategy can also be applied to SARS-CoV-2.
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1.5 Overview of study: rationale, aims and significance

Cell metabolism plays a pivotal role in many biological processes including

T cell function in cancer and cancer immunotherapy, and in the host response to

virus infection. Genome-scale metabolic modeling has been successfully applied to

study cell metabolism under different contexts, and with the advent of updated

GEMs and advanced modeling algorithms, metabolic modeling with GEM has been

shown to have great value in generating testable hypotheses and accurate predic-

tions especially when combined with the abundance of omic data available nowa-

days. It is highly desirable to closely study the metabolic underpinnings of immune

cell functions and host-virus interaction utilizing the methodological framework of

genome-scale metabolic modeling via the integration of experimental omic data.

In this thesis I will describe efforts on algorithm development under the metabolic

modeling framework and demonstrate its utility in two case studies, specifically: 1.

the understanding of CD8 T cell metabolism in cancer and identification of essen-

tial metabolic processes that determine the anti-cancer function of the T cells; and

2. the investigation of host metabolic response under SARS-CoV-2 infection and

the identification of potential anti-SARS-CoV-2 targets which act via counteract-

ing the virus-induced metabolic changes. These represent some of the first studies

of the application of genome-scale metabolic modeling to these fields of research

and highlights the promise of the modeling-based approach in facilitate a deeper

understanding of the role of cell metabolism under diverse biological contexts.
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Chapter 2: Analysis and improvement of metabolic transformation

algorithms

2.1 Introduction

GEM algorithms have been applied to study cell metabolism under a wide

variety of contexts, and have repeatedly proven to be valuable for generating ac-

curate predictions and informative hypotheses (Gu, Kim, Kim, Kim, & Lee, 2019).

An overview of GEM and its methodological framework is provided in Section 1.2.

Here we focus on the MTA algorithm, initially developed by (Yizhak et al., 2013),

which is used for the prediction of metabolic targets whose KO can transform the

cellular metabolic state from a given reference state to a given target state. Ap-

parently, this algorithm can be used for therapeutic target prediction for many

metabolism-related diseases, by reversing the perturbed cell metabolism under the

diseased state back to the normal healthy state. But due to its mechanism-based

modeling approach under the GEM framework, MTA can also be more widely used

to predict potential causal factors and perturbations beyond what can be identified

from classical statistical inference. In the original study, MTA was used to predict

lifespan-extending genes in the budding yeast Saccharomyces cerevisiae, and suc-
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cessfully identified two novel lifespan-extending metabolic genes (adh2 and gre3 )

whose KO’s were experimentally validated to significantly prolong the chronological

lifespan of yeast (Yizhak et al., 2013). In a subsequent study, MTA was used to

predict metabolic cancer driver genes, resulting in a novel cancer driver gene FUT9

in colorectal cancer (Auslander et al., 2017). A more recent study applied MTA

and successfully predicted mitochondrial dihydroorotate dehydrogenase (DHODH)

involved in pyrimidine nucleotide biosynthesis as an effective therapeutic target for

an intractable epilepsy called Dravet syndrome (Styr et al., 2019). Despite repeated

successful applications, the original algorithm was mostly validated in the bacteria

E. coli, with only a few validations in higher organisms (2 validation datasets for

mouse and 2 for human); the performance in the mice and human datasets also

appeared relatively weaker than those in the E. coli (Yizhak et al., 2013). A re-

cent study introduced an improvement to MTA named robust MTA (rMTA), which

was shown to achieve better performance compared to the original MTA (Valcárcel,

Torrano, Tobalina, Carracedo, & Planes, 2019). However, in terms of validation

in higher organisms, the authors of rMTA only used the same two human and two

mouse datasets as in (Yizhak et al., 2013), thus the scope of its validation is still very

limited. Here I aim to perform a deeper investigation to comprehensively evaluate

the performance of MTA (and rMTA) in higher organisms focusing on human, also

seeking to optimize the algorithm and further improve its prediction accuracy.

2.2 Results
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2.2.1 The MTA algorithm as in (Yizhak et al., 2013)

Here following the introduction to GEM in Section 1.2, I first provide a de-

scription of the algorithm details of MTA as developed in (Yizhak et al., 2013). The

input to MTA is the transcriptome-wide gene expression data of the reference state,

in addition to the differential gene expression (DE) changes in the target state com-

pared to the reference state, provided as two vectors; MTA outputs a score called

the MTA score for each reaction, with higher MTA scores corresponding to better

targets, i.e. whose KO can better transform the cell metabolism from the reference

to the target state. An high-level overview of the MTA algorithm is given in the

diagram in Figure 2.1.

Figure 2.1: A schematic diagram as an overview of the MTA algorithm.

A first step of MTA involves applying the iMAT algorithm (Shlomi et al.,

2008) to obtain a GEM customized to the reference state. Then uniform random
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sampling is performed on the reference GEM, and the mean vector vref of all sample

points is obtained as the reference metabolic flux distribution of the reference state.

Up-regulated, down-regulated and stable genes are then determined from the DE

results based on certain cutoffs, which are mapped based on the boolean GPR asso-

ciations to the reaction level to obtain the sets of reactions that are expected to have

increased activity level (i.e. absolute flux) or decrease activity level. According to

(Yizhak et al., 2013), the cutoff for determining significantly up- or down-regulated

genes were partly based on considerations of computational time cost, as specifying

a higher number of DE genes will increase the time to solve the MIQP optimization

problem later (see below). The authors recommended picking a number of top DE

genes such that they are mapped via GPR to a total of about 100 reactions that are

intended to have altered activities. However this is a parameter that in principle

can be further tuned. Specifically for the mapping of genes to reactions via GPR,

if a reaction is expected to have increased activity level if it is catalyzed by a set of

enzymes with & relations and all of the corresponding genes are up-regulated, or if it

is catalyzed by a set of enzymes with | relations and at least on of the corresponding

genes are up-regulated; similarly reactions expected to has decreased activities are

determined. All other cases not covered in the above description are regarded as

undetermined. For the reactions with expected increase in activity and whose fluxes

are positive in the reference state vref , they are expected to have further increased

flux value (i.e. further flux change in the forward direction, towards more positive

values); similarly, for the reactions whose initial reference fluxes vref
i ’s are negative

and are expected to have decreased activity level, we expect that the absolute val-
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ues of their fluxes to decrease, which also corresponds to their flux values increasing

in the forward direction towards more positive values; this set of reactions is de-

noted RF . Similarly the set of reactions whose flux value are expected to decrease

(i.e. change in the backward direction, towards more negative values) can be identi-

fied and is denoted RB. The set of reactions that are expected to have unchanged,

stable activity levels is denoted RS; any undetermined reaction is regarded as having

stable flux and is also included in RS. Next, a series of MIQP problems under the

simulated KO of each reaction j are solved to maximize the number of reactions

with flux changes concordant with the expectations, while minimizing the squared

sum of flux changes in reactions that are expected to have stable fluxes:

minimize
v,y

(
(1− α)

∑
i∈RS

(vref
i − vi)2 + α

2
∑

i∈RF∪RB

yi

)

subject to:

Sv = 0

vlb ≤ v ≤ vub

vj = 0

vi − yF
i (vref

i + εi)− yiv
lb
i ≥ 0, for i ∈ RF

yF
i + yi = 1, i ∈ RF

vi − yB
i (vref

i − εi)− yiv
ub
i ≤ 0, for i ∈ RB

yB
i + yi = 1, i ∈ RB

yi, y
F
i , y

B
i ∈ {0, 1}

In the formulation above, for each reaction i ∈ RF , binary variables yi and

70



yF
i are introduced such that one and only one of the two variables can be 1 (while

the other has to be 0); similarly binary variables yi and yB
i are introduced for each

reaction i ∈ RB. yF
i = 1 or yB

i = 1 correspond to “successful” flux change that is

consistent with the expected changes for reaction i, and thus yi = 1 means a failure

to achieve the expected flux changes. Therefore, the integer part of the minimization

problem corresponds to minimizing the number of failed flux changes. The relative

weights of this part and the quadratic part (which minimizes the squared sum of

flux changes in reactions that are expected to have stable fluxes) are determined

by the parameter α. In the original study (Yizhak et al., 2013), performance was

found to be robust to the variation in this parameter, and a default value of 0.66

was used in their analyses. However, the robust analysis was only performed using

several validation datasets in E. coli and yeast. εi is a parameter that corresponds

to the size of flux change used to define a “successfully” changed reaction, while

it can be reaction-specific in principle, it was shown that a fixed value can achieve

reasonably good performance, although again the evaluations that led to this con-

clusion were performed using E. coli and yeast datasets. A fixed value of εi = 0.01

was recommended as a reasonable default value (from personal correspondence with

the authors).

After solving the above MIQP problem for the KO of each reaction, the op-

timal solution is obtained and thereby the sets of “successfully” changed reactions

(Rsuccess) as well those failed to achieve the expected change (Rfail) can be iden-

tified. This is mostly straightforward although two special cases requires further

explanation: for the reactions whose initial reference fluxes vref
i ’s are negative and

71



are expected to have decreased activity level, we expect that the absolute values of

their fluxes to decrease, which corresponds to their flux values increasing towards

more positive values, although it’s not desired if their final flux value becomes larger

than −vref
i . If the final flux from the optimal solution of the MIQP is larger than

the corresponding −vref
i , although it contributed to the minimization of the MIQP

objective function, it should be regarded as a failed case. Similarly this applies to

reversible reactions with positive initial reference flux and an expected decrease in

their activity level, but the final flux is smaller than −vref
i . These special “over-

shoot” reactions are denoted Rfail,overshoot (and not included in the “normal” Rfail

set; the Rfail,overshoot was not explicitly explained in the original MTA (Yizhak et

al., 2013) but was actually implemented as such). The MTA score for the KO is

then computed as follows:

∑
i∈Rsuccess

|vref
i − vopt

i | −
∑

i∈Rfail
|vref

i − vopt
i | −

∑
i∈Rfail,overshoot

∣∣∣∣∣|vref
i | − |v

opt
i |
∣∣∣∣∣∑

i∈RS
|vref

i − vopt
i |

The MIQP problem can also be solved using the WT model without any

KO, which can also produce an MTA score that can be used as a control. Only

reactions whose scores are greater than the control scores are potentially useful

targets. Based on the validations mostly based on E. coli and yeast reported in

(Yizhak et al., 2013), the 10%-20% reactions with the highest MTA scores appear

to represent biologically meaningful targets in that in most of the validation datasets,

the reaction corresponding to the actual gene KO (after mapped to reactions via
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GPR associations) lies within top 10%-20% MTA predictions.

2.2.2 Evaluating the performance of the MTA algorithm in human

datasets

As described above, MTA as originally reported by (Yizhak et al., 2013) has

not been extensively tested in human. Given its many potential applications in

human biology including the prediction of therapeutic targets for different human

diseases, it is desirable to perform a more comprehensive evaluation of MTA using

human benchmark datasets. Among the key points to evaluate is the robustness to

the choice of the various parameters α and εi, and the determination of their best

default values, since the previous analyses reported in (Yizhak et al., 2013) were

mostly in E. coli and yeast, and the difference in the organism and its GEM, as well

as the type of dataset (from different assay platforms) may influence the robustness

analysis and the choice of parameters. Besides, the number of top DE genes is

another parameter that can be tuned but not explored/reported in the original

study (Yizhak et al., 2013). To this aim, I manually collected a total of 58 human

microarray or RNA-seq transcriptome datasets involving the KD or KO or drug

inhibition (by small molecules) of a metabolic gene/protein from the GEO database.

Each dataset contains the expression profiles of the untreated or vehicle-treated

control samples and those of the treated (i.e. KO/KD/drug inhibition) samples.

The GEO dataset IDs of the collected datasets are provided in Appendix Table

4.2. I applied MTA to each of the datasets, with the gene expression profiles of the
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control and treated groups as inputs, and subsequently inspected MTA score(s) and

percentage rank(s) across all reactions of the “ground truth” reaction(s), i.e. the

reaction(s) mapped via the GPR to the actual gene or protein being KO-ed/KD-

ed/inhibited. When more than one reaction is mapped, I focused on the top ranked

reaction according to MTA prediction. The effects of the parameters α and εi, as

well as the number of top DE genes (which I denoted n) on the performance are

all thoroughly investigated with grid search. α values ranging from 0.02 to 0.98, εi

values ranging from 1e-4 to 0.1, and n ranging from 10 to 500 were tested.

Evaluating the prediction accuracy of MTA in the 58 human datasets, I found

that indeed the performance of MTA is highly dependent on the parameters chosen

(Figure 2.2). As a crude measure, I evaluated the performance based on the number

of datasets (out of the 58) where at least one ground truth reactions is among the

top 10% MTA predictions. Overall, the number of top DE genes n used appeared to

have a larger effect on the performance, with lower values of n below 100 producing

markedly better performance than higher n values. α values also had a large effect,

with α in the very high range producing noticeably better performance. Different

α values appeared to work relatively better with specific ranges of εi values, with

a weak trend of higher α values working better with higher εi values. Overall

the best performance was achieved at α = 0.98, εi = 0.05 and n = 40, where

28 out of the 58 datasets have their ground truths predicted among the top 10%.

Specifically inspecting this optimal parameter combination, 23 out of the 58 datasets

have “better than top 5%” performance, and 3 datasets have “better than top 1%”

performance. The performances vary given local variation in the parameter near
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this optimal region, but in general yielding the “better than top 10%” performance

in more than 20 datasets (Figure 2.2).
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Figure 2.2: Evaluation of the prediction performance of MTA on 58
human datasets using different parameters.
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2.2.3 First proposed alternative to the original MTA and its evalua-

tion

One perceived drawback of the original MTA algorithm is that the objective

function involves the maximization of the number of reactions that are intended

to be altered, while minimizing the summed square of flux differences of the reac-

tions that are intended to remain stable. This leads to a MIQP problem that can

be difficult and time-consuming to solve. Besides, the maximization part and the

minimization part of the optimization have intrinsically different biological mean-

ing and are on different scales, thus they need to be balanced by the parameter α.

Further, the definition of “significant” alteration of a reaction flux is determined by

the εi parameter. As shown above, the number of top DE genes is also a parameter

that can greatly affect the performance. It could be desirable to reduce the num-

ber of parameters with an alternative formulation, if reasonable performance can

be retained. The original MTA formulation introduce the further complexity that

the KO’s were ultimately evaluated based on yet another fraction scoring function

different from the MIQP objective function. The authors argued that the scoring

function cannot be optimized with off-the-shelf techniques due to its non-linear frac-

tion form, but also due to that the calculation is dependent on the knowledge of

whether a reaction is “successfully” altered as intended or not (Yizhak et al., 2013).

However, it could be possible to explore the use of a linear scoring function instead

of one in fraction form, that is also independent of any prior knowledge on whether

a reaction is actually successfully changed.

76



With the aim of addressing the above drawbacks of the original MTA, I ex-

plored an alternative formulation for the same biological prediction problem with

the same input. Instead of maximizing of the number of reactions that are intended

to be altered, I seek to maximize the total absolute flux changes in these reactions;

similarly instead of minimizing the summed square of flux differences of the reac-

tions that are intended to remain stable, I seek to minimize their total absolute

flux changes. This leads to an optimization problem involving absolute values that

can be transformed into a simple LP problem, which eliminates the need for any

additional parameter and a second scoring function. This new formulation is as

follows:

minimize
v

(1− α)
|RS|

∑
i∈RS

|vi − vref
i |+

α

|Rrr ∪RB ∪RF |

( ∑
i∈Rrr

(|vi| − |vref
i |) +

∑
i∈RB

(vi − vref
i ) +

∑
i∈RF

(vref
i − vi)

)

subject to:

Sv = 0

vlb ≤ v ≤ vub

vj = 0

Here the definition of the RS is the same as that in the original MTA. Rrr

denotes the set of reactions that are reversible and are expected to have reduced

activity levels, i.e. a decreased in the absolute values of their fluxes. The RF and

RB sets of reactions are also defined in the same way as in the original MTA except
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that the reactions in Rrr are excluded from these sets. Thus it can be seen that

this formulation has the additional benefit of addressing the potential “overshoot”

cases directly within the objective function, rather than adjusting for it in a post

hoc fashion. The flux changes associated with the reactions that are expected to

remain steady (RS) and the rest of the reactions that are expected to have altered

activities (Rrr ∪RB ∪RF ) are normalized by the sizes of these two sets of reactions,

respectively. Besides, analogous to the original MTA, the relative weights of these

two parts can be further adjusted using the α parameter. However, given that now

both parts have the same biological meaning (i.e. flux change) and are thus on the

same numerical scale, α = 0.5 is a very natural choice as the default value. This

optimization can be transformed to the equivalent LP problem below by introducing

an additional pair of variables pi and ni for each reaction in RS and Rrr:
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minimize
v,p,n

(1− α)
|RS|

∑
i∈RS

(pi + ni)+

α

|Rrr ∪RB ∪RF |

( ∑
i∈Rrr

(pi + ni) +
∑

i∈RB

vi −
∑

i∈RF

vi

)

subject to:

Sv = 0

vlb ≤ v ≤ vub

vj = 0

pi − ni = vi − vref
i , for i ∈ RS

pi − ni = vi, for i ∈ Rrr

pi, ni ≥ 0

Given that this formulation is an LP problem, I termed it MeTAL. The predic-

tion performance of MeTAL was again evaluated on the same 58 validation datasets,

with different choices of parameters. The major parameter is n, the number of top

DE genes. Although the α parameter has a natural default value as described above,

I still explored how the performance can vary dependent on it. Here it was found

that MeTAL overall had worse performance compared to the original MTA, unfor-

tunately (Figure 2.3). Like in MTA, larger α appeared to yield relatively better

performances, although the natural default of α = 0.5 is indeed a good choice.

