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ABSTRACT

The human microbiome has been extensively studied, yet remains elusive
due to its complexity. Recent findings showed that many solid tumors may harbor
a microbiome. Bacterial presence in tumors may cause cancer progression, modify
the chemical structures of anti-cancer treatments or alter the immune responses.
Basic principles of how bacteria initiate a population and expand in tumors, and
how they adapt to anti-cancer therapies is an underexplored area. For instance,
gamma-proteobacteria found in pancreatic ductal adenocarcinomas cause
chemoresistance by converting gemcitabine to its inactive form by the cytidine
deaminase enzyme. Here, | first focused on this drug-bacteria interaction to
understand bacterial evolution to gemcitabine and how it could affect existing
bacteria-drug interactions. Using a genome-wide genetic screen, | showed that
many loss-of-function mutations can cause gemcitabine resistance. | found that
one-third of the resistance mutations increase or decrease bacterial drug
breakdown, which can decrease or increase the gemcitabine load in the local
environment. | also found that the adaptation of E. coli to gemcitabine resulted in
the inactivation of the nucleoside permease NupC, which increased the drug
burden on co-cultured cancer spheroids. Secondly, | focused on exploring the
bacterial colonization of tumors in vivo. Using an isogenic barcoded E. coli library,
| showed the presence of a narrow bottleneck during tumor colonization and

skewed bacterial dissemination in the tumor environment. Overall, this study sheds



light on quantitative bacterial colonization principles in tumors and intra-species

bacterial adaptation to anti-cancer drugs with implications to the cancer cells.
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Chapter 1. INTRODUCTION

1.1. HUMAN MICROBIOTA IN HEALTH AND DISEASE

The human microbiota is the collection of all microbial species that live
within our body, majorly consisting of bacteria but also containing members from
Archaea, Eukaryota, and viruses as a minor fraction (Christian Milani, Sabrina
Duranti, Francesca Bottacini et al., 2017). The microbiome is referred to as the
collection of all genetic elements of the microbiota however, these terms could be
used interchangeably in the field. Since the beginning of the field, the following
have been the biggest questions to answer (Turnbaugh et al., 2007): How many
species does the human microbiome consist of? What is the species diversity
across the lifetime of an individual, between individuals, and between healthy and
diseased subjects? Let's explore the scientific achievements aimed to answer

these questions.

Human Genome Project, which revealed the sequence information of the
human genome, would not be complete without characterization of the microbiota
that lives within our bodies. A collaborative effort initiated by the National Institutes
of Health (NIH), across many labs around the world, Human Microbiome Project
(HMP) aimed to characterize a core healthy microbiome in 2008 (Huttenhower et
al., 2012; Turnbaugh et al., 2007). In the first phase of the HMP, researchers tried
to identify a healthy core microbiome at five body sites including the gut, urogenital

area, skin, oral and nasal areas using 300 healthy subjects (Huttenhower et al.,



2012). 16S rDNA sequencing and shotgun metagenomic sequencing were
commonly used to gather taxonomic information and gene compositions
respectively. It produced a great amount of phylogenetic and genomic data, which
Is open to the public, to help the scientific community to further explore this dataset.
No single species was present in all body sites, however, each body site had a
distinct species composition that defined that niche across all individuals
(Huttenhower et al., 2012). Firmicutes and Bacteroidetes are two dominant phyla
constituting 90% of the gut microbiome, and the remaining 10% consist of the
phyla Actinobacteria, Proteobacteria, Fusobacteria, and Verrucomicrobia
(Arumugam et al., 2011; Huttenhower et al., 2012; Rinninella et al., 2019). These
species coexist in a homeostatic state. Changes in species diversity and
imbalance referred to as dysbiosis, can cause several pathologies (Oliva et al.,
2021). These changes could be due to extrinsic or intrinsic factors such as delivery
method at birth, nutrition/diet, antibiotic usage history, smoking and alcohol usage,
or host genetics (Bonder et al., 2016; Capurso & Lahner, 2017; A. L. Goodman et
al., 2011; McQuade, Daniel, Helmink, & Wargo, 2019; Penders et al., 2006; Pérez-
Cobas et al., 2013) Since microbiome is very complex and intertwined with human
health, characterizing the human core microbiome was a significant step in
biomedicine to understand the microbiome’s associations with human disease.
Individuals have up to ~500-1000 species in their microbiomes, but the vast total
number of bacterial species in the human microbiome across the population is

estimated to be ~10,000 by the human microbiome project researchers (Gilbert et



al., 2018; Huttenhower et al., 2012; Turnbaugh et al., 2007). Besides the species
diversity, the human microbiota consists of 3.8x108 individual cells which is almost
the same magnitude of cells as the human cells in our body (Sender, Fuchs, &
Milo, 2016). The microbiome composition across individuals (beta diversity), was
found to be very high across individuals and the major factors contributing to this
were host genetics/race, diet, xenobiotics, and early microbial exposure
(Huttenhower et al., 2012). The second phase of HMP aimed at characterizing the
microbiome of the diseased individuals to understand the differences with respect
to healthy subjects. Three cohorts in this phase represent preterm birth,
inflammatory bowel disease, and diabetes. The researchers used not only the
taxonomic information but multi-omics approaches including temporal sampling
from the hosts to understand the function of the microbiome more drastically
(Proctor et al., 2019). This multi-dimensional data serves as a valuable resource
that is available to researchers to explore many aspects of human conditions, now

and in the future (Proctor et al., 2019).

Another challenging question in the microbiome field has been if changes
in microbiota composition between healthy and diseased individuals are either the
cause or the consequence of the particular disease/human condition. (Carding,
Verbeke, Vipond, Corfe, & Owen, 2015). This is an active area of research and
there are studies that show examples of both possibilities. We need to keep in
mind that microbiota and host interactions are very complex and bidirectional and

the knowledge is constantly being updated by new research. There are many



studies that correlate certain bacteria species or compositional changes with
human conditions, however, investigations that show the specific causality require
more thorough studies including in vivo experiments. For example, changes in the
species composition of the gut microbiota have been linked to obesity, diabetes,
gastrointestinal disorders, depression, and anxiety disorders (Chassard et al.,
2012; Cui et al., 2022; Duan et al., 2021; Simpson et al., 2021). Some toxins
bacteria secrete have been linked to cancer initiation (Stone & Darlington, 2017).
Furthermore, researchers found that members of the gut microbiota might access
the bloodstream and translocate to the other parts of the body, due to the disruption
of the barrier function and cell-cell junctions in the gut epithelium (Schoultz & Keita,
2020). Some studies have linked these changes in gut epithelial barrier to many
human diseases such as irritable bowel syndrome, obesity, diabetes (Genser et

al., 2018; Piche et al., 2009; Schoultz & Keita, 2020).

Overall, human health and well-being are closely associated with the
microorganisms living within us. Any perturbations of this super organ can have

dramatic consequences.

1.2. METABOLIC CAPABILITIES OF THE MICROBIOME

The gut microbiome harbors ~3.3 million microbial genes which is about
150 times more than the total human genes according to metagenomic analyses
(Qin et al., 2010). Since the metabolic potential of the gut microbiome is much

more complex than a human cell metabolome, these commensal microorganisms



are considered to play a significant role in the digestion and biotransformation of
foods, fiber, and xenobiotics (Koppel, Maini Rekdal, & Balskus, 2017; Valdes,
Walter, Segal, & Spector, 2018). Even calorie extraction from the same food could
vary from individual to individual based on the differences in their microbiome

profiles (Boekhorst et al., 2022).

Gut bacteria provide many essential nutrients for the host. For instance,
microbiota produce short-chain fatty acids (SCFA) such as butyrate, propionate,
and acetate by fermentation (Ramakrishna, 2013). SCFAs have plenty of health
benefits including the protection of the intestinal barrier function (Chambers,
Preston, Frost, & Morrison, 2018), regulating gluconeogenesis in the gut, and
involvement in gut-brain communication (De Vadder et al., 2014). Various
members of gut bacteria also synthesize K and B groups of vitamins including

thiamine, folate, biotin, riboflavin, and pantothenic acid (Said & Mohammed, 2006).

Germ-free animals served as an integral tool for researchers to understand
many aspects of the microbiome on host metabolism. Germ-free mice completely
lack the total microbiome and are only viable if proper nutrition is provided. They
are raised in special containers and provided with sterile food and water. Indeed,
the lack of the microbiome results in many physiological differences compared to
the conventionally raised mice (reviewed in detail here, Smith, McCoy, &
Macpherson, 2007). Some of those characteristics are as follows: Germ-free mice
are smaller in body size, have lower body fat, require vitamin K and B

supplementation, have an immature immune system, and have a much larger



cecum and a smaller liver (Smith et al., 2007) These observations show how the
host is reliant on the microbiota for metabolism and energy production as well as

healthy physiology and developed immune system.

