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A Systems Biology Approach to Microbiology and Cancer

Seda Arat

ABSTRACT

Systems biology is an interdisciplinary field that focuses on elucidating complex biological pro-
cesses (systems) by investigating the interactions among its components through an iterative cycle
composed of data generation, data analysis and mathematical modeling. Our contributions to sys-
tems biology revolve around the following two axes:

e Data analysis: Two data analysis projects, which were initiated when I was a co-op at Glax-
oSmithKline, are discussed in this thesis. First, next generation sequencing data generated
for a phase I clinical trial is analyzed to determine the altered microbial community in hu-
man gut before and after antibiotic usage (Chapter[2)). To our knowledge, there have not been
similar comparative studies in humans on the impacts on the gut microbiome of an antibiotic
when administered by different modes. Second, publicly available gene expression data is
analyzed to investigate human immune response to tuberculosis (TB) infection (Chapter [3)).
The novel feature of this study is systematic drug repositioning for the prevention, control
and treatment of TB using the Connectivity map.

e Mathematical modeling: Polynomial dynamical systems, a state- and time- discrete logical
modeling framework, is used to model two biological processes. First, a denitrification path-
way in Pseudomonas aeruginosa is modeled to shed light on the reason of greenhouse gas
nitrous oxide accumulation (Chapter ). It is the first mathematical model of denitrification
that can predict the effect of phosphate on the denitrification performance of this bacterium.
Second, an iron homeostasis pathway linked to iron utilization, oxidative stress response and
oncogenic pathways is constructed to investigate how normal breast cells become cancerous
(Chapter [5). To date, our intracellular model is the only expanded core iron model that can
capture a breast cancer phenotype by overexpression and knockout simulations.

This work was funded by National Institute of Health grant number NCI-NIH 1R21CA156133-
01A1, U.S. Army Research Office grant number W911NF-14-1-0486, GlaxoSmithKline and the
Department of Education in Turkey. Results were in no way influenced by the funding agencies.
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Chapter 1
Introduction

“The essence of mathematics is its freedom.”
Georg Cantor (1845 - 1918)

Systems biology is an interdisciplinary field that aims to elucidate complex biological processes
(systems) by investigating the interactions among its components through a cycle composed of
data generation, data analysis and mathematical modeling [, 2 3]]. In order to understand a living
organism at the systems-level, we need to start studying a cell as a system, in which genes, tran-
spiration factors, microRNAs, proteins and metabolites function individually and within a larger
network. Depending on the system and the scientific question of interest, high-throughput data is
generated and analyzed to detect which components are significantly altered under different condi-
tions or perturbations. These altered components can be further used to generate hypotheses (e.g.
pathway analysis) or to be the building blocks of a mathematical model. A mathematical model
consists of a network that summarizes all the information about the system, its components and
their interactions, and a set of rules that correspond to the regulation of components over time.
Simulations of the model act as in silico experiments, reproducing a behavior of the system and
generating hypotheses. Hypotheses, generated by data analysis results or model simulations, are
then validated by experimentation (new data generation) or existing data that was not used form
model construction. This iterative process requires collaboration across many disciplines including
biology, chemistry, statistics, computer science and mathematics. One of the challenges in systems

biology is to overcome jargon barrier and facilitate crosstalk among researchers in different fields.
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1.1 Systems Biology Approach

A generic systems biology approach begins with a system of interest and a well-defined scien-
tific question formulated by life and computational scientists together. Following that, existing
literature (published data and known facts) related with this question is surveyed thoroughly us-
ing well-known databases such as PubMed (http://www.ncbi.nlm.nth.gov/pubmed) and Google
Scholar (https://scholar.google.com/) to gather information about the system, its major compo-

nents and the interactions between its components. This step is so-called literature mining.

One can also consider generating high-throughput (HTP) data (e.g. sequencing data, gene expres-
sion data, mass spectrometry data) to identify significantly changed components of the system
of interest under different conditions or perturbations (e.g. healthy vs diseased, pre-treatment vs
post-treatment, wildtype vs mutant). Several methods have been developed to preprocess, filter
and analyze HTP data (for extensive reviews, see [4} 13,16, [7]). After supporting some of the data

analysis results via existing knowledge, these results are used for hypothesis generation.

The data analysis results, specifically the significantly changed components, can be used to con-
struct a mathematical model. A mathematical model consists of a network that is a coherent picture
of the system, its components and their interactions, and a set of rules that correspond to the evo-
lution of components over time. Various approaches have been developed to infer the interactions
between these components other than literature-mining. The most common inference tools are

based on machine learning methods (e.g. Bayesian networks) and correlation-based methods.

The system components and their interactions can be visualized as a directed graph in which the
components are represented by nodes (e.g. genes, transcription factors, microRNAs and proteins)
and their interactions are represented by directed edges (e.g. upregulation/activation/induction
and downregulation/inhibition/reduction). If the nodes are genes, the directed graph is called a
gene regulatory network; if they are proteins, it is called a protein-protein interaction network. A

network is a static representation of the (dynamic) biological system.

We now need to determine how each node is regulated by others in the network. Must all regu-
lators be active/present to regulate the target node or is at least one active regulator sufficient to
regulate this target node? Such information is not always available in pertinent biological litera-
ture and should be specified as model assumptions. There are several ways to model biological
networks: discrete/qualitative (boolean models, logical models, difference equation models), con-

tinuous/quantitative (differential equation models), hybrid (combining continuous and discrete)
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and their stochastic variants. Using an appropriate modeling framework, regulation of all compo-
nents are then translated into a set of rules, which is a mathematical representation of the evolution
of the (dynamical) system over time. There is no one best, one-size-fits-all modeling framework;
mathematicians can decide which one is the most appropriate to be used depending on the existing

knowledge of the system, the scientific question of interest and size of the network.

The mathematical model, the network and the set of rules, can be simulated for several purposes
such as determining time response or dynamics of the system. The model simulations has to be
tested against existing knowledge of the system (published data and known facts that were not
used in model construction) before hypothesis generation. This model may not be optimal or a
true depiction of reality, but it is considered useful and sufficient as long as it matches well with
the existing literature and its predictions can be validated. For hypothesis generation, the model is
run under different conditions or perturbations: How would the whole system respond to certain
perturbations? How would the system be affected if a specific node is abundant/overproduced or a

specific edge (regulation) is disrupted/removed?

Hypotheses, generated by data analysis results or model simulations, are then validated by exper-
imentation (new data generation) or existing data that was not used. The whole systems biology
process is typically iterative. Some steps can be omitted depending upon the questions of interest,

known facts and generated data.

While the systems biology field has been evolving towards generating, storing and analyzing dif-
ferent types of data (e.g. genomics, transcriptomics, proteomics, metabolomics, lipidomics) to
decipher biological processes, it comes with enormous challenges such as merging different types
of -omics data and integrating them all into computational models [2]. The current work does not
propose method development for analyzing different types of data and incorporating them into a
mathematical model for a systems-level understanding of biological processes. However, it was
highly motivated by hypothesis generation and validation using techniques of comparative and
integrative data analysis and mathematical modeling, specifically in medicine and environmental
science. We mean to discover new components, interactions and factors, understand health and
disease states, reposition approved drugs, determine drug effects and investigate environmental
factors in biological processes using mathematical and statistical tools. This document consists
of four manuscripts each of which emphasizes a different aspect of these goals from a systems

biology point of view.
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1.2 Outline

Figure [I.1]is an illustration of the systems biology approach taken in this thesis. Briefly, data is
generated for a biological system of interest and a well-defined problem, and then analyzed in or-
der to construct a mathematical model for simulations and hypothesis generation. The dissertation
follows this workflow. Each chapter is its own manuscript, meant to stand alone outside the disser-
tation and was prepared for journal submission. The appendices also contain sufficient detail that

all studies can be replicated.

DATA
GENERATION

MATH
MODELING

Env. Microbiology

DATA
ANALYSIS

Microbiome
Infectious Disease

Breast Cancer

Figure 1.1: Systems biology approach taken for this study, in which two data analysis and two
mathematical modeling projects are discussed. The colon cancer project is briefly mentioned.

I have been involved in the data generation aspect of systems biology, through a project on colon
cancer. The goal is to identify key upstream regulators of a DNA mismatch repair (MMR) pathway
and the role of microRNAs on MMR genes in colon cancer. It was not a part of this thesis, but it was
discussed in Claus Kadelka’s PhD thesis, “Robustness Analysis of Gene Regulatory Networks”,
2015. My contribution to the study was to test model predictions through wet lab experiments and

keep the network model up-to-date by active literature mining.

Chapter [2] and [3|focus on the data analysis aspect of systems biology. Chapter [2] introduces a mi-

crobiome analysis pipeline for antibiotic clinical trials. We used QIIME [8&] for next generation
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sequencing (NGS) data filtering and analysis, and PICRUSt [9] and STAMP [10] for hypothesis
generation and visualization. To our knowledge, there have not been similar comparative studies
in humans on the effects on the gut microbiome of an antibiotic when administered by different
modes. This chapter is based on our published paper [[11]. Chapter 3] describes gene expression
data analysis and pathway analysis to find therapeutic targets for tuberculosis (TB) infection. For
filtering steps (e.g. MAD score, PCA) and obtaining a gene expression profile, we used Array
Studio v8.0 (OmicSoft Corporation, Cary, NC, USA). The novel feature of this study is systematic
drug repositioning against human immune response for the prevention, control and treatment of TB
using the Connectivity map [12]]. This chapter is based on a paper in preparation for submission
to PLoS Pathogens. For these studies, we acquired data (NGS data for the microbiome study and
microarray data for TB study) for filtering and analysis. After data analysis results were convinc-
ingly supported by existing knowledge (published data and known facts), some pathways for the

microbiome study and therapeutic drugs for the TB study were suggested for further investigation.

Chapter 4] and [5] focus on the predictive mathematical modeling aspect of systems biology. Chap-
ter 4{ describes a denitrification network model in a microbe, Pseudomonas aeruginosa. It is the
first mathematical model of denitrification that predicts the effect of phosphate on its denitrifica-
tion performance. This chapter is based on our published paper [13]. Chapter [ provides an iron
homeostasis pathway linked to iron utilization, oxidative stress response and oncogenic pathways
to investigate how normal breast cells transition to cancer cells. To date, our normal intracellu-
lar model is the only expanded core iron model that can capture a breast cancer phenotype by
overexpression and knockout simulations. This chapter is based on a paper in preparation for
submission to PLoS Computational Biology. For these studies, we constructed a network (deni-
trification network in environmental microbiology study and expanded core iron network in breast
cancer study) through literature mining. To model these networks, we used polynomial dynami-
cal systems (PDS), a state- and time- discrete logical modeling framework described by a set of
polynomials over a finite field [[14]. Following model validation, computer simulations provided
predictions, which were validated by either experimentation or existing knowledge that was not

used for model construction.

I also involved in the study on developing a stochastic modeling framework, which was not dis-
cussed here. The paper was published as: D. Murrugarra, A. Veliz-Cuba, B. Aguilar, S. Arat, and
R. Laubenbacher, “Modeling stochasticity and variability in gene regulatory networks”, EURASIP
J Bioinform Syst Biol, vol. 2012, no. 1, p. 5, 2012. My contributions to the study were to code the

stochastic framework, run the simulations and edit the manuscript.



Chapter 2

Microbiome Analysis in an Antibiotic

Clinical Trial

GSK1322322 (GSK*322) is a novel antibacterial agent under development, and it has known an-
tibacterial activities against respiratory and skin pathogens. We used next-generation sequencing
(NGS) of the bacterial 16S rRNA genes from stool samples collected from 61 healthy volunteers at
the pre- and end-of-study time points to determine the effects of GSK‘322 on the gastrointestinal
(GI) microbiota in a phase I clinical trial. GSK*322 was administered either intravenously (i.v.)
only or in an oral-i.v. combination. We found no significant changes in the relative abundances
of GI microbiota between the pre- and end-of-study samples for either the placebo- or i.v.-only-
treated subjects. However, oral-i.v. treatment resulted in significant decreases in the Firmicutes and
Bacteroidales, and increases in the Betaproteobacteria and Bifidobacteriaceae. To our knowledge,
there have not been similar comparative studies in humans on the effects on the gut microbiome
of an antibiotic when administered by different modes. Our study shows that dosing regimen is an

important factor when considering the impact of antibiotic usage on GI microbiota.

This chapter is based on the published paper: S. Arat*, A. Spivak*, S. V. Horn, E. Thomas, C.
Traini, G. Sathe, G. P. Livi, K. Ingraham, L. Jones, K. Aubart, D. J. Holmes, O. Naderer, and
J. R. Brown, “Microbiome changes in healthy volunteers treated with GSK1322322, a novel an-
tibiotic targeting bacterial peptide deformylase, Antimicrob. Agents Chemother., vol. 59, no. 2,
pp. 11821192, 2015. Aaron Spivak and I equally contributed to this paper: We (1) performed the
computational analysis; (2) wrote a Python script for the microbiome analysis pipeline; (3) wrote

the manuscript with Jim Brown.
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2.1 Introduction

The roles of microbial organisms in human health and wellbeing are complex and multifaceted.
Maintaining proper symbiosis between the human host and our endogenous gastrointestinal (GI)
microbial ecosystem, or microbiome, is essential for a well-functioning immune system and may
delay the onset of many chronic diseases [135, [16]]. Recently, there has been increased interest in
and concern about the potential damaging effects of prolonged antibiotic use on the microbiome
[17, (18}, [19], since oral dosing can significantly alter gut microbial communities [20, 21]. Human
epidemiological studies suggest that long-term intake of antibiotics is potentially linked with later-
life onset of inflammatory bowel diseases [22} 23], asthma [24]], and Clostridium difficile infections
[25]. Animal studies involving the dosing of different antibiotics show a potential disruption in in-
testinal homeostasis based on changes in the gut microbiota composition and bacterial metabolites
[26, 27]. With the increasing global threat of drug-resistant bacteria, new antibiotics are urgently
needed. However, recent studies suggest that more systematic analyses of the potential effects of

these agents on the human microbiome should be carried out during drug development.

Community-acquired bacterial pneumonia (CABP) is the leading cause of infectious death in de-
veloped countries, with mortality rates of 16 to 47% in subjects hospitalized with CABP who
progress to intense care unit (ICU) care [28]. GSK1322322 is a new antibiotic with a novel
mechanism of action that is effective against predominant CABP pathogens, including Strepto-
coccus pneumoniae, Haemophilus influenzae, Moraxella catarrhalis, Mycoplasma pneumoniae,
Chlamydia pneumoniae, Legionella spp., methicillin-resistant Staphylococcus aureus (MRSA),
and methicillin-susceptible S. aureus (MSSA) [29]. As a new synthetic molecule of the hy-
drazide class, GSK1322322 is a potent inhibitor of bacterial peptide deformylase (PDF), a highly
conserved and essential bacterial metalloprotease that matures newly synthesized peptides by N-
formyl group cleavage [30, 31]. GSK1322322 (GSK‘322) was shown to be well tolerated in a
randomized, double-blinded, placebo-controlled, six-cohort phase I clinical trial with 62 healthy
volunteers with repeat oral-intravenous (oral-i.v.) combination or i.v.-only dosing for 5 to 6 days
[32,133].

Targeted DNA sequencing of the bacterial 16S rRNA gene regions using next-generation sequenc-
ing (NGS) platforms, such as Illumina MiSeq, has been shown to be highly useful for cataloguing
microbiome diversity [34} 35]. In this study, we report the results of a microbiome analysis of stool
samples taken for the GSK ‘322 dose-ranging phase I clinical trial in healthy volunteers [32]. Fecal

samples were collected with consent from all volunteers at the pre-dosing and post-dosing end-
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of-study time points. Subsequently, DNA was extracted, and Illumina MiSeq DNA sequencing
analysis of the 16S rRNA variable region 4 (V4) was performed. The changes in the microbiome

community before and after dosing, as well as across dosing regimens, were determined.

2.2 Results and Discussion

A total of 119 stool samples from 62 subjects were processed for DNA purification, 16S rRNA
gene amplification, and amplicon DNA sequencing. A single oral-i.v. combination treated subject
(with both pre-study and end-of-study samples collected) was removed because of failed PCR
DNA amplification, leaving 61 subjects and 117 samples. No sample failed DNA sequencing,
with the fewest reads assigned to any sample being 33,586 and the median being 64,935 reads.
After preprocessing, the entire data set contained 20,744,830 sequences, of which 20,447,605 were
assigned to OTUs. A total of 4,662 distinct OTUs were detected among the 117 samples. Figure

illustrates the microbiome analysis pipeline for antibiotic clinical trials.

2.2.1 Microbial Community Diversity

A comparison of a-diversity rarefaction curves (chaol OTU richness estimation) showed overall
high levels of biodiversity for the samples categorized based on dosing regimen (placebo, oral-
1.v. GSK*322 combination, and GSK*322 by i.v. only) and time of collection (prestudy and end
of study) (Figure [2.2). The curves show a plateau trend, suggesting that the depth of coverage
was sufficient to capture most of the OTU proportional abundance. However, the curves for the
samples categorized as oral-i.v. combination GSK‘322 dosing at the end of the study showed

markedly lower chaol values [36], reflecting lower OTU richness in this sample subset.