Global variation in the performance due to the choice of n appeared to be smaller

compared to MTA, although there are some local instabilities. The best perfor-

mance is achieved by the combination α = 0.5 and n = 140, successfully predicting
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the “ground truth” reaction among the top 10% in 21 out of the 58 datasets. Al-

though this is still largely better than random (binomial test P=8.3061099× 10−8),

it is worse than the best-case performance of MTA. However, this performance is

not statistically different from the MTA performance when tested with a Wilcoxon

signed-rank test (P=0.2154286). Upon closer inspection this appears to be due to

that there exist cases where MeTAL was giving good predictions while MTA did not,

and also among the cases where both MTA and MeTAL gave better than top 10%

performance, the ground truth reaction was ranked higher by MeTAL than MTA.

In total 34 out of the 58 datasets can have their ground truth reactions predicted

among the top 10% in either MTA or MeTAL. Therefore, it appears that further

efforts should seek to combine MTA and MeTAL in an informed manner to achieve

even better prediction performances.
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Figure 2.3: Evaluation of the prediction performance of MeTAL on 58
human datasets using different parameters.
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2.2.4 Second proposed alternative to the original MTA and its eval-

uation

Another potential issue in the design of the original MTA is a more biologically

informed one. Specifically, the original MTA essentially evaluates the capacity of a

reaction KO in allowing or supporting the transformation in the desired direction.

Nevertheless, there is no guarantee that the system will actually shift in the specific

desired direction upon the reaction KO. In theory, it is possible that the same KO

can support the transformation in another independent direction equally well, or

even better, but MTA does not assess the capacity of the KO model in supporting the

transformation in any other arbitrary and irrelevant direction. In other words, the

MTA prediction does not consider the specificity of the KO in terms of realizing the

desired transformation, and therefore in theory a reaction KO with a high MTA score

is not necessarily a good candidate for realizing the desired transformation. This

same issue also applies to the MeTAL method as described above. To address this

issue, conceptually we can run MTA (or MeTAL) repeatedly using different random

transformations (i.e. random sets of RS, RF , and RB reactions) for each reaction

KO, then compare the resulting distribution of MTA scores (or optimal MeTAL

objective function values) to that obtained using the actual desired transformation.

However, to reduce the computational burden, a most simple approach is to only

run an additional MTA (or MeTAL) for each KO using the opposite transformation

as desired. Specifically, after mapping DE results via APR to intended directions

of changes in the activity levels of the reactions, reverse the directions before using
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them to define the RF , RB, and Rrr (for MeTAL only) reaction sets. The RS

set should remain the same. Then the final “corrected” MTA score (or MeTAL

objective function value) is the value obtained from the desired transformation minus

that obtained from the opposite transformation. I termed this modified procedure

mMTA for “multiple” MTA, or mMeTAL when applied to MeTAL.

Next, evaluating the performance of mMTA and mMeTAL on the 58 validation

datasets, I found that both mMTA and mMeTAL showed large improvement com-

pared to MTA and MeTAL, respectively. mMTA achieved “better than top 10%”

performance in up to 35 out of the 58 datasets under optimal parameter combina-

tions, which interestingly involves very small n and εi values (Figure 2.4). mMeTAL

showed particularly drastic improvement in performance compared to MeTAL, with

improvement in almost all parameter combinations tested (Figure 2.5), in the best

case recovering the ground truth among top 10% predictions in 34 datasets. The

best parameter for mMeTAL also involves the choice of very small n value (n=10).

mMeTAL thus can achieve nearly equivalent performance with mMTA, while being

more computationally efficient due to its formulation as an LP problem rather than

an MIQP problem.

82



27 25 19 21 14 17 19 17 14 16 15 18
25 24 21 18 16 20 18 18 16 15 20 16
30 27 24 22 19 18 17 17 13 14 16 15
30 28 23 20 18 16 17 16 17 16 17 12
32 30 25 23 18 19 14 17 18 13 13 16
35 32 25 26 24 17 17 15 16 15 13 12

al
ph

a=
0.

98

 e
ps

ilo
n

0.1
0.05
0.01

0.005
0.001

1e−04

26 28 18 18 19 15 12 17 13 16 15 15
28 24 22 21 22 15 13 14 16 19 13 19
27 25 25 17 20 19 17 18 17 19 20 13
28 28 26 23 17 18 18 14 14 14 14 18
32 29 28 26 17 18 17 14 13 17 15 13
34 32 25 24 24 18 17 16 17 14 12 10

al
ph

a=
0.

9

 e
ps

ilo
n

0.1
0.05
0.01

0.005
0.001

1e−04

23 26 18 17 18 17 11 11 16 13 13 14
27 30 21 17 21 15 13 13 14 12 12 12
27 27 25 19 22 16 16 13 17 15 16 15
25 26 24 23 19 15 19 13 17 13 13 10
31 27 24 21 21 15 15 15 17 16 16 17
35 28 25 20 24 17 NA 19 11 13 13 11

al
ph

a=
0.

5

 e
ps

ilo
n

0.1
0.05
0.01

0.005
0.001

1e−04

21 21 18 18 20 19 12 13 15 16 13 13
20 21 17 17 17 13 17 16 13 14 16 13
30 30 21 20 21 17 14 14 17 12 14 11
30 28 25 20 20 19 12 14 13 11 15 16
27 28 26 20 17 19 16 17 13 18 18 13
34 29 23 20 20 19 22 15 17 14 16 12

al
ph

a=
0.

1

 e
ps

ilo
n

0.1
0.05
0.01

0.005
0.001

1e−04

24 24 20 17 20 15 16 12 13 15 13 12
22 27 20 21 20 15 14 16 20 16 12 13
28 30 22 21 15 16 18 13 11 14 15 12
28 30 24 22 19 14 16 14 19 12 13 16
28 29 26 23 17 17 16 16 17 14 14 16
32 30 27 21 17 18 16 15 15 16 15 11

al
ph

a=
0.

02

 e
ps

ilo
n

0.1
0.05
0.01

0.005
0.001

1e−04

10 20 40 60 80 10
0

12
0

14
0

16
0

18
0

20
0

30
0

n

#datasets
 ground truth
 among top 10%

0

10

20

30

Figure 2.4: Evaluation of the prediction performance of mMTA on 58
human datasets using different parameters.
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Figure 2.5: Evaluation of the prediction performance of mMeTAL on
58 human datasets using different parameters.

2.2.5 Comparison with the rMTA algorithm and a benchmark of all

MTA variants

During my effort in evaluating and improving the original MTA algorithm,

(Valcárcel et al., 2019) published another MTA improvement which they termed

rMTA (for “robust MTA”) and showed that it has better predictive accuracy than

the original MTA from (Yizhak et al., 2013). However, their validations were also

restricted to mostly E. coli datasets, making it necessary to comprehensively bench-

mark all different MTA variants with the human datasets I collected. rMTA is

based on exactly the same idea of mMTA in addressing the specificity of the KO

in terms of realizing the desired transformation, where the original MTA is run

twice, one in the desired direction of transformation and the other in the opposite

direction, resulting in two MTA scores which they termed bTS and wTS for “best

transformation score” and “worse transformation score”, respectively. Then instead

of simply using bTS − wTS as the final score, they compared bTS and wTS in a
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more refined manner. Specifically, they reasoned that only when a KO has bTS > 0

and wTS < 0 can we be certain that the KO is a good candidate, and all the other

cases should be regarded as unresolved In these unresolved cases, they proposed to

use an independent MOMA-based algorithm to determine the capacity of the KO to

realize the desired transformation. As described in Section 1.2.4, MOMA (Segrè et

al., 2002) is an algorithm to predict the flux distribution after a metabolic reaction

KO based on the assumption of minimal metabolic adjustment, i.e. the system will

prefer to adapt to the new, more constraint feasible metabolic space under the KO

by making only the smallest metabolic adjustment possible. Accordingly, MOMA

predicts the flux distribution post-KO by minimizing the euclidean distance be-

tween the post-KO flux vector to that of the wildtype (WT) or starting condition.

Adapted to this setting, the starting condition is defined by the vref vector, and the

MOMA optimization is as follows:

minimize
v

||v− vref ||22

subject to:

Sv = 0

vlb ≤ v ≤ vub

vj = 0

Then an MTA score corresponding to the MOMA optimal solution is computed

in the same way as in the original MTA, this score was termed mTS for “MOMA

transformation score”, and was used for the unresolved cases as the final score.
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Besides, to ensure that the resolved cases will get higher final scores to reflect the

high confidence levels associated with those predictions, MOMA was also performed

for these resolved cases and the final score for these resolved cases is computed as

k �mTS � (bTS − wTS) where k is a fixed large number such as 100 (according to

the authors of (Valcárcel et al., 2019)) to ensure that these resolved reaction KO’s

get higher scores.

I next comprehensively evaluated rMTA on the 58 human datasets I collected,

and compared it to all the other MTA variants. Consistent with the claimed su-

perior performance, rMTA indeed performed better than the original MTA, but its

performance is very similar to mMTA (as well as mMeTAL), successfully predict-

ing the “ground truth” reaction among top 10% predictions in as many as 35 out

of the 58 datasets. Surprisingly, unlike mMTA, the rMTA performance was not

seen to be affected much at all by the change in the MTA parameters α and εi

(Figure 2.6). Since in rMTA, the score from MOMA is independent of these MTA

parameters and only dependent on the number of top DE genes (n), this suggests

that the improved performance of rMTA may be largely attributed to the adoption

of the independent MOMA algorithm. I therefore evaluated the predictive perfor-

mance of the MOMA algorithm, i.e. based on the mTS score alone. Indeed, MOMA

achieved almost identical performance to rMTA (Figure 2.7), although with the best

parameter combination in rMTA there is one more dataset with its “ground truth”

reaction among top 10% predictions compared to MOMA. Comparing the predicted

percentage ranks of the “ground truth” reactions across datasets, I found that the

correlation between the ranks of rMTA and MOMA is almost perfect, while the cor-
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relation between the ranks of rMTA and mMTA is much weaker (Appendix Figure

4.15). This suggests that the improvement of rMTA is largely due to the adoption of

MOMA in its pipeline. This was not pointed out by the authors of rMTA (Valcárcel

et al., 2019) and not demonstrated in their testing.
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Figure 2.6: Evaluation of the prediction performance of rMTA on 58
human datasets using different parameters.
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Figure 2.7: Evaluation of the prediction performance of MOMA on 58
human datasets using different parameters.

In Figure 2.8, I summarized the predicted percentage ranks of the ground truth

reactions across all the 58 datasets using the various algorithms (MTA, mMTA,

rMTA, MOMA, MeTAL, mMeTAL). The X-axis datasets are ordered by the pre-

dicted percentage ranks of rMTA, which is mostly highly similar to MOMA except

in three cases, two where MOMA performed drastically worse while the other where

MOMA performed drastically better than rMTA. We see that in most cases where

rMTA/MOMA performed good (i.e. achieving “better than top 10%” performance),

mMTA also achieved very similar predicted percentage ranks. mMeTAL however,

had lower predicted percentage ranks in many cases, despite still being among the

top 10%. MTA and MeTAL on the other hand had more fluctuation in performance,

sometimes dropping well below top 25%. Interestingly though, in the datasets where

rMTA performed poorly, MTA and/or MeTAL can have much better predicted per-

centage ranks. In the future it may be desirable to develop informed workflows

for combining multiple algorithms in order to achieve even better overall predictive

performance.
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Figure 2.8: Summary of the predicted percentage ranks of the ground
truth reactions across all the 58 datasets using the various algorithms
with their optimal parameters.

2.2.6 Comparison of the metabolic modeling-based algorithms with

gene expression-based analysis

From the various metabolic modeling-based prediction results, we see that they

tend to produce the best performance when only the very few top DE genes (i.e. as

small as n = 10) were picked. Therefore the predictions appeared to be driven by top

DE genes. When further assigning higher weight to the top changes by scoring the

MOMA solution using the MeTAL objective function, while setting high α values,

the best-case prediction performance is increased even further (36/58 datasets have

ground truth within top 10% predictions; Figure 2.9). These observations raise two

important questions: 1. how well the ground truth genes (i.e. the actual genes

being KO/KD-ed or proteins being inhibited) can be directly predicted from the

DE results, how does it compare to the metabolic modeling-based predictions, and
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whether the latter approach provides additional value; 2. whether the performances

exhibited by the different MTA variants, especially rMTA/MOMA, were completely

attributed to that the ground truth genes are among the top DE genes used as input

to these metabolic modeling algorithms.
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Figure 2.9: Evaluation of the prediction performance of MOMA on
58 human datasets using the MeTAL objective function with different
parameter values.

To investigate the first question, I examined the percentage ranks (by DE

log fold-change values) of the ground truth genes in each dataset, among only the

metabolic genes present in the GEM to ensure comparability to the prediction per-

formances obtained from the modeling algorithms. I found that in 49 out of the

58 datasets, the ground truth genes are actually among the top 10% metabolic DE

genes. This number of much higher than that achieved by the various metabolic

modeling-based algorithms. However, for the other 9 datasets where the ground

truth gene is not among the top 10% metabolic DE genes (it happened that in

these datasets the ground truth genes are all ranked >20% by DE log fold-change),

the various MTA variants can successfully recover the ground truth among the top

10% or even top 5% predictions in as many as 6 out of the 9 datasets (Figure
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2.10). This suggests that the modeling-based approach can identify the true per-

turbed gene/reaction in cases where the DE results do not provide direct clue on

the ground truth, and it is in these cases that the modeling-based approach is a

valuable complement to the DE-based analysis.
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Figure 2.10: Summary of the predicted percentage ranks of the ground
truth reactions across all the 9 datasets where the ground truth gene
is not among the top 20% DE genes, using the various algorithms with
their optimal parameters.

To investigate the second question, I performed control analysis where the

ground truth gene was removed from the DE result given as the input to the var-

ious MTA variants, so that the modeling algorithms cannot directly rely on the

information of the change in the ground truth gene/reaction. In this analysis, the

performance of all algorithms decreased. In the optimal parameter setting, both

MOMA and mMeTAL showed “better than top 10%” performance in 23 datasets,

and for rMTA, 24 datasets (Appendix Figures 4.16, 4.17, 4.18). This suggests that

in many datasets, the accurate prediction is dependent on the ground truth gene
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present among the top DE genes passed to the metabolic modeling algorithms, al-

though this is not needed for the algorithms to make successful predictions in still

a significant number of datasets.

2.3 Materials and Methods

2.3.1 Validation datasets

A total of 58 human transcriptome datasets involving the KD or KO or drug

(small molecule) inhibition of a metabolic gene/protein were manually collected from

the GEO database, starting with search by keywords include “knockout”, “knock-

down”, “inhibition”, “antagonist” and the name or symbol of a metabolic gene (ob-

tained from the human GEM Recon 1 (Duarte et al., 2007) and Recon 3D (Brunk et

al., 2018)). These datasets span different transcriptome profiling platforms includ-

ing different microarrays and bulk RNA-seq. Each dataset contains the expression

profiles of the untreated or vehicle-treated control samples and those of the treated

(i.e. KO/KD/drug inhibition) samples. The detailed information on the collected

datasets are provided in Table 4.2.

2.3.2 Generating the common inputs to different MTA algorithms

For each dataset, DE analysis between the treated and control samples were

performed. The edgeR package (Robinson, McCarthy, & Smyth, 2010) was used

for RNA-seq datasets and the limma package (Ritchie et al., 2015) with LOESS

normalization was used for microarray datasets. log2-transformed TPM values (for
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RNA-seq datasets) or log2-transformed LOESS-normalized expression values (for

microarray datasets) of the control samples (usually <5 replicates) were averaged

across samples (i.e. arithmetic mean) and used as the representative gene expression

profile of the control group. This is passed as the input to iMAT algorithm (Shlomi

et al., 2008) together with the base human GEM Recon 1 (Duarte et al., 2007),

which produces a customized model of the input samples. ACHR is then used to

uniformly sample the resulting model until convergence by visual inspection (this

usually involves the sampling of up to 1e4 sample points or more in rare cases

for Recon 1). The sample (arithmetic) mean was then computed to obtain the

flux vector of all metabolic reactions in the model representative of the control

condition. This flux vector as well as the DE results of treated vs control samples

for each validation dataset were used as the common inputs to the different MTA

algorithms described in the text above.