1.3. INTERACTIONS OF MICROBIOME WITH HOST TARGETED

THERAPEUTICS

Pharmacomicrobiomics is an interdisciplinary field that spans microbiology,
pharmacology, and genomics and investigates the interaction of the microbiome
with xenobiotics (any external compound present within the organism including
drugs). Bacterial enzymes are able to modify host-targeted drugs or their
metabolites, affecting treatment efficacy (Spanogiannopoulos, Bess, Carmody, &
Turnbaugh, 2016). These mechanisms are classified as direct interactions and
they include modifications to the chemical structures such as reduction or
hydrolysis reactions (Haiser & Turnbaugh, 2013; Spanogiannopoulos et al., 2016).
For instance, irinotecan (CPT11) is a topoisomerase | inhibitor used to treat many
types of cancer (Pommier, 2006). After intravenous administration, irinotecan is
metabolized by liver enzymes and converted to both the inactive form SN38G and
active form SN38 (Haaz, Rivory, Jantet, Ratanasavanh, & Robert, 1997; lyer et al.,
1998; Satoh et al., 1994; Yue, Gao, Wang, & Dou, 2021). Beta-glucuronidase
enzymes of gut microbiota can convert SN38G into SN38 increasing the
therapeutic and toxic effects of irinotecan as shown by in vivo experiments (Haiser

& Turnbaugh, 2013; Takasuna et al., 1996). Antibiotic administration with



irinotecan reduces the toxic effects of this chemotherapy by reducing the
abundance of such microbial enzymes (Takasuna et al., 1996). Methotrexate is
another drug that can be modified by gut bacteria resulting in reduced efficacy
(Haiser & Turnbaugh, 2013; Widemann et al., 2000). Methotrexate inhibits
dihydrofolate reductase enzyme (DHFR) disrupting nucleotide synthesis and cell
division, while reducing nitric oxide production and leading to immunosuppression
(Bedoui et al., 2019). However, oral administration of methotrexate was found only
effective in half of rheumatoid arthritis patients (Detert et al., 2013; Emery et al.,
2008). A clinical study showed that the microbiome composition of a patient could
predict if the patient would respond to methotrexate therapy (Artacho et al., 2021).
They first found that the microbiome of non-responders was more diverse. During
ex vivo co-incubation of patient stool samples, measurement of methotrexate
levels by LC-MS showed that the microbiota of the responder group metabolizes
methotrexate while the microbiota of non-responders did not (Artacho et al., 2021).
Conversely, the gut microbiota can also play roles in the activation of prodrugs.
For instance, Prontosil and sulfasalazine are two drugs that are processed by
bacterial azoreductases to produce active compounds (Gingell, Bridges, &
Williams, 1971; Haiser & Turnbaugh, 2013; Peppercorn & Goldman, 1972). All of
these examples show significant effects of the host microbiome on the treatment

efficacy of host-targeting therapeutics.

In recent years, systematic large-scale genetic screens using a library of

drugs and representative species from the human gut microbiome have identified



many bacteria drug pairs that have a metabolic interaction. Intriguingly, these
interactions are bidirectional meaning that although many species of bacteria
modify drug structure, some bacterial species’ growth can also be inhibited by non-
antibiotic drugs. Zimmerman et. al used 76 representative bacterial species from
the human gut microbiome and performed a chemical screen with them in a
combinatorial way using 271 orally administered drugs (Zimmermann,
Zimmermann-Kogadeeva, Wegmann, & Goodman, 2019). They incubated the
drugs with bacteria and measured the drug levels in the supernatant using LC-MS.
They observed that more than 20% of drugs were metabolized by at least one
bacterial species. They observed that chemical structures that contained esters or
amide groups were hydrolyzed while chemical structures that had azo and nitro
groups were reduced. One species, Bacteroides thetaomicron metabolized a very
high number of drugs (total of 46). A gain of function screen using a library of E.
coli containing genomic DNA fragments of B. thetaomicron revealed the specific

gene-drug pairs that play a role in the biotransformation of the specific drug.

Maier et al.’s systematic approach has also shown that these bacteria-drug
interactions could be bidirectional, where some of the host-targeted drugs can
have antimicrobial activity on certain bacteria species (Maier et al., 2018). In this
study, they screened 1197 FDA-approved drugs from the Prestwick Chemical
library against 40 representative species of gut microbiota in anaerobic conditions.
They used physiologically relevant drug dosing of 20 uM in the screen which is

thought to be an underestimated drug level that gut bacteria are normally exposed



to. They analyzed growth inhibition by the drugs using bacterial growth curves and
found that 24% of drugs inhibited the growth of at least one species. The drug
categories of antimetabolites, antipsychotics, and calcium channel blockers were
enriched among the hits. This study shows that many of these drugs targeting the
host, could have detrimental effects on the gut microbiota because of these anti-
microbial features. Thus, a person who chronically uses such drugs may develop

resistance against many antibiotics without any antibiotic usage.

Furthermore, research has shown that not only do bacteria-drug
interactions occur, but also bioaccumulation of host-targeted drugs by gut bacteria.
Klinemann et al. used 25 representative species from the gut microbiota and 15
human drugs and measured the intracellular drug levels in bacterial cells after co-
incubation (Klinemann et al., 2021). They found 70 bacteria-drug interactions of
which 29 of them were novel. Half of these novel interactions were
bioaccumulation events and the rest were biotransformation of the active drug
molecule. Duloxetine (selective serotonin reuptake inhibitor used to treat
depression) and rosiglitazone (used in the treatment of diabetes) were especially

observed to accumulate in a high number of bacterial species.

1.4. TUMOR MICROBIOME

According to 2018 statistics, 13% of cancers are caused by microorganisms
and viruses (de Martel, Georges, Bray, Ferlay, & Clifford, 2020). Human

papillomaviruses, Helicobacter pylori (H. pylori), hepatitis B and C viruses, and
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Fusobacterium nucleatum are some examples of pathogens that are known to
cause carcinogenesis in humans (van Elsland & Neefjes, 2018). The mechanisms
responsible for carcinogenesis include exposure to microbial toxins such as CagA
of H. pylori and colibactin of bacteria with the polyketide synthesis (pks) island, as
well as prolonged chronic inflammation induced by bacteria (Armstrong, Bording-
Jorgensen, Dijk, & Wine, 2018; Pleguezuelos-Manzano et al., 2020; Suzuki et al.,
2015). The CagA toxin of H. pylori activates oncogenic signaling pathways and
inhibits the expression of tumor suppressor genes in the host cells (reviewed here:
Hatakeyama, 2017). On the other hand, colibactin is a genotoxic compound
synthesized by pks+ bacteria. Colibactin has been shown to induce mutations in
DNA by directly binding to the DNA and causing double-stranded breaks during
DNA damage repair (Nougayréde et al., 2006; Wilson et al., 2019). It causes a
specific mutational signature which has been observed in patient tumor samples
and has been recapitulated in human intestinal organoids colonized with pks+

bacteria (Dziubanska-Kusibab et al., 2020; Pleguezuelos-Manzano et al., 2020).

Conversely, some bacterial species are associated with anti-tumorigenic
effects, including, inhibition of pathogenic species by other members, synthesis of
anti-inflammatory short-chain fatty acids, metabolism of nutrients that produce
anti-inflammatory molecules and modulation of the immune system to enhance
immune surveillance, and improving the efficacy of anticancer treatments
(Andreeva, Gabbasova, & Grivennikov, 2020).In addition to the pro and anti-

oncogenic properties of some microorganisms, many research groups have
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reported bacterial presence within multiple tumor tissues over the years however,
a systematic and comprehensive study was missing until recently. In 2020, Nejman
et al. characterized the tumor microbiome in seven cancer types in a rigorous
investigation (Nejman et al., 2020). This study serves as a proof of concept of the
tumor microbiome with negative controls and spans the tumors of the bone, brain,
breast, lung, pancreas, ovary, and skin (melanoma). They used qPCR to detect
bacterial 16S rDNA in tumor samples along with lipopolysaccharide/lipoteichoic
acid staining and 16S rRNA fluorescence in situ hybridization. According to
Nejman et al.’s findings, breast tumors had the highest proportion of bacterial
presence, bacterial load, and diversity while melanomas ranked lowest in these

categories.