Absolute bacterial abundance cannot be determined by 16S rRNA amplicon sequencing, given the
efforts to normalize the sample DNA amounts required for NGS. Assays of select bacterial species
using gene specific quantitative PCR (qPCR) reactions would be required to determine absolute
bacterial abundance (which was not performed as part of this study). However, it is known that
the use of antibiotics with bioavailability in the intestine will result in lower bacterial cell counts,
depending on the type of drug, its dosage, and level of exposure [37]. Comparisons of the a-
rarefaction curves (Figure [2.2)) show a much lower bacterial diversity in the end-of-study samples

from oral-i.v.-dosed subjects than those dosed with i.v. only, which suggests that GSK*‘322 taken
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Filtering chimeric sequences Clustering sequences into OTUs
(usearch v6.1) (uclust)
Microbial diversity Differences in OTUs relative abundance
(chao1l, UniFrac) (ANOVA)
Metagenome functional predictions Differences in KEGG pathways
(ssearch) (ANOVA)

Figure 2.1: Schematic representation of the microbiome analysis pipeline synopsis for NGS data.

orally does have certain antibacterial activity in the gut. However, systemic levels of i.v.-only-
administered GSK*‘322 have no significant impact on the gut microbiome, similar to the results

seen in placebo-treated subjects.

Using analysis of variance (ANOVA) [38] with multiple test corrections, we evaluated the po-
tential occurrences of relative abundances with the available subject metadata variables, which
included subject identifier, gender, age, body mass index (BMI), dosing levels (in mg), treatment
(placebo, i.v. only, or oral-i.v. combination), and minor diarrhea adverse events (GSK*‘322 was
well tolerated, and no subjects withdrew from the study due to severe adverse events [32, 39]).
No significant differences in the bacterial relative abundances at any OTU level (L2 through L7)
were found for the subject variables of age, gender, BMI, adverse events, or subject identifier.
Comparisons of pre-study versus end-of-study distributions of bacterial relative abundances at all
OTU levels showed no significant differences among the subjects receiving the placebo or i.v.-only

dosing regimens (Figure [2.3]A). However, in similar comparisons between pre-study versus the
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Figure 2.2: «o-diversity rarefaction plots using chaol measure of within-group diversity.

end of the study, sample plots of relative bacterial taxon abundance show that several OTUs were
markedly changed for subjects receiving oral-i.v. combination regimens (Figure 2.3B). ANOVAs
with Bonferroni‘s correction [40, 41] for multiple tests revealed significant (P value < 0.05) in-
creases and decreases in specific OTUs (Table [2.I). The bacterial families showing significant
decreases in relative abundances include various members of the phyla Firmicutes, such as Ru-
minococcaceae, Lachnospiraceae, and other Clostridiales families, which correlates with the an-
tibacterial activity of GSK*322 against Gram-positive (Firmicutes) bacterial pathogens, such as S.
aureus and S. pneumoniae. In addition, various Bacteroidales families were reduced. Some specific
species identified as having decreases in relative abundances were Faecalibacterium prausnitzii,
Parabacteroides distasonis, Bacteroides uniformis, and Blautia obeum. Other OTUs increased un-
der oral-i.v. GSK*‘322 treatment, which included members of the Betaproteobacteria (Sutterella
spp.), Gammaproteobacteria (Enterobacter spp.), and Bifidobacteriaceae (the species B. pseudo-

longum, B. adolescentis, and others).

Whether or not GSK ‘322 has a negative, neutral, or positive effect on gut microbiota communities
is difficult to assess, mainly because our knowledge of the interplay between specific GI tract bac-
terial species and human health is still evolving. For example, F. prausnitzii has been perceived to

have a protective role in the gut and in minimizing the effects of Crohn‘s disease [42]]; however,



11

Chapter 2. Microbiome Analysis in an Antibiotic Clinical Trial

Seda Arat

W e T i
-
-
n
=
-
a
3
.

1
i
i
f
b

¢ P e Bl

T

EETIEERAEERE o=

FEFIRRTAIAGE

Pre-5tudy

auePUNGY %

Figure 2.3: Histogram of proportional changes in bacterial OTU abundance at the class level. (A)

placebo and i.v.-only dosing regimen; (B) oral-i.v. dosing regimen.

recent clinical studies have questioned the causative association of this species with disease im-

provement [43]. Bacteroides spp., such as B. fragilis, have been shown to produce polysaccharides

that have beneficial immunomodulatory effects [44], while others, such as P. distasonis, can be car-

riers of multi-drug resistance loci [45]]. Proteobacterial species, including Enterobacter spp., have

been associated with instigating pro-inflammatory cascades leading to various disease pathologies

[46]. Conversely, Bifidobacterium spp. have potential immunomodulatory properties, and several

strains are actively being developed as probiotics [47]. Regardless, GSK ‘322 was well tolerated in
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OTU % Change | Corr. P-value
Firmicutes; Clostridia; Clostridiales; Ruminococcaceae; Faecalibacterium prausnitzii -4.82 1.2582E-09
Firmicutes; Clostridia; Clostridiales; Ruminococcaceae -7.85 7.5614E-07
Bacteroidetes, Bacteroidia; Bacteroidales[Odoribacteraceae]; Odoribacter -0.40 8.4503E-07
Firmicutes; Clostridia; Clostridiales; Ruminococcaceae; Faecalibacterium -0.01 2.2920E-05
Bacteroidetes; Bacteroidia; Bacteroidales; Porphyromonadaceae; Parabacteroides distasonis -0.76 3.5451E-05
Firmicutes; Clostridia; Clostridiales; Lachnospiraceae; Blautia -0.29 6.6706E-05
Proteobacteria; Betaproteobacteria; Burkholderiales; Alcaligenaceae; Sutterella +9.43 2.4570E-04
Actinobacteria; Actinobacteria; Bifidobacteriales; Bifidobacteriaceae; Bifidobacterium pseudolongum +0.15 3.9237E-04
Actinobacteria; Actinobacteria; Bifidobacteriales; Bifidobacteriaceae; Bifidobacterium adolescentis +7.58 1.1377E-03
Bacteroidetes; Bacteroidia, Bacteroidales[Barnesiellaceae] -1.34 1.3239E-03
Firmicutes; Clostridia, ClostridialesfMogibacteriaceae] -0.05 1.6670E-03
Firmicutes; Clostridia; Clostridiales; Lachnospiraceae +7.65 3.0110E-03
Actinobacteria; Actinobacteria; Bifidobacteriales; Bifidobacteriaceae; Bifidobacterium +6.44 6.4763E-03
Bacteroidetes; Bacteroidia; Bacteroidales[Odoribacteraceae]; Butyricimonas -0.27 2.0858E-02
Proteobacteria; Gammaproteobacteria; Enterobacteriales; Enterobacteriaceae +7.40 2.5116E-02
Bacteroidetes; Bacteroidia; Bacteroidales, Bacteroidaceae; Bacteroides uniformis -4.13 2.5985E-02
Firmicutes; Clostridia; Clostridiales; Lachnospiraceae; Anaerostipes -0.06 4.1837E-02
Firmicutes; Clostridia; Clostridiales; Lachnospiraceae; Blautia obeum -0.01 4.6599E-02

Table 2.1: Significantly changed OTUs in subjects receiving oral-i.v.-administered antibiotic in pre- versus

post-study comparisons based on mean proportional abundance.

this phase I clinical trial subject group, and gastrointestinal AEs, as monitored, were uncommon

and did not prevent volunteers from completing the dosing regimen [32, [39].

The concurrent increase in some bacterial groups with the decrease of others for the end-of-study

oral-i.v. dosing regimen of GSK‘322 potentially reflects dynamic changes in the gastrointestinal

tract microbial ecosystem caused by antibiotic exposure. Dethlefsen and Relman [48] character-

ized the microbiome from three volunteers taking two courses of the antibiotic ciprofloxacin for 10

months and found profound shifts in the overall gut microbial ecosystem, reflecting potential niche

replacement of one bacterial species or group by another. Similar to terrestrial and aquatic ecosys-

tems, certain bacterial species might have more prominent roles in shaping the overall composition

of the microbiome and be potential keystone species; alterations of their abundances might lead
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to new niches being available for exploitation by lower-abundance species that might be from the
same or different taxonomic groups [49, 50]. We can only speculate that some of the dynamic
changes in bacterial species abundances induced by oral-i.v. GSK‘322 dosing regimens might
reflect a disruption in interspecies interactions. While beyond the scope of the present study, it
would also be interesting to monitor how the observed changes in bacterial species are reversible

over time, especially the resilience of the microbiome to return to its pre-dosing state.

We assessed the overall differences between the bacterial communities of the samples, as parti-
tioned by all available metadata variables (i.e. age, gender, BMI, subject identifier, adverse events,
dose level, and treatment) using (5-diversity indices calculated for unweighted UniFrac measures of
OTU phylogenetic distance [S1]]. Principal coordinate analysis (PCoA) plots of S-diversity indices
revealed that the clearest separation of bacterial communities occurred for either dosing regimen
(mg) or treatment (i.e., oral-i.v., i.v. only, and placebo). Here, the end-of-study samples from the
subjects receiving the oral-i.v. dosing regimen formed a well-separated cluster from all the pre-
study samples, regardless of treatment, as well as end-of-study samples from either the placebo or

1.v.-only-treated subjects (Figure [2.4).

2.2.2 Functional Analysis

We looked for potential functional changes in oral-i.v.-dosed bacterial communities by comparing
pre-study to end-of-study matched samples using the software PICRUSt [9], which uses 16S rRNA
sequence profiles to estimate metagenomic content based on reference bacterial genomes and the
KEGG pathway database [52]. The most significant increased pathway representations in the end-
of-study samples were membrane transport, which includes multi-drug transporters, xenobiotic
metabolism and degradation, and signal transduction (Figure [2.5)). The pathways with decreased
presence in the samples were metabolism of terpenoids and polyketides, protein folding, sorting

and degradation, and metabolism of cofactors and vitamins.

The functional analyses suggest that the greatest changes occurred in pathways potentially involv-
ing resistance mechanisms, such as efflux pumps, xenobiotic (antibiotic) metabolism, and adaptive
resistance via lowering of the growth rate (i.e., slowing of metabolic pathways and DNA repair)
[S3, 154} 155]. However, our functional analyses are highly provisional, insofar as the computational
method employed by PICRUSt infers metagenomic content indirectly based on computed linkages
between 16S rRNA gene signatures and reference bacterial genomes [9)]. Direct metagenomic

DNA sequencing will be required to substantiate the inferences of the genomic potential of the
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Figure 2.4: S-diversity plots of between-group diversity based on treatment (A) and dosage (B).

microbiome made here in this study.
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2.3 Materials and Methods

2.3.1 Clinical Study Design

The study design and subject population were described previously by Naderer et al. 39].
Briefly, adults age 18 to 65 years with a body mass index (BMI) of 18.5 to 29.9 kg/m2 and in gen-
erally good health were eligible for enrollment. Female volunteers of non-childbearing potential
were also eligible. Single-dose oral tablet (500 mg each) doses of GSK ‘322 (for a total of 1,000 or
1,500 mg) were administered in two cohorts (B and C) to determine absolute bioavailability, mean
absorption time, and systemic exposure of oral tablet administration (Table [2.2)). Single-dose es-
calation of i.v. GSK*322 from 500 to 3,000 mg was administered in six cohorts (Al, A2, B, C,
D, and E) to determine tolerability, dose proportionality, urinary excretion, and systemic exposure.
The highest dosages, 2,000 mg and 3,000 mg, were administered in i.v.-only formulations. Repeat-
dose escalation of i.v. GSK*322 from 500 to 1,500 mg was administered in six cohorts (A1, A2,
B, C, F1, and F2) to evaluate tolerability, the accumulation ratio, time invariance, and systemic
exposure. In addition, two formulations for i.v. administration of GSK‘322 were evaluated for
safety and tolerability: a free-base formulation (in cohorts A1, A2, B, and C) and a more stable

mesylate salt preparation (in cohorts D, E, F1, and F2).
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Cohort | Dosed/Placebo Dose (mg) Protocol

Al, A2 8/4 Single dose, 500 i.v. GSK*‘322/placebo — BID for 4 days
B 6/2 Single dose 1,000 oral — 1,000 i.v. GSK*322/placebo— BID for 4 days
C 18/3 Single dose 1,500 oral — 1,500 i.v. GSK*322/placebo — BID for 4 days
D 3/1 Single dose 2,000 i.v. GSK‘322/placebo
E 3/1 Single dose 3,000 i.v. GSK*322/placebo

F1,F2 8/4 1,000 i.v. GSK‘322/placebo BID for 4 days

Table 2.2: Overview of dosing regimen and clinical study design. (BID: two times a day)

Volunteers were admitted to the study unit the day before drug administration and discharged after
the study procedures were completed on day 3, 5, or 7, depending on the cohort. All oral doses
were administered following an overnight fast of at least 10 h. Standardized meals were served
daily while volunteers were housed within the unit. Each volunteer provided written informed
consent. The study was approved by an institutional review board (Western International Review
Board, Olympia, WA) and was conducted in accordance with good clinical practice and the Dec-
laration of Helsinki. Four volunteers withdrew from the study due to mild adverse events (AEs)
(two patients with irritation, one patient with urticaria at the i.v. infusion site, and one patient with

moderate pruritic rash) [39].

2.3.2 Sample Collection, DNA Extraction and Sequencing

With the consent of the subjects, stool samples were collected during this study for measuring the
microbiome. The samples were collected pre-dose and at the end of the study treatment. The stool
samples were collected with a sterile spoon, transferred into a pre-labeled stool collection tube
containing 8 ml of stool DNA stabilizer, mixed by shaking, and then immediately stored frozen
at 20 °C prior to shipment. Care was taken to minimize any sample contamination and reduce
prolonged exposure to air. For DNA extraction, the frozen stool samples were completely thawed,
and DNA was isolated from approximately 1.4 ml of each homogenized sample using the PSP
Spin Stool DNA Plus kit (Invitek, Berlin, Germany). DNA was isolated, as per the manufactur-
ers instructions. Each DNA sample was quantified by spectrophotometry (NanoDrop, ND-1000;
Thermo Scientific, DE, USA) prior to PCR amplification.
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Multiplex bar-coded primers were used for paired-end sequencing of the 16S rRNA variable 4 (V4)
region on the [llumina MiSeq platform (Illumina, San Diego, CA). We used the 16S rRNA V4 re-
gion primers 515F (5=-GTGCCAGCMGCCGCGGTAA-3=) and 806R (5=-GGACTACHVGGGT
WTCTAAT-3=), as recommended by Caporaso et al. [S6], for maximal coverage of bacterial
phylogeny. The 16S rRNA gene primers were combined with the appropriate barcode and linker
oligonucleotides. Illumina amplicon library generation was performed as described previously
[S6], except for the additional steps of purification of the PCR products after amplification by
AMPure (Beckman Coulter, Brea, CA) and quantification by spectrophotometry (NanoDrop, ND-
1000; Thermo Scientific, DE), followed by normalization using SequalPrep (Life Technologies,
Carlsbad, CA). The amplified bar-coded DNAs from 119 samples were then pooled. The samples
were controlled for quality and quantity using an Agilent Bioanalyzer (Santa Clara, CA) chip for
the absence of primer-dimers and accurate sizing of product, as well as quantified using quantitative
PCR (qPCR) (Kapa Biosystems, Wilmington, MA). The samples were diluted to a final dilution of
7 pM, combined at a 95:05 ratio with 7pM of PhiX control, and run on a MiSeq 2150 cycle run.
The Illumina sequencer instrument, reagents (MiSeq reagent kit version 2 300 cycle), and pooled
samples were prepared according to Illumina MiSeq protocols. Data collection and base calling
were performed on the MiSeq instrument using CASAVA 1.8 (Illumina). After the removal of
sequences that failed the Illumina quality filtering, the reads were converted to the FASTQ format.
Sequence quality using FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) was

determined before and after demultiplexing of the samples.

2.3.3 Microbiome Data Analysis

Additional quality filtering and analyses of multiplexed DNA sequencing reads from the forward
primer were performed using the software QIIME 1.7 [8]. The reads were truncated at the base
preceding the first low-quality stretch, and only reads of 75 bases long were retained. The reads
were discarded if the sequence contained one or more ambiguous base calls or if the barcode
sequence contained any mismatch errors. PCR chimera filtering was accomplished using usearch
version 6.1 [57]]. The closed-reference QIIME protocol was used with the UCLUST method [S7]
to select operational taxonomic units (OTUs). The sequences with 97% identity were clustered
together. A representative sequence from each cluster was used to identify the bacterial taxa from
the May 2013 edition of the Greengenes 16S rRNA database [38, I59]. OTUs containing fewer

than two sequences were discarded, and sequences with 60% similarity to those in the Greengenes


http://www.bioinformatics.babraham.ac.uk/projects/fastqc/

Seda Arat Chapter 2. Microbiome Analysis in an Antibiotic Clinical Trial 18

database were also discarded to remove potential contaminants from the data set.

The OTU table was rarefied to a depth of 33,582 sequences, and the resultant table was used for di-
versity analyses, as per the recommended guidelines. 5-diversity was estimated using the UniFrac
metric to calculate the distances between the samples and visualized by principal coordinate anal-
ysis (PCoA) [60]. Analyses of variance (ANOVAs) [38] of the treatment effects and each OTU
category (L2 [phylum] to L7 [OTU]) were calculated using QIIME 1.7 [8] and custom R scripts.

Potential changes in the microbiome at the functional level were determined using the software
PICRUSt [9], with default settings, and the Kyoto Encyclopedia of Genes and Genomes (KEGG)
database release 70.0 [61} 52], and they were visualized using STAMP [[10]. The human-specific
pathways were removed from the results to focus on true bacterial pathways. Bonferroni-corrected

P values of 0.05 were used to determine the statistical significances for all analyses.