2.3.3 Implementation of the different MTA algorithms

The mathematical details of each of the algorithms were described in the text

above. All algorithms were implemented in R version 3.6.3 using our in-house R

package named gembox developed by me, with the academic version of IBM ILOG

CPLEX Optimization Studio 12.10 as the optimization solver.
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2.3.4 Evaluation and comparison of the different MTA algorithms

For each validation dataset, the true metabolic gene being KO-ed/KD-ed (or

proteins being inhibited) was mapped to metabolic reaction(s) (termed “ground

truth” reactions). The different algorithms were evaluated based on whether they

were able to successfully recover at least one of the mapped “ground truth” reactions

among the top 10%-20% predictions across all metabolic reactions. The performance

of different algorithms were compared by their predicted percentage ranks of the

“ground truth” reactions across validation datasets. In cases where the gene/protein

is mapped to multiple “ground truth” reactions, the percentage rank of the reaction

that ranked top (i.e. highest MTA score, lowest rank value) was used.

2.3.5 Softwares and code

R version 3.6.3 was used for all statistical tests. P values lesser than 2.22e-16

may not be computed accurately and are reported as “P<2.22e-16”. The Benjamini-

Hochberg (BH) method was used for P value adjustment. The R packages ggplot2

(Wickham, 2009) was used to create the visualizations. Implementation of the new

MTA algorithm can be found in the GitHub repository: https://github.com/

ruppinlab/gembox.

2.4 Discussion and Conclusion

In this chapter, I described my efforts in comprehensively validate the original

MTA algorithm (Yizhak et al., 2013) in a large collection of human datasets, while
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trying to develop improved algorithms for the same problem of predicting metabolic

KO’s that facilitate a specific metabolic transformation. Such a problem is broadly

present, for example, in the prediction of therapeutic target for many metabolism-

related diseases, and in the identification of causal metabolic factors underlying the

difference between two biological conditions. Many such applications are in the

context of human biology and medicine, and thus the development and evaluation

of improved MTA algorithm specifically with human data can be highly valuable.

The original MTA method involves solving a series of MIQP problems which

require the specification of multiple parameters, notably α for balancing the inte-

ger and quadratic parts of the optimization, and εi for defining altered reaction

fluxes. Although default parameters showed to produce reasonable performances

were recommended in (Yizhak et al., 2013), they were based on relatively limited

testing and validation on mostly simpler organisms like E. coli and yeast. It can

be expected that the optimal choice of these parameters may be dependent on the

organism (i.e. GEM used) and the dataset. This indeed appeared to be the case

during the validation with the 58 human datasets I collected, where the predic-

tion performance was seen to vary a lot depending on the choice of parameters,

and the optimal parameter combination obtained via a grid search procedure show

deviation compared to the default values recommended in (Yizhak et al., 2013).

With the validation datasets where the ground truths are known, it is possible to

fine-tune the algorithm parameters, but in real datasets and application cases, the

tuning can be challenging due to the lack of ground truths. Therefore, an alternative

MTA formulation with minimal parameterization, or robustness with regard to the
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choice of parameter can be desirable. Accordingly, I formulated the MeTAL, an ef-

ficient LP version for the same prediction problem as in MTA that does not include

the εi parameter and with a natural default choice for the α parameter. MeTAL

also properly handles the “overshoot” reactions within the objective function and

does not require a subsequent rescoring procedure using the optimal solution like

in the original MTA, thus without the issue of degenerate solutions. Unfortunately,

MeTAL showed weaker prediction performance compared to MTA, although it ap-

peared to be complementary to MTA in some datasets. MeTAL and MTA share

the issue of lack of specificity in measuring the KO of a reaction to facilitate exactly

the intended direction of transformation. Since they only consider the single di-

rection corresponding to the intended transformation, the resulting scoring cannot

reflect whether a KO can indeed result in the intended transformation (but not, say,

another random transformation). After taking this into consideration with a very

minor modification of the prediction pipeline using essentially the same algorithm,

both mMTA and mMeTAL show improved performance, although at the cost of

doubling of computation time. Fortunately, the LP problem in mMeTAL is very

efficient to solve compared to the MIQP problem of MTA, making mMeTAL a very

feasible algorithm.

Further, with the more comprehensive human-based validation, I confirmed

that the new rMTA algorithm (Valcárcel et al., 2019) showed robust and stronger

performance than the other MTA variants, although mMeTAL achieved equivalent

performance with the best parameter. Surprisingly, the superior performance of

rMTA was not due to the methodical pipeline involving an mMTA-like procedure,
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but can be mostly attributed to the adoption of MOMA. Since MOMA directly

predicts the likely flux distribution after a reaction KO, it elegantly avoids the

need to consider non-specific transformations. Besides, MOMA doesn’t contain any

additional parameter. The prediction performance of MOMA alone is equivalent to

rMTA.

Driven by the observation that restricting the number of top DE genes passed

to the metabolic modeling algorithm, as well as assigning higher relative weight to

the reactions that are intended to be changed (i.e. RF , RB, and Rrr) resulted in

better prediction performance of many of the algorithms described, it was further

investigated to what extent the performances of the algorithms were attributed to

the ground truth gene being among the top DE genes. I found that although in

many datasets, this is required for the achieving good prediction performance, it

is not necessary for a significant number of cases – with the metabolic modeling

approach, the ground truth gene/reaction can be recovered in many cases where

the gene is not a top DE gene among the metabolic genes. Therefore the metabolic

modeling approach can be a valuable complement to the DE analysis in identifying

the relevant targets or causal genes/reactions.

Based on the benchmark results, rMTA, MOMA showed equally well perfor-

mance. Although given the optimal parameter, mMeTAL also yielded the same

performance in term of the number of datasets where the ground truth reaction is

among the top 10% predictions, MOMA has no parameter to specify or tune other

than the number of top DE genes, and its QP optimization problem only needs to

be solved once. Therefore MOMA can be used as an effective algorithm for the

98



metabolic transformation problem. In the subsequent chapters, I will demonstrate

the application of MOMA as an effective “metabolic transformation algorithm” to

different contexts, showing that it can help to generate useful biological insights

as well as promising candidate therapeutic targets for diseases. I will use “MTA”

to refer to the algorithm for the metabolic transformation problem in general, but

also the MOMA version as one such algorithm with validated good performance in

human.
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Chapter 3: Metabolic modeling of CD8 T cell for anti-cancer im-

munotherapy1

3.1 Introduction

Various cancer immunotherapies, notably ICB and ACT therapies have rev-

olutionized the landscape of cancer therapeutics, achieving unprecedented durable

response. However, various challenges still remain, including the increasing the

currently suboptimal response rate in ICB therapy and enhancing the long-term

persistence of transfused T cells in ACT therapies (Sections 1.3.2 and 1.3.3). T

cells can play a pivotal role in anti-cancer immunity, and their functional state is

an important determinant of response to current cancer immunotherapies. It is

therefore desirable to further elucidate the factors regulating T cell function in or-

der to improve the success of the immunotherapies. It has been established that

metabolism can greatly affect different aspects of T cell function, including cytolytic

activity, differentiation, longevity and exhaustion (Section 1.3.4), with mitochon-

1The work of this chapter is a collaborative project with Dr. Madhusudhanan Sukumar in
Dr. Nicholas Restifo’s lab at NCI, who conducted the biological experiments investigating the find-
ings based on computational predictions. All biological experiment results included are credited
to Dr. Madhusudhanan Sukumar, after obtaining the permission of him and Dr. Nicholas Restifo.
The contents of this chapter have been written into a manuscript on which I and Dr. Madhusud-
hanan Sukumar are co-first authors and will be submitted to a journal. Many contents of this
chapter are taken from the above manuscript, involving direct quotes with minor rephrasing.
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drial metabolism lying at the center of T cell metabolic regulation (Desd́ın-Micó,

Soto-Heredero, & Mittelbrunn, 2018). Modulating T cell mitochondrial metabolism

has further been proposed to represent a promising strategy to boost immunother-

apy response (Li & Zhang, 2020). Here I aim to take advantage of the framework

of GEM integrated with publicly available T cell transcriptomic data in cancer im-

munotherapy to understand the global metabolic features associated with T cell

function and immunotherapy response. I specifically applied the MTA algorithm

developed from previous algorithms (Valcárcel et al., 2019; Yizhak et al., 2013) de-

scribed in Chapter 2 on various ACT datasets to predict metabolic processes that

are essential for T cell function in the ACT setting. Combining with the analysis

of additional ICB datasets and the cancer patient data from the TCGA project,

I identified mitochondrial uncoupling and specifically the UCP2 protein as impor-

tant for therapy response. Via collaboration with experimentalists, the role and

mechanisms of UCP2 in regulating T cell function and immunotherapy response

was further comprehensively investigated in the mice B16 melanoma model. The

extensive biological experiments confirmed that UCP2 is required for T cell stem-

ness and affects its anti-tumor function in mice, and also further elucidated an ROS

and mTOR signaling-related mechanisms, echoing previous studies that established

the important roles of ROS and mTOR [Klein Geltink et al. (2018); Powell et al.

(2012); Section 1.3.4].

3.2 Results
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3.2.1 Identification of the metabolic fluxes in CD8 T cells associated

with cancer immunotherapy response

Numerous studies have performed transcriptomic profiling of patient samples

in the context of cancer immunotherapy in order to identify the determinants of

response. Aiming to specifically investigate the CD8 T cell metabolic profiles in

immunotherapy, I mainly focused on ACT datasets where the T cells to be infused

into the patients were specifically profiled instead of the bulk tumor, and applied

GEM to compute the metabolic fluxes from the gene-level data. Specifically, I

start by analyzing two published gene expression datasets: one dataset of CAR-T

cells for anti-CD19 CAR-T therapy in CLL (Fraietta et al., 2018), and the other

of KRAS(G12D)-targeting TILs for ACT in a metastatic colorectal cancer patient

(Lu et al., 2019). For (Fraietta et al., 2018), I applied the GEM algorithm iMAT

(Shlomi et al., 2008) with ACHR random sampling to compute the metabolic flux

distributions in the CAR-T cells of the responders and non-responders to therapy,

respectively, and performed differential flux analysis of the responders compared to

the non-responders. In (Lu et al., 2019), the authors identified a T cell clone that

persisted for up to 266 days after infusion, which they called “9.2-P”, and another

clone targeting the same KRAS(G12D) epitope but did not persist for longer than

40 days, which is called “9.1-NP”. I similarly used iMAT to compute the flux distri-

butions of these two T cell clones, and compared the fluxes in the persistent clone

compared to the non-persistent clone. Metabolic pathways enriched by these two

comparisons are highly similar, suggesting common metabolic processes associated
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with T cell persistence and response. These common pathways are summarized in

Figure 3.1. Specifically examining the fluxes corresponding to ETC/OXPHOS func-

tion, which are known to be positively associated with T cell memory, stemness and

persistence (Sukumar et al., 2013), It can be seen that the iMAT-computed fluxes

are overall higher (esp. for the ATP synthase reaction) in responders compared to

non-responders (Figure 3.2) as well as in the persistent clones vs the non-persistent

clones (Appendix Figure 4.19).
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Figure 3.1: Metabolic pathway enrichment of reactions with consistent
differential fluxes in the CAR-T cells of responders vs non-responders
and in the persistent vs non-persistent T cell clones.
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Figure 3.2: Computed metabolic flux distributions of the
ETC/OXPHOS reactions in the T cells of anti-CD19 CAR-T therapy
responders vs non-responders.

3.2.2 MTA identified T cell mitochondrial uncoupling as essential for

the anti-cancer function and immunotherapy response

Although the above differential flux analysis results provide additional infor-

mation than what can be obtained from only the gene expression level by integrat-

ing the metabolic network structure, the findings still represent the factors asso-

ciated with T cell persistence and response, instead of causal factors. Trying to

gain stronger evidence of causality and to identify the metabolic processes that are

likely to causally determine the response, I applied the MTA algorithm as described

and developed (based on previous algorithms (Valcárcel et al., 2019; Yizhak et al.,

2013)) in the previous Chapter (Chapter 2). Here I first focused on the prediction

of metabolic reactions whose KO can transform the T cell metabolic state from that

of the responders to that of the non-responders using the anti-CD19 CAR-T ther-

apy dataset (Fraietta et al., 2018). Applying the algorithm as such, the predicted

metabolic reactions represent those that are essential for T cell anti-cancer function,
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since their KO’s are predicted to lead to non-responsiveness to CAR-T therapy.

The metabolic pathways enriched by the top 10% MTA-predicted reactions

are shown in Figure 3.3. Some of the discovered pathways are known to be impor-

tant in regulating T cell function, such as nucleotide and amino acid metabolism,

as well as OXPHOS (reviewed in Section 1.3.4). The most significant pathway en-

riched by top MTA predictions is “Transport, Mitochondrial” (Fisher’s exact test

adjusted P<0.05). I therefore next focused on this pathway, aiming to identify the

specific metabolite whose mitochondrial transportation plays a key role by perform-

ing another enrichment analysis by each metabolite (results summarized in Figure

3.4). Interestingly, the top enriched metabolite is H+ (i.e. proton; Fisher’s exact

test adjusted P<0.1). I also confirmed the enrichment for mitochondrial transport,

specifically proton transport reactions with the gene set enrichment analysis method

specifically was also confirmed with the GSEA method (FDR<0.1; Appendix Fig-

ures 4.20 and 4.21). Moreover, I also applied MTA on the ACT data from (Lu et

al., 2019) and predicted metabolic reactions whose KO transforms the metabolic

state from that of the 9.2-P persistent clone to that of the 9.1-NP non-persistent

clone, as an independent analysis to identify metabolic processes essential for T

cell persistence. The top predictions in this latter analysis were also enriched for

mitochondrial transport reactions as well as specifically mitochondrial proton trans-

port (FDR<0.1; Appendix Table 4.4). These results suggest that the mitochondrial

proton transport reactions are important for T cell function and CAR-T therapy

response.
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Figure 3.3: Metabolic pathway enrichment of the top MTA predictions
on essential reactions to T cell anti-cancer function in CAR-T therapy.
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I next aimed to determine whether there exists a particular direction of mito-
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chondrial proton transport (import or export) that is essential for T cell anti-cancer

function. For this, I identified the reactions responsible for higher mitochondrial

proton import in the anti-CD19 CAR-T responders than in non-responders, as well

as the other sets of proton transport reactions showing the opposite trend. Com-

paring the MTA score of these two sets of reactions, I found that the former set has

significantly higher MTA scores (Wilcoxon rank-sum test P=0.00018; shown in Fig-

ure 3.5). Furthermore, the responders show both higher total mitochondrial proton

influx as well as the mitochondrial uncoupling reaction flux (i.e. the key reaction for

proton transport into the mitochondrial matrix), than the non-responders (Figures

3.6 and 3.7). These differences are also seen when comparing the persistent vs non-

persistent T cell clones from the anti-KRAS(G12D) (Lu et al., 2019) TIL dataset

(Appendix Figure 4.22). These results suggest that mitochondrial uncoupling is an

important regulator of T cell function and persistence in ACT therapies.

0

25

50

75

100

higher lower
mito. H+ inflow in

responder vs non−responder

M
TA

−
P

re
di

ct
ed

To
p 

%
 R

an
k

Figure 3.5: Comparing the MTA score ranks of the mitochondrial pro-
ton transport reactions contributing to higher mitochondrial proton in-
flux in responders vs non-responders and those contributing to higher
mitochondrial proton efflux in responders vs non-responders

107



120

140

160

180

To
ta

l M
ito

ch
on

dr
ia

l H
+

 In
flo

w
(E

xc
lu

di
ng

 E
T

C
 a

nd
 A

T
P

 S
yn

th
as

e)

non−responder
responder

Figure 3.6: Total mitochondrial proton influx in the T cells of the non-
responders and responders to anti-CD19 CAR-T therapy.

1.0

1.5

2.0

2.5

M
ito

ch
on

dr
ia

l U
nc

ou
pl

in
g

 R
ea

ct
io

n 
R

at
e

non−responder
responder

Figure 3.7: Mitochondrial uncoupling reaction rate in the T cells of the
non-responders and responders to anti-CD19 CAR-T therapy.

3.2.3 Analysis of large-scale human transcriptome datasets identi-

fied that mitochondrial uncoupling protein UCP2 expression

is associated with CD8 T cell stemness and ICB response.

There are three major mitochondrial uncoupling proteins (UCPs): UCP1,

UCP2, and UCP3, located in the inner mitochondrial membrane close to ETC pro-

tein complexes (Krauss, Zhang, & Lowell, 2005). Via the analysis of gene expression

data across different types of human tissues from the Human Protein Atlas (Uhlén
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et al., 2015). We see that among the three genes UCP2 has much higher expression

levels than UCP1 and UCP3 in the PBMC, thymus and spleen (Figure 3.8), sug-

gesting that UCP2 is the major form of mitochondrial uncoupling protein in immune

cells. Further investigating the association between UCP2 and T cell differentia-

tion markers on the gene expression level in the TCGA data, I found that in many

cancer types there is a positive correlation between UCP2 expression and a several

T cell memory or stemness marker genes (including CD8A, TCF7, Il7R and SELL)

after controlling for tumor purity (Figure 3.9), which were not observed for UCP1

or UCP3. Additionally, analyzing various transcriptome datasets on anti-PD1 and

anti-CTLA-4 ICB therapies (Miao et al., 2018; Riaz et al., 2017; Van Allen et al.,

2015), I found that UCP2 expression levels tend to be higher in the responders

than non-responders, although these expression data are from bulk tumor samples

(Appendix Figures 4.23). These results taken together support the role of UCP2 in

the anti-cancer function of CD8 T cells.
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Figure 3.9: Correlation of UCP2 expression and the expression of sev-
eral T cell stemness and memory marker genes across TCGA cancer
types after controlling for tumor purity.