Although the tumor microbiome field is currently very critical about the
results of some major studies, the consensus is that there is a microbial presence
in at least some of the tumors in some patients. So, where does the tumor bacteria
originate from? Most of the infections actually originate from the patient's own
microbiome (Cummins & Tangney, 2013; Rolston, 2017). In addition, cancer
patients are one of the most vulnerable groups to infections due to the following
risk factors: presence of neutropenia (low neutrophil count), disruption of the
epithelial barrier function, and obstruction by the tumor and medical procedures
(Rolston, 2017). Translocation of microorganisms from commensal sites into the
tumor environment has been shown in many cancer types. For instance, both

clinical and pre-clinical models indicate that retrograde bacterial colonization is
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responsible for the bacterial presence in pancreatic cancer, and the PDAC
microbiome mostly consists of gamma-proteobacteria in most patients (Geller et
al., 2017; Pushalkar et al., 2018). In colorectal cancer, Fusobacterium nucleatum
(F. nucleatum) has been shown to increase in tumors compared to adjacent
tissues (Castellarin et al., 2012), however, some studies have only found F.
nucleatum only in some tumors and the increase was not statistically significant

when compared to adjacent healthy tissue (Errington et al., 2021).

There are certain aspects of tumors that make them a suitable environment
for the bacteria. Disrupted vasculature causes microorganisms to spread into
tumors easily, while expression of immunosuppressive receptors (such as CTLA-
4) reduces immune activity. Additionally, hypoxic areas are advantageous for
anaerobic bacteria, and areas where cancer cells die (necrosis) contain many
nutrients bacteria can use to grow (Cummins & Tangney, 2013; Ma, Zhu, & Liu,

2021; Walker, Tangney, & Claesson, 2020)

Overall, bacteria can be causative and opportunistic colonizers in cancer.
Many features of the tumors make this environment suitable for bacterial
colonization. Although much evidence exists about the bacterial presence within
solid tumors, we still need to be very critical about interpreting the results of these
studies since much contradicting evidence weakens the findings of the major

papers in this field.
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1.5. BACTERIA AND CHEMORESISTANCE IN CANCER

The American Cancer Society defines chemotherapy as the use of cytotoxic
medicines to kill cancer cells. Historically, the first chemotherapy was discovered
by Louis Goodman and Alfred Gilman, by using nitrogen mustard, a chemical
weapon used in world war 1, to treat xenografted lymphoid tumors in mice (Chabner
& Roberts Jr, 2005; Papac, 2001). These compounds are alkylating agents which
can make covalent bonds with nucleic acids, halting DNA replication. Gustav
Lindskog used this chemical on a human non-Hodgkin’s lymphoma patient for the
first time (Chabner & Roberts Jr, 2005; Gilman, 1963). This treatment regressed
the tumor masses at first, but then the tumors continued growing again (Chabner
& Roberts Jr, 2005). This phenomenon is known as chemoresistance, the ability
of the cancer cells to find a way to circumvent the cytotoxic effects of the

chemotherapy and continue the cell division.

Other types of chemotherapy agents include antimetabolites, anti-
microtubule agents, topoisomerase inhibitors, and cytotoxic antibiotics.
Chemotherapy is considered a non-targeted therapy since it acts on all dividing
cells (including healthy cells). Targeted therapies work to kill cancer cells through
the molecules with cancer specific targets. | won’t go into details of targeted
therapies but | will refer to combination chemotherapies and targeted therapies as
anti-cancer drugs. Cancer cells can develop resistance to these agents through
multiple mechanisms. There are six main types of resistance mechanisms

achieved by cancer cells: modification of the drug target, increased expression of
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drug efflux pumps, upregulation of detoxification mechanisms, decreased cell
death rate, enhanced DNA repair rate, and change in the cell proliferation rate

(Cree & Charlton, 2017).

Bacteria were thought to contribute to chemoresistance through their
interactions with anti-cancer drugs as well since they are present in many
cancerous tumors (Nejman et al., 2020a). Lehouiritis et al., have used E. coli and
Salmonella to test if co-incubation of multiple chemotherapy drugs with bacteria
changes their efficacy and potentially contributes to chemoresistance (Lehouritis
et al., 2015). Intriguingly, they observed stability, enhancement, or reduction in
drug efficacy for the cancer cells after co-incubation of the drug with bacteria.
Furthermore, they used mass spectrometry to identify if bacteria were transforming
the drugs into different forms. They found out that the drugs Claribine and
Fludarabine were hydrolyzed and that CB1954 was reduced by the bacteria. They
also discovered the potential acetylation of gemcitabine by the bacteria. Their in
Vivo mouse experiment utilizing subcutaneous tumors, bacteria, and gemcitabine
showed that tumors colonized with bacteria had reduced gemcitabine efficacy
compared to tumors without bacteria. More research on this topic has led to the
discovery of a native chemoresistance mechanism against gemcitabine mediated
by Mycoplasma hyorhinis and other tumor bacteria (Geller & Straussman, 2018;
Liekens, Bronckaers, & Balzarini, 2009; Voorde et al., 2014). Mycoplasma-infected
cancer cell lines had reduced efficacy of gemcitabine compared to mycoplasma-

free cell lines. In addition, treatment of mycoplasma-infected cancer cells either
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with the antibiotic tetracycline or the cytidine deaminase inhibitor, tetrahydro-
uridine, restored gemcitabine efficacy (Voorde et al., 2014). Voorde et al. have
observed reduced levels of active phosphorylated gemcitabine metabolites in the
cells infected with M. hyorhinis and suggested that gemcitabine could be converted
into the less active form of 2’,2’-difluorodeoxyuridine (dFdU) (Vande Voorde,
Vervaeke, Liekens, & Balzarini, 2015). Others confirmed that gemcitabine can be
converted into dFdU, and found that only a long form of cytidine deaminase can
perform this reaction (Geller et al., 2017). Phylogenetic analysis showed that a
significant amount of bacteria in the Gammaproteobacteria class are found to
possess this long form of cytidine deaminase (Geller & Straussman, 2018). 16S
rDNA sequencing of PDAC patients, in which gemcitabine is used as a frequent
treatment option, showed that the majority of the patient tumors were actually
infected with Gammaproteobacteria which are thought to migrate from the

duodenum (Geller & Straussman, 2018).

Additionally, there are more mechanisms of chemoresistance through
bacterial interactions with the host cells. Although widespread enrichment of
Fusobacterium nucleatum in CRC tumors is under debate, there is an increased
presence of Fusobacterium in cancer tissue compared to healthy tissue in some
patients (Castellarin et al., 2012; Repass et al., 2018) In CRC, Fusobacterium
nucleatum was shown to cause chemoresistance (Yu et al., 2017). According to
Yu et al’s findings, Fusobacterium nucleatum activates toll like receptor 4 to

induce activation of the autophagy pathway in the cancer cells through regulation
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of two miRNAs. Furthermore, in vivo data supported this for the chemotherapeutics
5-FU and oxaliplatin as well. Activation of autophagy results in reduced apoptosis
in the presence of the chemotherapy. Analysis of the patient tumors which were
derived from the subjects with relapsed disease has also supported these findings

(Yuetal., 2017).

1.6. BACTERIA AS A THERAPEUTIC TOOL IN CANCER

The ability of certain bacteria to specifically colonize tumors makes it
possible to exploit them as a shuttle to deliver anti-cancer molecules, peptides, or
toxins specifically into the tumor microenvironment (Forbes, 2010). Many
preclinical and a handful of clinical studies have been pursuing this treatment
option (Gupta, Nowicki, Giurini, Marzo, & Zloza, 2021). A single FDA approved
bacteria based anti-cancer therapy utilizing Mycobacterium bovis is already in use
in the treatment of bladder cancer in the US, while it is used as a preventative
vaccination against Tuberculosis in other countries (Morales, Eidinger, & Bruce,

1976; Sieow, Wun, Yong, Hwang, & Chang, 2021),.

Synthetic genetic modifications are usually made to enhance anti-tumor
activities of bacteria and make them safer for in vivo use (Forbes, 2010). The
various strategies of improvements/modifications are; engineering the
immunomodulatory activity, expression and delivery of cytotoxic proteins/peptides,
expression of enzymes for the conversion of prodrugs into active compounds,

expressing factors that modify angiogenesis in tumor tissue, siRNA delivery to
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control cancer cell gene expression, and increasing tumor specificity of bacteria

(Sieow et al., 2021).

Gram-negative probiotic bacterial strains such as Escherichia coli Nissle
1917 and attenuated strains of pathogenic bacteria such as Salmonella,
Clostridium and Leisteria species are commonly used in the development of anti-
cancer therapies. For instance, the type-lll secretion system of Salmonellae is
used to transfer certain virulence factors into the host cell cytosol (Haraga, Ohlson,
& Miller, 2008), a feature that makes these bacteria a great tool for delivering
cytotoxic agents into the tumors. The SipA protein of S. typhimurium was linked to
reduced P-glycoprotein (P-gp) in cancer cells which are involved in the multidrug
resistance (Siccardi, Mumy, Wall, Bien, & McCormick, 2008). In a preclinical study,
Mercado-Lubo et al. used gold nanoparticles attached to SipA to downregulate P-
gp on cancer cells thereby overcoming the multidrug resistance phenotype
(Mercado-Lubo et al., 2016). This paves the way for using these nanoparticles in
combination with other anti-cancer drugs to increase the efficacy of the treatment

for the patients.