2.4 Conclusion

In this study, we evaluated the effects of a novel antibacterial drug, GSK1322322 (GSK*322),
on the human gut microbiota in a randomized dose-escalating phase I clinical trial with matched
placebo controls in healthy volunteers. We found the most significant effect on microbiota was the
method of drug administration. No significant differences in relative bacterial abundances were ob-
served for either the placebo or i.v.-only-treated subjects. However, significant changes in relative
bacterial abundances and distinct S-diversity clustering were found for the oral-i.v. combination
treatment. Our study adds to the growing body of literature on the potential short- and long-term
effects of antibiotics on the gut microbiome in several important ways. First, our longitudinal inter-
ventional study design with matching pre-study and end-of-study samples from the same subjects
on oral-i.v., i.v.-only, and placebo dosing regimens allowed us to evaluate the potential effects of
GSK*322 on the microbiome in terms of changes within individuals as well as by the drug deliv-
ery method. Previous studies on the effects of antibiotics on human microbiota have compared
population cohorts delineated by treatment or nontreatment, which, although informative, can be
confounded by interindividual variation in personal microbiome compositions [62]. Other reports
of the longitudinal monitoring of microbiome changes over time under antibiotic treatment have

been limited to much smaller numbers of human subjects than those used in our study [48].

Second, GSK*322 is a new generation of antibiotics with a very specific mechanism of action and

a known bacterial target, peptide deformylase (PDF), which is essential for bacterial survival and
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proliferation [63]]. Additional insights are gained from the fact that PDF is an unexploited bacterial
target, and there has been little clinical exposure to PDF inhibitors [64]. Therefore, we were able
to evaluate the effects of GSK‘322 on the microbiota in terms of the potential variation in the
target sequence and pathways across bacterial taxa without the confounding effects of selection for

resistance due to the historical clinical usage of this class of drugs.

In the growing discourse over the potentially negative effects of long-term antibiotic exposure on
beneficial microbes in our GI tract, it is important to consider the route of drug administration into
the human body [17]]. To our knowledge, there have not been similar comparative studies in hu-
mans on the effects on the gut microbiome of an antibiotic when administered by different modes.
Zhang et al. [635] inoculated mice with antibiotic-resistant tet(M)-carrying Enterobacter spp. or
blaCMY-2-carrying E. coli and then administered different doses of either tetracycline hydrochlo-
ride or ampicillin by oral and i.v. routes. They found that mice receiving orally administered
antibiotics had significantly higher levels of antibiotic-resistant bacterial strains, while i.v.-treated
animals had negligible changes. These differences might be due to renal versus gastrointestinal
tract secretion of i.v. and orally administered antibiotics, respectively. The greatest current med-
ical need for new antibiotics is to treat emerging drug-resistant bacterial strains in hospitalized
critical care patients. In this patient population, i.v. administration is the most likely delivery route
for these future drugs, which will potentially minimize their impact on the GI microbiome and

mitigate any selection pressure favoring the propagation of antibiotic resistance genes.

Our study shows specific changes in the microbiome associated with the novel antibacterial com-
pound GSK*322. Importantly, the effects are mitigated by the drug delivery method, and no sig-
nificant changes in the relative abundances of any bacterial taxa were observed for subjects treated
with the 1.v.-only dosing regimen. Dosing with an oral component did result in significant changes
in some bacterial taxa and shifted overall bacterial community diversity measures away from those
of samples taken from subjects either pre-study for placebo, i.v.-only, and oral-i.v. dosing or at the
end of the study for placebo and i.v.-only dosing. However, while the changes in the microbiota
were subtle, the differences were significant and specific to particular bacterial groups. Future mi-
crobiome analyses involving different antibiotics in clinical trials will be valuable for understand-

ing potential interactions between antibiotics and human gastrointestinal microbial communities.
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Chapter 3

Meta-analysis of Human Immune Response

to Tuberculosis

As the etiologic agent of tuberculosis (TB), Mycobacterium tuberculosis (Mtb) infects approxi-
mately 2 billion people worldwide and is the leading cause of morbidity and mortality due to in-
fectious disease. Current standard of TB therapy involves a regimen of four antibiotics: isoniazid,
rifampicin, pyrazinamide, and ethambutol. Although effective at the onset of administration, the
confounded intervention and prolonged period of treatment quickly present as challenges for both
patient compliance and the notorious multidrug-resistance (MDR) of Mtb. Therefore, there is an
imperative need to develop novel therapeutic approaches for the prevention, control and treatment
of TB by targeting the host factors essential for pathogen invasion. Here, we perform an integra-
tive analysis of publicly available human gene expression data to investigate immune response to
TB infection. We identify host pathways that are significantly enriched across different compar-
isons in pulmonary and latent TB infections and proposed several opportunities of repositioning
13 existing drugs toward the TB therapeutics. Although 6 of these potential repositioned drugs are
already involved in TB-related studies, the remaining 7 are approved drugs for the treatment of

cardiovascular disease and neurological disorders.

This chapter is based on a paper draft: S. Arat*, Z. Wang*, J.R. Brown, and M. Magid-Slav, “Meta-
analysis of human host gene expression response to Mycobacterium tuberculosis infection”, PLoS
Pathogens (in preparation). Zhang Wang and I contributed equally to this paper. We (1) played a
major role on the computational analysis of the study; (2) wrote R scripts for filtering the data; (3)

analyzed and interpreted the results; (4) wrote the manuscript.

21
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3.1 Introduction

As the etiologic agent of tuberculosis (TB), Mycobacterium tuberculosis (Mtb) infects approxi-
mately 2 billion people worldwide and is the leading cause of morbidity and mortality due to in-
fectious disease [660]. Tuberculosis principally occurs in the lung, but could also infect other body
sites such as kidney, spine and brain and become fatal if not properly treated. Both a latent and an
active phase exist for the TB infection. The majority of infected individuals are thought to have
a latent infection, in which they are asymptomatic with no clinical evidence of disease for years
or decades. During the latent infection, Mtb is phagocytosed by macrophages, which trigger host
immune response and the recruitment of additional macrophages and monocytes that ultimately
form an organized structure called granuloma. Mtb was kept dormant and non-replicative within
granuloma that suppresses the immediate threat of active infection and successfully evades further
immune response. Approximately 5-10% of latent patients will go on to develop active TB, in
which Mtb would provoke an active host immune response should the host be immunosuppressed.
And when the granuloma breaks down, the quarantined Mtb will be released to the airways and
transmitted to the next host, leading to the spreading of the infection. Current standard of TB ther-
apy involves a regimen of four antibiotics: isoniazid, rifampicin, pyrazinamide, and ethambutol,
taken with an initiation of 2 months and a continuation phase of 4-7 months. Although effective at
the onset of administration, the confounded intervention and prolonged period of treatment quickly
present as challenges for both patient compliance and the notorious multidrug-resistance (MDR)
of Mtb. Therefore, there is an imperative need to develop novel therapeutic approaches for the

prevention, control and treatment of TB.

The rapid emergence of antibiotic resistance that outpaced the development of novel antibacte-
rials has brought the attention of a new therapeutic paradigm by targeting the host factors es-
sential for pathogen invasion [67, |68]. Bacterial pathogens exploit host cells for its survival and
proliferation through modulating multiple host pathways. For example, gram negative bacteria
such as Escherichia, Salmonella, Shigella and Yersinia invade host cells through manipulating
the host heterotrimeric GTP-binding protein (G protein) signaling, ubiquitination and MAPK-
signaling pathways leading to cytoskeletal remodeling. Several intracellular bacterial pathogens
like Legionella pneumophila, Brucella abortus, and Salmonella enteric secrete virulence factors
to manipulate the host phosphoinositide-3-kinase (PI3K) lipid signaling pathway. Also, specific
actin-rich pedestal structures made from host microtubules and other cytoskeleton components are

essential for the infection of enterohemorrhagic and enteropathogenic Escherichia coli and some
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intracellular pathogens.

Targeting the host-pathogen interactions has its advantages over the traditional antibacterials on
therapeutic intervention of infectious diseases in several ways. Firstly, unlike the fast evolve-
ment of antibiotic resistance of pathogens, host pathways are potentially less susceptible to the
strong selective pressure that drives the bacterial genome evolution to an extreme. Consequently,
compounds targeting the host factors could be more recalcitrant to the rapid development of drug
resistance as compared to antibiotics. Secondly, compared with antibacterial drugs, there are more
existing and developable compounds targeting host related factors in the current pharmaceutical
collections, thereby offering greater opportunities for repositioning known drugs to new indica-
tions. At the mean time, a potential drawback of such host-directed compounds could be the toxic
side effects to the host by mis-targeting undesirable host factors or compromising the host immune
system. Therefore, a precise and comprehensive understanding of host-pathogen interactions is

required to carefully select host factors as therapeutic targets.

Several studies have generated extensive human microarray gene expression datasets for subjects
infected with M. tuberculosis with the primary objective of developing diagnostic biomarkers for
detection of TB infections [69, 70, 71,[72,[73]. Few studies have systematically searched for poten-
tial therapeutic opportunities aimed at targeting human cellular pathways during M. tuberculosis
infection. We have previously demonstrated the possibility of identifying host targets in response
to both bacterial and viral infections using public microarray datasets (74, [75]. Here we adopted
a similar computational biology framework and performed a comprehensive meta-analysis of host
gene expression profiles in response to both latent and active TB infections. We identified host
pathways that were significantly enriched across different comparisons and proposed several op-

portunities of repurposing existing drugs toward TB treatment/therapeutics.

3.2 Results and Discussion

3.2.1 Dataset Selection and Quality Filtering

We employed an iterative process of database querying, data filtering and common pathway anal-
ysis across all datasets (Figure [5.1)). At the time of this study, there were 39 Gene Expression
Omnibus (GEO) datasets for human gene expression during either latent or active TB infection.

After filtering based on inclusion criteria (see Material and Methods), a total of 11 unique datasets
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(GSE19435, GSE19439, GSE19444, GSE29536, GSE34608, GSE41055, GSE42826, GSE54992,
GSE56153, GSE65517, GSE62525) were retained. GSE41055, GSE42826, GSE56153 and GSE62525
were excluded because of the extreme non-normal distribution of their raw data as suggested by
kernel density. A final set of 7 datasets with 7 human gene expression profiles for active/pulmonary
tuberculosis (PTB) comparisons and 3 profiles for latent tuberculosis (LTB) comparisons were se-

lected for downstream analysis (Table[3.1).

/

Dataset Selection
- Human mRNA gene expression profile
- At least 1lhealthy and Mtb infected group
- At least 3 samples for each group
- [7 datasets found through PubMed]

Quality Control
- Kernel Density
- MAD Score / PCA
- Correlation
- [8 Samples removed through ArrayStudio]

N

Differential Expression Analysis
- |Fold Change| >=1.5
- P-value < 0.05
- Least square mean > Log,50
- [241 DEGs in PTB through ArrayStudio]

~ ~

Drug Repositioning

Pathway Enrichment Analysis Upstream Regulator Analysis

- P-value < 0.01
- [54 enriched pathways through MetaCore]

- Enrichment score < 0
- P-value < 0.05
- Specificity <= 0.1
- [36 compounds through Cmap]

- |Z-score| >=2

- [87 upstream regulators through
MetaCore]

Figure 3.1: Outline of the iterative analysis process.

Within each dataset, we further filtered out potential outliers using our quality control (QC) criteria
in Array Studio v8.0 (OmicSoft Corporation, Cary, NC, USA). For example, sample GSM484369
from GSE1943 failed to meet the criteria for both pairwise correlation and kernel density and were
thus excluded from downstream analysis. Similarly, samples GSM484458 and GSM484465 in
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Datasets | Reference | Cell line/Patient sample | Platform | PTB | LTB | CTRL | Outliers
GSE19435 [69] PBMCs [llumina 12 0 7 1
GSE19439 [69] PBMCs [llumina 17 13 6 2
GSE19444 [69] PBMCs [llumina 20 20 12 0
GSE29536 [70] Blood samples Illumina 9 0 6 0
GSE34608 [71] Blood samples Agilent 8 0 18 2
GSES54992 [72] PBMCs Affymetrix | 9 6 6 3
GSE65517 [73] PBMCs [llumina 3 0 3 0

Table 3.1: Profiles of the GEO datasets that pass all criteria filters.

GSE19439, and samples GSM851876 and GSM851889 in GSE34608 were filtered out as outliers
in both MAD scores and pairwise correlation. In total, 58 control, 39 latent and 78 active samples

from all the 7 datasets passed the QC criteria for differential expression analysis.

3.2.2 Differential Expression Analysis

Differential expression analysis was performed for each of the 7 datasets using Array Studio v8.0
(OmicSoft Corporation, Cary, NC, USA). The gene expression levels in each comparison group
were log, transformed and fit into a general linear model. A moderated t-test was performed to
identify differentially expressed genes (DEGs) with a False Discovery Rate (FDR) corrected p-
value < 0.05, a fold change of 1.5 or above in either direction and a least square mean (LSM)
greater than log,50. For LTB comparisons, we used the raw p-value as criteria since no gene was
retained under the adjusted p-value cutoff for all datasets. Genes were further ranked by the num-
ber of comparison groups in which they were differentially expressed at the same direction. For
the PTB comparisons, there were 241 DEGs that were significantly up- or down-regulated in at
least 4 out of 7 datasets, with LAP3, JAK2, COP1, C1QB and PARP?9 identified as consistently
unregulated in all datasets. Figure 3.2 shows a heatmap of differentially expressed genes for PTB
comparisons. Blue represents significantly down-regulated genes and yellow represents signifi-
cantly upregulated genes. The genes that were not significantly changed are colored in white. On

the other hand, only one gene, FCGR1B, was identified as significantly up-regulated in 2 out of the
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3 LTB comparison groups, indicating almost unobservable host responses were provoked during

the latent TB infections.
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Figure 3.2: Differential gene expression profile. FC: fold change; Blue: FC < -1.5; Yellow: FC >
1.5; White: -1.5 <FC < 1.5

3.2.3 Pathway Enrichment Analysis

Differentially expressed genes (DEGs) from each comparison group were then analyzed for en-
riched functional pathways using MetaCore v5.0 from Thomson Reuters. In total, there were 22
pathways significantly enriched in at least 5 out of the 7 PTB comparison groups (p-value< 0.01)
(Table [3.2)), most of which were involved in host immune and inflammatory responses. Of these,
two pathways, Role of PKR in stress-induced antiviral cell response and Bacterial infections in CF
airways, were significantly enriched in all the 7 PTB comparisons. 19 out of 22 genes that were

connected with PKR in the Role of PKR in stress-induced antiviral cell response pathway were
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identified as DEGs in at least one dataset, indicating a central role of PKR as both regulator and
effector in host response to active TB infections. Notably, several pathways not usually associated
with immune response were also identified as pervasively enriched, such as Cytokine-mediated
regulation of megakaryopoiesis, Thrombopoetin signaling via JAK-STAT pathway and Integrin

inside-out signaling in T cells.

Pathway TB-related Study
Immune response: Role of PKR in stress-induced antiviral cell response X
Bacterial infections in CF airways X
Apoptosis and survival: Apoptotic TNF-family pathways X
Immune response: IL-1 signaling pathway X
Immune response: HMGB1/TLR signaling pathway X

Development: Cytokine-mediated regulation of megakaryopoiesis -

IL-6 signaling in multiple myeloma -

Immune response: Bacterial infections in normal airways X

Development: Thrombopoetin signaling via JAK-STAT pathway -

Immune response : IFN gamma signaling pathway X
Signal transduction: PTMs in IL-12 signaling pathway X
Immune response: IL-15 signaling via JAK-STAT cascade X
Immune response: IFN alpha/beta signaling pathway X
Immune response: IL-10 signaling pathway X
Immune response: Generation of memory CD4+ T cells X
Immune response: IL-18 signaling X
Stimulation of TGF-beta signaling in lung cancer X
Cell adhesion: Integrin inside-out signaling in T cells X

Development: Growth hormone signaling via STATs and PLC/IP3 -

Development: Prolactin receptor signaling -

LRRK2 and immune function in Parkinson’s disease ~

Immune response: Inflammasome in inflammatory response X

Table 3.2: The common enriched pathways in at least 5 PTB datasets.

Almost all the pathways are already studied in TB-related research except cytokine-mediated reg-
ulation of megakaryopoiesis, IL-6 signaling in multiple myeloma, thrombopoetin signaling via

JAK-STAT pathway, growth hormone signaling via STATs and PLC/IP3, and prolactin receptor
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signaling. LRRK?2 gene (and immune function in Parkinson’s disease) and its association with sus-
ceptibility to TB infection has been being investigated by Gutierrez Group supported by Michael

J. Fox Foundation since 2013.

TB is also considered in the context of excessive cytokine production that might trigger immunoen-
docrine response. del Rey and her colleagues highlighted that several hormone levels were altered
in active TB patients compared to healthy controls [[76]]. Although growth hormone and prolactine
hormone plasma levels are elevated in this study, they are not in our DEGs list; yet growth hormone
(GH) signaling and prolactin (PRL) receptor signaling pathways were significantly enriched in 5
PTB comparisons. Some studies suggest that GH and PRL stimulate cell-mediated immunity by

activating macrophages human phagocytic cells and might be involved in the progression of TB.

In comparison, analysis of differentially expressed genes for the 3 LTB comparison groups reveals
a total of 19 pathways that were significantly enriched in either one of the three groups. However,

none of these pathways was shared by any two groups.