3.2.4 Ucp2 inhibition in mice T cells decreased T cell stemness marker

expression and reduced anti-cancer function

To validate that Ucp2 is indeed required for T cell anti-tumor function, our

experimental collaborators performed experiments in mice Pmel-1 CD8+ T cells and

inhibited Ucp2 with the small molecule genipin (which was shown to be a Ucp2 in-

hibitor (Zhang et al., 2006)). With RNA-seq profiling of control T cells without

genipin-treatment and the treated cells then performing DE analysis between the

treated vs control groups, it was found that Ucp2 inhibition increased the expres-

sion of marker genes for effector T cell differentiation (Eomes) and T cell effector

function (Gzma), but also increased the level of T cell exhaustion genes (Havcr2

(Tim3 ), Lag3, Cd244a (2B4 ) and Cd160 ). On the other hand, T cell stemness

and memory marker genes (Tcf7, Lef1, Klf2, Sell, Il7r, Ccr7 ) decreased in their

expression. A summary of the DE results for these key genes are given in Table 3.1.
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id log.fc log.cpm F pval padj
Eomes 0.7180357 6.460565 435.995847 0.0000000 0.0000000
Gzma 0.7769064 10.329460 1037.916240 0.0000000 0.0000000
Havcr2 0.4058764 7.601680 216.363680 0.0000000 0.0000000
Lag3 -0.0853685 7.583349 8.445215 0.0076070 0.0076070
Cd244a 1.2143334 6.797390 1349.135131 0.0000000 0.0000000
Cd160 2.5506975 5.520364 1931.031535 0.0000000 0.0000000
Tcf7 -1.1238619 2.276961 63.845740 0.0000000 0.0000000
Lef1 -0.2645372 5.775450 40.509084 0.0000012 0.0000013
Klf2 -1.1470205 3.330084 141.973879 0.0000000 0.0000000
Sell -0.6293411 6.814459 421.345849 0.0000000 0.0000000
Il7r -1.1276077 7.027800 1489.676890 0.0000000 0.0000000
Ccr7 -2.5531972 5.990828 2932.843349 0.0000000 0.0000000

Table 3.1: DE results of selected T cell differentiation and function
marker genes in genipin-treated vs control mice Pmel-1 CD8 T cells.

GSEA analysis confirmed that the genipin-treated cells (compared to the control

cells) is enriched for several gene sets associated with effector T cell function and

T cell exhaustion (Figure 3.10). Furthermore, the increase in effector function and

exhaustion marker genes, and the decrease in T cell memory marker genes were con-

firmed by flow cytometry performed by our experimental collaborators (Appendix

Figure 4.24). These results suggest that Ucp2 inhibition in T cells damped memory

T cell differentiation and promoted T cell exhaustion.
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Figure 3.10: GSEA table and plots showing the enrichment of various
T cell effector function and T cell exhaustion-associated pathways in
genipin-treated vs control mice Pmel-1 CD8 T cells.

In order to further validate whether Ucp2 can affect the actual anti-tumor

functions of the T cells, our experimental collaborators performed ACT therapy

in the B16 mice melanoma model with wildtype (WT) CD8 T cells compared to

CD8 T cells with Ucp2 inhibition. Specifically, they adoptively transferred either

vehicle-treated Pmel-1 CD8+ T cells or genipin-treated T cells into mice bearing sub-

cutaneous syngeneic, large vascularized established B16 melanomas. It was found

that with genipin-treated Pmel-1 CD8+ T cells, the tumors had a faster growth rate

compared to the tumors treated with WT T cells (Figure 3.11). This demonstrates

that Ucp2 is indeed essential for T cell function and can determine its efficacy in

ACT therapy.
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Figure 3.11: Tumor growth in B16 mice melanoma model treated by
ACT of vehicle-treated CD8 T cells or genipin-treated CD8 T cells.
Experimental groups: stars (untreated); red circles (WT T cells); black
circles (genipin-treated T cells). Figure credit: Dr. Madhusudhanan
Sukumar

3.2.5 GEM modeling supports increased reactive oxygen species as

a mechanism underlying the effect of Ucp2

Next, we seek to understand the mechanisms underlying the effect of Ucp2 on

T cell function. Given that Ucp2 is a mitochondrial uncoupling protein that regu-

lates the ETC/OXPHOS efficiency which is also coupled to mitochondrial reactive

oxygen species (ROS) production, we decided to investigate whether the effect of

Ucp2 can be mediated by ROS, as ROS has been known to play important roles

in regulating T cell function (Chandel, 2015; Mehta, Weinberg, & Chandel, 2017).

First starting with a computational approach, I used iMAT as described above to

model the metabolic flux distributions in the genipin-treated Pmel-1 CD8 T cells

and compared it to control cells. Since GEM does not explicitly model metabolite

concentrations and is based on the steady state assumption, I defined the total flux

113



through a metabolite as the absolute value of its total production rate (which is

equal to the absolute value of its total consumption rate under the steady state as-

sumption), which measures the level of activity in the metabolism of the metabolite.

I computed the total flux through each ROS species, including hydrogen peroxide

(H2O2) and superoxide anion (O�−
2 ) in both the mitochondria and the cytosol. In-

creased fluxes through both mitochondrial and cytosol O�−
2 and H2O2 were observed

in genipin-treated T cells compared to control (Figure 3.12). Although not a direct

measure of ROS concentrations, this suggests that the ROS production, esp. mito-

chondrial O�−
2 that is directly coupled to ETC, is increased upon Ucp2 inhibition,

consistent with the role of Ucp2 as a uncoupling protein.
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Figure 3.12: Total metabolic fluxes through mitochondrial and cytosol
hydrogen peroxide and superoxide anion in genipin-treated Pmel-1 CD8
T cells vs vehicle-treated T cells. O2-: superoxide anion; H2O2: hy-
drogen peroxide; suffix ‘[m]’ means mitochondiral, ‘[c]’ means cytosol.
The dot in each group denotes the mean of each distribution.

Furthermore, again taking advantage of the ability of GEM modeling in sug-

gesting causality, I applied MTA to predict metabolic perturbations (KO’s) that

can reverse the genipin-treated metabolic state back to the control metabolic state.

Conceptually, inhibiting these reactions will counteract the effect of genipin treat-
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reaction.set odds.ratio pval reaction.set.size overlap.size
ROS producing reactions 2.335643 0.0250698 30 11

Table 3.2: Enrichment of top MTA predictions whose KO can reverse
the effect of genipin in ROS producing reactions

reaction equation top.percent
CATm 2 Hydrogen peroxide[m] –¿ 2 H2O H2O[m] + O2 O2[m] 4.401503
ASCBOX L-Ascorbate[c] + 2 H+[c] + 2 Superoxide anion[c] –¿ Dehydroascorbate[c] + 2 Hydrogen peroxide[c] 8.051530
GTHPi 2 Reduced glutathione[c] + Hydrogen peroxide[c] ¡==¿ Oxidized glutathione[c] + 2 H2O H2O[c] 8.964037

Table 3.3: The predicted percent rank of several cellular antioxidation
reaction in the MTA prediction of reactions whose KO can mimic the
effect of genipin treatment

ment, thus they may mediate the effect of Ucp2 inhibition by genipin. I found that

the top 20% MTA predictions are enriched for the reactions that can generate ROS

species (including those producing H2O2 and O�−
2 in both the mitochondria and the

cytosol, but excluding the reactions that catabolize O�−
2 into H2O2, e.g. superoxide

dismutase reactions; Fisher’s exact test P=0.025, odds ratio=2.34; Table 3.2). Con-

versely, when applying MTA to predict metabolic KO’s that can mimic the effect

of genipin treatment, I found that several of the key cellular antioxidation reactions

(including the catalase reaction, and those involving ROS scavenging by ascorbate

and reduced glutathione) are highly ranked (Table 3.3). Together these computa-

tional results suggest that the increase in ROS production may mediate the effect

of Ucp2 inhibition by genipin.
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3.2.6 The antioxidant N-acetylcysteine suppresses the increased ROS

level in mice CD8 T cell due to Ucp2 inhibition and reversed

T cell function

To evaluate the role of ROS in the effect of Ucp2 on T cell function, our ex-

perimental collaborators activated vehicle or genipin-treated mice Pmel-1 CD8+ T

cells in the presence or absence of the antioxidant N-acetylcysteine (NAC). The mi-

tochondrial ROS levels in the different experimental groups were measured with the

MitoSOX fluorescent probe, and it was confirmed that genipin-treatment drastically

increased mitochondrial ROS levels, while NAC can suppress the genipin-induced

increase in ROS to a near baseline level (Figure 3.13). RNA-seq was performed on

the samples from the different experimental groups. DE analysis comparing to the

genipin+NAC group to the genipin-treated group (without NAC) showed that NAC

reversed the genipin-induced changes in T cell effector, stemness and memory genes

(Table 3.4). Specifically, the marker genes associated with stemness and memory

(Tcf7, Klf2, Foxo1, Id3 ) increased upon NAC treatment, and some effect and ex-

haustion marker genes (Gzma, Gzmb, Cd244a, Cd160 ) decreased. These changes

are confirmed on the pathway level with GSEA analysis (results for the relevant

gene sets summarized in Figure 3.14).
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id log.fc log.cpm F pval padj
Gzma -2.7647913 9.8826336 5197.711201 0.0000000 0.0000000
Gzmb -0.3526219 12.9988944 200.908923 0.0000000 0.0000000
Cd244a -0.6641592 7.0051687 223.517442 0.0000000 0.0000000
Cd160 -1.3821411 5.7791014 850.073528 0.0000000 0.0000000
Tcf7 3.4544769 4.1911891 1080.386506 0.0000000 0.0000000
Klf2 0.6631848 3.0356692 37.806585 0.0000212 0.0000236
Foxo1 0.9260563 6.1033783 384.148111 0.0000000 0.0000000
Id3 0.7663993 0.5688859 8.271411 0.0118178 0.0118178
Il7r 0.9493588 6.9268148 401.398854 0.0000000 0.0000000
Ccr7 2.4381694 5.9134907 1372.733633 0.0000000 0.0000000

Table 3.4: DE results of selected T cell differentiation and function
marker genes in genipin+NAC-treated vs genipin-treated mice Pmel-1
CD8 T cells.

Figure 3.13: Mitochondrial ROS levels as measured by MitoSOX in
genipin-treated mice Pmel-1 CD8 T cells, with or without NAC. Ex-
perimental groups: Veh (vehicle); Gen (genipin-treated); Gen+NAC
(genipin+NAC-treated); NAC (NAC-treated). Figure credit: Dr.
Madhusudhanan Sukumar
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Figure 3.14: GSEA table and plots showing the enrichment of various
T cell effector function and T cell exhaustion-associated pathways in
genipin+NAC-treated vs genipin-treated (without NAC) mice Pmel-1
CD8 T cells.

Finally, to evaluate whether NAC can reverse the decreased anti-tumor func-

tion of the CD8 T cells with Ucp2 inhibition, out experimental collaborators adop-

tively transferred the genipin-treated Pmel-1 CD8+ T cells cultured either with or

without NAC into wild-type mice bearing subcutaneous syngeneic, large vascular-

ized established B16 melanomas. It can be seen that NAC significantly rescued the

impaired anti-tumor function of the genipin-treated T cells; NAC treatment (with-

out genipin) also further improved the efficacy in tumor control compared to WT

untreated CD8 T cells (Figure 3.15). In summary, these results consolidate that the

effect of Ucp2 on T cell anti-cancer function is mediated by ROS.

118



Figure 3.15: Tumor growth in B16 mice melanoma model treated by
ACT of genipin-treated CD8 T cells or genipin+NAC-treated CD8 T
cells. NT: non-treated; 25-Genipin: treatment with 25 micro molar
genipin. Figure credit: Dr. Madhusudhanan Sukumar

3.3 Materials and Methods

3.3.1 Differential expression and gene set enrichment analysis

Differential expression (DE) analysis of responders vs non-responders of vari-

ous cancer immunotherapy datasets, as well as for the mice T cells between different

experimental conditions (control, NAC and/or genipin treatment) were performed

with edgeR (Robinson et al., 2010). For gene set enrichment analysis (GSEA) (Sub-

ramanian et al., 2005) from the DE log fold-change results, an implementation of

the GSEA algorithm in the R package fgsea (Korotkevich et al., 2021) was used,

with gene set annotations were taken from the MSigDB database (Liberzon et al.,

2011). Specifically, the “C7 immunologic signature gene sets” from MSigDB v7.0

was used to analyze the differences in T cell activation or memory functions across

the mice T cell samples treated by NAC and/or genipin.
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3.3.2 Computation of metabolic fluxes from gene expression data

with GEM and differential flux analysis

For each dataset, we used the GEM algorithm iMAT (Shlomi et al., 2008) to

compute the metabolic flux profile from gene expression data. iMAT requires gene-

length normalized expression values in the bulk RNA-seq datasets, for this we used

TPM or RPKM values. Then for each dataset, we took the median expression val-

ues of the samples from each group/experimental condition as their representative

expression profile, and used it as input to iMAT. We applied iMAT to model the

median expression in each group or experimental condition to reduce data noise; this

is also due to that iMAT is not efficient in modeling metabolic flux from the similar

samples within each group. The human GEM Recon 1 (Duarte et al., 2007) was

used for modeling human data in the various cancer immunotherapy datasets, while

the mouse model iMM1415 (Sigurdsson et al., 2010) is used for modeling mice T

cell data (i.e. genipin/NAC treatment data). The output of iMAT is a refined GEM

for the each of the groups/experimental conditions in each dataset, with metabolic

reaction bounds adjusted to achieve maximal concordance with the gene expression

data while satisfying the stoichiometric constraints of the cellular metabolic net-

work (Shlomi et al., 2008). Each output model defines a space rather than a single

unique solution of the global metabolic flux profile, and ACHR was used to sam-

ple the metabolic space and obtain the flux distribution of each metabolic reaction

in each condition and dataset. The resulting flux distributions are smooth (rather

than discrete with replicates like experimentally collected data), and are meant to
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be the representative flux distribution for each group/condition; the variation in the

distribution reflects uncertainty in the computation and flexibility in the metabolic

space, rather than variation across samples. Therefore, subsequent comparisons of

the flux distributions between two groups/conditions were carried out in a qualita-

tive manner by plotting and visually inspecting the smooth flux distributions and

not by statistical tests (as these distributions are equivalent to population distribu-

tions rather than sample distributions). All GEM analyses were performed using

our in-house R package named gembox, with the academic version of IBM ILOG

CPLEX Optimization Studio 12.10 as the optimization solver.

3.3.3 Genome-scale metabolic modeling-based prediction of metabolic

functions determining response to anti-CD19 CAR-T therapy

Gene expression data of the anti-CD19 CAR-T cells for responders and non-

responders was obtained from (Fraietta et al., 2018). The median expression profiles

across all responders and all non-responders were computed respectively, then repre-

sentative metabolic flux distributions of the responders were computed as described

in the above section. The DE genes in the non-responders compared to the re-

sponders were also identified as described above. These were then passed as inputs

for the GEM-based MTA algorithm (described in Chapter 2, based on Yizhak et

al., 2013; Valcárcel et al., 2019) to predict metabolic reactions whose knock-out

can transform cellular metabolic state from that of the responders to that of the

non-responders. The output of MTA is a score (MTA score) for each metabolic
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reaction, with higher scores corresponding to better candidates for achieving the

metabolic transformation as specified above. From our previous experience (Yizhak

et al., 2013), the top 10-20% MTA predictions contain promising targets, and were

used for downstream analysis. The MTA algorithm implemented in our in-house R

package named gembox was used, with the academic version of IBM ILOG CPLEX

Optimization Studio 12.10 as the optimization solver.

3.3.4 Metabolic pathway analysis of the MTA-predicted metabolic

reactions

The “subSystems” data slot from the human Recon 1 genome-scale metabolic

model (Duarte et al., 2007) was used as metabolic pathway annotations for each

metabolic reaction (i.e. each “sub system” is treated as one metabolic pathway).

Fisher’s exact test was used to test for significant enrichment of each metabolic

pathway in the top 10% reactions predicted by MTA as described above. P values

were corrected for multiple hypotheses with the Benjamini-Hochberg method. Fur-

ther, to closely analyze the enrichment for mitochondrial transport reactions in a

metabolite-specific manner, the transport reactions across the mitochondrial mem-

brane for each metabolite were identified from the Recon 1 model (the model does

not distinguish between the inner and outer membrane of the mitochondria), and

these were used as reaction sets. The enrichment of top 10% MTA-predicted reac-

tions in these reaction sets were tested with Fisher’s exact test similarly as above.

As an independent approach, the GSEA method (Subramanian et al., 2005) was also
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used to test for the enrichment of top MTA-predicted reactions in the “Transport,

Mitochondrial” pathway and specifically the set of mitochondrial proton transport

reactions. For this the pathway/reaction set was defined as above, and all metabolic

reactions ranked by their MTA score was passed to the GSEA algorithm to compute

the result.