Furthermore, researchers used bacteria and cancer spheroids to perform a
high throughput screening of bacteria-based anti-cancer therapies using synthetic
gene circuits (Harimoto et al.,, 2019). This model allows rapid discovery of
promising therapies before testing them in animal models which are lower
throughput, expensive, and time-consuming. In their spheroid model, they

encapsulated attenuated S. typhimurium inside the spheroids, controlling
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excessive growth of the bacteria outside of the spheroid with gentamicin, a non-
penetrative antibiotic. They screened ten bacterial toxins and anti-cancer peptides
using their synthetic gene circuit and bacteria-spheroid model to find that azurin,
thetatoxin, and hemolysin E were the most effective ones for the cancer spheroid
growth inhibition (Harimoto et al., 2019). Furthermore, they validated some of their

results in a mouse model and observed a high correlation with the in vitro findings.

Besides the preclinical research, some bacteria-based treatments have
been tested in human clinical trials either on their own or in combination with other
therapies (Gupta et al., 2021; Sieow et al., 2021). Listeria monocytogenes-based
therapy combined with chemoradiation has made it to phase lll clinical trial to treat
high-risk and advanced cervical cancer (clinicaltrials.gov ID: NCT02853604).
Many other clinical trials in phase | and Il include the use of Salmonella and
Bifiobacterium species, some of which are in the form of a vaccination (Sieow et
al., 2021, clinicaltrials.gov IDs: NCT03762291, NCT01562626). With our current
knowledge, there are no clinical trials yet exploiting probiotic strains, such as E.
coli Nissle 1917, in cancer treatment. In the near future, we anticipate that more
bacteria-based cancer therapies will be available for cancer patients if safety

concerns are overcome.
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Chapter 2. EVOLVED BACTERIAL RESISTANCE TO THE
CHEMOTHERAPY GEMCITABINE MODULATES ITS EFFICACY IN
CO-CULTURED CANCER SPHEROIDS

2.1. SUMMARY

Drug metabolism by the microbiome can influence anti-cancer treatment
success. We previously suggested that chemotherapies with antimicrobial activity
can select for adaptations in bacterial drug metabolism that can inadvertently
influence the host's chemoresistance. We demonstrated that evolved resistance
against fluoropyrimidine chemotherapy lowered its efficacy in worms feeding on
drug-evolved bacteria (Rosener et al., 2020). In this chapter, we examine a model
system that captures local interactions that can occur in the tumor
microenvironment. Gammaproteobacteria colonizing pancreatic tumors can
degrade the nucleoside-analog chemotherapy gemcitabine and, in doing so, can
increase the tumor’s chemoresistance. Using a genetic screen in Escherichia coli,
we mapped all loss-of-function mutations conferring gemcitabine resistance.
Surprisingly, we infer that one-third of top resistance mutations increase or
decrease bacterial drug breakdown and therefore can either lower or raise the
gemcitabine load in the local environment. Experiments in three E. coli strains
revealed that evolved adaptation converged to inactivation of the nucleoside
permease NupC, an adaptation that increased the drug burden on co-cultured

cancer cells. The two studies provide complementary insights on the potential
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impact of microbiome adaptation to chemotherapy by showing that bacteria-drug

interactions can have local and systemic influence on drug activity.

2.2. INTRODUCTION

Clinical research on the influence of intratumor bacterial infection can be
dated back to more than 150 years ago (Sepich-Poore et al., 2021). However, in
the past decade, research of the tumor-microbiome gained significant momentum
with the maturation of DNA sequencing technologies and advancement of
microbiome research. Multiple recent studies of bacterial colonization in human
tumors outlined the magnitude of this phenomenon (reviewed here, Cullin,
Azevedo Antunes, Straussman, Stein-Thoeringer, & Elinav, 2021; B. Goodman &
Gardner, 2018; Sepich-Poore et al., 2021). Collectively, these works establish that
the proportion of infected tumors greatly varies across tumor types and that many
tumors harbor microbiomes with a distinctive and characteristic composition of
bacterial species. In some cases, as in breast and pancreatic cancer, more than
60% of tumors harbored a tumor-microbiome (Nejman et al., 2020a). The
microbiome, in turn, is known to influence cancer disease through multiple
independent mechanisms, including promotion of neoplastic processes in healthy
host cells, modulation of the host anti-tumor immune response, and by bacterial
biotransformation of anticancer drugs (Alexander et al., 2017; Cullin et al., 2021;

Riquelme et al., 2019; Roy & Trinchieri, 2017).
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Bacterial metabolism of xenobiotics, including breakdown of host-targeted
drugs, is prevalent (Spanogiannopoulos et al., 2016). Estimates from recent drug
screens show that two thirds of human-targeted drugs can be metabolized by at
least one bacterial species that is present in the human gut microbiome
(Zimmermann et al., 2019). Yet, these interactions are reciprocal, bacteria both
metabolize the host-targeting drugs and are also frequently impacted by them
(Zimmermann, Patil, Typas, & Maier, 2021). Roughly 25% of host-targeted drugs
are potent inhibitors of bacterial growth at physiological concentrations (Maier et
al., 2018). This proportion is doubled for antineoplastic drugs and almost all
anticancer drugs that belong to the antimetabolite drug class have potent
antimicrobial activity (Maier et al., 2018). A key underexplored question that arises
from these reciprocal drug-microbiome interactions is how they impact one another
given the ability of microorganisms to evolve and change over short time scales
within the host (Garud, Good, Hallatschek, & Pollard, 2019; Gatt & Margalit, 2021,
Lieberman, 2022; Snitkin et al., 2013; S. Zhao et al., 2019). Specifically, given that
bacteria rapidly evolve resistance to antimicrobial drugs, it is plausible that
adaptation to host-targeting drugs that are also antimicrobial will alter bacterial
drug metabolism or its transport (Kyono et al., 2022; Rosener et al., 2020). Such
adaptions have been repeatedly observed with standard antibiotics (Alekshun &
Levy, 2007). In such cases, evolved resistance in tumor-colonizing bacteria may
increase or decrease drug availability to the tumor cells which, in turn, may

interfere with the efficacy of the chemotherapy.
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The tumor-microbiome in pancreatic cancer has attracted much attention
recently due to the prevalence of infections in PDAC (Aykut et al., 2019; Geller &
Straussman, 2018; McAllister, Khan, Helmink, & Wargo, 2019; Nejman et al.,
2020b; Pushalkar et al., 2018; Riguelme et al., 2019). Studies have uncovered
multiple independent mechanisms through which microbes influence oncogenesis
(Aykut et al., 2019; Pushalkar et al., 2018), disease progression (Riquelme et al.,
2019), and treatment success (Geller & Straussman, 2018) in the pancreas.
Bacterial infection is attributed to retrograde bacterial migration from the
gastrointestinal tract into the pancreas (McAllister et al., 2019; Pushalkar et al.,
2018). Characterization of the PDAC tumor-microbiome by 16S rRNA gene
sequencing showed that proteobacteria are highly enriched relative to the gut
microbiome and that they are highly prevalent in pancreatic tumors (Geller et al.,
2017; Nejman et al., 2020b; Pushalkar et al., 2018). Recent work suggested that
pancreatic colonization can impede therapy with gemcitabine (dFdC), a front-line
chemotherapy drug that is used for PDAC treatment (Geller et al., 2017). Further
clinical data provided circumstantial evidence indicating that this interaction may
indeed take place in treated patients (Meriggi & Zaniboni, 2021; Mohindroo et al.,
2021).Gemcitabine drug metabolism is well-understood in the model gamma-

proteobacteria E. coli (Geller & Straussman, 2018) (Figure 2.2A).

The antimetabolite gemcitabine, a nucleoside analog, is imported into the
bacterial cell through the nucleoside transporter NupC and is then phosphorylated.

Gemcitabine triphosphate may be incorporated into a newly synthesized DNA
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strand and then may interfere with chain elongation by masked chain termination
(similar to mammalian cells (De Sousa Cavalcante & Monteiro, 2014)). Therefore,
despite its clinical use as an anticancer drug, gemcitabine’s mechanism of action
potentially makes it a broadly toxic, antimicrobial compound. Previous works
showed that some bacterial species can rapidly convert gemcitabine into the less
toxic metabolite dFdU (Geller et al., 2017; Voorde et al., 2014). In gamma-
proteobacteria, gemcitabine degradation proceeds through a specific isoform of
the cytidine deaminase enzyme (Cdd.)(Geller et al., 2017). The well-characterized
interactions between tumor cells, gemcitabine and gamma-proteobacteria put forth
a good model system for testing how bacterial adaptation can impact drug

metabolism and potentially influence the tumor’s chemoresistance.