3.2.4 Upstream Regulator Analysis

For each comparison group, we also looked for upstream regulators that are highly connected with
and predicted to regulate DEGs in each dataset using MetaCore. The connectivity of each upstream
regulator was assessed by z-score, which essentially measures the deviation of the actual number
of connections in the pathways from the expected number of connections from hypergeometric
distribution. A number of 87 genes were identified as highly connected upstream regulators in at
least 4 out of the 7 PTB comparisons (average z-score > 2), 28 of which were highly connected
in all the 7 comparisons (Table [3.3] Among all the 7 PTB comparisons, the upstream regulator
with the highest average z-score was IRF1 (14.6), which was followed by IRF8, MYC, CREBI,
STAT1 and IRF4. As members of the interferon regulatory factor (IRF) family, both IRF1 and
IRF8 are implicated in host resistance to intracellular infection and known to play a critical role
in the pathogenesis of TB. Yamada et. al. investigated the role of IRF-1 in the mycobacterial
infection in vivo and found that IRF-1 knockout mice were highly susceptible to Mtb infection
[7'7]. Similarly, Marquis et al. suggested that mice bearing a defective IRF-8 allele were extremely
susceptible to M. tuberculosis with a rapid and uncontrolled Mtb replication in various tissues [[78]].
IRF8 acts as a co-activator of IRF1 to stimulate transcription activation of IFN-gamma during host
response to TB. Consistently, our results suggest that both IRF1 and IRF8 are important regulators

of host immune response to TB by connecting to the largest number of DEGs in the pathways.
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In addition, BCL6, MYC, NFKB, STAT1 and STAT2 were among the 241 DEGs in at least 4 out
of the 7 comparisons, providing independent evidence for the role of these genes in controlling
the downstream effectors through their own expression levels. Not surprisingly, a dramatically

reduced set of 13 upstream regulators were identified in either one of the three LTB comparisons,
with SP1 being the only gene shared by at least two datasets (GSE54992 and GSE19439).

3.2.5 Drug Repositioning Analysis

The Connectivity map (Cmap) is a powerful tool for drug repurposing based on the similarity of
gene expression signatures between diseases and compounds [12]. We performed a Cmap analysis
to associate the gene expression profile of each of the PTB comparison groups with the gene
expression signature of all public compounds, to look for potential opportunities of repurposing
existing drugs to TB therapeutics. A maximum of 250 up-regulated and 250 down-regulated genes
in each comparison group was used to generate the gene expression signature. And the compounds
that have a gene signature inverse to the disease signature were identified. A total of 36 compounds
were identified in at least 2 out of the 7 PTB comparisons. 11 of which is approved compounds
in the DrugBank database (Table[3.4). Among them, the compound sulfadimidine had the highest
prevalence by being present in 5 comparisons. This was followed by oleandomycin, harmaline and

sulfacetamide which were present in at least 3 PTB datasets.

These 11 approved drugs can be classified in 4 groups based on their treatment area: infectious dis-
ease, cardiovascular, cancer and neurological disorder. The drugs used to treat infectious disease
are already used in TB-related research. Since we are mainly interested in human host-targeting
drugs, the drugs to treat cardiovascular diseases (Ajmaline, debrisoquin, methoxamine), neurolog-
ical disorders (phensuximide, trazodone) and cancer (aminoglutethimide) can be further investi-
gated as a potential therapeutics for TB infection. On the other hand, no compound was found to
be shared by at least 2 out of the 3 LTB comparisons, suggesting a lack of consistency in gene

expression signature during latent TB infections.
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3.3 Materials and Methods

3.3.1 Data Sources, Selection and Quality Control

The National Center for Biotechnology Informations (NCBI) Gene Expression Omnibus (GEO)
database (http://www.ncbi.nlm.nih.gov/geo/ accessed May 2015) was queried for human mRNA
datasets involving Mycobacterium tuberculosis (Mtb). Filtering steps reduced the number of
datasets to 7 datasets (Table [3.I). GEO datasets were selected based on the following inclusion

criteria:

e Gene expression profile is derived from human cells and probed using a human-based genome

array platform and not other species
e The array platform is supported by either [llumina, Agilent or Affymetrix
e The bacterium infected is wild-type Mtb
e There is at least one control group and treatment group
e The control group consists of only healthy volunteers
e The treatment group consists of patients only infected by Mtb

e Each treatment group and control group have at least three samples

Here, group is a collection of blood samples, each of which originates from their own array chip.
Control group is a collection of blood samples from healthy volunteers whereas treatment group is

a collection of blood samples from Mtb patients.

The raw expression data was processed using ArrayStudio v8.0 (OmicSoft Corporation, Cary, NC,
USA). The raw data, the study design table and the annotation table were imported from the GEO
database for each dataset. The raw data was assumed to be normalized and then the intensity values
were log2 transformed. Samples irrelevant to the main study design were marked as excluded from

our downstream analysis such as Sarcoidosis (SARC) patients samples in the dataset GSE34608.

Quality control (QC) analysis were performed and the samples that were outliers in kernel density
[84) 85], principle component analysis (PCA) [86, 87], median absolute deviation (MAD) score

[88]] and/or pair-wise Pearson correlation plots were excluded from the further statistical analysis.


http://www.ncbi.nlm.nih.gov/geo/
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3.3.2 Differential Expression, Pathway and Upstream Regulator Analyses

A comparison group means the treatment group compared to a control group. Each dataset has 7
PTB comparison groups and 3 LTB comparison groups in this study. The probes in the comparison

groups were mapped to their corresponding genes based on the following criteria:

e The absolute value of the log, fold change of the probe is greater than 1.5
e P-value of the probe is less than 0.05

e The least square mean (LSM) [89] of the probe is greater than log,50

If more than one probe mapped to the same gene, then the probe with the highest magnitude
fold change value was used for that gene. The mapped genes satisfying the three criteria above,
so-called differentially expressed genes, from each comparison group were analyzed for gener-
ating enriched pathways and upstream regulators through the use of MetaCore. Pathway sig-
nificance/enrichment was defined as a pathway with its p-value is less than 0.01 (i.e. pathway
log,,(p-value) > 2). The enriched pathways were ranked by their frequency, which is defined by
the number of comparison groups in which it appeared. Similar to the pathway analysis, upstream
regulator significance was defined as an upstream regulator with the absolute value of its activation
z-score is at least 2. The upstream regulators were also ranked by their frequency, which is defined
by the number of comparison groups in which it is consistently activated or inhibited. An upstream
regulator that is activated in one comparison group and inhibited in another comparison group was

considered as inconsistent and excluded from further analysis.

3.3.3 Drug Repositioning

Repositioned drug candidates for the differentially expressed genes in each comparison group were
analyzed using the Connectivity Map (Cmap) [12]. The Cmap results were filtered based on the

following criteria:

e There is at least 3 samples
e The enrichment score of the compound is less than O

e The p-value is less than 0.05
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e The specificity of the compounds is no more than 0.1

The targets, mechanism of actions and indications of compounds were determined from the Na-
tional Center for Biotechnology Informations PubChem (http://pubchem.ncbi.nlm.nih.gov/ accessed
July 2015) and DrugBank (http://www.drugbank.ca/ accessed July 2015) [90]. The compounds
used as a veterinary medicine or for diagnostic purposes or pain management were ignored. GoP-
ubMed (http://www.gopubmed.org/web/gopubmed/ accessed July 2015) was utilized to detect which

Cmap compounds were already tested in TB-related research.

3.4 Conclusion

In our study, we used computational biology techniques to discover novel human-host responses
and drug targets to active and latent TB infections through an integrative data analysis pipeline
for public human GEO datasets. Based on this analysis as well as criteria for clinical importance,
we identified several differentially expressed genes, enriched pathways, upstream regulators and
potential drugs for the treatment of active TB. To our knowledge, it is the first integrative study on
drug repositioning for TB therapeutics. In comparison, very few host processes were triggered in
response to the latent TB infections. This is consistent with the understanding that a paucity of host
immune response was provoked by the Mtb during the latent stage, and only when progressing to

the active state would the host immune responses be activated.

Pigment epithelium derived factor (PEDF a.k.a serpin F1) is a potent neurotropic, anti-angiogenic,
anti-tumorigenic and immunomodulatory protein that involves activation of ERK and NFkB sig-
naling pathways. PEDF signaling pathway was significantly enriched in 4 PTB comparisons (not
shown in Table [3.2). PEDF was discovered as a neurotropic factor in retinal cells in 1989 and fol-
lowing studies show that PEDF is expressed in multiple body regions including the plasma. PEDF
has been suggested to a therapeutic target for several diseases including cardiovascular disease,
diabetes and cancer. In light of disease areas of Cmap approved drugs, PEDF signaling pathway

can be a potential target for TB therapeutics.
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Gene symbol | Average z-score | DEG list
IRF1 14.603 -
IRF8 14.065 -
MYC 14.061 X

CREBI1 12.605 -
STAT1 12.042 X
IRF4 11.475 -
SPI1 10.267 -
RELA 8.514 -
TPS53 8.276 -
FOXP3 7.646 -
NR3Cl1 7.6433 -
REL 7.558 -
SP1 7.179 -
ESR1 7.064 -
RELB 6.996 -
STAT3 6.858 -
NFKB1 6.834 -
EGR1 6.706 -
CUX1 6.681 -
FOXO1 6.515 -
E2F1 6.321 -
HIF1A 5.893 -
HSF1 5.595 -
GATA3 5.479 -
JUN 5.0852 -
GABPA 4.928 -
TP63 4.926 -
SRF 4.564 -

Table 3.3: The common upstream regulators in all PTB datasets.
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Compound Description Disease Area TB-related Study
sulfadimidine (sulfamethazine) Anti-infective agent Infectious disease [[79]
oleandomycin (troleandomycin) Antibiotic Infectious disease (180
harmaline (ajmaline) Antiarrhythmic agent | Cardiovascular disease -
sulfacetamide Anti-infective agent Infectious disease [181]]
aminoglutethimide Antineoplastic agent Cancer -
debrisoquine Antihypertensive agent | Cardiovascular disease -
lomefloxacin Antibiotic Infectious disease [82]
methoxamine Antihypotensive agent | Cardiovascular disease -
phensuximide Anticonvulsant Neurological disorder -
sulfafurazole (sulfisoxazole) Antibacterial agent Infectious disease [83l]

trazodone

Antidepressive agent

Neurological disorder

Table 3.4: The approved Cmap compounds in the DrugBank database.




Chapter 4

A Denitrification Network Model of

Pseudomonas aeruginosa

Pseudomonas aeruginosa is a metabolically flexible member of the Gammaproteobacteria. Under
anaerobic conditions and the presence of nitrate, P. aeruginosa can perform (complete) denitrifi-
cation, a respiratory process of dissimilatory nitrate reduction to nitrogen gas via nitrite (NOs),
nitric oxide (N O) and nitrous oxide (N,0). This study focuses on understanding the influence of
environmental conditions on bacterial denitrification performance, using mathematical modeling
tools. To our knowledge, this is the first mathematical model of denitrification for P. aeruginosa.
Analysis of the long-term behavior of the network under changing concentration levels of oxygen
(Os), nitrate (INO3), and phosphate (PO,) suggests that PO, concentration strongly affects bac-
terial denitrification performance. The model provides predictions on denitrification activity of P.
aeruginosa under various environmental conditions, and these predictions are either experimen-
tally validated or supported by pertinent biological literature. One motivation for this study is to
capture the effect of PO, on a denitrification network of P. aeruginosa in order to shed light on
mechanisms for greenhouse gas N,O accumulation during seasonal oxygen depletion in aquatic

environments such as Lake Erie (Laurentian Great Lakes, USA).

This chapter is based on the published paper: S. Arat, G. Bullerjahn, and R. Laubenbacher, “A
network biology approach to denitrification in Pseudomonas aeruginosa”, PLoS One, vol.10, no.
2, p. e0118235, 2015. My contribution to this paper were (1) playing a major role on the design of
the study; (2) constructing and modeling the network; (3) programming for steady state analysis

and interpreting the results; (4) writing the manuscript.
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4.1 Introduction

Denitrification is a facultative anaerobic process in which nitrate (N Oj) is utilized as an alternative
terminal electron receptor and dissimilatory nitrate is reduced to nitrogen gas via nitrogen oxides
(911192, 193].

NO3—>NOQ—>NO—>NQO—>N2

Since denitrification is one of the few pathways for producing atmospheric Ns, it is a major compo-
nent of the nitrogen cycle [94]. Denitrification occurs in several habitats such as soils, lakes, rivers
and oceans [95]. Nitrogen fluxes from marine systems to the atmosphere are between 25 x 10°
and 179 x 10 kilograms per year via microbial denitrification [96]. Pseudomonas aeruginosa, a
facultative ubiquitous, and metabolically flexible member of the Gammaproteobacteria, can per-
form (complete) denitrification under anaerobic conditions and the presence of nitrate. Complete
denitrification consists of four sequential steps to reduce nitrate (NOj3) to dinitrogen (/Vy) via ni-
trite (/N O,), nitric oxide (/NVO), and nitrous oxide (/N20), and each step of the pathway is catalyzed
by (denitrification) enzymes such as nitrate reductase (nar), nitrite reductase (nir), nitric oxide re-
ductase (nor), and nitrous oxide reductase (nos). The identification and transcriptional control of
denitrification genes encoding nar, nir, nor and nos has been largely established. Transcription
is dependent on a hierarchy of the FNR-like Crp family transcription factors Anr and Dnr, the
two-component system NarXL, and the CbbQ family protein NirQ [97, 98], summarized in [94],

allowing for experimental validation of N,O yield as environmental parameters change.

We have built a combined gene regulatory and metabolic network for the denitrification pathway
in Pseudomonas aeruginosa PAO1, a well-studied denitrifier strain (Figure . With this study,
we hope to shed light on the environmental factors contributing to greenhouse gas N,O accumu-
lation, of particular interest in Lake Erie (Laurentian Great Lakes, USA). Environments such as
Lake Erie experience seasonal periods of hypoxic conditions favorable for denitrification, and the
endemic microbial community regulates expression of alternative respiratory pathways to adapt to

low oxygen (O,) tension.

We are interested in using the model to investigate the effect of PO, on the denitrification per-
formance of P. aeruginosa under anaerobic conditions with high NOs. Although there are sev-
eral studies on regulation of denitrification by kinetic mathematical modeling approaches (e.g.

[99,1100.101,1102]), these attempts are not enough to cover the phenomenon at different levels [92].
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Figure 4.1: Denitrification regulatory network of Pseudomonas aeruginosa.

One of the challenges in building kinetic mathematical models of networks, such as systems of dif-
ferential equations, is that many of the needed parameters are either not known or unmeasurable.
Furthermore, for large networks, kinetic models are difficult to analyze mathematically. Therefore,
we take a qualitative approach to model denitrification distinct from the quantitative denitrification
models attempted previously. We use a discrete model framework that provides coarse-grained
information about the temporal biochemical output of the network in response to environmental
conditions. This framework captures attractors (and their biological correspondence, phenotypes)
yet it does not render any measurements of time or concentration. In particular, we prefer a time-
discrete and multi-state deterministic framework, polynomial dynamical systems (PDS) [14], to

model our denitrification network in Pseudomonas aeruginosa.
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4.2 Results and Discussion

The denitrification network consists of molecules, proteins and genes all of which can play an
important role in the denitrification process in Pseudomonas aeruginosa. Figure [5.2]illustrates a
static representation of the variables and their regulations. CellDesigner was used for visualiza-
tion [103]. The blue circular nodes are molecules (O3, POy, NOs, NOy, NO, N,O, N,), the
yellow rectangular nodes are proteins (PhoRB, PhoPQ, PmrA, Anr, Dnr, NarXL, NirQ) and the
pink hexagonal nodes are genes (nar, nir, nor, nos) in the network. The large gray rectangle repre-
sents the bacterial cell. The regulatory edges between the nodes are either upregulation/activation
(green solid arrows) or downregulation/inhibition (red dashed arrows). The pathway begins with
the phosphate-sensing two component regulatory system PhoRB [104]. PhoRB, the main PO, sen-
sor activating the pho regulon, has been recently shown to be a regulator of PhoPQ transcription in
the gammaproteobacterium Escherichia coli [103]]. In light of the fact that Pseudomonas aerug-
inosa possesses a similar regulatory system to PhoRB in E. coli [106], it is appropriate to label
the POy-sensing regulatory protein as PhoRB in the denitrification network. In this case, the red
dashed arrow from PO, to PhoRB means that the availability of phosphate, PO,, reduces PhoRB
function, and the green arrow from PhoRB to PhoPQ means that PhoPQ is activated by PhoRB.
Thus, the availability of PO, downregulates PhoPQ via PhoRB. The green solid arrow from Anr
(anaerobic regulation of arginine deiminase and nitrate reduction) to NarXL and the green solid
arrow from NOs to the arrow between Anr and NarXL indicate that Anr activates NarXL in the
presence of NOs. In the same setting, PhoPQ inhibits the expression of PmrA [107]. Low oxygen
(O-) tension, which is the major initial signal to turn on the denitrification pathway, can be sensed
by Anr [91]]. Under anaerobic conditions, Anr primarily promotes Dnr (dissimilatory nitrate respi-
ration regulator) transcription [94]]. The effect of Anr on Dnr can be amplified by NarXL [98]. The
mechanism of inhibitory effect of PmrA on Dnr [[107] is not known, so we assumed that the effect
of Anr on Dnr can be reduced by PmrA. The regulatory protein NirQ, which can be activated by
NarXL or Dnr, regulates nir and nor coordinately to keep the level of NO low because of toxicity
of NO [94]. A NOs-responding regulatory protein, NarXL, directly activates nar, and indirectly
activates nir and nor via NirQ [94]. The main regulator of the system, Dnr, controls the expres-
sion of all denitrification genes (nar, nir, nor, nos) in the presence of NO [108]. Of particular
note is the influence of the two-component system PhoPQ on PmrA expression and, subsequently,
Dnr expression [[107], suggesting that phosphorus (P) availability influences denitrification gene
expression (see Figure [5.2). This is particularly relevant, since linkages between anaerobic Fe(III)

reduction and P release adsorbed to FeOOH in sediments have been recognized for many years
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[109, 110], and recently documented in Lake Erie by stable isotope methods [[111].