3.3.5 Genome-scale metabolic modeling-based prediction of metabolic

processes that possibly mediates the effect of Ucp2

The DE analysis between the control (vehicle-treated) mice Pmel-1 CD8+

T cells and the genipin-treated CD8+ T cells, as well as the computation of the

metabolic fluxes in these two experimental conditions were performed as described

above. The MTA algorithm as above (described in Chapter 2, based on Yizhak et

al., 2013; Valcárcel et al., 2019) was applied to predict metabolic reactions whose

knock-out can transform cellular metabolic state from that of the genipin-treated

cells back to that of the control cells. The top predictions from this analysis may

represent those that can mediate the effect of Ucp2 inhibition on the metabolic level.

3.3.6 Analysis of the expression levels of mitochondrial uncoupling

genes across human tissues or in various ICB datasets

The gene expression profile data for different types of human tissues were

obtained from the Human Protein Atlas database (Uhlén et al., 2015). The “RNA

consensus tissue gene data” was used, and UCP1, UCP2 and UCP3 expression levels
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across all the available human tissue types were examined. Several datasets on the

transcriptomes of tumor samples from anti-PD-1 and anti-CTLA-4 ICB therapies

were obtained from their respective studies, including (Miao et al., 2018; Riaz et

al., 2017; Van Allen et al., 2015). The UCP2 expression levels in the bulk tumor

samples between the responders and non-responders to therapy were compared via

the DE analysis as described above.

3.3.7 Analysis of the correlation between UCP2 and several T cell

function/stemness marker gene expression across TCGA cancer

types

The RNA-seq data of the TCGA samples were downloaded from the UCSC

Xena database (Goldman et al., 2020) as read counts, which were then normalized

across samples within each cancer type with the TMM method from edgeR (Robin-

son et al., 2010) and log-transformed. The phenotypic data including tumor purity

of each sample was also obtained. The CD8A gene as the marker gene for CD8+ T

cell and TCF7, CD27, SELL as marker genes of T cell stemness or memory were

analyzed. Within each cancer type and for each marker gene, the association be-

tween its expression and UCP2 expression was analyzed with a linear model with

tumor purity as a covariate (independent variable).
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3.3.8 Softwares and code

R version 3.6.3 was used for all statistical tests. P values lesser than 2.22e-16

may not be computed accurately and are reported as “P<2.22e-16”. The Benjamini-

Hochberg (BH) method was used for P value adjustment. The R packages ggplot2

(Wickham, 2009) was used to create the visualizations. Code for the analyses can

be found in the GitHub repository: https://github.com/ruppinlab/Tcell_Ucp2.

3.4 Discussion and Conclusion

ACT therapy, especially CAR-T therapy has been a major promising develop-

ment among the different cancer immunotherapies under clinical investigation in the

recent years, achieving highly durable response in many patients of mainly hema-

tological cancers, and in some cases essentially cured the patients (Brentjens et al.,

2013; Grupp et al., 2013; Porter et al., 2011). CD8 T cell has been recognized as

a major player among the various mechanisms that the immune system utilizes to

control and kill cancer, and is currently at the center of ACT therapy (Styczyński,

2020). Especially, the persistence and longevity of the infused CD8 T cells in pa-

tients have been shown to determine the efficacy of therapy (Jiang et al., 2019).

Besides in ACT therapy, the functional state of T cells has also been shown to be

correlated with ICB therapy response (Sade-Feldman et al., 2018; Van Allen et al.,

2015). Strategies for increasing T cell stemness and longevity and for reducing T

cell exhaustion is highly desirable for both ACT and ICB therapies and present

a current challenge for the further improvement of these cancer immunotherapies
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(Jiang et al., 2019; Meric-Bernstam et al., 2020). It is therefore important to further

characterize the factors that regulate T cell function and differentiation.

As reviewed in Section 1.3.4, metabolism has been recognized to be intricately

coupled to T cell signaling, which can in turn modulate the fates of T cell differenti-

ation and different T cell functions. In this study, I adopted a metabolic modeling-

driven approach aiming to identify novel metabolic processes that are important for

T cell function. To this aim, I mainly relied on published ACT datasets, including

the CAR-T cell expression data of an anti-CD19 CAR-T therapy in CLL (Fraietta et

al., 2018), and the KRAS(G12D)-targeting TIL expression data of an ACT therapy

in a metastatic colorectal cancer patient (Lu et al., 2019). The expression profiling

in these datasets was performed specifically for the T cells that would be infused

into the patients, and the T cells are known to harbor TCR specific to certain tu-

mor antigens presented by the patients’ tumors. Therefore, the differences detected

in responders vs non-responders (or persistent clones vs non-persistent clones) are

more likely to represent T cell-intrinsic properties (despite that properties of the tu-

mor can also have an impact). In comparison, the characteristics of the tumor could

play a relatively larger part in determining the response in ACT therapy, and may

represent extra variables to control for (Le et al., 2017; Mok et al., 2019; Samstein

et al., 2019). Besides, to isolate T cell-specific expression in the tumors treated by

ACT, single-cell RNA-seq is needed. Given our focus on the T cells, I therefore used

the ACT datasets for the main analyses, while several ICB datasets were used to

verify the findings.

A key idea of the modeling-based approach of this study is that, via the
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MTA prediction of metabolic processes whose inhibition (KO) can result in a non-

responder-like T cell metabolic state, metabolic properties essential to T cell anti-

tumor function that are likely to have a causal role can be identified. The top path-

way enriched for the MTA-predicted targets was mitochondrial transport, which

echoes the prior knowledge on the important roles of mitochondrial metabolism

in regulating T cell function (Desd́ın-Micó et al., 2018), and that modulating T

cell mitochondrial function has been proposed as a promising strategy to improve

immunotherapy response (Li & Zhang, 2020). In the further analysis, the mitochon-

drial proton transport reactions were found to be enriched by the top predictions.

It needs to be noted that there are more than 20 reactions from the human Recon 1

model that involves the carrying of proton across the mitochondrial membrane (the

Recon 1 does not distinguish between the inner membrane and outer membrane).

Notably, all ETC reactions pump protons out from the mitochondrial matrix to

build up the proton gradient for ATP synthesis by the ATP synthase, which utilizes

the proton inflow back into the mitochondrial matrix. However, due to the special

function of the ETC proton pumps and ATP synthase, these reactions were not

included in the set of mitochondrial proton transport reactions in the analysis.

It was further determined that the inflow of proton into the mitochondrial

matrix is important for T cell function. Mitochondrial proton inflow, known as

mitochondrial uncoupling, is classically known for it function in dissipating the

proton gradient across the mitochondrial inner membrane built up by the ETC ac-

tivity to generate heat and modulate (reduce) ATP production (Demine, Renard,

& Arnould, 2019), although it has further been found to have regulatory roles in
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autophagy, mitophagy, cell death, ROS production and cell signaling (Demine et

al., 2019). Notably, ROS is generated as a byproduct of ETC as part of the normal

cell physiology, and mitochondrial uncoupling can therefore reduce ROS production

due to the negative regulation of ETC function (Tahara, Navarete, & Kowaltowski,

2009), although this may be dependent on many factors of cellular conditions (Dem-

ine et al., 2019). Several uncoupling proteins are known to serve as the transporter

for the proton inflow. For example, the brown adipose tissue (a major site of heat

production in the body) is characterized by UCP1 expression (Demine et al., 2019).

UCP1 has also been shown to regulate cell apoptosis during T cell development

in the thymus (Adams, Kelly, & Porter, 2010). However, there has been mixed

results in terms of whether the UCP2 protein has uncoupling function (Berardi &

Chou, 2014; Couplan et al., 2002), and it has been suggested that the uncoupling

function of UCP2 may be regulated and can be activated under specific conditions

(Donadelli, Dando, Fiorini, & Palmieri, 2014). Regardless of its uncoupling func-

tion, nevertheless, UCP2 has been shown to play various important roles in various

cell types and contexts. For example, it can regulate mitophagy and protect the

heart muscle from ischemic injury (Wu et al., 2019). It is also highly expressed in

many different types of cancer and is associated with increased tumor proliferation

and biosynthetic activities (Sreedhar et al., 2019). Recently, a study showed that

the expression of UCP2 in the cancer cells in melanoma sensitizes the tumor to

anti-PD-1 ICB therapy (Cheng et al., 2019). There are also previous studies show-

ing the role of UCP2 in T cells. UCP2 has been shown to be upregulated during

T cell activation and proliferation (Krauss, Zhang, & Lowell, 2002; Rupprecht et
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al., 2012). Further corroborating our findings that UCP2 has a role in regulating

ROS production, it was previously shown that UCP2 inhibition with genipin in

antigen-stimulated OT-1 CD8 T cells led to increased mitochondrial ROS, which

was associated with increased apoptotic gene expression and reduced T cell expan-

sion (Chaudhuri, Srivastava, Kos, & Shrikant, 2016). Interestingly, the authors also

proposed that UCP2 can be modulated to boost ACT therapy efficacy, which we

established in our study.

The widespread role of ROS in cell signaling and regulating cell death, senes-

cence and differentiation has long been documented. In T cells, TCR signaling can

promotes mitochondrial activity and ROS generation, and ROS signaling has been

shown to activate NFAT and induce IL-2 production (Sena et al., 2013). The role

of ROS in T cell differentiation and On the other hand, high level of ROS, i.e. ox-

idative stress can lead to DNA damage, leading to cell senescence and cell death

(Liochev, 2013), which has been shown in different types of stem cells to decrease

their self-renewal (Chandel, Jasper, Ho, & Passegué, 2016; Suda, Takubo, & Se-

menza, 2011). This may also be implicated in the process of T cell differentiation

(Franchina, Dostert, & Brenner, 2018), for example, it has been shown that less

differentiated human CD8 T cells have higher antioxidation capacity than the more

differentiated T cells, and NAC-treated stem-cell memory T cells (Tscm) exhibited

improved long-term memory (Pilipow et al., 2018). In our study, such important role

of ROS in T cell differentiation and stemness was also recaptured, and we further

showed that the effect of UCP2 on T cell anti-cancer function was actually mediated

by ROS, which is consistent with the previous reports on UCP2 as discussed above
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(Chaudhuri et al., 2016). However, given the conflicting evidence on the extent of

uncoupling function of UCP2, it remains to be established whether the regulation

of ROS by UCP2 is mediated by the uncoupling function of the latter.

In conclusion, in this computation-driven study, I applied metabolic mod-

eling to analyze a few datasets of CD8 T cell gene expression in the context of

cancer immunotherapies, especially ACT therapy (including CAR-T). Via predict-

ing metabolic perturbations that can transform cellular metabolic states between

different samples, the MTA algorithm was able to first identify mitochondrial un-

coupling as an essential process for T cell function, then predict that the underlying

mechanism of the effect of mitochondrial uncoupling protein UCP2 inhibition is the

production of ROS. Both predictions were then successfully validated by experi-

ments with mice CD8 T cells in vitro and in the context of ACT therapy with the

mice B16 melanoma model. This study demonstrates the value of a model-based

approach in identifying relevant causal factors in the domain of cell metabolism,

and establishes the role of UCP2 in T cell anti-tumor function via the regulation of

ROS.
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Chapter 4: Modeling of host metabolism during SARS-CoV-2 infec-

tion1

4.1 Introduction

The COVID-19 pandemic has been ongoing for a year as of March 2021. De-

spite unprecedented global efforts to control the pandemic, this health crisis has

not been resolved to date. While the wide deployment of vaccination is expected

to significantly slow down the spread of the disease, the evolution and emergence of

variant virus strains suggests a possible need to update the vaccines in the future

(Z. Wang et al., 2021). Some studies predicted that there may be recurrent win-

tertime COVID-19 outbreaks over a longer term after the initial pandemic (Kissler,

Tedijanto, Goldstein, Grad, & Lipsitch, 2020). Currently, effective therapeutic op-

tions are still very scarce, and thus the development of new treatment strategies are

still urgently needed for long-term control of the pandemic (Section 1.4.3). Drug

repurposing and combination may represent practical and time-efficient strategies

to address this urgent unmet medical need. Given the recognized importance of host

1The work of this chapter has been written into a manuscript and submitted to the online
preprint server bioRxiv (Cheng et al. (2021)); it has also been submitted to a journal, which is
under peer-review as of Mar 2020. Many contents of this chapter are taken from the above article,
involving direct quotes with minor rephrasing. This study involves biological experimental work
performed by Dr. Laura Riva in Dr. Sumit K. Chanda’s lab at SBP, with whom we collaborated.
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metabolism in coronavirus (including SARS-CoV-2) infection and proliferation (Sec-

tion 1.4.4), here I aim to identify anti-SARS-CoV-2 targets that act via counteract-

ing the virus-induced metabolic changes, either individually or in combination with

current anti-SARS-CoV-2 drugs, especially remdesivir. Such a metabolic-targeting

approach may be especially valuable for anti-SARS-CoV-2 drug repurposing to ad-

dress the current urgent COVID-19 crisis considering that many existing drugs are

metabolism-targeting. My specific approach involves the application of GEM in an

integrated analysis of multiple published in vitro and human patient gene expression

datasets on SARS-CoV-2 infection, in order to comprehensively identify SARS-CoV-

2 induced host metabolic reprogramming. Then I applied the MTA algorithm as

described and developed in Chapter 2 (based on (Valcárcel et al., 2019; Yizhak et

al., 2013)) to predict the metabolic anti-SARS-CoV-2 targets. The predictions were

validated with the experimentally identified anti-SARS-CoV-2 drugs and targets

reported in published drug or genetic screens.

4.2 Results

4.2.1 Analysis of SARS-CoV-2-induced gene expression changes across

datasets

Taking advantage of multiple published studies on SARS-CoV-2 infection, I

collected a total of 12 published relevant datasets involving different sample types

including various cell lines, primary bronchial epithelial cells, nasopharyngeal swab

and bronchoalveolar lavage fluid (BALF) from patients, and also based on different
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Dataset Name Sample Type Sample Size Platform Reference
Vero Vero E6 cell line 6 bulk RNA-seq Riva et al. 2020
NHBE Primary normal human bronchial epithelial cell 6 bulk RNA-seq Blanco-Melo et al. 2020
A549 A549 human lung adenocarcinoma cell line with exogenous ACE2 expression 6 bulk RNA-seq Blanco-Melo et al. 2020
Calu-3 Calu-3 human lung adenocarcinoma cell line 6 bulk RNA-seq Blanco-Melo et al. 2020
293T HEK293T human embryonic kidney cell line 12 bulk RNA-seq Weingarten-Gabby et al. 2020
Caco-2 Caco-2 human colorectal adenocarcinoma cell line 6 MS-based proteomics Bojkova et al. 2020
Swab.Butler NP swab samples from human individuals 580 bulk RNA-seq Butler et al. 2020
Swab.Lieberman NP swab samples from human individuals 484 bulk RNA-seq Lieberman et al. 2020
BALF BALF from human individuals 6 bulk RNA-seq Xiong et al. 2020
SC.Liao BALF from human individuals (epithelial cells were used in analysis) 13 scRNA-seq Liao et al. 2020
SC.Chua.Basal NP and bronchial samples from human individuals (basal cells were used in analysis) 24 scRNA-seq Chua et al. 2020
SC.Chua.Ciliated NP and bronchial samples from human individuals (ciliated cells were used in analysis) 24 scRNA-seq Chua et al. 2020

Table 4.1: Summary of the published gene expression datasets on
SARS-CoV-2 infection analyzed in this study

assay platforms including bulk RNA-seq, scRNA-seq, and MS-based proteomics.

These datasets are summarized in Table 4.1. I performed DE analysis of the SARS-

CoV-2-infected samples vs the non-infected controls. For the single-cell datasets,

only the airway epithelial cells are used, as they are known as the major virus-

infected cell type. The PCA plot of the datasets based on the inverse normal-

transformed DE log fold-change values is shown in Figure 4.1.

Figure 4.1: PCA plot of the datasets based on the inverse normal-
transformed DE log fold-change values.

The PCA plot suggests that the cell lines tend to have distinct DE profiles

from the patient samples, although different patient datasets of different sample
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types and sequencing platforms exhibit considerable variation. Similar pattern is

found by comparing each pair of datasets for their top significant DE genes (using

Fisher’s exact tests, top n=400 DE genes from each datasets were used, all with at

least FDR<0.1), as shown in Figure 4.2. Across all pairs of comparisons, the median

odds ratio value is 2.18 and maximum value is 13.60 (adjusted P median 5.09e-5,

minimum<2.22e-16), representing reasonable similarities across datasets.

Figure 4.2: Pairwise comparison of the datasets by their top significant
DE genes with Fisher’s exact tests.