Through a pooled genetic screen, we systematically mapped all loss-of-
function mutations that increase E. coli’s resistance to gemcitabine and found that
inactivation of over than forty genes increased bacterial resistance by more than
16-fold. This observation led us to conclude that resistance can rapidly emerge
under natural selection through gene inactivation within a single evolutionary step.
Using a functional assay, we found that one third of top resistance mutations
impacted extracellular drug concentrations (gemcitabine activity). Co-culturing
bacteria harboring these loss-of-function mutations with cancer cells confirmed
that these adaptive mutations have the potential to alter chemoresistance of
neighboring tumor cells. Finally, through in-vitro evolution we studied which

adaptations emerge under drug selection in three E. coli strains. We found that
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inactivation of the drug transporter NupC arises in all evolved strains. This
inactivation leads to decreased bacterial drug import and therefore reduces the
rate of gemcitabine breakdown. Reduced bacterial breakdown, in turn, increases
gemcitabine availability for neighboring tumor cells. Our work reveals that bacterial
adaptation to the frontline chemotherapy drug gemcitabine can take place rapidly
in-vitro. If similar adaptation takes place in gemcitabine treated patients, it may
ultimately increase the chemosensitivity of the hosting tumor. Our in-vitro work
suggests that monitoring bacterial adaptation to chemotherapy may be required to
decide if chemotherapy should be augmented with antibiotic treatments. Such
decisions are nontrivial given that administration of antibiotics can be detrimental
to cancer patients (Corty et al., 2020; Elkrief et al., 2019; Gao et al., 2020; Meriggi

& Zaniboni, 2021).

2.3. MATERIALS AND METHODS

2.3.1. Bacterial strains and growth conditions

Bacterial strains used in this study are shown in Table 2.1. We used the E.
coli barcoded knockout strain collection for the pooled genetic screen (similarly to
(Noto Guillen, Rosener, Sayin, & Mitchell, 2021; Rosener et al., 2020)). All
experiments measuring gemcitabine breakdown were performed with strains from
the KEIO strain collection (Baba et al., 2006). For spheroid experiments, double
knockout strains were generated with P1 transduction method (Thomason, 2007)

using pyrD knockout strain from the barcoded library and the desired gene
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knockout from the KEIO collection. The pyrD knockout background was used since
it is a pyrimidine auxotroph that cannot grow in the media used to culture the

spheroids.

For all experiments, bacteria were inoculated into Lysogeny Broth (LB) and
grown overnight at 37°C, 200 rpm orbital shaking. Knockout strains were grown in
LB media supplemented with 50 pg/mL kanamycin (KEIO strain collection) or 25
Mg/mL chloramphenicol (barcoded strain collection). All growth and serial evolution
experiments were performed in M9 minimal media supplemented with 0.2%
amicase and 0.4% glucose. Experiments designed to monitor gemcitabine

breakdown were performed in PBS (functional assay) or in 0.9% saline (GC-MS).

Table 2.1 : Bacteria used in this study

Strain/Resource Source Remarks

E. coli BW25113 Walhout Lab, University
of Massachusetts Chan
Medical School, MA,

USA

E. coli Nissle 1917 ArdeyPharm GmbH,
(Pharma Zentrale

GmbH), Germany
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E. coli F-18

McCormick Lab,
University of
Massachusetts Chan
Medical School, MA,

USA

E. coli MG1655

Brewster Lab, University
of Massachusetts Chan
Medical School, MA,

USA

KEIO knockout collection

Dharmacon (GE life

sciences)

Parent Strain: BW25113

Barcoded knockout

collection

Hirotada Mori, Nara
Institute of Science and

Technology, Japan

Parent Strain;: BW38028

BW25113 ApyrD::tGFP-

chl'-barcode AcytR::kan'

Barcoded library, KEIO

Collection

Double knockout was
generated by P1

transduction
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BW25113 ApyrD::tGFP- | Barcoded library, KEIO | Double knockout was
chl-barcode Acdd::kan" | Collection generated by P1

transduction

BW25113 ApyrD::tGFP- | Barcoded library, KEIO | Double knockout was
chl-barcode AnupC::kan" | Collection generated by P1

transduction

2.3.2. Barcoded strain library

The E. coli barcoded deletion library was used in our previous studies (Noto
Guillen et al.,, 2021; Rosener et al., 2020) The parent strain of this library is
BW38028 with the genotype A(araD-araB)567 lacZp-4105(UV5)-lacY hsdR514,
rph+ (Conway et al., 2014). The library includes two sets of 3,680 knockout strains
(each set with different barcodes: odd and even libraries). After overnight growth
in nutrient-poor synthetic media (M9) we identified 3,512 barcodes in one set and
3,226 barcodes in the other set (3,145 knockout strains were detected in both
collections). In each strain, the open reading frame of a single gene was replaced
in-frame with a fragment containing turbo GFP, chloramphenicol resistance
cassette, and a unique 20 bp sequence that serves as an identification barcode.
Since the barcode is the only variable region across strains, it can be amplified
from a mixed culture of strains with a single pair of primers. We used primers that

amplify a 325 bp region.
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2.3.3. Measurement of bacterial gemcitabine dose responses and IC50

On the day of the experiment, a 384-well plate containing serially diluted
gemcitabine in M9 was prepared at 2x concentration in a volume of 35 pL. For the
day-to-day IC50 measurements (Figure 2.8B) a sample from daily evolving
populations was directly diluted 1:200 into the microtiter plate with gemcitabine.
For measurement of gemcitabine resistance of evolved populations (Figure 2.8C),
a sample from frozen last-day glycerol stocks of evolution experiment was
inoculated into 3 mL LB for overnight culture. Overnight cultures were diluted to
OD (600 nm) of 1 in M9 and were added to the 384-well plate (1:200 final dilution).
For single-colony gemcitabine IC50 experiments (Figure 2.2B and Figure 2.8D),
single colonies were grown overnight in 3 mL LB, and the same dilution protocol
was followed as evolved populations. The prepared microplates (with bacteria and
gemcitabine dilutions) were incubated at 370C and 360 rpm double orbital shaking
in an automated plate reader (BioTek Eon) and absorbance (600 nm) was
monitored every 10 minutes for 18 hours. All measurements were performed in
technical triplicates. Each evolved population is considered as a separate
biological replicate (three biological replicates per evolution condition. One
biological replicate is shown on the figure for control evolved population.) A
MATLAB script was used to fit the dose-response curves and infer the IC50 values.
Individual growth curves were assessed for quality control and to determine the

exclusion criteria for analysis.
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2.3.4. Pooled genetic screen

We thawed a frozen glycerol stock of the pooled barcoded strain collection
and inoculated 15 pL of the stock into 25 mL of M9 supplemented with
chloramphenicol for overnight growth at 37°C and 200 rpm shaking. In the
morning, the culture was diluted to ODeoo of 1, and then diluted 1:400 into 7 ml of
M9 with or without 140 uM gemcitabine. We prepared triplicates for each of the
two conditions (quadruplicates in validation screens). The tubes were incubated at
37°C shaker and OD was monitored periodically. Once the culture crossed OD
(600 nm) 0.6, we collected the cells and extracted genomic DNA with a commercial
kit (Zymo Quick DNA miniprep Plus Kit, Cat#D4068). Library preparation was
identical to the protocol we previously developed (Rosener et al., 2020). Briefly,
genomic DNA isolated from endpoint of the genetic screen was quantified using
Qubit dsDNA high sensitivity kit (Thermo-fisher, Cat#Q32854). We used 6.25 ng
DNA to prepare the DNA library. First, barcoded region was amplified using the
following primers and 2x KAPA HiFi Hotstart ReadyMix (Kapa Biosystems,
Cat#KK2602) which yielded ~350 bp product. PCR products were purified using
AMPure XP beads (Beckman Coulter, Cat#A63881). Nextera XT Index Kit protocol
(Mumina, Cat#FC-131- 1024) was used to add indices and lllumina sequencing
adapters to each PCR sample. Next, products were purified using AMPure XP
bead (Beckman Coulter, Cat#A63881) purification protocol. The libraries were
then run on a 3% agarose gel and the product was extracted using NEB Monarch

DNA Gel Extraction Kit (NEB, Cat# T1020L). Next, we used Agilent High Sensitivity
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DNA Kit (Agilent Technologies, Cat# 5067-4626) to evaluate the quality and
average size of the libraries. Using Qubit dsDNA high sensitivity kit, we measured
the concentration and calculated the molarity of each library. Libraries were
normalized to 4 nM, denatured, and diluted according to lllumina MiniSeq /
NextSeq System Denature and Dilute Libraries Guide. After pooling, sequencing
was performed using MiniSeq High Output Reagent Kit, 75-cycles (lllumina, Cat#
FC-420-1001) or NextSeq 500/550 High output Reagent Kit v 2.5, 75-cycles
(llumina, Cat# 20024906). Raw reads were converted to barcode counts using a
Matlab script which compared a database of all barcodes to the reads (Rosener et

al., 2020).