The actual mechanisms of the relationships in the denitrification network (Figure may be quite
complex and involve several intermediates. Thus, the network does not represent a biochemical
reaction network, for instance, but rather captures the regulatory logic driving the network in a
similar way that a circuit diagram explains the function of a circuit board. In the network (Figure
[5.2), Oz, PO4 and NOs are external parameters and the remaining nodes are variables. In the
discrete setting that is used to model the denitrification network, each node (e.g. an external pa-
rameter O, or a variable nos) can take up to three states (low, medium, high), and time is implicit
and progresses in discrete steps. Our interest lies in perturbation of the external parameters and
their effect on the long-term behavior of the variables in the system. Table indicates the dis-
cretization values (low/high) for external parameters and nitrogen oxides. Information in the table
was obtained from [1112, 113114, 115} 116]].

Such values incorporate appropriate ranges of long-term nutrient and seasonal oxygen concentra-
tions for Lake Erie [117, [118]].

Molecules Low High
O, < 0.125mM | > 0.4mM
PO, < 0.0lmM | >0.9mM
NO; <0.1lmM | > 14.0mM
NO, <02mM | >2.0mM
NO < 0.1mM > 1.0mM
N>,O <0.5mM | >5.0mM

Table 4.1: Discretization of external parameters and nitrogen oxides.

The denitrification network is an open system; it exchanges molecules with the outside environ-
ment and responds to external stimuli [119]. The molecule N O3 enters the bacterium and N, exits
the system once the system is triggered by low Oy. The model predicts the long-term behavior
of the denitrification pathway under various environmental conditions and these predictions are
either supported by the literature or validated by experimental results. Figure indicates the
(predicted) attractors of the system under some possible configuration of the external parameters.
The first condition (low Os, low PO, and high NOj3) corresponds to the perfect condition for
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denitrification and the second condition (low O,, high PO, and high NOj3) corresponds to the
denitrification condition disrupted by PO, availability. The remaining conditions can be labeled
as aerobic conditions. We did not focus on two conditions that are not included in the analy-
sis. The low NOj3 and low PO, condition and the low NO3 and high PO, condition, while
possible, are less likely in freshwaters based on a worldwide survey of lakes revealing that N:P
stoichiometric ratios average above the ideal Redfield ratio of 16 [[120]. Besides, these conditions
would be less relevant to current conditions in Lake Erie, for example, as current measurements
of nitrate concentrations (averaging 14uM) typically exceed the Km (Michaelis-Menten constant)
for nitrate-dependent denitrification in Pseudomonas spp. (for more information, see [121} [122]).
However, a high P, high NO; condition can arise in lakes affected by agricultural nutrient inputs

and deposition of P in sediments.

EXTERNAL PARAMETERS VARIABLES

02

PO4

NO3

PhoRB

PhoPQ

PmrA

Anr

MNarXL

Dnr

NirQ

nar

nir

nar

nos

NO2

NO

N20

N2

low
low
high
high
high

low
high
low
low
high

high
high
low
high
low

high
low
high
high
low

high
low
high
high
low

low
high
low
low
high

high
high
low
low
low

high
high
low
low
low

high
medium
low
low
low

high
high
low
low
low

high
high
low
low
low

high
high
low
low
low

high
high
low
low
low

high
medium
low
low
low

high
high
low
low
low

high
high
low
low
low

high
high
low
low
low
low

high high high low low high low low low low low low low low low low

high
medium
low
low
low
low

Figure 4.2: Steady states of the denitrification network under different environmental conditions.

e Prediction 1: If the concentration levels of O5 and PO, are low, and N Os is high, then it is
a perfect condition for complete denitrification to /No. The model suggests that all variables
in the network except PmrA are expected to be high and the bacterium reduces NO3 to Ny
via nitrogen oxides. This prediction is supported by the following studies [94} 98, 91]]. In
this condition, Anr senses low O, and activates NarXL in the presence of NO3 [94]. Since
the effect of Anr on Dnr is amplified by NarXL but is not reduced by PmrA under low PO,
conditions, Dnr is highly expressed [98]. The main regulator of the system, Dnr, promotes
activation of all denitrification genes (nar, nir, nor, nos), so NOs is reduced to Ny via NOs,
NO and N,O [91]].

e Prediction 2: If the concentration level of O, is low, and PO, and NOj are high, then the
model suggests that all variables except PhoRB-PhoPQ are medium or high. Thus, lower
complete denitrification activity to /Ny is expected because the nar, nir and nor levels are
high whereas the nos level is intermediate. This can cause lower rates of reduction of N,O
to Vs i.e. higher rates of accumulation of N,O. These predictions coincide with the follow-

ing studies [98} [107] and experimentation. In this condition, Dnr level is intermediate and
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induces the expression of denitrification genes (nar, nir, nor, nos) due to the fact that the ef-
fect of Anr on Dnr is amplified by NarXL and is reduced by PmrA [98, 107]]. Moreover, our
experimental results in Table 4.2|show a modest increase in NoO production with a high PO,
level. There is about a 2-fold increase in NoO concentration in comparison of the anaerobic
P. aeruginosa culture with 1.0mM PO, to the anaerobic P. aeruginosa culture with 7.5mM
PO,. Under these conditions, the culture at 1.0mM POy is grown under the ideal total N:P
ratio of 16 reflecting the 16:1 N:P elemental stoichiometry of aquatic plankton [[123]]. The
cultures grown at elevated PO, (3.0mM and 7.5m M) thus reflect a condition in which PO,
is available at surplus levels that repress the PhoRB-dependent gene activation. This is an
example of how PO, can influence the expression of denitrification gene, nos, distant from

PO, acquisition and subsequently greenhouse gas N,O accumulation.

Culture (mM PQOy) | [N2O] ppm, 24 h | [NoO] ppm, 72 h
1.0mM 760.3 F 109.34 813.8 F52.1
3.0mM 856.0 F 121.5 872.3 F 63.3
7.5mM 1484.0 F 146.2 1786 F 98.0

Table 4.2: Nitrous oxide concentration in P. aeruginosa cultures grown in glucose minimal
medium at varying phosphate concentrations, normalized to 108 cells.

e Prediction 3: If the concentration level of O is high, then, the model suggests that there
is no denitrification activity regardless of the values of the other external parameters (PO,
or NOs). This prediction is supported by Zumft’s extensive review paper, which states that
under aerobic conditions, Pseudomonas aeruginosa cannot perform denitrification because

Anr cannot activate the main regulator of the system, Dnr, in the presence of oxygen [91]].

Figure indicates the attractors of the system under different environmental condition. These
attractors indeed are steady states, each of which corresponds to one environmental condition.
This agrees with biology; Palsson highlighted that open systems eventually reach a (homeostatic)
steady state and are in balance with their environment until the environmental conditions are per-
turbed [119]. Phenotypes, biological interpretations of the long-term behavior (steady states), of
the system under various environmental conditions can be found in Table d.3] Based on the steady
state analysis above, the Pseudomonas network model predicts that elevated POy, hypothesized to

increase under hypoxia, acts to modulate the transcriptional network to limit nos gene expression.
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Thus, the physiological output under this condition will be an increased yield of N,O relative to
N,. Given the prediction that increased PO, will influence the N,O yield, our experimental results
thus far indicate that PO, availability modestly, but significantly increases N-O yield in this model
species (ANOVA p = 0.012; Table[d.2)). While other studies have suggested linkages between N>O
accumulation and factors such as nosZ vs. nirS/K abundance [124, [125]], nirS (heme dependent
nitrite reductase) genetic diversity [[126l], or soil pH [127], the data presented here are the first to
suggest a role for PO, in regulating the denitrification pathway. Given the elevated PO, release
from F'eOOH complexes following sedimentary anaerobic Fe(IIl) reduction [109, [110], hypoxia
may yield a high P, high NOj; condition that enhances N,O production.

Oy | POs | NOs Phenotype

low | low | high || high denitrification performance

low | high | high || low denitrification performance

high | low | low no denitrification
high | low | high no denitrification
high | high | low no denitrification
high | high | high no denitrification

Table 4.3: Biological interpretation of the steady states (phenotypes) of the system under different
environmental conditions.

Current efforts can be expanded to determine how PO, affects greenhouse gas NoO accumulation
during denitrification in P. aeruginosa. According to the model, the activation of Dnr by Anr
or the activation of nos in the presence of NO by Dnr can be prevented by high PO,. These
hypotheses will be tested utilizing quantitative reverse transcriptase PCR (qQRT-PCR) to determine
Dnr, norB (nitric oxide reductase large subunit gene) and nosZ (encoding nitrous oxide reductase)
transcript levels in denitrifying cultures grown in increasing P. Synergistic interactions between
individual members of population of Pseudomonas aeruginosa may need to be taken into account
and incorporated to the model. For instance, Toyofuku and his colleagues stated that denitrification
performance of P. aeruginosa does not only depend upon activation of denitrification genes (nar,

nir, nor, nos) but also cell-cell communications under denitrifying conditions [[128].
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4.3 Materials and Methods

4.3.1 Mathematical Model

Our network consists of two different sub-networks (metabolic and gene regulatory) and conse-
quently different time scales. From a discrete modeling perspective, this issue can be tackled or
ignored only if the long-term behavior of the system is of interest. One could address this issue
either (1) using a stochastic framework such as Stochastic Discrete Dynamical System (SDDS)
[129] if how fast/slow the reactions are in the network are known/inferred out of a time-course
experimental data or (2) introducing time delays by an asynchronous update schedule. Due to
inadequate information on the reaction rates, we do not focus on a stochastic framework. Even
with a fully asynchronous update schedule, the attractors are preserved for each configuration of
external parameters; however, this asynchronous update schedule requires more time steps to reach
a steady state than a synchronous update schedule does. Since an asynchronous update schedule
provides us more on transient behavior of the system and we are interested in long-term behavior
of the system, we prefer to use a deterministic framework with a synchronous update schedule,
polynomial dynamical systems (PDS), which allows us to model regulatory networks over a finite
field [14].

Definition 1. Let 2, x», . . ., x,, be variables which can take values in finite fields X, Xo,..., X},
respectively. Let X = X x - - - x X, be the Cartesian product. Foreach: = 1,2, ..., n, we define
fi + X' — X, which is an update function that describes the regulation of x; through interaction
with other variables in the system. A polynomial dynamical systems is a collection of n update

functions

fz(flaf?)"'afn):X%X

In the model, all external parameters (02, PO,, NOs3) and some variables (PhoPQ, PmrA, Anr,
NarXL) are Boolean (low or high), and other variables are ternary (low, medium or high). There
are 15 variables, each of which is labeled for the mathematical formulation. Table [4.4] indicates
the variables, their discretization, update rules and the literature evidence that support these update
rules. The update rules with an asterix (*) means this update rule is very close to the biological
correspondence but not quite. Inflow substances (i.e. external parameters: Oy, POy, NOj) in this
model give inputs to variables and are involved in the update rules. They do not have update rules

because not only they do not have regulators but also we are interested in analyzing the long-term
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behavior of the model under different configurations of them. The model has only one outflow

substance, /N2, whose regulation depends upon the greenhouse gas N,O and its reductase, nos.

Index | Variable | Discretization Update Rule Evidence
1 PhoRB Boolean NOT(POy) [104]]
2 PhoPQ Boolean PhoRB [130, 131} 105]
3 PmrA Boolean NOT (PhoPQ) [107]
4 Anr Boolean NOT(0) [91]]
5 NarXL Boolean MIN (Anr, NOs) [94]
6 Dnr Ternary *MIN(Anr, MAX(NarXL, NOT(PmrA))) (107, 98]
7 NirQ Ternary *MAX(NarXL, Dnr) [94]
8 nar Ternary *MIN(NarXL, MIN(Dnr, NO)) [94], [108]
9 nir Ternary MAX (NirQ, MIN (Dnr, NO)) [94], [108]
10 nor Ternary MAX(Nir@Q, MIN(Dnr, NO)) (94, [108]
11 nos Ternary MIN(Dnr, NO) [108]]
12 NO, Ternary *MIN(NOs,nar) [91]]
13 NO Ternary MIN(NOs,nir) [91]]
14 N>O Ternary MIN(NO,nor) [91]]
15 Ny Ternary MIN(N5O, nos) [91]]

Table 4.4: Summary of the model variables, update rules and supportive argument.

Based on the literature, we formulate the regulation of the variables with MIN, MAX and NOT,

which correspond to AND, OR and NOT in a Boolean setting. The following are examples for

how the update rules are decided:

e An update rule of NarXL can be defined as “MIN (Anr, NO3)” because NarXL is activated
by Anr only in the presence of NOs, i.e. both Anr and NOj3 need to be high for NarXL

regulation.

e An update rule of nir can be labeled as “MAX (NirQ, MIN(Dnr, NO))” due to the fact that
nir is activated by NirQ or Dnr in the presence of NO.
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e An update rule of PhoRB can be “NOT (PO,)” since PO, downregulates PhoRB, i.e. one

is low when another is high.

From the update rules in Table #.4] for each network variable, we constructed a corresponding
transition table, which describes how a specific variable responds to different configurations of
their regulators. Although the regulations for most variables can be formulated by MIN, MAX
and/or NOT, the regulations of a few variables are very close to some formulation but not quite.
For the sake of consistency with biology, we decided to slightly modify the transition table of Dnr,
NirQ, nar and NO,, whose update rules are marked with an asterix (*) in Table @ The transition
tables of these variables can be found in Appendix

Besides, if the variable takes three states (low, medium, high), the current state of the variable is
included its own transition table. This does not mean autoregulation/self-regulation; but it is to
prevent the variable from jumps between the low (0) state and the high (2) state at the next time
step. In other words, including the current state of a ternary variable in its transition table provides
a smooth transition among its own states. On the other hand, such jumps cannot occur in a Boolean

variable.

After constructing a transition table for each variable x;, an update function can be obtained by

interpolating its transition table using the polynomial form:

file)= > filewrne) [ (=@ —c)P)  (mod p) 4.1)

(Ciy yeersCi )JEF je{i1,...ir}
where x = (z;,,...,x;.) is a vector; ¢;,, ..., ¢;. are the values of the variables x;,, ..., z; , which
affect the update of z; in the transition table of x;; f;(¢;,, ..., ¢; ) is the value in the last column of

the transition table of x;; p is the maximum (prime) number of the different discrete values that all

variables can take on [[132]. In our model, all computations were done in modulo 3.

Here are the update polynomials of all variables in the network:

f; = —PO?+1

fzz—xf—xl

fs=—z2+1

f,=-0%+1

fs = NO2 x 22+ NO2 x x4 + NOs x 22 + NO3z x x4

2y 2y 2 2 4 2 2 _ .2 2 4 2 2022 2y 2y 2 2
fo = —25 % 0] % XF * 6+ T5* T] Ty k TG — TF K Ty k TE ok T — Ty * T % Tf * Tg — X5 % Tk TE + 25 %
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2K Ty * T+ T3k IR 2 KT+ TEx02k T —aE vy kw5 k22 xR Ik vy R — 22k TR a2 — 22 %
TEH XL+ SR T x5 — XI KTy R T+ w3 0Tk TE — 21k wg — T3k 1T w5k 16+ TR TE R w6 — X7 %
TEHRT— T3 % T3k T2+ TE* T+ Ta+ T3k T2 2+ Ty k255 — T35 03+ 02 % Ty % T5 — T3+ 3% T5+
L3k Ty kX5 — L7k TG + Ty kT * Tg — T3 % g * g+ L] * Ly * Lg — T3 % T3k Tg — L3k Tf+ TF % TF — Ty %
Tk T2+ Ty k Tp % TE — TE*TE — TEH T4+ T3 T3 — T3 % Ty * 5+ T3 % 5 — T4 % T2+ T3 % 16 — 17 %
x6+x3*x5*x6+x§*x6+x3*x§+x5*x%+x3*x4—xi+x4*x5—xg*xﬁ—x5*x6—x§—x4+x6
fr=—alxal«atalsalvar —wixagxad —wsxalixad—wiwxadi 4+ k- aixag—
TE % x7 + ek 12 — T2+ af — 22 — 15+ X7

fs = w2xxlxal v rit ot v wg a2 aixr 3k ritrie vl kw2 —ryr w2k 32 kw2 — 12K 22 %
O T T R e g v R e e g v g v P B R AP RS B
TEXTHT13% Ty — TakTig Ty — TaKT 3% Ta — Tk T3k Ta — T Te*T13+Ta*Thg+Ta*T13%Tg+ Tgk
T KTy +TERTE+ T*T13% T2 — TEKT 13— Te*Thg — T2 % Tg— Tk T13% Ty — T2 +Te*T13—Ta—Ts+Tg
fo = a2* a2 %02 x w9 — X2 x Ty v Tp k03 — T * w3 * X2 R 1k — we kAT kT WD — ALy kP —
T2k T35k T3+ T2k T3 % Ty k T3+ Tk X5 % Ty k T + Tk T3k T2k TG — T * Thg k Tg — Ta * T3 *
T — T * Tlg k TF — T * T13 % L7 % T + T * Tlg + Tg * T13 % TF — T3 * Tg + L7 * T + 12 — 1 + Xg
flo = @ sy 07 % 10 — TG % Wy L7 Tl — G D1y % T K T — T ¥ Ly IT Ty — gk Vg% 17 —
T2k Tk W2+ TE K T3 Ty R T+ T K Tk Ty % T3 + T % Ty3 % T2 % Thg — Te* Ty % Ty — Ta* Ty3%
Ty — T * Lg% T — Tk T3 * Ty % LT + T % T4+ L6k T13% X7 — T2 % L1 + X7 *x 1] + 27 — 27 + X190
f11 = —a2xrigx ) — a2 x T w11 —XEHT 3% T — e T T +TER T H Tex T3k — T3+ T
f12 = NO3 * 22 % 119 — NO3 * 18 % 129 — NO3 12 + NO3 % 12 * 119 — NO3 x 22, — NO3 * xg *
22y — NOgx 22+ NO32 * 215 + NO3z * 235 — NO3z % 115 — %5 + T19

f13 = — 2% 02y %1l — X2 % T % 113 — XEH T 1o ¥ Ty — To* T ¥ Ty + X5 % T+ Tg ¥ T 10 % Thg — X35+ 113

2 2 2 2 2 2 2 2 2 2 2 2 2
— X o} T3*kTT —T1p*¥ T 3*L14— Tk T13%¥ X7, —T10* L 3* T, +T1o* T 3T L10*T13%¥ X7, — T4 TT14

=h
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I
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f15 = — @ DRI — T] KT KT 15— D] K14 KTy — T 1 X T] KT 5T KT, H 11 ¥ D14 % T — T15 T 215

After having all update functions, we computed the basin of attraction of the whole system under
the environmental conditions of interest (see Figure #.2)). For model construction and steady state
analysis, we used customized Ruby and Perl scripts, which are a part of the source code of Analysis
of Dynamic Algebraic Models (ADAM), a free of charge web-tool to analyze the dynamics of
discrete biological systems [133]].
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4.3.2 Experimental Methods

Pseudomonas aeruginosa PAO1 cultures were grown in stoppered 20m L serum vials containing
glucose minimal medium [134] supplemented with 110mM glucose and 16m M nitrate (NOs).
Phosphate (PO,) concentration varied from 1.0mM to 7.5mM, and triplicate culture vials were
sampled for headspace gases at 24h and 72h post-inoculation. Gases were dispensed into evacuated
exetainers and assayed for nitrous oxide by gas chromatography. Gas production was normalized

to cell counts obtained by flow cytometry of culture fluids.