I then performed GSEA analysis (Subramanian et al., 2005) based on the

DE results of each dataset. The level of coherence across datasets on the path-

way level appears stronger (Appendix Figure 4.25), with the median odds ratio

from all pairwise comparison using Fisher’s exact test equals to 4.25 (maximum

is infinity followed by 35.49), with adjusted P median 2.01e-5 (minimum<2.22e-

16). No pathway is consistently significant across all 12 datasets. I identified the

most consistently enriched pathways across the datasets, emphasizing the various
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in vivo patient datasets, and the resulting pathways are visualized in Figure 4.3,

Many up-regulated pathways are involved in innate immune response to viral infec-

tion, e.g. cytosolic DNA sensing and interferon signaling. Antigen presentation via

MHC-I is seen coherently down-regulated in SARS-CoV-2 infection, and other down-

regulated pathways span many major categories of cellular metabolism, e.g. OX-

PHOS (energy metabolism), valine, leucine and isoleucine degradation (amino acid

metabolism), sphingolipid metabolism (lipid metabolism), and N-glycan biosynthe-

sis, etc. These possibly reflect the specific metabolic demands of SARS-CoV-2 or

are related to its pathogenic effects. These results also suggest that besides immune

response, metabolic reprogramming represents one of the most robust changes in-

duced by SARS-CoV-2 infection across various systems, consistent with the key roles

of metabolism in viral infection. However, it should be noted that there is no global

downregulation of metabolic activity upon SARS-CoV-2 infection, as can be seen

in Appendix Figure 4.26. As metabolic fluxes cannot be directly reflected by the

gene expression levels. I therefore next seek to investigate the SARS-CoV-2-induced

metabolic changes using GEM methods.
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Figure 4.3: Summary of the top consistently enriched pathways from
GSEA analysis across the analyzed datasets.

4.2.2 GEM-based analysis of SARS-CoV-2-induced metabolic flux

change patterns

I next applied the iMAT algorithm (Shlomi et al., 2008) to the median ex-

pression profiles of the control and virus-infected samples to compute the refined

metabolic models representative of the two respective groups, and the flux distribu-

tion of each metabolic reaction was obtained by random sampling (ACHR method).

The reactions with differential fluxes (DF) between the virus-infected samples vs

controls were identified. I checked the overlap of the top DF reactions between

each pair of datasets with Fisher’s exact tests to measure the level of consistency

on the flux level. Like on the gene expression level, there is an overall high level of

coherence of the DF reactions (odds ratio median 2.40, maximum 28.13; adjusted P

value median and minimum both <2.22e-16; see Appendix Figure 4.27 and Figure
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4.28 for the positive and negative DF reactions, respectively). Again, I identified

the most consistently altered reactions across datasets with stronger emphasis on

the various in vivo patient datasets and used Fisher’s exact tests to identify the

metabolic pathways they are enriched in. The significantly enriched pathways with

FDR<0.1 are shown in Figure 4.4. Consistent flux changes are seen in many different

pathways, including metabolite transport (mitochondrial and extracellular), pentose

phosphate pathway, hyaluronan metabolism, pyrimidine biosynthesis, glycine, ser-

ine, and threonine metabolism, TCA cycle, inositol phosphate metabolism, fatty

acid elongation.

Figure 4.4: Summary of the metabolic pathways enriched by the
metabolic reactions showing the most consistent changes across the
analyzed datasets.

I then inspected the flux alteration patterns within these pathways more

closely. First, I aim to identify the specific patterns in metabolite transportation,
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summarized by each metabolite. Metabolites with the most consistent patterns

across datasets are shown in Figure 4.5. In more than half of the datasets, several

glucogenic amino acids, e.g. alanine, asparagine, and glutamate have increased cel-

lular import from the extracellular space to the cytoplasm (or decreased export) in

the virus-infected vs control samples, while nicotinamide and tetrahydrofolate show

relatively consistent decrease in cellular import (or increase in export).

Figure 4.5: Summary of the metabolites showing the most consistent
transportation patterns between the extracellular space and cytosol
across the analyzed datasets.

Next, I visualized the metabolic networks for different individual pathways

that are enriched for consistently changed reactions, in order to inspect the pat-

terns of flux changes in these pathways. I show two example visualizations below,

the others are given in Appendix. The pyrimidine de novo biosynthesis pathway

has consistently increased fluxes towards the synthesis of UMP, the precursor of

other pyrimidines, consistent with the nucleic acid synthesis requirement of SARS-

CoV-2 (Figure 4.6, red and blue denotes increased and decreased absolute flux
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values, respectively; grey denotes inconsistent changes). TCA cycle mostly show

increased flux in the normal direction of the cycle as well as in the interconversion

and mitochondrial transport of the cytoplasmic counterparts of TCA cycle interme-

diates (Appendix Figures 4.29 and 4.30). This seems contradictory to the consistent

gene expression-level decrease of the “TCA cycle and respiratory electron transport”

pathway (Figure 4.3). However, a closer inspection reveals that the gene-level en-

richment is mostly driven by the decrease in ETC genes rather than TCA genes,

and consistently OXPHOS reactions show decreased fluxes.

Figure 4.6: Visualization of the consistent flux changes in the pyrimi-
dine biosynthesis pathway.

Other pathways show more complex flux change patterns, e.g. the inositol
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phosphate metabolism pathway contains increased fluxes converging to phosphatidyli-

nositol 4,5-bisphosphate (pail45p hs[c]) and inositol (inost[c]), but decreased fluxes

to inositol 1-phosphate (mi1p DASH D[c]; Appendix Figure 4.31). In the glycine,

serine, and threonine metabolism pathway, there is decreased conversion of serine

to glycine but increased serine degradation to pyruvate (Appendix Figure 4.32);

in the fatty acid elongation pathway, the synthesis and interconversion of different

fatty acids show varied flux changes (Figure 4.7). These results show that SARS-

CoV-2 can induce highly complex metabolic alterations potentially to meet their

metabolic demands during their intracellular life cycle. They also demonstrate that

GEM is able to add to gene expression-level analysis in recovering these fine-grained

alteration patterns.
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Figure 4.7: Visualization of the consistent flux changes in the fatty acid
elongation pathway. Red and blue denotes increased and decreased
absolute flux values, respectively; grey denotes inconsistent changes.

4.2.3 Prediction and validation of metabolic anti-SARS-CoV-2 tar-

gets with MTA

Based on the proposal that targeting the virus-induced metabolic changes can

be an effective antiviral strategy (Mayer et al., 2019) (Chapter 1.4.4), I next used

MTA (described in Chapter 2, based on Yizhak et al., 2013; Valcárcel et al., 2019)

to predict anti-SARS-CoV-2 targets, specifically those metabolic reactions whose

KO can revert the cellular metabolic state from that of the virus-infected to that of

the normal non-infected samples. As seen in Chapter 2, the 10-20% reactions with
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the highest MTA score usually contain promising candidate targets. I inspected the

overlaps of the top 10% MTA-predicted reactions based on each pair of datasets,

and found overall reasonable overlaps (odds ratio median 3.42, maximum 16.47,

Fisher’s exact test adjusted P median and minimum both<2.2e-16 across all pairwise

comparison). Interestingly, there are some strong overlaps between certain cell line

and patient datasets (Appendix).

I next aimed to validate these predictions using published anti-SARS-CoV-2

gene targets or drugs identified from large-scale chemical or genetic screens. First,

I collected the top genes whose KO was found to inhibit SARS-CoV-2 infection in

CRISPR-Cas9 genetic screens in Vero E6 cells (Wei et al., 2021) and A549 cells with

exogenous ACE2 expression (Daniloski et al., 2021). The top 10% MTA-predictions

from 8 out of the 12 datasets were found to have significant overlaps with these

anti-viral hits from the CRISPR screens (after mapping to metabolic reactions,

FDR<3.95e-4; Figure 4.8). Second, checking additional lists of experimentally val-

idated drugs reported in different studies from (Kuleshov et al., 2020), there were

also a few cases of significant overlap (FDR<0.1; Figure 4.9). Third, the top pre-

dictions from some of the datasets were also enriched for host proteins identified to

interact with SARS-CoV-2 proteins from (Stukalov et al., 2020), although not those

from (Gordon et al., 2020) (Appendix Figure 4.33).
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Figure 4.8: Summary of the enrichment of top MTA predictions from
each dataset in the antiviral gene targets identified from CRISPR-Cas9
screens.

Figure 4.9: Summary of the enrichment of top MTA predictions from
each dataset in the antiviral drugs identified from various experimental
drug screens.

Further, based on the two genome-wide CRISPR-Cas9 screens described above,

I defined comprehensive sets of positive and negative genes (i.e. genes whose KO

inhibits or promotes the viral infection, respectively). These two sets are defined in

a way such that they are balanced. After mapping these to the metabolic reaction

level as the validation sets, I performed ROC curve analysis of the MTA predictions.
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The predictions from 6 of the datasets achieved area under ROC curve (AUROC)

values above 0.6 and as high as 0.81, although two of the other datasets apparently

yielded AUROC significantly smaller than 0.5 (Figure 4.10). As examples, the

ROC curve from the best-performing Calu-3 and SC.Liao datasets are shown in

Appendix Figures 4.34 and 4.35. These results demonstrate that our metabolism-

targeting strategy using the MTA algorithm is able to achieve reasonable prediction

performances.

Figure 4.10: Summary of the AUROC of top MTA predictions from
each dataset, based on validated positive and negative hits from
CRISPR-Cas9 screens.

I next integrated the predictions from the 12 datasets into a final consensus list

of high-confidence candidate targets (Methods), resulting in a final list of 66 candi-

date target metabolic reactions of which 59 are mapped to genes and 15 are targeted

by known drugs. This final list of candidates are also strongly enriched for the posi-
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tive targets identified in the two anti-SARS-CoV-2 CRISPR-Cas9 screens described

above (odds ratio=26.56, P<2.2e-16). These candidates are enriched for cellular

transport, inositol phosphate and aminosugar metabolism pathways, and within the

cellular transport pathway, transporters for various amino acids, succinate, citrate

and adenosine are enriched (FDR<0.1; Figure 4.11).

Figure 4.11: Summary of the metabolic pathway enrichment result of
the consensus MTA-predicted targets across datasets.

4.2.4 Prediction of metabolic targets for anti-SARS-CoV-2 in com-

bination with remdesivir

Given that the MTA prediction of single anti-SARS-CoV-2 targets has yielded

promising results, I applied the same strategy for the prediction of targets that can

be combined with remdesivir to achieve higher antiviral efficacy. To this aim, we

teamed up with experimental collaborators who cultured Vero E6 cells infected by
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SARS-CoV-2, with or without remdesivir treatment. A control group (no viral infec-

tion or remdesivir treatment) a remdesivir-only group (no viral infection) were also

included. We then performed RNA-seq on these samples. The PCA plot visualizing

the gene expression of these samples are shown in Figure 4.12. From this plot it can

be seen that remdesivir can indeed effectively reverse the virus-associated expression

changes, but also results in additional orthogonal changes. Pathway enrichment via

GSEA comparing the virus+remdesivir group to the control group confirms that

there are still significant differences in many pathways, including some metabolic

ones, e.g. cholesterol and steroid biosynthesis (Appendix Figure 4.36).

Figure 4.12: PCA plot on the transcriptome data from control Vero E6
cells as well as SARS-CoV-2-infected cells with or without remdesivir
treatment
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Using the iMAT algorithm to compute the metabolic fluxes of the samples as

before, I confirmed that remdesivir does not fully reverse cell metabolism back to

normal on the flux level (Appendix Figure 4.37). The metabolic pathways enriched

by the differential fluxes between the virus+remdesivir and the control group are vi-

sualized in Figure 4.13. Based on the hypothesize that further reversing the cellular

state in the virus+remdesivir group towards the healthy state may be an effective

combinatory targeting strategy to improve the antiviral efficacy of remdesivir, I ap-

plied MTA to predict targets for reversing these metabolic fluxes. There is little

data available on known targets or drugs that are synergistic with remdesivir. As

a preliminary validation of the predictions, I checked the enrichment between the

top MTA prediction with 20 experimentally tested drugs showing synergistic anti-

SARS-CoV-2 effects with remdesivir in the Calu-3 cell line reported in (Nguyenla

et al., 2020). There is a significant enrichment using the top 20% MTA predictions

(Fisher’s exact test P=0.011, odds ratio 4.83; there is also sign of enrichment using

the top 10% predictions with odds ratio 2.01, but it failed to achieve statistical signif-

icance at P=0.30), recovering 6 of the 11 metabolic reaction targets from (Nguyenla

et al., 2020). The metabolic pathways enriched by the top MTA predictions include

bile acid, IMP, cholesterol and steroid metabolism pathways, and heme biosynthesis

pathways, among others (Figure 4.14).
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Figure 4.13: Summary of the metabolic pathway enrichment of the top
differential fluxes between the virus+remdesivir and the control Vero
E6 cells

Figure 4.14: Summary of the metabolic pathway enrichment result of
the top MTA-predicted targets for combination with remdesivir

4.3 Materials and Methods
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4.3.1 DE analysis

We obtained each of the gene expression datasets on SARS-CoV-2 infection

from the sources listed in Table 4.1 (Blanco-Melo et al., 2020; Bojkova, Klann,

et al., 2020; Butler et al., 2020; Chua et al., 2020; Liao et al., 2020; Lieberman

et al., 2020; Riva et al., 2020; Weingarten-Gabbay et al., 2020; Y. Xiong et al.,

2020). For the bulk RNA-seq datasets whose read count data is available at the

time of analysis, we performed DE analysis comparing the SARS-CoV-2-infected

or positive samples to the non-infected control or negative samples with DESeq2

(Love, Huber, & Anders, 2014). For (Weingarten-Gabbay et al., 2020), a nested

design for DE was needed and DESeq2 failed to run properly, and limma-voom

(Law, Chen, Shi, & Smyth, 2014) was used. For (Butler et al., 2020; Y. Xiong

et al., 2020), we obtained the DE results provided from the supplementary mate-

rials of the respective publication, as we were not able to obtain their gene-level

expression data at the time of analysis. For (Butler et al., 2020), among their mul-

tiple versions of DE results we used the one from limma-voom with sva correction

“Voom:Positive vs Negative:10M samples:sva correction 2sv”. We also took the DE

results of the proteomic data from (Bojkova, Klann, et al., 2020) as provided by

the authors, and used the 24 hours post-infection data which is the latest time

point available with the largest number of DE proteins). For the single-cell RNA-

sequencing (scRNA-seq) datasets, The “FindMarkers” function in the R package

Seurat (Stuart et al., 2019) was used to call the MAST method (Finak et al., 2015)

for DE analysis in each annotated cell type, with “logfc.threshold” set to 0 to ob-
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tain full results across genes. We focused on the airway epithelial cells since our

major aim in this study is to investigate the changes in the cell types infected by the

SARS-CoV-2 virus, these include the “Epithelial” cell type from (Liao et al., 2020)

and the “Ciliated” and “Basal” cell types from (Chua et al., 2020) (other epithelial

subtypes from these datasets yielded no significant DE genes).

4.3.2 GSEA analysis of the differential expression results

Using the DE log fold-change values from each dataset, GSEA (Subramanian

et al., 2005) was performed using the implementation in the R package fgsea (Ko-

rotkevich et al., 2021). The gene set/pathway annotations used were the Reactome

(Jassal et al., 2020) and KEGG (Kanehisa, Furumichi, Sato, Ishiguro-Watanabe,

& Tanabe, 2021) subsets from the “Canonical Pathway” category in version 7.0

MSigDB database (Liberzon et al., 2011). For metabolic pathways, those under the

category “Metabolism” from KEGG (Kanehisa et al., 2021) were used.

4.3.3 Comparison of the differentially expressed genes and pathways

across datasets

The DE results across datasets were compared in a descriptive manner. As a

first approach, the DE log fold-change values were inverse normal-transformed across

all genes within each dataset, which preserves only the order (i.e. rank) of DE effect

sizes, and then PCA was applied to the transformed data. As a second approach,

top significantly DE genes or enriched pathways from each pair of datasets were
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tested for significant overlap using Fisher’s exact tests. For DE genes, the number

of significant genes vary greatly across datasets based on a single FDR cutoff, so

we uniformly took the top n=400 DE genes ranked by FDR from each datasets (all

cases have at least FDR<0.1). For enriched pathways we simply took those with

FDR<0.1 from each dataset. To identify the consistent DE changes across datasets,

a formal meta-analysis of all 12 datasets is challenging given the wide range of assay

platforms and DE algorithms used. So instead, we adopted a subjective criteria

that give high importance to the various in vivo patient datasets, such that the

results may be more clinically relevant: we identified pathways that are significantly

(FDR<0.1) enriched in the consistent direction (up/down-regulation) in at least

one of the bulk RNA-seq patient datasets and also at least one of the scRNA-seq

datasets, while never showing significant enrichment (FDR<0.1) in the opposite

direction in any of the datasets.

4.3.4 Computation of metabolic fluxes from gene expression data

with GEM

For each dataset, we used the GEM algorithm iMAT (Shlomi et al., 2008)

to compute the metabolic flux profile from gene expression data. iMAT requires

gene-length normalized expression values in the bulk RNA-seq datasets, for this we

computed TPM values with Salmon (Patro, Duggal, Love, Irizarry, & Kingsford,

2017) from the raw fastq files for datasets where TPM data is not provided. Then

for each dataset, we took the median expression values of the control and virus-
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infected samples respectively as the representative expression profile for each group,

and used it as input to iMAT. The human GEM Recon 1 (Duarte et al., 2007) was

used as the base model to iMAT. The main reason we used the older human GEM

version was due to the significantly longer computation time and resources needed

if later larger models were used instead. The output of iMAT is a refined GEM for

the each of the virus-infected and control groups in each dataset, with metabolic

reaction bounds adjusted to achieve maximal concordance with the gene expression

data while satisfying the stoichiometric constraints of the cellular metabolic network

(Shlomi et al., 2008). Each output model defines a space rather than a single unique

solution of the global metabolic flux profile, and artificial centering hit-and-run

(ACHR) was used to sample the metabolic space and obtain the flux distribution

of each metabolic reaction in each condition (control or virus-infected) and dataset.