We identified the enriched or depleted hits by comparing the relative
frequency of individual barcodes when the pooled library grew in the presence or
absence of gemcitabine. For this analysis, we used the barcode counts and we
identified barcodes with significant changes in their relative frequency with DEBRA
(Akimov, Bulanova, Timonen, Wennerberg, & Aittokallio, 2020). We discarded
barcodes with less than 10 counts. We used “Wald statistical test” and a cutoff
value of 16-fold for enrichment and false discovery rate adjusted p-value of 0.05.
Next, we performed gene set enrichment analysis with GAGE (Luo, Friedman,
Shedden, Hankenson, & Woolf, 2009) using KEGG (Kanehisa, Sato, Kawashima,
Furumichi, & Tanabe, 2016) and GO (The Gene Ontology Consortium, 2000)
databases at a false-discovery-rate adjusted p-value of 0.1. We used published

data on the KEIO strain collection (Supplementary File 3 on Baba et al., 2006) to
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classify slow-growing knockouts. Specifically, we used the optical density
measurements made after 24 hours of growth of the strain collection on minimal
defined media (MOPS) and defined a cutoff value of 0.11 to discriminate normal
and slow growth. We chose this cutoff value by the bimodal distribution of the
density measurements in the dataset (this value separated the data into two
unimodal histograms with 124 slow-growing strains and 4,178 strains with normal

growth).
2.3.5. Rapid gemcitabine breakdown assay

We picked from the KEIO strain collection the top 88 gemcitabine resistant
knockouts that were identified in the genetic screen. Knockout strains that were
not found in the KEIO collection were picked from the barcoded knockout
collection. The strains were grown in LB media with appropriate antibiotic at 37°C
and 200 rpm shaking. We included six overnight cultures of the wild-type strain
(BW25113) as controls. The next day, all strains were diluted to OD (600 nm) of
0.5 into 1 mL PBS with gemcitabine (200 uM) in a 96-deep well plate. The plate
was incubated in a shaker at 37°C, 900 rpm orbital shaking. 250 uL of the
supernatant was sampled after 15 and 45 minutes and filtered by spinning down
at 5000G using a 96-well plate 0.22 um filters (PALL Corporation, Cat#8119). We
repeated this procedure for obtaining conditioned buffer three times on different

days as independent biological replicates.

After we obtained the conditioned buffers, we evaluated the amount of

residual gemcitabine in left by monitoring the growth of a gemcitabine sensitive
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reporter strain (cdd knockout). The cdd knockout was grown overnight in 3 mL M9
media at 37°C, 200 rpm shaking. The next day, the culture was first diluted to OD
(600 nm) 1 and then further diluted 1:500 into M9 media. We aliquoted 150 uL of
this culture into a 96-well plate and added 50 uL of conditioned buffer to each well.
The plate was incubated at 37°C and 360 rpm double orbital shaking in an
automated plate reader (BioTek Eon/TECAN). Absorbance (600 nm) was
monitored every 10 minutes for 7 hours. We used the growth measurements from
media supplemented with buffer after 15 minutes of incubation to identify fast
degraders and growth measurements from media supplemented with buffer after
45 minutes of incubation to identify slow degraders. We used a statistical test to
identify fast and slow degraders. For this test, we calculated the area under the
growth curve (AUC) after blank subtraction for each replicate and used a one-tailed
t-test to test if the conditioned buffer from a knockout strain (three biological
replicates) reduced or increased the AUC of the reporter strain compared to the
buffer prepared with the wild-type strain (eighteen replicates). We used an FDR

adjusted p-value of 0.1 as a cutoff for statistical significance.
2.3.6. GC-MS measurement of gemcitabine and dFdU

We picked the knockout strains directly from the frozen glycerol stock of the
barcoded knockout collection and grew them overnight in 3 mL M9 media at 37°C,
200 rpm shaking. The next day, cultures were washed in saline (distilled water with
0.9% NaCl) and cultures were diluted to an OD (600 nm) of 0.125 in 1,350 uL of

saline in a 96-deep well plate. Gemcitabine was added to each well to reach a final
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concentration of 80 yuM and cultures were incubated in a microplate shaker at 900
rpm and 37°C. We sampled 450 pL from the cultures at predetermined time points
and filtered the samples using 0.22 um filters by centrifugation at 5000G for 5
minutes. We froze the conditioned supernatants at -20°C until the GC-MS
measurements were performed. This experiment was performed as three
biological replicates (independent three overnight cultures and independent co-

incubations).

For GC-MS measurements, first 200 uL of bacterial culture supernatants (or
standard solution) were dried under vacuum. Dried samples were derivatized by
adding 20 pL of pyridine and 50 pL of N-methyl-N-(trimethylsilyl) trifluoroacetamide
(Sigma-Aldrich, Cat#M-132) followed by incubation for 3 hours at 37 °C. The
derivatization reaction was allowed to complete for 5 hours at room temperature.
Measurements were performed on an Agilent 7890B single quadrupole mass
spectrometer coupled to an Agilent 5977B gas chromatograph with an HP-5MS
Ultra Inert capillary column (30 m x 0.25 mm x 0.25 pym). Helium was used as
carrier gas at flow rate of 1 ml/min (constant flow). The temperatures were set as
follows: inlet at 230 °C, the transfer line at 280 °C, the MS source at 230 °C and
quadrupole at 150 °C. 1 uL of sample was injected in a splitless mode. Initial oven
temperature was set to 80 °C, held for one minute and then increased to 270 °C
at a rate of 20 °C/min, then further increased to 285 at a rate of 5 °C/min. MS
parameters were: 3 scans/sec with 30-500 m/z range, electron impact ionization

energy 70 eV. Analytes were identified based on retention time, one quantifier and
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two qualifier ions that were manually selected using a reference compound.
Gemcitabine was quantified as m/z 241 ion eluted at 13.14 min, 2'2'-
difluorodeoxyuridine was quantified as m/z 242 ion eluted at 11.42 min and Peak
integration and quantification of peak areas were done using MassHunter software

(RRID: SCR_015040).
2.3.7. Spheroid experiments

We plated CT-26 mouse colon carcinoma cell-line (RRID:CVCL_7256) on
96-well low attachment plates (Costar, Cat#7007) as 4000 cells/well to form
spheroids. Cells were incubated in RPMI 1640 media (Gibco, Cat#11875-093) with
2mM L-Glutamine, 5% Fetal Bovine Serum (Gibco, Cat#26140-079) and 25 mM
HEPES Buffer (Corning, Cat#25-060-Cl). The plates were centrifuged at 3000G
for 5 minutes and kept at in a tissue culture incubator with 37°C with 5% CO.. After
four days of spheroid growth, we serially diluted bacterial cultures into the spheroid
microplate and incubated the co-culture for four hours with gemcitabine (1.6-fold
serially diluted across the columns). Note that all the tested bacterial mutants in
this experiment were on pyrD knockout background (a pyrimidine auxotroph) to
avoid bacterial proliferation in cell culture media that does not contain any
nucleotides. Next, the plate was washed with cell culture media with 50 pg/mi
gentamicin three times. To achieve this, we used 96 channel handheld electronic
pipette (Integra, Viaflo 96), and made use of gravity force. 100 yL media was
aspirated capturing the spheroid from the bottom of the wells. After the spheroids

sank to the bottom of the tips, the tips were touched to the surface of a fresh plate
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containing culture media with 50 pg/mL gentamicin, leaving the spheroids in the
new plate. We chose a four-hour time interval to address two opposing
requirements of the co-culture system — mitigate overgrowth of the bacterial
cultures (which hinders spheroid growth irrespective of the drug) while still allowing
enough incubation time to allow for drug degradation. While removal of bacteria
after 4 hours may limit the bacterial impact, such a limitation will only result in
underestimation the bacterial impact (but will have no impact on how we evaluate

how strains compare to one-another).