4.4 Conclusion

In an aquatic system, oxygen dissolves in water to be available to living aerobic organisms. Hy-
poxia is the phenomenon of dissolved oxygen below 4mgQO, per liter. Common reasons for hy-
poxia include aerobic respiration of decaying algal biomass from bloom events. Such blooms are
fueled by increased availability of N and P due to anthropogenic inputs such as agricultural runoff
and industrial pollutants [135]. The linkage between high nutrient (/V,P) loads and N losses
(N2 and N,O) through dissimilatory anaerobic processes was described recently [[136]. Hypoxic
(low-oxygen) areas, so-called dead zones, often occur in several large bodies of water affected by
human activity, including Lake Erie, which is of particular interest. Establishing a better under-
standing of the nutrient cycling of Lake Erie has quite wide ranging socioeconomic impacts on its
recreational area and economy, primarily fisheries. Through denitrification, dead zones lead to mi-
crobial production of the greenhouse gas nitrous oxide (/NoO), which plays a crucial role in ozone
layer depletion and climate change. Simulating the microbial production of greenhouse gases in
anaerobic aquatic systems such as Lake Erie allows a deeper understanding of the contributing
environmental effects that will inform studies on, and remediation strategies for, other hypoxic
sites worldwide. During hypoxia, the denitrification rate in Lake Erie is about 150mol Nom 2k ™!
[L37]. In addition to oxygen, the intersections of the nitrogen cycle with other geochemical cycles
may be important factors influencing denitrification and nitrogen (N) sinks in aquatic systems. In
particular, the increased availability of phosphorus () has been shown to dictate the rate of nitro-
gen removal in aquatic systems [136]]. Indeed, the transcriptional regulatory network developed for
P. aeruginosa indicates that bioavailable phosphate (P(,) is an environmental factor that should

be considered.

The bacterium Pseudomonas aeruginosa is an example of an abundant microbe in aquatic systems
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[138], and analysis of Lake Erie metagenomic data sets reveals abundant pseudomonads capable
of denitrification (Unpublished data, DOE-JGI). This study describes a computational model of a
denitrification network of this bacterium to capture the effect of PO, on its denitrification perfor-
mance in order to shed light on greenhouse gas N,O accumulation during oxygen depletion. To
our knowledge, this is the first mathematical model of denitrification for this bacterium. Transcrip-
tion is dependent on a hierarchy of the FNR-like Crp family transcription factors Anr and Dnr,
the two-component system NarXL, and the CbbQ family protein NirQ [97, 139, 98], allowing for
experimental measurement of N,O as external (environmental) parameters change. The model
was constructed based on the pertinent biological literature. Model predictions either agree with
current published results or are validated by experimentation. The new biology that our model dis-
covers is that PO, availability strongly affects the denitrification activity of P. aeruginosa under
anaerobic conditions and the presence of nitrate; high PO, can cause less N,O reduction to N
during denitrification. The data presented here are the first to suggest a role for PO, in regulating

the denitrification pathway in Pseudomonas aeruginosa.

The model described here works well for cultured Pseudomonas, and the next step is to test natural
complex microbial communities from different denitrification sites. The effects of PO, on N,O
production will be tested in mesocosms of hypoxic Lake Erie water samples to see if the model
described here predicts the community as a whole. By testing the model on environmental samples
in mesocosms from Lake Erie and elsewhere, the study can likely be applied broadly to other

marine dead zones such as those that routinely occur in the Gulf of Mexico.
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Chapter 5

Intracellular Iron Model: from Normal
Breast Cells to Cancer Cells

Iron is required for many processes such as energy production and proliferation. Iron can be toxic
due to its ability to cause high oxidative stress levels and consequently DNA damage. In order to
prevent damage, all organisms that require iron have developed mechanisms to tightly control iron
levels. Dysregulation of iron metabolism is detrimental and can lead to a wide range of diseases
including cancer. In this study, we build a predictive mathematical model of an iron metabolism
linked to other pathways such as iron utilization, oxidative stress response and oncogenic pathways
in a normal breast cell. We used a time- and state-discrete mathematical framework, polynomial
dynamical systems (PDS), to model regulatory networks over a finite field. Simulations of our
model provide two predictions, which are either validated by experimentation (new data) or pub-
lished data which was not used for model construction. To date, our intracellular model is the
only expanded iron metabolism model that can capture a breast cancer phenotype by overexpres-
sion and knockout simulations. One motivation for this study is to understand how normal cells

become malignant cells and identify key players in the system for therapeutic targets.

This chapter is based on a paper draft: J. Chifman*, S. Arat*, Z. Deng, C. Lopez, S. Torti, and
R. Laubenbacher, “Intracellular Iron Model: from Normal Breast Cells to Cancer Cells”, PLoS
Computational Biology (in preparation). Julia Chifman and I contributed equally to this paper. We
(1) designed the study; (2) constructed and modeled the network; (3) wrote the manuscript. I also

wrote a Perl script to compute the basin of attraction of the system.
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5.1 Introduction

Every aerobic organism requires iron for many processes such as energy production, DNA synthe-
sis, oxygen transport and cellular respiration. At the same time, this essential element can be toxic
and damaging due to its ability to exist in various oxidation states. In order to prevent damage, all
organisms that require iron have developed a complicated machinery to tightly control iron at both
the systemic and the cellular levels. Inappropriately low levels of iron or excess iron are detrimen-
tal and lead to a wide range of diseases. For example, chronic iron overload increases the risk of
neurodegenerative diseases (Alzheimer’s, Parkinson’s, Huntington’s), heart failure, liver cirrhosis
and cancer [[140]. Dysregulation of iron metabolism in cancer is well documented and it has been
suggested that there is an interdependence between excess iron and increased cancer incidence
[141]. Without a doubt, cancer is more than an iron disorder, nevertheless, many findings point out
to a direct relationship between iron and cancer, and thus, our goal is to clarify the precise nature

of this relationship.

Breast cancer is the leading cause of cancer death among women worldwide and second lead-
ing cause of cancer death among women in the US [142]]. Recently we have made first attempts
at understanding the dynamics of the intracellular iron metabolism by constructing a continuous
model of the iron core control system in the form found in normal breast epithelial cells [143].
This choice of cell type was motivated by our interest in the role of intracellular iron homeosta-
sis in the pathogenesis of breast cancer. Based on the hypothesis that major pathways activated
in cancer do disrupt iron pathway, we have set out on the quest of connecting the iron core net-
work to several known molecules whose expression levels are altered in cancer. In this study, we
present and analyze a mathematical model of an expanded intracellular iron homeostasis pathway
linked to iron utilization, oxidative stress response, inflammatory and oncogenic pathways. We
used a time- and state-discrete mathematical framework, polynomial dynamical systems (PDS),
which allows us to model regulatory networks over a finite field. Model simulations allow us to
identify key players in the system that lead to different phenotypes without having to perform
lengthy laboratory experiments. Figure [5.1| summarizes the steps taken from network reconstruc-
tion to hypothesis validation through mathematical model and simulations. To our knowledge, our
intracellular model is the only expanded iron metabolism model that can capture a breast cancer

phenotype by overexpression and knockout simulations.



Seda Arat Chapter 5. Iron Model: from Normal Breast Cells to Cancer Cells 51

Network Construction

¢ Existing Knowledge

e Proteins/Regulations
e [Cell Designer]

Model Validation Mathematical Model
e Literature Search ¢ Small Tables/Update Rules
e Experimentation ¢ Polynomials

e [Mathematica]

Model Verification

e Simulations
¢ Hypothesis Generation
e [Perl/Python]

Figure 5.1: Comprehensive pipeline for systems biology approach taken for this study.

5.2 Results and Discussion

5.2.1 An expanded iron core network

Figure [5.2]is a static representation of the expanded iron homeostasis pathway (LIP, TfR1, Fpn,
Ft, IRP1, IRP2, Hep) with iron utilization (Mfrn, LIPmt, Ftmt, ALAS1, heme, HO-1), oxidative
stress response (ROS, Keapl, Nfr2, Antioxidant enzymes) and oncogenic (EGFR, SOS, GAPs,
Ras, ERK, c-Myc) pathways. IL-6 is the only inflammatory response protein in the network.
CellDesigner was used for visualization [103]]. Each pathway, its function, its components and

their interactions were discussed below.

Intracellular Iron Metabolism. Free ferrous iron contributes to the formation of the hydroxyl
radical through the Fenton reaction, thus to reduce toxicity intracellular iron is meticulously main-
tained. Iron levels are controlled by iron-regulatory proteins (IRPs) that coordinate intracellular
iron uptake, utilization, storage and excretion. What follows is a brief description of the iron core
control system. For an overview of the intracellular and systemic iron homeostasis the reader is

encouraged to consult [140]).
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Figure 5.2: Expanded iron homeostasis pathway. Arrows depict upregulation and hammer heads
depict downregulation. Dashed connections are assumed to exist.

Ferric iron, F'e3*, circulates in plasma bound to transferrin (Tf), a glycoprotein with two binding
sites for ferric iron. Tf retains iron in a soluble form, which limits the formation of toxic radicals,
and delivers iron to cells. Cells acquire iron predominantly through transferrin receptor 1 (TfR1),
a major iron importer. From the endosomes, iron enters the labile iron pool (LIP), a cytosolic pool
of weakly bound iron. Ferroportin (Fpn), located on the plasma membrane, is believed to be the
only ferrous iron exporter. Excess ferrous iron that was not exported or utilized is oxidized by a

cytosolic protein ferritin (Ft) and is sequestered into its ferrihydrite mineral core.

Iron regulatory proteins, IRP1 and IRP2, regulate iron homeostasis post-transcriptionally by bind-
ing to iron responsive elements (IREs). In iron-deplete cells, IRPs are active and have high affinity
for IREs. This stabilizes TfR1 and inhibits ferroportin and ferritin. In iron-replete cells, IRPs have

no affinity for IREs. This leads TfR1 degradation and ferroporting and ferritin expression.
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The peptide hormone hepcidin (Hep) regulates systemic iron homeostasis by inhibiting iron release
from duodenal enterocytes, macrophages, and hepatocytes. Hepcidin binds to the iron exporter fer-
roportin and triggers its internalization and degradation in lysosomes. Hepcidin is transcriptionally
induced by the inflammatory cytokine interleukin-6 (IL-6) [144]. The induction of hepcidin by
IL-6 is thought to be a major contributor to the hypoferremia that frequently accompanies chronic
infections, acute inflammation and cancer [30]. Recently, it has been established that breast epithe-
lial cells also express hepcidin and that it plays an important role in peripheral tissue by regulating

ferroportin [[1435]].

Iron utilization. The mitochondrion is the major site of iron utilization. Cytosolic iron (LIP)
is imported into the mitochondrion by SLC transporter mitoferrin (Mfrn) to be incorporated into
protoporphyrin IX (PPIX) to make heme. There are two homologs mitoferrin-1 (SLC25A37),
which is expressed at high levels in erythroblasts and at low levels in other tissue, and mitoferrin-2
(SLC25A28), which is expressed ubiquitously [[146]. Once iron is transported into the mitochon-
drion, mitochondrial labile iron pool (LIPmt) is then used in heme synthesis, iron sulfur cluster
(ISC) synthesis or enters mitochondrial ferritin (Ftmt). Just like cytosolic ferritin, Ftmt is an iron
storage protein. Primary function of Ftmt is not fully understood but evidence indicates that its

role is to protect mitochondrion from iron-dependent oxidative damage [[147]].

It is well established that intracellular heme regulates its own production and degradation through
delta aminolevulinate synthase 1 (ALAS1) and heme oxygenase 1 (HO-1), respectively. HO-1 is
responsible for maintaining heme homeostasis by initiating the oxidative cleavage of heme to fer-
rous iron (Fe?"), carbon monoxide (CO), and biliverdin. Moreover, HO-1 inhibits the expression
of IL-6 thus also taking on an anti-inflammatory function [[148]]. Heme synthesis involves several
steps that occur in two compartments: (i) mitochondrion with the initial and final steps, and (ii) cy-
tosol with intermediate steps. The ALA synthase reaction is the committed step of heme synthesis.
Heme represses the transcription of the gene for delta aminolevulinate synthase and translocates
ALAS1. The mitochondrion exports ALASI to the cytoplasm, where the next four reactions occur.
The final step occurs in mitochondrion where Fe?" is incorporated into PPIX via ferrochelatase,

which completes heme synthesis.

In LIPmt-deplete cells, heme synthesis is not completed and so, we assumed a feedback regula-
tion from LIPmt to ALASI to cover this. Although our understanding about precise regulation
of Ftmt and Mfrn is partial, an experimental evidence suggests that a feedback mechanism must

exist, which responds to the levels of LIPmt [[149,147]], and some studies imply that there might be
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even a cross-talk between cytosolic and mitochondrial iron metabolism [150]. Thus, our model as-
sumed three regulations (dashed arrows in Figure through some unknown species/mechanism

to permit for mitochondrial iron homeostasis.

Oxidative Stress. Oxidative stress results from an imbalance between reactive oxygen species
(ROS) and antioxidants, resulting from either excessive amounts of ROS or a deficiency in an-
tioxidants. ROS, a family of oxygen species with one or more unpaired electrons, are generated
during many cell processes and overcome by antioxidants to prevent DNA damage and to support

genomic stability [151].

Iron can contribute to the formation of ROS. In aerobic organisms, oxygen (O5) is mostly bound
to hydrogen (H;) as water. However a small portion of O, can be converted to a variety of re-
active oxygen species (ROS), including superoxide radical (Oy-)~, hydrogen peroxide H,O5 and
hydroxyl radical -OH [152, [153]. Ferrous iron Fe(Il) can interact with O, to form (Oy-)~ and
H,0,, which then leads to formation of highly active, unstable and the most damaging oxidant
-OH via iron-catalyzed Fenton reaction [151} 154, [155]].

Fe(Il) + Oy — Fe(II) + (Oy-)~

Fe(Il) + (Os:)~ + 2H' — Fe(IIl) + H,0,
Fe(Il) + HyOy — -OH + OH~ + Fe(III)

Nuclear factor (erythroid-derived 2)-like2 (Nrf2) is an important contributor to reduction of oxida-
tive stress. The main function of Nrf2 is to transcriptionally activate genes containing antioxidant
response elements (ARE). Kelch-like ECH-associated protein 1 (Keapl), is the main regulator of
Nrf2, and plays a central role in sensing and protecting cells against ROS. Under normal condi-
tions, Nfr2 binds to Keapl, which promotes degradation of Nrf2 [156]]. Upon exposure to ROS,
Keapl is inactivated, Nrf2 disassociates from Keapl and becomes stabilized and heterodimerizes
with small masculoaponeurotic fibrosarcoma (Maf) proteins [[157]. ARE-containing genes coun-
terbalance the harmful effects of ROS through a variety of mechanisms [[158,[159]]. For this study,
we focused on 4 antioxidant enzymes that contribute to the antioxidant response: superoxide dis-
mutase (SOD), catalase (CAT), glutathione peroxidase (GTPx) and heme oxygenase-1 (HO-1).
Of these, GTPx and HO-1 are directly inducible by Nrf2. Recall that HO-1 is a part of the iron

utilization pathway and thus this enzyme is modeled in our network as a separate node. On the
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other hand SOD, CAT and GTPx, which can eliminate specific reactive oxygen species, are repre-
sented as a single node, labeled Antioxidant enzymes. SOD in cytosol and mitochondria catalyzes
the dismutation of superoxide radical (O,-)~ to form hydrogen peroxide H,O and O, [[151 [154].
GTPx in cytosol and mitochondria and CAT in tissue peroxisomes reduce H,O5 to water and O,
to control production of DNA-damaging molecule hydroxyl radical -OH [151} [153]. -OH, which
has a very short half-life ~ 10~? seconds, cannot be scavenged by an enzymatic reaction. Thus,

endogenous and dietary -OH scavengers (e.g. melatonin, vitamin E) are out of scope of this study.

Besides having a destructive role, ROS can also act as signaling molecules to promote cell pro-
liferation, survival, apoptosis, differentiation and migration [155}[160]. It has been suggested that
ROS induces inflammatory response protein IL-6 production in this fashion [161} 162]. ROS also
involves regulation of the epidermal growth factor receptor in the oncogenic pathway as a signaling

molecule, which is discussed further in the following part.