All GEM analyses were performed using our in-house R package named gembox,

with the academic version of IBM ILOG CPLEX Optimization Studio 12.10 as the

optimization solver.

4.3.5 Differential flux analysis of virus-infected vs control group in

each dataset

The flux distributions of the control and infected groups were compared to

identify reactions with differential fluxes (DF). Since an arbitrarily large number

of sample points can be sampled from the metabolic space of each group, resulting

in statistical tests with arbitrarily small P values, we adopted the following effect
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size-based criterion for DF reactions: absolute rank biserial correlation (an effect

size measure of the difference between the two flux distributions in the control

and virus-infected groups) >0.1, and absolute relative flux change (i.e. the absolute

difference of the mean fluxes between the two groups over the absolute mean flux

in the control group) >5%. Positive DF reactions have flux value difference in

infected vs control group >0, and vice versa for negative DF reactions. Note that

for non-reversible reactions, flux values are non-negative and the sign of DF can

be interpreted similarly to differential gene expression; for reversible reactions, flux

values can be negative, representing reactions happening in the reverse direction,

thus the sign of DF needs to be interpreted differently, e.g. negative DF represents

flux shift towards the reverse direction and not necessarily decrease in absolute flux.

4.3.6 Analysis of reactions with consistent differential fluxes across

datasets and their pathway enrichment analysis

To compare the DF results across datasets, the DF reactions from each pair of

datasets were tested for significant overlap using Fisher’s exact tests (separately for

positive and negative DF). Since no reaction shows fully consistent DF across all 12

datasets analyzed, similarly as with the DE analysis, we identified the DF reactions

with high level of consistency especially in the in vivo patient datasets, such that the

results may be more clinically relevant: we identified DF reactions in the consistent

direction (positive/negative) in at least one of the bulk RNA-seq patient datasets

and also at least one of the scRNA-seq datasets, while showing DF in the opposite
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direction in no more than 3 datasets, resulting in 293 positive and 349 negative DF

reactions. The metabolic pathway enrichment of these DF reactions was analyzed

with Fisher’s exact tests, with the “subSystems” slot in the metabolic model used

as pathway annotation. Note that due to the special interpretation of the sign of

DF values as explained above, the GSEA used for gene expression-level analysis is

not appropriate for pathway enrichment analysis on the flux level.

4.3.7 Differential transport flux analysis by each metabolite species

Differential transport flux analysis on the metabolite level was first performed

for each dataset. Specifically, in each group (control or virus-infected), the sampled

flux values on the reaction level for all transport reactions across the cell membrane

were summarized by each metabolite, taking the direction of transport (i.e. import or

export) into consideration to produce the net cellular transport flux of the metabo-

lite (positive means net import, vice versa). The metabolites with differential net

transport fluxes between the control and virus-infected groups were identified as in

the reaction-level DF analysis described above. The consistent DF metabolites were

then identified in the same way as with the DF reactions described above.

4.3.8 Analysis of the consistent flux alteration patterns in different

metabolic pathways

For each of the significantly enriched metabolic pathways identified in the con-

sistent DF reaction analysis described above, we defined the “consensus” direction of
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each reaction as represented by those shown in the virus-infected group from the ma-

jority (>6 out of 12) of the datasets, and also similarly for the “consensus” direction

of DF for each reaction. The consensus directions of reactions and their DF were

overlaid onto network diagrams of the pathways and visualized, where metabolites

are represented by nodes, reactions are represented by directed (hyper) edges with

edge direction corresponding to the consensus reaction direction and edge color cor-

responding to the consensus DF direction. Parts of the metabolic pathways where

reactions are not consistently altered across datasets are greyed out or removed to

increase the clarity. Upon visual inspection, potential futile loops in the network

are also removed from the visualizations.

4.3.9 Prediction of anti-SARS-CoV-2 target metabolic reactions with

metabolic transformation algorithm

For each of the collected datasets, the DE result of virus-infected vs control

samples as well as the representative flux distribution of the virus-infected group

computed with iMAT (Shlomi et al., 2008) followed by ACHR sampling were used as

inputs for the GEM-based MTA algorithm (described in Chapter 2, based on Yizhak

et al., 2013; Valcárcel et al., 2019) to predict metabolic reactions whose knock-out

can transform cellular metabolic state from that of the virus-infected to that of the

control samples. The output of MTA is a score (MTA score) for each metabolic

reaction, with higher scores corresponding to better candidates for achieving the

metabolic transformation as specified above. From our previous experience (Yizhak
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et al., 2013), the top 10-20% MTA predictions contain promising targets. The

human Recon 1 GEM (Duarte et al., 2007) was used for the MTA analysis. The

MTA algorithm implemented in our in-house R package named gembox was used,

with the academic version of IBM ILOG CPLEX Optimization Studio 12.10 as

the optimization solver. To compare the MTA predictions across datasets, the top

10% predictions from each pair of datasets were tested for significant overlap using

Fisher’s exact tests.

4.3.10 Validation of the MTA-predicted anti-SARS-CoV-2 metabolic

targets

Multiple datasets of reported anti-SARS-CoV-2 gene targets or drugs identified

from large-scale chemical or genetic screens were collected to validate our predic-

tions. Gene-level results of two published CRISPR-Cas9 genetic screens (Daniloski

et al., 2021; Wei et al., 2021) were obtained from the supplementary materials of the

respective publication. For (Wei et al., 2021), gene hits with FDR<0.1 and mean

z score>0 (i.e. KO inhibits the viral infection) were taken; (Daniloski et al., 2021)

reported two screens with different multiplicities of infections (MOIs) and provided

only single-sided FDR, so gene hits with FDR<0.1 from either screen were taken.

The union set of hits from both studies were used. Lists of experimentally vali-

dated drugs reported in different studies compiled by (Kuleshov et al., 2020) were

downloaded from https://maayanlab.cloud/covid19/, which are then mapped

to the genes they inhibit using data from DrugBank v5.1.7 (Wishart et al., 2018).
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Additionally, host proteins identified to interact with SARS-CoV-2 proteins were

obtained from the supplementary materials of (Gordon et al., 2020) and (Stukalov

et al., 2020). The genes from these validation datasets are mapped to metabolic

reactions wherever applicable based on the human GEM Recon 1 (Duarte et al.,

2007) data. Then, the significant overlap between the top 10% MTA-predicted tar-

gets from each dataset and each of the validation sets described above was tested

with Fisher’s exact tests on the reaction level. Reaction-level test is performed be-

cause multiple reactions can be mapped to the same gene, and performing Fisher’s

exact test on the gene-level fails to consider such multiple mapping and is thus

inappropriate.

For ROC analysis, negative sets (i.e. genes whose KO promotes SARS-CoV-2

infection) were defined based on the two CRISPR-Cas9 screens described above.

For (Wei et al., 2021), gene with FDR<0.1 and mean z score<0 were taken; since

(Daniloski et al., 2021) provided only single-sided FDR, the log fold-change threshold

corresponding to the FDR<0.1 cutoff was identified, and genes with more extreme

log fold-changes in the opposite direction were taken. The union of the negative sets

from both studies was used. Both the positive (described in the previous paragraph)

and negative sets of genes are then mapped to metabolic reactions as described

above. The negative set defined as such contains a relatively balanced number

of reactions compared to the positive set (131 vs 81). The score for the reactions

produced by MTA was used as the predicted value for ROC analysis. The R package

pROC (Robin et al., 2011) was used to compute the AUROC values and their 95%

confidence intervals (the latter computed with bootstrapping).
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4.3.11 Defining and analyzing the consensus set of candidate anti-

SARS-CoV-2 metabolic targets across datasets

Based on top 10% MTA predictions from the 12 datasets (6 in vitro and 6

in vivo), the metabolic reaction targets that are recurrent in at least 3 of the in

vitro datasets, and also in 3 of the in vivo datasets (i.e. the intersection of the

two) were taken to be the final consensus candidate targets with high-confidence

support across datasets. These target reactions are also mapped to genes using the

human GEM Recon 1 data (Duarte et al., 2007), and further mapped to known

drugs inhibiting the gene targets using data from DrugBank v5.1.7 (Wishart et

al., 2018). The metabolic pathway enrichment of these targets was analyzed with

Fisher’s exact tests, with the “subSystems” slot in the metabolic model used as

pathway annotation. For enrichment analysis of cellular transport reactions by each

metabolite species, the reactions responsible for transporting each metabolite across

the cell membrane were identified from Recon 1 and used as reaction sets for the

Fisher’s exact tests.

4.3.12 Preparation of Vero E6 cell samples with SARS-CoV-2 in-

fection and remdesivir treatment, RNA-sequencing, and gene

expression data analysis

Vero E6 cells (ATCC® CRL-1586™) were maintained in Dulbecco’s modified

eagle medium (DMEM, Gibco) supplemented with 10% heat-inactivated fetal bovine
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serum (FBS, Gibco), 50 U ml-1 penicillin, 50 µg ml-1 streptomycin, 1 mM sodium

pyruvate (Gibco), 10 mM 4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid (HEPES,

Gibco), and 1× MEM non-essential amino acids solution (Gibco). The SARS-CoV-

2 USA-WA1/2020 strain was obtained from BEI Resources (NR-52281). The virus

was inoculated on Vero E6 cells and the cell supernatant was collected at 72 h

post-inoculation (hpi), when extensive cytopathic effects were observed. The super-

natant, after clarification by centrifugation 15 min at 4 °C at 5,000 xg, was aliquoted

and stored at -80 °C until use. 500,000 Vero E6 cells were seeded in 6-well plates.

The following day, the cell medium was replaced with fresh medium supplemented

with either DMSO or 1 µM remdesivir (Adooq Bioscience), and cells were either

mock-infected or infected with SARS-CoV-2 USA-WA1/2020 (MOI=0.3). Twenty-

four hours after infection, cells were collected, and total intracellular RNA was

extracted using the Qiagen® RNeasy® Plus Mini Kit. Three replicates were per-

formed for each group, resulting in a total of six samples. The quality of the ex-

tracted RNA was assessed with Agilent® 2100 Bioanalyzer. Libraries were prepared

on total RNA following ribosome RNA depletion with standard protocol accord-

ing to Illumina®. Total RNA sequencing was then performed on the Illumina®

NextSeq system, 150bp paired-end runs were performed and 100 million raw reads

per sample were generated. STAR (Dobin et al., 2013) was used to align the reads

to reference genome of the African green monkey (Chlorocebus sabaeus, https://

useast.ensembl.org/Chlorocebus_sabaeus/Info/Annotation), with the SARS-

CoV-2 genome (https://www.ncbi.nlm.nih.gov/nuccore/NC_045512) added to

the reference genome. DESeq2 (Love et al., 2014) was used for DE analysis between
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pairs of experimental groups (including virus+remdesivir vs control and virus vs

control). GSEA (Subramanian et al., 2005) was performed using the implemen-

tation in the R package fgsea (Korotkevich et al., 2021). The gene set/pathway

annotations used were the Reactome (Jassal et al., 2020) and KEGG (Kanehisa et

al., 2021) subsets from the “Canonical Pathway” category in version 7.0 MSigDB

database (Liberzon et al., 2011).

4.3.13 Genome-scale metabolic modeling of the remdesivir-treated

Vero E6 cell samples and prediction of anti-SARS-CoV-2 metabolic

targets in combination with remdesivir

As with the metabolic modeling of the other datasets on SARS-CoV-2 infec-

tion, iMAT (Shlomi et al., 2008) together with ACHR was used to compute the

metabolic flux distribution for each of the experimental groups, using the median

expression TPM values of each group as the input to iMAT. Reactions with dif-

ferential fluxes (DF) between groups (including virus+remdesivir vs control and

virus vs control) were identified as described above, and their significant metabolic

pathway enrichment was tested with Fisher’s exact tests, with pathways defined

by the “subSystems” from the Recon 1 model (Duarte et al., 2007). The DE re-

sult of virus+remdesivir vs control group and the mean flux distribution of the

virus+remdesivir group computed with iMAT were used as inputs for MTA to pre-

dict metabolic reactions whose knock-out can further transform the virus+remdesivir

metabolic state to the normal control state. The top 10% and 20% MTA-predicted
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targets were tested for significant enrichment for the targets of a list of experi-

mentally validated synergistic drugs with remdesivir (Nguyenla et al., 2020) using

Fisher’s exact test (performed on the metabolic reaction level as described above).

Metabolic pathway enrichment analysis of the top MTA-predicted targets was per-

formed as described above.

4.3.14 Softwares and code

R version 3.6.3 was used for all statistical tests. P values lesser than 2.22e-

16 may not be computed accurately and are reported as “P<2.22e-16” throughout

the text. The Benjamini-Hochberg (BH) method was used for P value adjustment

throughout the text. The R packages ggplot2 (Wickham, 2009), ComplexHeatmap

(Gu, Eils, & Schlesner, 2016) and visNetwork (https://cran.r-project.org/web/

packages/visNetwork/index.html) were used to create the visualizations. The

code used for the analyses can be found in the GitHub repository: https://github.

com/ruppinlab/covid_metabolism.

4.4 Discussion and Conclusion

In this study, I took advantage of multiple published studies involving the

gene expression profiling of SARS-CoV-2 infected samples, in order to comprehen-

sively reanalyze these existing dataset with both gene expression-level and metabolic

flux-level methods and discover recurrent virus-associated changes. The published

studies involve a variety of different experimental models and/or sample types, and
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although I was not able to collect and include all available datasets given their vast

numbers, the selection of datasets was to cover those from both popular in vitro cell-

based models of SARS-CoV-2 infection as well as human patients (nasopharyngeal

swab and BALF samples). Another consideration is to cover datasets using different

platforms. Specifically, I included a few scRNA-seq data to separate the distinctive

changes within the epithelial cells from, e.g. various types of immune cells. In the

current study, the main focus was on the epithelial cells, representing the major cell

type infected by SARS-CoV-2, although it is also highly desirable to systematically

investigate the SARS-CoV-2 induced changes (including metabolic changes) in the

other cell types especially different immune cells.

For the method used for the combined analysis of multiple datasets, I have

avoided a more formal effect size-based meta-analysis due to the challenge arising

from the wide range of expression profiling platforms (bulk RNA-seq, scRNA-seq,

MS-based proteomics) and the technical variation involved. Instead, in comparing

the molecular alterations identified from across the datasets, I used the approach of

comparing the significant changes (on the gene, pathway or flux level) and testing

for their similarities with Fisher’s exact tests, which helped to mitigate the variation

across datasets due to different platforms and technical noise. In the identification

of robust alterations supported by multiple datasets, due to the same reason as

discussed above, a formal effect size-based analysis is challenging, and approaches

for combining P values, for example the Fisher’s method can be more practical. In

this study, prior knowledge and subjected criteria were involved in the procedure

which assigned more weights to the significant findings (genes/pathways/reactions)
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from the in vivo patient datasets, as these may have higher clinical relevance.

Using the above integrated approach, the results show that different pathways

of immune responses, including those response to virus infection, are recurrently

upregulated upon SARS-CoV-2 infection across datasets (Figure 4.3), as expected.

Antigen presentation via MHC-I is consistently downregulated upon the infection,

consistent with the report that the ORF8 protein of SARS-CoV-2 can effectively

downregulate MHC-I (Y. Zhang et al., 2020). The downregulation of antigen pre-

sentation has long been observed during the infection of many other viruses as well,

as a mechanism of the viruses to evade immune detection (Hewitt, 2003). Besides

immune responses, more intriguingly, metabolism is one of the cellular domains that

exhibit the most coherent changes across datasets in SARS-CoV-2 infection, which

echoes the previous reports that many viruses need to manipulate host metabolism

for their proliferation and intracellular life cycle (Mayer et al., 2019; Thaker et al.,

2019). While it appears that most of the consistent metabolic changes involves

downregulated metabolic genes (Figure 4.3), it is not true that SARS-CoV-2 infec-

tion resulted in globally decreased metabolic activities, as can be seen in Appendix

Figure 4.26. Besides, the pathway level changes should be carefully inspected based

on the genes driving the enrichment to avoid misinterpretation of results. For ex-

ample, the pathway “TCA cycle and electron transport chain” is seen consistently

downregulated after SARS-CoV-2 infection, but upon closer inspection it’s only the

ETC genes that are downregulated, while TCA cycle genes are not. Actually, from

the GEM analysis it can be seem that the TCA cycle mostly has upregulated fluxes.

Therefore, it can also be seen that GEM can be a valuable complementary
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approach to gene expression-level analysis. It is known that gene expression does

not always perfectly correlate with protein level or enzyme activity (Maier, Güell,

& Serrano, 2009). Besides, many metabolic reactions are reversible, while the di-

rections of reactions are important biologically, such information is missing on the

gene level. With GEM, the computed metabolic fluxes can reveal the extra com-

plexity in SARS-CoV-2-induced metabolic reprogramming. Many of the metabolic

flux changes computed by GEM modeling are consistent with prior knowledge on

SARS-CoV-2 and other related viruses. For example, the highly coherent increase in

pyrimidine biosynthesis corresponds to the increased need of viral genome replication

and gene expression (Bojkova, Costa, et al., 2020), and pyrimidine de novo synthesis

inhibitors have been shown to have anti-SARS-CoV-2 effects (R. Xiong et al., 2020).