After three washes, the 96-well plate was transferred to an S3 imaging
platform (Incucyte, Sartorius) which is housed inside a tissue culture incubator.
The plate was imaged every six hours to track spheroid growth and validate that
there was no residual contamination of resistant bacteria (evident by bacterial
overgrowth). After seven days of growth, spheroids were washed once using cell
culture media with 50 pg/mL gentamicin to get rid of any dead cell and cellular
debris and a final microscopy image was captured. We calculated the area of
individual spheroids using the Incucyte software (Segmentation sensitivity:40,
Minimum Area Filter: 2000 um?). A matlab script was used to make the fitness
landscapes by fitting polynomial equations. The following are the steps followed:
1. Normalization by timepoint zero: we divided the last day spheroid area to day
zero spheroid area (4 days post cell seeding). 2. Normalization by plate: we
subtracted the minimum spheroid area from all spheroid areas and divided that

value by second largest spheroid area in the plate minus minimum spheroid area
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3. Fitting 3D surface and calculating EC50 lines: we fitted a mesh surface using
normalized spheroid areas (2D) using a four-degree polynomial function (‘poly44’).
Lastly, we marked the EC50 line by calculating the coordinates of the 3D mesh
surface where the values corresponded to a mid-response (value of 0.5). This
experiment was performed with high-resolution of conditions (12 x 8 conditions)

which did not require technical replication.
2.3.8. Lab evolution experiment

We evolved bacteria in sub-inhibitory doses of gemcitabine using a
standard serial transfer protocol (200 uM for BW25113, 750 uM for Nissle 1917,
100 uM for F-18) in a deep 96-well plate. For each strain, a single colony was
picked for each individual evolution line and grown overnight in M9 media (three
biological replicates per condition). The cultures were normalized to OD (600nm)
1 and diluted 1:200 to a total volume of 1,200 pl M9 (with or without gemcitabine).
The 96-well plate was incubated at 37 °C, 200 rpm shaking and was diluted 1:200
daily into fresh media for a period of 7 days (~53 generations). Resistance of
evolving populations was measured daily by diluting the cultures 1:200 into a 384-
well plate (35ul per well) containing serially diluted gemcitabine (prepared in M9 at
2x concentration at a volume of 35 pL). The microplate was incubated at 37°C and
360 rpm double orbital shaking in automated plate reader (BioTek Eon) and
absorbance (600 nm) was monitored every 10 minutes for 18 hours. All

absorbance measurements were performed in technical triplicates. All
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downstream experiments were performed using the frozen last day populations.

2.3.9. Whole-genome sequencing and analysis of lab evolution

experiment

We isolated single individual colonies from last day of the independently evolved
populations by streaking them on LB agar plates. Eight colonies were selected and
gemcitabine IC50 levels were determined using microtiter plate-based assay. The
gDNA was extracted from selected cloned using Zymo Quick-DNA
Fungal/Bacterial Miniprep Kit (Cat # 11-321). Ancestor gDNAs from the replicates
of each strain were pooled at equal ratio and processed as a single sample. DNA
sequencing was performed by Seqcenter (Pittsburg, PA). Seqcenter prepared
libraries using lllumina DNA Prep Kitand IDT 10 basepair UDI indices. Sequencing
was performed on Illlumina NextSeq 2000 device (2x151 bp reads). For all
samples, demultiplexing, quality control and adapter trimming was performed with
bcl2fastq (Illumina) and trimgalore (Trim Galore, RRID:SCR_011847). DNA
sequencing yielded a median coverage of ~120x per reference genome. We used
Breseq tool to identify and annotate mutations*?. Mixed ancestor populations were
run in breseq population mode to evaluate all existing mutation variants and all
other samples were run as pure clones. Following are the NCBI accession
numbers for the reference genomes we used in the analysis: CP009273 for E. coli
BW25113; CP058217.1 for E. coli Nissle 1917 and MLZ101000000.1 for F-18. The

Breseq gdtools SUBTRACT/COMPARE was used to subtract mutations that
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existed in the ancestor population (mutations existing 30% or more were
considered) from the independently evolved clones. Then, we inspected Breseq
reports to resolve unassigned junction evidence (we did not evaluate the
unassigned missing coverage). Supplementary File 3 includes the mutations
identified in all clones after manual inspection of the Breseq reports. Only the
mutations which exist in the evolved clones but not in the ancestor were visualized
on concentric circles shown in Figure 2.9A using circa software (OMGenomics).
Since, F-18 genome consists of 113 contigs, the genomic locations shown on F-
18 circa plot are undetermined. Mutations identified on contigs with low/unusual
coverage were ignored (these are usually observed on small contigs which are

shorter than 1 kb and frequently arise due to challenges in read mapping).
2.3.10. Obtaining spontaneous nupC mutants

We cultured 96 cultures of the BW25113 strain from individual colonies
overnight in LB media (96 biological replicates). In the morning 100 pL of each
culture were plated with glass beads on M9 agar plates containing 0.5 mM
gemcitabine. A day after, a single colony, corresponding to single spontaneous
resistant mutant, was isolated from each agar plate. A 1.3 kb region spanning the
entire nupC coding region was amplified by colony PCR and Sanger sequenced
with  forward (5° TCACAGGACGTCATTATAGTG 3’) and reverse (5
TGAGAGTAATTCATCGGCAC 3’) primers. We annotated mutations by pairwise
alignment of the sanger sequencing results with the nupC coding sequence of the

reference genome (Supplementary File 5). Short insertions and deletions identified
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in the alignment were annotated as indels. Point mutations identified in the
alignment were annotated as missense or nonsense mutations according to their
impact on the coding sequence. Insertion of transposon were inferred by a
truncated (local) alignment to a region in the nupC coding sequence followed by
alignment of the remaining sequence to a known transposon. We note that
mutations in the promoter region were not sequenced or annotated by this method
due to the position of the primers. However, some mutations in this region may
account for some of the spontaneous resistant mutants that were not annotated as

having nupC mutation (Figure 2.9B).
2.3.11. Luria-Delbruck fluctuation experiment

For each strain, we inoculated 4 single colonies into 1 mL M9 medium and
grew them at 37°C, 200 rpm shaking for 12 hours. Cultures were diluted to OD
(600 nm) of 1 in M9. A 10° dilution of OD1 was used to determine accurate
CFU/OD (600nm) by plating on LB agar plates. A 10 dilution of OD 1, was further
diluted 27-fold and transferred into 10 wells of a 96-well plate as 200 pL/well (initial
population size (No): approximately 730 cells/well). The 96-well plate was
incubated at 37°C, 1000 rpm shaking overnight. Next day, OD (600 nm) of 2 wells
from the 96-well plate was measured to estimate the final population size (N¢).
Next, all cultures were diluted 1:40 into 1 mL of 0.9% saline. We plated 200 pL of
each cell suspension on M9 agar plates (Plating efficiency (g), 1:40) containing
selective amounts of gemcitabine (0.5 mM for BW25113, Nissle 1917, MG1655;

62.5 pM for F-18) or furazolidone (1mg/mL for BW25113, Nissle 1917, MG1655; 2



40

mg/mL for F-18). Plates were incubated at 37°C for 18 hours and the number of
colonies was determined. Then, mutation rates were calculated using the
RSalvador package in R(zZheng, 2017). First, mutation frequency (m) was
calculated using the function newton.LD.plating (and 95% confidence intervals
were calculated using conf.LD.plating). Then mutation frequency (m) was divided
to Nt to find mutation rate per generation (p). These numbers later normalized to a

gene that is 1000 bp long.
2.3.12. In vivo evolution experiment in murine model of cancer

Female BALB/c mice (N=20), were subcutaneously injected with one
million CT-26 cells on the right flank. After sixteen days of tumor formation and
growth, mice were then injected with 5x10®° CFUs of mid-log phase
bioluminescent E. coli Nissle 1917 bacteria through the retroorbital vein. This
bacteria strain contains chromosomally integrated luxCDABE operon from
Photorhabus luminescens and erythromycin resistance cassette. Bacterial
homing to tumors was monitored by IVIS imaging after two days and animals
were started being given gemcitabine (at a dose of 150mg/kg) or vehicle every
four days. Treatment has been continued up to seven injections or the
experimental endpoint was reached due to enlarged tumor size, whichever was
reached first. After mice were euthanized, tumors were extracted and flash-
frozen. Bacteria were isolated from the tumors by chopping the tumor in a
sterile petri dish as 1-2 mm sizes and inoculating liquid LB with erythromycin

(25 mg/mL) with pieces. Tubes were then incubated at 37°C shaker and if
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bacteria growth was observed single colonies were further isolated by

streaking the culture on LB agar plates with erythromycin (25 mg/mL).

2.4. RESULTS

2.4.1. The E. coli resistome against gemcitabine

We first set out to determine the inhibitory concentration of gemcitabine in
three E. coli strains: BW25113 (a K-12 lab strain), F-18 (a human fecal isolate),
and Nissle 1917 (a human fecal isolate that is used as probiotic). We characterized
the inhibitory concentrations by monitoring bacterial growth inhibition after 12

hours.

Figure 2.2B shows the sensitivity curves and the inhibitory concentration
that reduced culture density by 50% (IC50). We observed that gemcitabine can
completely inhibit the growth of all three strains, with F-18 being most sensitive
(IC50=0.7 pM) and BW25113 being most resistant (IC50=103 uM). These
concentrations are comparable to the IC50 reported for 29 pancreatic
adenocarcinomas in the GDSC2 dataset that tested hundreds of toxic compounds

on a thousand cell-lines (Yang et al., 2013) (boxplot above Figure 2.2B).

We next conducted a genetic screen with a collection of 3,680 single-gene
knockout strains to systematically map all non-essential genes that influence
gemcitabine resistance when depleted (typically referred to as the drug resistome).