Oncogenic Pathway. The epidermal growth factor receptor (EGFR) regulates cell growth, differ-
entiation, and motility through interaction with its ligand, epidermal growth factor (EGF). EGFR
activation stimulates transient activation of Ras-GTP and this eventually leads to activation of
extracellular-signal regulated kinases (ERKSs) [[163]], which in turn results in phosphorylation and
stabilization of c-Myc [[164]]. It has been established that c-Myc stimulates the expression of IRP2
[165] and activates TfR1 [166l], which provides a link between oncogenic and iron homeostasis

pathways.

Ras is a small guanosine triphosphatase (GTPase) and its activity is controlled by a regulated
GDP/GTP cycle. The duration of Ras activity (time being in the GTP-bound form) and the level of
activation (GTP-bound form / total Ras) are controlled by (a) the guanine nucleotide exchange fac-
tors (GEFs) that promote exchange of GDP for GTP, and (b) GTPase-activating proteins (GAPs)
that stimulate the intrinsic GTPase activity of Ras to promote formation of the inactive, GDP-
bound form of Ras. The activator of Ras is a GEF protein son of sevenless (SOS), which facilitates
the switch from Ras-GDP to Ras-GTP. Both SOS and Ras-GAP are recruited to the phosphory-
lated EGFR [163,167]. ERK phosphorylates SOS resulting in its dissociation from growth factor
receptor-bound protein 2 (Grb2) providing a negative feedback and thus limiting activation of Ras
[168,167]. Ras also is activated by IL-6 [169,170].

The oncogenic pathway and reactive oxygen species (ROS) have a close and intricate relationship.

Our model is not refined enough to capture all the complexities of this interaction, but we do
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include many known established connections. In particular, it has been shown that activated Ras
induces the production of ROS, which is required for oncogene-mediated cellular transformation
and Ras dependent proliferation [171} 172, [173, [174]. Moreover, there is a direct induction of
EGFR by endogenous H,O- and a localized generation of HoO, by EGFR through a NADPH
oxidase (Nox)-mediated process [160, [175]. Extracellular-signal regulated kinases (ERKs) and
Ras are also involved in oxidative pathway by activating Nrf2 [[176, [177].

5.2.2 Logical Model

Logical models have been used for modeling biological systems in the simple and intuitive manner
by viewing the network in terms of a collection of logical rules with discrete time steps [[178]. Each
species in our network is represented by ternary logic, which is an extension of Boolean logic. For
most of the components in our network, 1 denotes normal, 0 denotes lower than normal and 2
denotes higher than normal concentration levels. In some components (e.g. IRP1, IRP2 and Ras),
0 or 2 mean inactive or active form respectively. Regardless of the labeling, the interactions in
the network can be translated into update rules analogous to Boolean functions. Update rules are
then used for simulations and hypothesis generation. Table [5.1]is a summary of all species in our
network, their update rules and relevant citations. We used a time- and state-discrete mathematical
framework, polynomial dynamical systems (PDS), to model our network over a finite field, 5. A
detailed description of the construction of the model and definitions of the logic gates (Max, Min
and Not) can be found in[5.3.1] The entire set of update rules in their polynomial form used for
simulations is provided in Appendix

The (normal cell) model is constructed in a way that it has one steady state, which indicates all
species to be in their normal levels no matter what the initial state is. We detected different at-
tractors depending on the knockout and overexpression simulations. For knockout simulation, the
update polynomial of the knockout component is set to 0. Regardless of its regulators, it stays in
lower than its normal concentration levels or inactive form. For overexpression simulations, the
update polynomial of the knockout component is set to 2. Regardless of its regulators, it stays in
higher than its normal concentration levels or active form. The main purpose is to determine the
effect of perturbations (knockout and overexpression) on the long-term behavior of the system. We
simulated a normal cell, a mitoferrin knockout (Mfrn k/o) cell, an IRP2 overexpressed (IRP2 o/e)

cell and spontaneous k/o and o/e simulations to capture a breast cancer phenotype.
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5.2.3 Model Validation

After obtaining all 24 polynomials, we ran a customized Perl and Python script to simulate the
whole state space and the basin of attraction of the system. Table [5.2] shows the variables and
their long-term behavior under different simulation types. Recall that the (normal cell) model
has one steady state, which indicates all species to be 1 (in their normal levels) no matter what
the initial configuration is. Mitoferrin knockout (Mfrn k/o) cell simulation is to test the model
whether it reproduces the known fact on the iron utilization pathway. IRP2 overexpressed (o/e)
cell simulation for hypothesis generation, which are validated by experimentation. Breast cancer
cell simulation results are discussed in

Mitoferrin knockout simulation matches with the current literature. Mitoferrin (Mfrn) trans-
ports cytosolic iron (LIP) into mitochondria and mitochondria LIP (LIPmt) is utilized for heme
production [146, [147]. When Mfrn is knockout, LIP is not transported into mitochondria and
heme synthesis is not initiated. The Mtfrn k/o cell model can generate this state. Based on Mfrn
k/o simulation, the system has only one steady state, in which all the components are in their nor-
mal levels except the iron utilization proteins (see the third column in Table [5.2)). Low levels of
LIPmt, Ftmt, ALAS1 and heme are a consequence of Mfrn knockout. While the effect of Mfrn
k/o on HO-1 is not HO-1 is not much affected because it can possibly be regulated by Nrf2, an

oxidative stress response protein.

IRP2 overexpression only alters the core iron system. The IRP2 overexpressed (o/e) cell
model predicts that IRP2 o/e only affects the iron homeostasis pathway but not others (see the
forth column in Table @) As IRP2 is constantly active, TfR1 levels are elevated whereas ferritin
and ferroportin levels are declined. No significant effect is expected on other components in the

network.

To test this prediction experimentally, at least one protein in each pathway was decided to be mea-
sured in IRP2 o/e cells. Figure [5.3]indicates the experimental data, in which iron-related proteins
TfR1, ferritin and HO-1, the oxidative stress sensor protein Keapl, the inflammatory response
protein IL-6, and oncogenic proteins EGFR and c-Myc were measured in normal and IRP2 o/e
cells. Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) is a loading control, which indicates
equal loading in each lane. IRP2 o/e increases TfR1 recruitment as it moderately decreases fer-

ritin production. However, there is not significant change between the levels of other proteins in
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normal cells and in IRP2 o/e cells. This validates our prediction: IRP2 o/e only affects the iron

homeostasis pathway in our network.

Vec IRP2 o/e

IRP2 > =

Ferritin - -

HO-1 -

Keap! mmme S

IL-6 by - en——
EGFR =~ s

c-Myc “ —

GAPDH — e —

Figure 5.3: Effects of IRP2 overexpression on the network. GAPDH is a loading control.

5.2.4 Differential regulation of pathways in cancer

One main goal of this study is to capture a breast cancer-like behavior from our normal cell model
to investigate how normal cells become malignant. First of all, we determined a breast cancer
phenotype based on pertinent literature. We are aware of the fact that there are many types of breast
cancers and breast cancer cell lines. Therefore, we have a unified breast cancer phenotype in which
the components are known as higher or lower in general when compared to the components in
normal breast cells. Iron homeostasis, oxidative stress response and oncogenic pathways and their
differential regulation in breast cancer is well-known and supported by several studies. However,
differential regulation of iron utilization pathway in (breast) cancer can not determined due to lack

of information and studies in the current literature.

In many breast cancers, free iron (LIP), TfR1, IRP2 and hepcidin levels are high whereas ferro-

portin, ferritin and IRP1 levels are low [145} [181]]. It has been known that breast cancer cells are
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frequently under persistent oxidative stress [182]. In vitro, human tumor cell lines have higher
levels of ROS ((O3-)~, HyO,, -OH) than their non-tumorigenic versions [151]. Several mecha-
nisms have been reported for the increased activity of Nrf2 in breast cancer, one of which is loss-
of-mutations in Keapl and gain-of-function mutations in Nrf2 [158]. The levels of antioxidant
enzymes are detected in several breast cancer studies. Increased expression of SOD and HO-1 are
clinically observed but CAT and GTPx levels are declined in breast cancer tissues [183} 184 [179]].
In addition, Sen et al. highlights that catalese protein levels are high, yet catalase bioactivity is too
low to overcome high ROS levels in breast cancer cells [185]. This suggests that the inhibitory
effect of antioxidants on ROS is disrupted in cancer. High serum levels of inflammatory cytokine
IL-6 are detected in breast cancer patients [[186]. Determining the levels of oncogenic pathway
proteins is a bit tricky. For instance, EGFR levels are elevated in 50% of the breast cancers and
Ras is mutated (hyper-active) only in 5% of the breast cancers [168, 187, [188]. c-Myc levels are
higher in 50%-100% of breast cancer cases [[189,190].

The breast cancer phenotype for each pathway can be found at the last column in Table [5.2] Our
breast cancer simulation, in which Ras was overexpressed and the inhibitory effect of Antioxidant

enzymes on ROS was removed, matches with the existing literature.

5.3 Materials and Methods

5.3.1 Mathematical Model

Our network has 24 nodes, all of which can take either 1 (normal), O (lower than normal/inactive)
or 2 (higher than normal/active). Update rules were determined based on existing literature (Table
[5.1). Here, we provide the steps taken to build a (discrete) mathematical model using the update

rules.

If species X is inducing species Y (X — Y') or species X is inhibiting species Y (X - Y') then we

represent these relations via a transition table as depicted in Table [5.3.1]
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X =Y XY
0 0 0] 2
1 1 1 1
2 2 21 0

Table 5.3: Transition tables for activation and inhibition.

Note that inhibition in Table is just a logic NOT gate (denoted by X; where X; € {0, 1,2}).
The other two fundamental gates, OR and AND, for two species X and Y regulating species
Z (X — Z < Y), can be defined as max{X;,Y;} and min{X;, Y;} respectively, for X;,Y; €
{0,1,2}. To differentiate from the Boolean OR and AND gates, we will denote these gates by
Max and Min, respectively.

We can express the above relations as polynomials over a finite field on three elements, [F3. Notice
though, that different polynomials can give rise to the same function, e.g. 23y + 1 and zy + 1 have

the same output for any z,y € Fs5. Thus, polynomials below are not unique.

T=242z
Max(z,y) = 2°y* + 2%y + 2> + 20y + o+ y (5.1)
Min(z,y) = 22%y? + 22°%y + 229 + zy

Various adjustments to the strength of a particular regulation can be made by altering entries in
the Table [5.3.1] For example, it has been suggested that IRP1, when active, contributes less to
the regulation of ferritin (Ft) than IRP2 (see Table [5.3.1). These tables mean that when IRP2 = 2

(active) it will inhibit Ft, whereas when IRP1 = 2 (active) it will have a lesser affect on Ft.

IRP1 4 Ft IRP2 4 Ft
0 2 0 2
1 1 1 1
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Table 5.4: Transition tables for IRP1 and IRP2 regulating Ft.

Thus, we can represent regulation of Ft by IRP2 in Table using Equation
IRP2 =2+ 2-IRP2

Now for IRP1 regulating Ft according to this new adjustment one can also find a polynomial
representing Table (left table). For convenience, whenever we use an adjusted regulation we

will place an asterisk (*) in front of the variable inside the logic gate.

*IRP1 =2+ 2- (IRP1)?

We can update the state of each of the species in our network either synchronously or asyn-
chronously. Synchronous update simply means that all species in the network are updated si-
multaneously, while asynchronous, as the name suggests, means that not all species are updated
at the same time. We use synchronous update and hence each state in our network will belong to
the basin of attraction of only one attractor. The attractor can be a point attractor (steady state) or
a cycle attractor (limit-cycle). These attractors can be considered as phenotypes in the biological

context.

To make sure that we preserve continuity (i.e. each species changes at most one unit up or down),
we are going to employ methodology as described in [178]. The logic behind this is to take into
account the previous state (e.g. concentration) of the regulated species. The future value of the
regulated species under continuity is computed as follows. Let f; be the update function for x;. To
ensure that each variable changes at most 1 unit, define a function h(z;, f;) for the updated value

of the variable x; at the next time step:

h(zi, fi) = { x; if f; = (5.2)
We would like to note that this methodology imposes self-regulation, which is not a problem for

many species in our network as many of them self-degrade. LIP, Heme and H,O- do not undergo

self-regulation and hence we do not apply continuity to these species. In order to compute final
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polynomials, we are going to make a use of the following property of finite fields:

Remark 5.3.1. If i : F) — [, is any function then there is a polynomial f : F) — [, so that
h(z) = f(z) forall z € .

One can find f by using the following formula,

flz) = hle) H(l — (2 =)', (5.3)

ceFy

where h(c) is the update function as defined by (5.2), ¢ is a vector of input variables, and the

right-hand side is computed modulo p.

All of these logic gates, transition tables describing different strength of regulation and continuity,
are then appropriately translated into final polynomial functions over a finite field with three ele-
ments. These polynomial functions then form what we call a polynomial dynamical systems (PDS)
over a finite field [14]. We fully described a construction of the update polynomial for ferritin (Ft)
in iron homeostasis pathway in Appendix In a similar fashion, the update polynomial of all
variables were constructed, which can be found in Appendix

5.3.2 Experimental Methods

MCFI10A, non-tumorigenic immortalized human mammary epithelial cells were obtained from the
Wake Forest University Comprehensive Cancer Center Tissue Culture Core facility. The cells were

maintained in a suggested condition by ATCC.

To overexpress IRP2 in MCF10A cells, the lentiviral vector pSL2-IRP2 [191]] were applied. Briefly,
MCF10A cells were infected with the concentrated viral particles from pSL2-IRP2 and pLS2
empty vector (as a control). The infection efficiencies for both infections were over 90% based
on GFP fluorescence in cells. The cell lysates were harvested for subsequent analysis seven days

after infection.

Western blotting was performed as previously described [191]]. Antibodies: GAPDH (Fitzgerald),
TfR1 and c-Myc (Invitrogen), IRP2 and EGFR (Santa Cruz Biotechnology), Keap1(Cell Signaling
Technology), HO-1 and IL-6 (Abcam) , ferritin H ([[192]).
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5.4 Conclusion

In this study, we took a systems biology approach to investigate how normal cells become cancer-
ous. According to our literature-based predictive mathematical model of an expanded intracellular
iron metabolism, the model predictions were validated through experimentation or current litera-
ture. The new cancer biology that we discovered is that IRP2 overexpression only alters the iron
homeostasis pathway. To our knowledge, there has not been a similar model that can capture a
breast cancer phenotype by overexpression and knockout simulations. The breast cancer simula-
tion suggests that the iron utilization and antioxidant mechanism are disrupted in breast cancer.

Dysfunctional iron utilization in breast cancer can be further examined as a follow-up study.
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Variable Classification Update Rule Evidence
LIP IH Min(Max(TfR1, HO-1), Min(Fpn, Ft, Mfrn)) (140, 179]
TfR1 IH Max(IRP1, IRP2, c-Myc) (140, [166]
Fpn IH Min(IRPI, IRP2, Hep) (140, 145]
Ft IH Min(+IRPI, IRP2) [140]
IRP1 IH LIP [140]
IRP2 IH Max(LIP, c-Myc) (140, 165
Hep IH IL-6 [144]
Mfmn U LIPmt [146]
LIPmt U Min(Mfrn, Ftmt, heme) (146, 147]
Ftmt U LIPmt [147]
ALASI U Min(heme, LIPmt) (149, [147]
heme U Min(ALAS1, HO-1) (149, [147)
HO-1 U Max(heme, Nrf2) (149, [159]
ROS OSR Min(Max(LIP, EGFR), Antioxidant enzymes) | [152, 154, 175} [158]
Keapl OSR Min(ROS, Nfr2) (157, [156]
Nrf2 OSR Max(Keap1, Ras, ERK) (157, [176, (156, [180]
Antioxidant enzymes OSR Nrf2 [[157,158]]
IL-6 IR Max(HO-1, ROS) (148, [161) [162]
EGFR Onc ROS [175]
SOS Onc Max(EGFR, ERK) (163,167, [168]
GAPs Onc EGFR (163, [167]
Ras Onc Min(Max(IL-6, SOS), GAPs) (163,169, [170]
ERK Onc Ras [163]
c-Myc Onc ERK [164]

Table 5.1: Summary of all model variables and their update rules. IH, iron homeostasis; U, iron
utilization; OSR, oxidative stress response; IR, inflammatory response; Onc, Oncogenic.
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Table 5.2: Attractors (steady states) under certain perturbations.
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A Denitrification Network Model of

Pseudomonas aeruginosa

A.1 Transition tables of Dnr, NirQQ, nar and NO,

&9
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PmrA(t) Anr(t) NarXL(t) Dnr(t) || Dnr(t+1)
z3(t) 24(t) z5(t) z6(t) ze(t+1)
0 0 0 0 0
0 0 0 1 0
0 0 0 2 1
0 0 1 0 0
0 0 1 1 0
0 0 1 2 1
0 1 0 0 1
0 1 0 1 1
0 1 0 2 1
0 1 1 0 1
0 1 1 1 2
0 1 1 2 2
1 0 0 0 0
1 0 0 1 0
1 0 0 2 1
1 0 1 0 0
1 0 1 1 0
1 0 1 2 1
1 1 0 0 1
1 1 0 1 1
1 1 0 2 1
1 1 1 0 1
1 1 1 1 1
1 1 1 2 1