Inositol phosphate metabolism is important for the life cycle of many viruses due

to the structural or signaling roles of different phosphoinositides (Beziau, Brand,

& Piver, 2020), with the inhibition of certain phosphoinositides disrupting endocy-

tosis and blocking SARS-CoV-2 cell-entry (Ou et al., 2020). Fatty acid synthesis

was reported to increase in SARS-CoV-2 infection (Ehrlich et al., 2020); our results

reveal a potentially more complex pattern for different types of fatty acids, which

is paralleled by the results from several metabolomics studies (Barberis et al., 2020;

Shen et al., 2020; Thomas et al., 2020). Both TCA cycle and OXPHOS have been

shown to decrease based on gene expression during the virus infection (Ehrlich et al.,

2020; Gardinassi et al., 2020), and have been implicated in the systemic syndromes

of the virus (S. Li et al., 2021). In the GEM analysis of this study, the results only

confirmed the decrease of OXPHOS but revealed a mostly normal-functioning TCA
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cycle on the flux level, which appears to be driven by 2-oxoglutarate transported

from the cytosol (Appendix Figures 4.29 and 4.30). These flux-level patterns com-

puted by GEM modeling should be verified with isotope labeling experiments, and

their biological significance in the virus infection needs to be further investigated.

Given the importance of metabolism during virus infection, targeting host

metabolism has already been proposed as a promising novel antiviral strategy in

general (Mayer et al., 2019). Based on this proposal, I applied the MTA frame-

work to predict anti-SARS-CoV-2 targets that act via reverting the virus-induced

metabolic perturbations. MTA is not based on supervised machine learning tech-

nique, and do not use any of the validation datasets for target prediction. Yet, the

MTA predictions showed good performance during validation. It is particularly en-

couraging to see that in several cases, the validation data which was mostly from in

vitro experiments correlated well with the predictions based on in vivo human data,

for example, the predictions from the human patient scRNA-seq dataset from (Liao

et al., 2020) produced AUROC of above 0.75 when validated against the CRISPR-

Cas9 screen data from in vitro cell lines. In some datasets, however, our predictions

were not successfully validated by the genetic screen data (Figures 4.8 and 4.10),

one reason could be that MTA can only consider the metabolism-related effects

and ignores other potential mechanisms that determine the antiviral efficacy of a

target. It could also be due to biological differences between the datasets used for

prediction and those used for validation. I therefore did not explicitly exclude the

datasets with suboptimal performances in the validation to avoid overdependence

on the limited validation sets when defining the most promising set of candidates.
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Instead, I adopted a criteria of maximal support from as many datasets as possible

while assigning more weights to the in vivo human patient datasets to achieve higher

clinical relevance (as explained in Methods). In terms of the prediction for combi-

natory targets with remdesivir, the preliminary validation showed promising results

despite that validation is much more limited due to lack of data. Follow-up studies

are required to further validate the antiviral efficacy of these predicted targets.

In conclusion, it was discovered that metabolic reprogramming of the host

cells is a robust characteristics of SARS-CoV-2 infection, via the combined analysis

of multiple gene expression datasets on SARS-CoV-2 infection using both com-

mon gene-level bioinformatic analysis as well as metabolic modeling. The modeling

approached added to the gene-level analysis in revealing fine-grained metabolic al-

teration patterns in the metabolic network, and also was critical in the prediction of

metabolic anti-SARS-CoV-2 targets (both single and combinatory with remdesivir).

Although the prediction was shown to have good performance based on validation

against reported experimentally validated gene targets and drugs, these predictions

should be further validated with rigorous experiments.
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Conclusion

In this thesis, I have provide an overview of the prevalent and crucial roles that

cell metabolism plays in a wide spectrum of biological contexts and described the

value of genome-scale metabolic modeling integrated with omic data as a generic

framework for metabolic research. I first described my effort to comprehensively

evaluate and further improve the metabolic transformation algorithm which can

be used for causal factor/perturbation identification as well as therapeutic target

prediction. Having comprehensively validated the good performance of the algo-

rithm with a large number of validation datasets, I then demonstrated application

of the genome-scale metabolic modeling framework, especially with the metabolic

transformation algorithm, in two extensive case studies. In the first case, I stud-

ied the metabolic processes that regulates the anti-cancer function of CD8 T cells

in cancer immunotherapies, where metabolic modeling analysis identified the mito-

chondrial uncoupling protein UCP2 as essential for CD8 T cell anti-cancer function.

Further experimental validation confirmed the effect of Ucp2 in a mice model and

showed that Ucp2 regulates CD8 T cell stemness via modulating reactive oxygen

species levels. In the second study, I investigated the host metabolic alterations

during SARS-CoV-2 infection and predicted anti-SARS-CoV-2 targets that act via
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reversing the virus-induced host metabolic reprogramming. The predicted single tar-

gets and combinatory targets with remdesivir were validated computationally based

on published results of large-scale drug and genetic screens for anti-SARS-CoV-2

drug/target discovery. In both cases, the metabolic modeling approach was shown

effective in revealing relevant and previously unknown metabolic feactures, which

contributes to a deeper understanding of the role of cell metabolism in the respective

system under study. More importantly, the findings in both cases are directly trans-

latable to guide the development and optimization of disease therapeutics. This

showcases the value and power of the genome-scale metabolic modeling framework

in gaining novel and translational insights for the research in various fields related

to cell metabolism.
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Appendices

Additional figures and tables for each chapter are given below.

Chapter 2

Table 4.2: Gene expression datasets involving metabolic gene pertur-
bation (KO/KD/protein inhibition) collected for the validation of the
MTA algorithm and its variants

dataset.id ground.truth.gene

GSE100778.1 BCAT1

GSE100778.2 BCAT1

GSE100778.3 BCAT1

GSE10289 SDHB

GSE103007 DNMT3A

GSE103960.1 BCAT1

GSE103960.2 BCAT1

GSE104123 GMDS

GSE108656 SETDB1

GSE108742 PFKFB4
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GSE109240 NT5C2

GSE111760 ACOT12

GSE115590 DGKZ

GSE116162 SLC3A2

GSE117774 DGAT1, DGAT2

GSE117775 DGAT1, DGAT2

GSE13458 NMNAT1

GSE29750.1 NOS2

GSE29750.2 NOS2

GSE3699 DNMT1

GSE38367 UGT2B17

GSE39943.1 CHKA

GSE39943.2 CHKA

GSE42644 DNMT3B

GSE46538.1 PDE1C

GSE46538.2 PDE1C

GSE51395.1 ST3GAL1

GSE51395.2 ST3GAL1

GSE61286.1 ACACA

GSE61286.2 ACLY

GSE61843 AK4
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GSE63746 FASN

GSE64628.1 GALNT1

GSE64628.2 GALNT1

GSE67537.1 GNPNAT1

GSE67537.2 GNPNAT1

GSE68869 PTEN

GSE70561 TYRP1

GSE70637 DNMT1

GSE72320 CPT2

GSE73456 AGL

GSE75755 GALNT2

GSE76440 SHMT1

GSE76515 TUSC3

GSE76675.1 SLC16A1

GSE76675.2 SLC16A1

GSE76675.3 SLC16A1

GSE76675.4 SLC16A1

GSE8045 ALDH1A1, ALDH3A1

GSE82096 FASN

GSE84007 MTHFD2

GSE86147 DNMT1
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GSE90483 TK1

GSE90668 C1GALT1

GSE90672 C1GALT1

GSE93425.1 RRM1

GSE93425.2 RRM2

GSE94751 SLC25A10
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Figure 4.15: Comparison of the predicted percentage ranks of the
ground truth reactions across datasets from rMTA, mMTA and
MOMA, with the best parameter combinations.
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Figure 4.16: The prediction performance of rMTA across datasets with
various parameters, after removing the ground truth gene from the DE
result given as the input to rMTA.
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Figure 4.17: The prediction performance of mMeTAL across datasets
with various parameters, after removing the ground truth gene from
the DE result given as the input to mMeTAL.
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Figure 4.18: The prediction performance of MOMA across datasets
with various parameters, after removing the ground truth gene from
the DE result given as the input to MOMA.
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Chapter 3
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Figure 4.19: Computed metabolic flux distributions of the
ETC/OXPHOS reactions in the 9.2-P persistent T cells vs the 9.1-
NP non-persistent T cells in ACT.
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Figure 4.20: GSEA plot showing the enrichment for the mitochonrial
transport pathway by the top MTA predictions on essential reactions
to T cell anti-cancer function in CAR-T therapy.
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Figure 4.21: GSEA plot showing the enrichment for the mitochonrial
proton transport reactions by the top MTA predictions on essential
reactions to T cell anti-cancer function in CAR-T therapy.
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\begin{table}

\caption{Enrichment of mitochondrial transport pathway and mitochondrial

proton transport reactions by the top 10% MTA predicted reactions whose KO

can reduce T cell persistence in ACT therapy.}

reaction.set odds.ratio pval padj reaction.set.size overlap.size

Transport, Mitochondrial 4.469364 0.0000000 0.000000 178 50

Mitochondrial Proton Transport 2.732816 0.0389527 0.089362 26 6

\end{table}
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Figure 4.22: Mitochondrial uncoupling reaction rate in the 9.2-P per-
sistent T cells vs the 9.1-NP non-persistent T cells in ACT.

Figure 4.23: UCP2 expression levels in the tumor samples from respon-
ders and non-responders in various ICB datasets.
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Figure 4.24: Flow cytometry results on the level of various T cell activa-
tion, effector function, memory and senescence gene markers in genipin-
treated vs control mice Pmel-1 CD8 T cells. The gene markers are as
follows: T cell activation (CD25, CD44), memory (CD62L), effector
molecule (GzmB), senescence (KLRG1) and exhaustion (PD1). Figure
credit: Dr. Madhusudhanan Sukumar

Chapter 4

Figure 4.25: Pairwise comparison of the datasets by their top signifi-
cantly enriched pathways with Fisher’s exact tests.
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Figure 4.26: Summary of the metabolic pathway changes from GSEA
analysis across the analyzed datasets.

Figure 4.27: Pairwise comparison of the datasets by their top positive
DF reactions with Fisher’s exact tests.
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Figure 4.28: Pairwise comparison of the datasets by their top negative
DF reactions with Fisher’s exact tests.
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Figure 4.29: Visualization of the consistent flux changes in the TCA
cycle.

180



Figure 4.30: Visualization of the consistent flux changes in the reactions
involving the cytosolic counterparts of TCA cycle metabolites.
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Figure 4.31: Visualization of the consistent flux changes in the inositol
phosphate metabolism pathway.
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Figure 4.32: Visualization of the consistent flux changes in the glycine,
serine, and threonine metabolism pathway.

Figure 4.33: Summary of the enrichment of top MTA predictions from
each dataset in the host-virus PPI proteins.
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Figure 4.34: An example ROC curve for the Calu-3 dataset.

Figure 4.35: An example ROC curve for the Liao et al. single-cell
dataset.
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Figure 4.36: Summary of the significant pathways with differentially
expressed genes between the virus+remdesivir and the control Vero E6
cells
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Figure 4.37: PCA plot on the iMAT-computed metabolic fluxes from
control Vero E6 cells as well as SARS-CoV-2-infected cells with or with-
out remdesivir treatment
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Batlle, E., & Massagué, J. (2019). Transforming Growth Factor-β Signaling in

Immunity and Cancer. Immunity, 50 (4), 924–940.

http://doi.org/10.1016/j.immuni.2019.03.024

Becker, S. A., & Palsson, B. O. (2008). Context-specific metabolic networks are

consistent with experiments. PLoS Comput Biol, 4 (5), e1000082.

http://doi.org/10.1371/journal.pcbi.1000082

Beigel, J. H., Tomashek, K. M., Dodd, L. E., Mehta, A. K., Zingman, B. S., Kalil,

A. C., . . . ACTT-1 Study Group Members. (2020). Remdesivir for the

Treatment of Covid-19 - Final Report. N Engl J Med, 383 (19), 1813–1826.

http://doi.org/10.1056/NEJMoa2007764

Bekiaris, P. S., & Klamt, S. (2020). Automatic construction of metabolic models

with enzyme constraints. BMC Bioinformatics, 21 (1), 19.

189

http://doi.org/10.1038/s42255-020-0237-2
http://doi.org/10.1016/S0140-6736(00)04046-0
http://doi.org/10.3390/ijms21228623
http://doi.org/10.1016/j.immuni.2019.03.024
http://doi.org/10.1371/journal.pcbi.1000082
http://doi.org/10.1056/NEJMoa2007764


http://doi.org/10.1186/s12859-019-3329-9

Berardi, M. J., & Chou, J. J. (2014). Fatty acid flippase activity of UCP2 is

essential for its proton transport in mitochondria. Cell Metab, 20 (3), 541–552.

http://doi.org/10.1016/j.cmet.2014.07.004

Berod, L., Friedrich, C., Nandan, A., Freitag, J., Hagemann, S., Harmrolfs, K., . . .

Sparwasser, T. (2014). De novo fatty acid synthesis controls the fate between

regulatory T and T helper 17 cells. Nat Med, 20 (11), 1327–1333.

http://doi.org/10.1038/nm.3704

Beziau, A., Brand, D., & Piver, E. (2020). The Role of Phosphatidylinositol

Phosphate Kinases during Viral Infection. Viruses, 12 (10).

http://doi.org/10.3390/v12101124

Bikdeli, B., Madhavan, M. V., Jimenez, D., Chuich, T., Dreyfus, I., Driggin, E., . . .

Global COVID-19 Thrombosis Collaborative Group, Endorsed by the ISTH,

NATF, ESVM, and the IUA, Supported by the ESC Working Group on

Pulmonary Circulation and Right Ventricular Function. (2020). COVID-19 and

Thrombotic or Thromboembolic Disease: Implications for Prevention,

Antithrombotic Therapy, and Follow-Up: JACC State-of-the-Art Review. J Am

Coll Cardiol, 75 (23), 2950–2973.

http://doi.org/10.1016/j.jacc.2020.04.031

Billah, M. A., Miah, M. M., & Khan, M. N. (2020). Reproductive number of

coronavirus: A systematic review and meta-analysis based on global level

190

http://doi.org/10.1186/s12859-019-3329-9
http://doi.org/10.1016/j.cmet.2014.07.004
http://doi.org/10.1038/nm.3704
http://doi.org/10.3390/v12101124
http://doi.org/10.1016/j.jacc.2020.04.031


evidence. PLoS One, 15 (11), e0242128.

http://doi.org/10.1371/journal.pone.0242128

Blais, E. M., Rawls, K. D., Dougherty, B. V., Li, Z. I., Kolling, G. L., Ye, P., . . .

Papin, J. A. (2017). Reconciled rat and human metabolic networks for

comparative toxicogenomics and biomarker predictions. Nat Commun, 8, 14250.

http://doi.org/10.1038/ncomms14250

Blanco-Melo, D., Nilsson-Payant, B. E., Liu, W.-C., Uhl, S., Hoagland, D., Møller,

R., . . . tenOever, B. R. (2020). Imbalanced Host Response to SARS-CoV-2

Drives Development of COVID-19. Cell, 181 (5), 1036–1045.e9.

http://doi.org/10.1016/j.cell.2020.04.026

Bobrowski, T., Chen, L., Eastman, R. T., Itkin, Z., Shinn, P., Chen, C. Z., . . .

Muratov, E. N. (2021). Synergistic and Antagonistic Drug Combinations

against SARS-CoV-2. Mol Ther, 29 (2), 873–885.

http://doi.org/10.1016/j.ymthe.2020.12.016

Bojkova, D., Costa, R., Bechtel, M., Ciesek, S., Michaelis, M., & Cinatl, J. (2020).

Targeting pentose phosphate pathway for SARS-CoV-2 therapy. bioRxiv,

2020.08.19.257022. http://doi.org/10.1101/2020.08.19.257022

Bojkova, D., Klann, K., Koch, B., Widera, M., Krause, D., Ciesek, S., . . . Münch,

C. (2020). Proteomics of SARS-CoV-2-infected host cells reveals therapy

targets. Nature, 583 (7816), 469–472.

http://doi.org/10.1038/s41586-020-2332-7

191

http://doi.org/10.1371/journal.pone.0242128
http://doi.org/10.1038/ncomms14250
http://doi.org/10.1016/j.cell.2020.04.026
http://doi.org/10.1016/j.ymthe.2020.12.016
http://doi.org/10.1101/2020.08.19.257022
http://doi.org/10.1038/s41586-020-2332-7


Braunstein, A., Muntoni, A. P., & Pagnani, A. (2017). An analytic approximation

of the feasible space of metabolic networks. Nat Commun, 8, 14915.

http://doi.org/10.1038/ncomms14915

Brentjens, R. J., Davila, M. L., Riviere, I., Park, J., Wang, X., Cowell, L. G., . . .

Sadelain, M. (2013). CD19-Targeted T Cells Rapidly Induce Molecular

Remissions in Adults with Chemotherapy-Refractory Acute Lymphoblastic

Leukemia. Science Translational Medicine, 5 (177), 177ra38–177ra38.

http://doi.org/10.1126/scitranslmed.3005930

Brunk, E., Sahoo, S., Zielinski, D. C., Altunkaya, A., Dräger, A., Mih, N., . . .
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