Table A.1: Transition table of Dnr

90



Seda Arat

Chapter 5. Iron Model: from Normal Breast Cells to Cancer Cells

NarXL(t) Dnr(t) NirQ(t) || NirQ(t+1)
rs()  xe()  w7(D) r7(t+1)
0 0 0 0
0 0 1 0
0 0 2 1
0 1 0 1
0 1 1 1
0 1 2 1
0 2 0 1
0 2 1 2
0 2 2 2
1 0 0 1
1 0 1 1
1 0 2 1
1 1 0 1
1 1 1 2
1 1 2 2
1 2 0 1
1 2 1 2
1 2 2 2

Table A.2: Transition table of NirQ
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SN

NS I\ 2 I N T (O 2 I \O T B\ 2 B \O T B O I B \O ]
—
[

NarXL(t) Dnr(t) NO(t) nar(t) | nar(t+1)
z5(t) ze(t)  z13() sV || ws(t+1)

0 0 0 0 0
0 0 0 1 0
0 0 0 2 1
0 0 1 0 0
0 0 1 1 0
0 0 1 2 1
0 0 2 0 0
0 0 2 1 0
0 0 2 2 1
0 1 0 0 0
0 1 0 1 0
0 1 0 2 1
0 1 1 0 0
0 1 1 1 0
0 1 1 2 1
0 1 2 0 0
0 1 2 1 0
0 1 2 2 1
0 0 0 0
0 0 1 0
0 0 2 1
0 1 0 0
0 0
0

0

0

0
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NarXL(t) Dnr(t) NO(t) nar(t) | nar(t+1)
z5(t) ze(t)  w13()  ws(t) || ws(t+1)
1 0 0 0 1
1 0 0 1 1
1 0 0 2 1
1 0 1 0 1
1 0 1 1 1
1 0 1 2 1
1 0 2 0 1
1 0 2 1 1
1 0 2 2 1
1 1 0 0 1
1 1 0 1 1
1 1 0 2 1
1 1 1 0 1
1 1 1 1 2
1 1 1 2 2
1 1 2 0 1
1 1 2 1 2
1 1 2 2 2
1 2 0 0 1
1 2 0 1 1
1 2 0 2 1
1 2 1 0 1
1 2 1 1 2
1 2 1 2 2
1 2 2 0 1
1 2 2 1 2
1 2 2 2 2

Table A.3: Transition table of nar
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NOs(t) nar(t) NOo() || NOy(t+1)
NOs(t)  xg(t)  x19(t) x19(t+1)
0 0 0 0
0 0 1 0
0 0 2 1
0 1 0 0
0 1 1 0
0 1 2 1
0 2 0 0
0 2 1 0
0 2 2 |
1 0 0 0
1 0 1 0
1 0 2 1
1 1 0 1
1 1 1 1
1 1 2 1
1 2 0 1
1 2 1 2
1 2 2 2

Table A.4: Transition table of NO,
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Appendix B

Modeling Iron-dependent Oxidative Stress

in Breast Cancer

B.1 Construction of the update polynomial for ferritin (Ft)

Ferritin (Ft) has two inhibitors: IRP1 and IRP2. States {0, 1, 2} for Ft will denote protein concen-
trations low, normal and high, respectively. It has been suggested that active IRP2 has a greater
affect on Ft, thus we will adjust the strength of each IRP as described by Table The logic

gate between two negated IRP’s is a Min gate:
fri = Min(*IRP1,IRP2).

This ensures that when, for example, IRP1 = 0 (inactive) and IRP2 = 2 (active), we get that Ft
is inhibited by IRP2, i.e. Ft = 0 in that case, otherwise it would be 2 with a Max gate. Now we
translate the above expression into a polynomial equation. First, let z, := Ft, 5 := IRPI, and
x¢ := IRP2 (this is the same assignment as we have in the supplemental file ??). The polynomial

functions over a field on three elements for each transition table are:

*T3 = 222 +2 and Tg = 226 + 2 (B.1)
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Using appropriate polynomial for the Min gate as described by Equation (5.1I), we compute the

following update function for Ft by keeping in mind that all the calculations are over Fs.

f:c4(335a xﬁ) == Mln(*x_fn x_())
= Min (222 + 2,226 + 2)
= x2x} + 222 + 226 + 2.

Now we apply continuity process as described by Equation (5.2) and carefully substitute that into
Equation (5.3) to compute final polynomial f4 representing an update polynomial for z, (compu-

tations are modulo 3).

fa=1(0, f2,(0,0)) - (1 = (24 = 0)*)(1 — (w5 — 0)*)(L — (26 — 0)?)
+h(1L, f2,(0,0)) - (1 = (w4 = 1)*)(L = (x5 — 0)*)(1 — (26 — 0)*)

(L fy(2,2)) - (1= (2 = D?)(L = (25— 2)°)(1 — (26— 2)?)
(20 fy(2,2)) - (1= (2 — 2))(1 = (25— 2)°)(1 — (26 — 2)°)

=1+ a3 + 22322 + 226 + 2476 + 27376 + TE + 22478 + TITETE

B.2 Variables and their Update Polynomials

r1 = LIP r9 = ALASI x17 = SOS
zo = TfR1 10 = heme r1s = ERK
r3 = Fpn z11 = ROS 19 = c-Myc
x4 = Ft 12 = Antioxidant enzymes Tog = GAP
rs = IRP1 r13 = Nrf2 r91 = EGFR
ze = IRP2 r14 = Keapl T9o = LIPmt
x7 = Hep x15 = IL-6 To3 = Mfrn

Trg = HO-1 T16 = Ras Loy = Ftmt
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f1 = 224252225223+ 2% 225 2232+ 2% 222 % 1232+ 2% 022k 03+ 122 % 123 % 3+ 2% 2% % 232 % 23+
25 22% 232+ 252022 % 232+ 2% 022 % 023 % 232 + 225 2232 % 132 + 2% 022k x4+ 222 % 223k x4+ 2% 12 %
1232 % 04+ 222 % 3% x4+ 2% 022 % 123 x w3 % x4+ 122 % 1232 x w3 % x4+ 2% 122 % 132 x x4+ 222 x 223 %
23224+ 2% 022 %0232 x 232 x x4+ 2% 2% 247 + 2% 222 % 242 + 2% 222 5 223 % x4% + 2% 1232 % 4% +
25122 % 3% 04?4 022 % 123 % 13 % 142 + 25 122 % 1232 x 3% 042 + 2% x3% x 14% + 2% 022 x 123 % 132 *
242+ 25 22 %2232 % 232 % 242 + 2% 222 % 1232 % 232 % 242 + 28+ 2% 2% 8+ 122 % 8+ 2% 2232 % 28+
2% 0232 % 28+ 2% 222 % 1232 % 8+ 2x 032k x8 + 12 ¥ w32 % x8 + 2% 222 x 132 % 18+ 1232 x 132k 8+ 2%
2252232 % 132 %08+ 122 %1232 % 032 % x84 24 x4 % 18+ 12 142 % x8+ 2% 1 2% x x4? ¥ x84 1232 x x4% *
18+ 2% 2% 123% % x4? x w8+ 122 % 1232 % 14% x 18+ 131 % x4? % 18+ 2% 12 1 3% x x4? x w8+ 12% ¥ 13% %
1A% % 28+ 2% 1232 % 132 % 4% % 18+ 2% 1232 % 132k 242 % 18+ 2% 122 % 0232 % 132 x 4% % 28+ 2% £ 8% +
222 %282+ 2% 223 %082 + 122 % 123 % 082 + 2% 1232 % 182 + 2% 12 % 0232 % 8% + 2x w3 x 8% 4 122 x 3 *
282+ 123 w3 %282+ 2% 122 % 123 % w3x 182+ 2% w232 x 13 % 182 + 122 % 123% % w3 x 82 + 25 132 x w82 +
2% 22% 132 %082 + 2% 123 % 132 % 182 + 122 % 123 % 132 % 82 + 12 % w232 x 132 x 182 + 122 x 1232 x 132 *
282+ 2% w4 x w82+ 122+ x4 x w82 + 123 % w4 % 182 + 2% 122 % 123 % x4 182 + 2% 1232k 14 * 18% + 122
1232 x4 %182+ w3% 1 dx 182+ 2% 122 % w3 ¥ x4 182 + 2% 123 % 3% x4 * 182 + 122 % 123 x w3 x w4 * 182 +
123% % x3% x4 %082+ 2x 122 % w23k x 3k x4 087 4 2% 13k wdx 182 + 122k 132 x 14 x8% + 123 % x3% %
x4* x84+ 2% 122 % 123 % 132k x4 182+ 2% 1232 % 132k 14 x 182 + 122 % 1232 % 132 x wd* 182 4+ 2+ 14% %
2824 2% 2% 242 % 182 + 2% 223 % 142 % 182 + 122 % 123 % x4% % 282 + 22% 1232 % x4% % 282 + 122 x 232 *
24252824 2x w3 % 142 % 082+ 122 % w3 x 242 % 082+ 123 0 3% x4% x 8% 4+ 2% 122 x 123 3¢ x4% x 182 4+ 2%
1232 % 13%04? % 182+ 122 % 1232 % 3% 04? % 182 + 125 132 x 142 x 082 + 12? x 132 * 14 % 182 + 2% 123 *
132 %242 x 182 + 122 % 123 132 * 14 x 182 + 2% 1232 x 132 % x4? ¥ 182 + 2% 12 % w232 x 132 % w42 % 182
fo = 2192+ 22+ 252192 % 22+ 2% 222 + 219 % 222 + 5% + 2% 192 % 252 + 2% 22 % £5% + £192
22% x5 + 222 %252 + 2% 2192 % 222 % 5% + 222 % 264 2% 195 222 % 26 + 192 % 222 % 26 + 262 4+ 2%
21925262 + 2% 2% 262+ 2192 % 22 % 262 + 219 % 222 % 262 + 192 x 222 % 6% + 2% 5% x 162 + 192 *
5% % 262 + 22 % 52 x 162 4+ 2% £19% % 22 x 5 * 162 4+ 2% 222 x 52 x 162 + 192 * 122 x 252 x 16
fs =1+ 2324+ 2% 232 %252 + 2% 26 + 23 * 6 + 2 % 232 % 26 + 262 + 2 % 23 * 6% + 232 x 252 x
2624+ 2% 2T+ 3% 2T+ 2% 232 % 27T+ 26 % 7 + 2% 23 % 26 % 27 + 232 % 26 27+ 2% 262 % 27 + 23 *
262 % 2T+ 2% 232 % 262 x 27+ 27? + 2% 203 27? + 032 x 25?2 x 2T + 2% 26 % 27> + 13 % 16 % 7% +
2% 132 % 26 % 172 + 26% % xT% + 2% 13 % 162 % 7% + 2% 13% * 162 * 17?4+ 2 % 132 % 152 % 6% x 27>
£, =1+242 4+ 25242 %252 + 2% 26 + x4 % 26 + 2 % 242 % 26 + 26° + 2 % 24 * 6% + 142 * £5% * 262
fs =1+2%21 +212 4+ 21 %25 + 2% 1% x 5 + 252 + 2 * 21 * 252

fo=14+2%21+2124+21 %219 + 2% 21« 2192 + 21 * 26 + 2% 21?2 % 26 + 2 x 21 * v19% %
26 + 212 % 2192 % 26 + 262 + 2% 21 * 262 + 212 x 219 % 262 + 21 * £19% x 262 + 212 * 2192 * 262
f7 = 2152 + 274+ 2% 2152 % 27 + 2% 27 + 15 * 272
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fo = 21024+ 21324+ 2% 210% %2132+ 28+ 2% 2102 % 28+ 2% x13% x x8 + 102 x 2132 x 8 + 2% 8% +
210% 282 + 213282 +2xx10x 213 % 282 + 1102+ w13 82 + 210 * 2132 x 282 + 2102 x 1132 x 282
fo = 2222 + 2 % 210 * 2222 + 2102 * 2222 + 29 + 2 * 222 * 29 + 210 * 2222 * 29 + 2 * 10?
2222 % 29+ 2% 292 + 222 % 9% + 2% 2102 % 222 % 9% + 2% 210 % 222 % 9% + 2 % £10% % 2222 % £9?
fio0 =29+ 2% 282 % 29 4+ 2 % 28 % 9% + 2 % 282 % 19>

f11 = 214+ 2%x21%%2 124252152122+ 2521252122+ 216+ 2% 21 %216+ 212 %2 16+ 2% 2122 %216+
21x2122 %2164+ 2% 212 %2122 %216 + 21 %2162+ 212 %2162 + 25 212 % 2162 + 212 x 212 2162 + 2%
212252162+ 2% 21 %2122 %2162 + 221 +2x 21 %2021 + 212 %221 + 2% 2122 %221 + 21 %2122 % 221 42
21252122 %221 4+ 2% 216% 221 + 21 x 216 %2021 + 25212 %216 %221 + 2122 % 216% 221 + 2x 21 %2122 *
2165221 4+212 %2122 %216% 221 + 2162 %221 +2% 21 %2162 %221 + 212 %2162 %221 + 2% 2122 % 2162 *
2214212122 %216% %221 + 2% 212 %2122 %2162 % 221 + 21 %221% + 2122212+ 2% 21252212 + 212 %
21252212 425212252212+ 2% 215212252212+ 21652212+ 2% 2 12162212+ 212 21652212 + 2%
2122521652212+ 21 x2122% 21652212+ 2% 212 %2122 %216 %2212 + 2162 %2212 421 x 21622212 +
21252162 %2212+ 25212 % 212% 2162 %2212+ 2% 21 %2122 %2162 % 2212 + 2% 212 % 2122 % 2162 x 221
flo =212+ 2% 2122 + 2122 % 213 + 2132 + 2 x 212 x 213°
fia=1+21324+2x214+ 213 x 214 + 2% 2132 x 014 + 2142 + 2 x 213 x 2142 + 213% x 142
216 4+ 214 % £16% + 2 x 13 * 214 * £16% + 2132 * 214 * £16% + 2 * 2142 * 2162 4 213 * £14% *
2162 + 2132 * 1142 * 162 + 132 x 2142 * 218 + 2 x 1132 * 214% * 16 * 218 + 213% x 1142 *
2162 % 218 + 214 % 187 + 2 % 213 % x14 * 1187 4+ 213% x 214 % £18 + 2 x 114% x x18% + 13 *
2142 % 2182 + 2132 % 2142 x 2182 + 2132 x 2142 x 216 % 182 + 2 x x14 * 16 * 182 + x13 x w14 *
2162 * 2182 + 2 % 2132 % 114 * 2162 * £18% + 2142 * 162 x 2182 4+ 2 % £13 * 214% * £16% x 218
fla=14+2%x2114+ 2112+ 21l %214+ 2% 2112 % 214 + 2% 211 * 2142 + 211% x 2142 + 213 %
2142 + 2% 2112 % 213 % 2142 + 2 % 2132 % 214% 4+ 2112 % £13% * 142

fis = 1+2152 + 2% 28+ 211% %28 + 2158+ 2x w112 % 215 * 28 + 2% 2152 x 28 + x112 x 2152 %
284182+ 2x 1112 %282 + 2x 215 % 282 + 2112 x 215 % 282 + 211 * 215% * 282 + 2112 x 152 x 282
fi6 = 152+ 2164+ 2% 2152 %216+ 2% 2162+ x15% 2162 + 2162 % 217+ 2% 15 %2162 x 217+ 2152 %
2162 %217+ 2172+ 25 2152 % 2172+ 2% 016 x 217 + 2152 % 216 % 2172 + 215 % 2162 % 217> + 2157 %
21625 217? + 2% 2152 %220+ 2152 %216 % 220+ 2% 2152 % 162 % 220+ 2% 2172 % 220 + 2152 * 2172 *
2204+ 216%217* %220+ 2% 2152 % 216 % 2173 % 220+ 2% 2162 % 217?220+ 2152 x 0162 x 2172 % 220 +
21522202 + 2% 2152 % 216 % 2202 + 2 215 2162 % 2202 + 2 2152 % 2162 x 2202 + 2% 2162 x 217 *
2202+ 215% 2162 % 217 %2202 + 2% 2152 %2162+ 217 % 220% + 2172 %2202 + 2 2152 % 0172 x 220% +
2xx16% 2172 %2202 + 2152 %216 % 017? % 20202 + 2% 0162 % 0172 % 202 + 2% 215% 2162 * £17% * 220
fi7 = 14217425218+ 217218+ 2% 217?218+ 2182 4+ 2% 217+ 2182 + 21 7? x 2182221 + 218
221242521 T+ 21852212 + 2172 %2 18% 2212 + 2% 2182 %2212 + 21T+ 21822212+ 2172 %1182 x 221
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fig = 2162 + 218 + 2% 2162 * 18 + 2 * £18% + 216 * 1182

flo = 2182 + 219+ 2% 2182 % 219 + 2 % £19% + 218 % 2192

foo = 220 + 2 % 20% + 220% * 221 + 221% + 2 % 220 * x212

for = 2112 + 221 + 2% 2112 % 221 + 2 % 2212 + 211 * 2212

foo = 223+ 2% 2102 % 223 + 2% 210 % 2232 + 2% 2102 % 2232 + 2% 2232 % 224 + 210 % 2232 x £24 +
2% 2102 % 223% % 124 + 2% 123 * 242 + 10% % 123 * 1242 + 2% 123% x 242 + 2 010 % 123% * 1242
fog =1+ 2% 222 + 2222 + 222 % 223 4+ 2 % 2222 % 223 4+ 2232 + 2 x 122 x 1232

foq = 2222 + 224 + 2 % 1222 % 124 + 2 x 1242 4+ 122 % 124>

For the Mfrn k/o simulation, f33 = 0. For the IRP2 o/e simulation, fg = 2. For the breast

cancer simulation (Ras o/e and no Antioxidant enxymes (z12) in ROS regulation), f1¢ = 2 and

_ 2 2 2, .2
f11. =21 + @91 + 2% 2y % Ty + T * Ty + T * T + T * X5
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