We used a pooled screening approach that we recently developed which relies on
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sequencing DNA barcodes that are unique for each gene-knockout in the strain

collection (Noto Guillen et al., 2021; Rosener et al., 2020).

Figure 2.2C outlines the main steps of the screening method: the pooled
knockout strains were inoculated and grown in media containing a high
gemcitabine concentration (140 uM) while a control culture was inoculated in
media without drug. Once the cultures reached a late logarithmic growth phase,
cells were lysed, and DNA was extracted for amplification and sequencing of the
barcode region. Lastly, we compared the frequency of each barcode,
corresponding to an individual gene-knockout, in the drug and control conditions.
This comparison revealed strains whose frequency was significantly increased or
decreased in gemcitabine. Such enrichment or depletion correspond to increased
or decreased drug resistance, respectively. We used three biological replicates,
biological experiments conducted side-by-side, in three separate tubes, to infer
statistical significance. We identified over a million and a half barcode containing
reads in each replicate that corresponded to roughly 3,500 unique barcodes
(knockout strains). Figure 2.1 shows detailed information on the screen coverage
and replication quality. To validate the screen results we repeated the entire screen
two additional times, once with the same collection of knockout strains and once
with a collection knockout strains that were cloned independently (again, each with
three internal replicates). The results (resistance/sensitivity) from the two
additional screens were highly correlated with the original screen (Figure 2.1D).

Results of all screens and replicates appear in Supplementary File 1.
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Figure 2.2D shows a volcano plot representation of the screen results.
Using very strict cutoff values for fold-change (>16) and FDR-adjusted p-value
(<0.05), we identified 42 gemcitabine-resistant knockout strains and 6
gemcitabine-sensitive strains (Figure 2.2D). The screen results, including all
statistically significant hits without a strict cutoff on enrichment, appear in
Supplementary File 1. Reassuringly, we found that knockout of the known drug
transporter (nupC) is among the top resistors. When we inspected the gene
annotation of the top resistors, we identified multiple hits from the known target
pathway of the drug (Figure 2.2E). These included the permease (nupC), the
transcriptional regulator cytR (a repressor of both nupC and cdd), and the
cytidylate kinase (cmk) that likely phosphorylate intracellular gemcitabine. We also
found multiple hits that encode membrane proteins or transporters, including ompR
and envZ that together regulate permeability channels for nutrients, toxins, and
antibiotics (MIZUNO & MIZUSHIMA, 1987). Lastly, we observed a high prevalence
of genes coding for metabolic enzymes that can considerably slow down growth
when mutate (Noto Guillen et al., 2021) Indeed, a statistical test revealed that gene
knockouts that were previously identified as reducing growth (Baba et al., 2006)
were highly enriched in the set of gemcitabine resistant strains (p-value= 8.6186e-
18, Fisher exact test). The overlap between resistant strains and slow growing
strains is sensible given that slow growth reduces the rate of DNA synthesis. Since
gemcitabine is quickly degraded by the bacterial Cdd enzyme, it was only

transiently present in the extracellular media during the screen experiment. Under
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Figure 2.1 Statistics of the gemcitabine genetic screen performed with the E. coli barcoded
knockout strain collection.

A. Bar plots showing the number of reads with or without barcodes across samples (three biological
replicates with gemcitabine and without drug). B. Violin plots showing the frequency of individual
barcode counts. C. Scatter plots of barcode counts across biological replicates D. Comparison of
between independent biological replicates of the genetic screen for gemcitabine resistance. Left
panel - Comparison between the log-fold change in strain enrichment between the original screen
and a screen performed with the same strain collection (odd collection) on the different day. Right
panel - Comparison between the log-fold change in strain enrichment between the original screen
and a screen performed with the knockout strain collection that was independently cloned (even
collection). Strain marked in purple are resistant knockout strains that were identified in the original
screen (figure 1E). Eleven knockout strains that were gemcitabine resistant in the original screen
were not detected at all newly used strain collection (even collection).

such a transitory stress, slower consumption of the antimetabolite is likely
beneficial (normal growers incorporated much more gemcitabine into their DNA
and remain arrested while slow growers incorporated less and therefore avoid
arrest).Next, we used the gene set enrichment analysis tool GAGE (Luo et al.,
2009)to test for functional enrichment using the Kyoto Encyclopedia of Genes and
Genomes (KEGG) (Kanehisa et al., 2016) and Gene Ontology (GO) databases

(The Gene Ontology Consortium, 2000). This analysis is complementary to the



46

previous analysis, since it considers the enrichment values from all strains, rather

than only the limited set of hit strains obtained by imposing strict cutoffs.

Figure 2.2F shows the functional enrichment by KEGG pathways (enrichment
indicates that pathway inactivation increased resistance). Reassuringly, we
observed a high agreement between the functional enrichment by GAGE and the
annotation of the top hits. Specifically, we observed enrichment in purine synthesis
and membrane transporters as well as multiple metabolic pathways impacting
bacterial growth rate (Noto Guillen et al., 2021). Supplementary File 2 provides the

full list of enriched and depleted categories.

Taken together the results from our genetic screen outline three adaptation
strategies that increase bacteria’s gemcitabine resistance: reduced drug import by
Inactivating membrane proteins and transporter systems, changes in the drug
metabolism through mutations in the target pathway, and inactivation of metabolic
genes that slowdown bacterial growth. Importantly, since these resistance
adaptations arise from knockout of single genes, they are all accessible within a

single evolutionary step (e.g., a single gene inactivating mutation).
2.4.2. The impact of bacterial resistance on bacterial drug degradation

Our genetic screen revealed alternative adaptation strategies that increase
bacterial resistance against gemcitabine. However, for most loss-of-function

mutations, it remains to be determined how they will influence the rate of bacterial
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Figure 2.2.Genetic screen identifies gemcitabine sensitive and resistant loss-of-function
mutations in E. coli

A. Gemcitabine transport and metabolism in E. coli. Similar to deoxycytidine (dC), gemcitabine
(dFdC) is imported into the cell through the nucleoside permease NupC. Intracellular gemcitabine
is either converted into the less toxic metabolite dFdU the cytidine deaminase Cdd or is
phosphorylated and incorporated into the DNA. B. Gemcitabine dose response curves for three E.
coli strains (three technical replicates, performed once). The inferred IC50 are shown in
parenthesis. Gemcitabine IC50 range of 29 pancreatic adenocarcinomas are shown as a box plot
above the graph. C. Overview of the pooled screening approach. Pooled cultures of the knockout
strain collection were inoculated (i) and grown for multiple hours with or without gemcitabine (ii),
DNA extracted from cells was used to amplify, sequence and calculate the frequency of barcodes
that correspond to individual strains (iii), The ratio of barcode frequencies of each strain in
gemcitabine and control conditions were used to identify sensitive and resistant knockouts (iv).
Experiment includes three biological replicates (independent inoculums). D. Volcano plot of the
genetic screen results. Green and purple dots represent sensitive and resistant knockout strains,
respectively. E. Highly sensitive and resistant strains. Asterisk sign marks the gene knockouts likely
involved in gemcitabine transport and phosphorylation. Knockouts marked in bold were
characterized as slow growing strains. F. Statistically significant enriched and depleted KEGG
categories identified by the genetic screen. The marker size shows the number of genes in the
category and the gray scale marks the statistical significance.

growth in M9
1

£ wt (Aybcn)

8

== 06 AnupC

% Ahfg

-k

2

= 02 AbioC
AbioH
AnadC

15

time (h)

Figure 2.3 Growth of top five resistant gemcitabine knockouts identified by the genetic
screen in M9 minimal medium.

The ybcn deletion strain was used as a wild-type control since this gene deletion does not impact
E. coli growth and the genetic background of this strain is comparable to the other mutants used in
the experiment
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drug degradation (and ultimately drug availability for neighboring cancer cells). We
therefore designed a functional assay to detect changes in drug activity, after
bacterial incubation with the drug, relative to its activity after incubation with the
wild-type strain (outlined in Figure 2.5A). We incubated a knockout strain of interest
in saline with a high gemcitabine concentration and collected the conditioned
supernatant after a short incubation period (15 or 45 minutes). We diluted the
conditioned supernatant into regular media and monitored the growth of a drug-
sensitive reporter strain (a cdd knockout that cannot degrade gemcitabine) in this
media. Finally, we used growth curves of the reporter strain as a proxy for the
gemcitabine concentration in the conditioned supernatant. We reasoned that a
conditioned supernatant containing high drug concentration is indicative of slow
degradation by the strain of interest. This difference in drug concentration will in
turn manifest as slow growth of the reporter strain (blue curve in Figure 2.5A). We
note that this detection method is insufficient to resolve the mechanism underlying
the slowed degradation since it only measures drug availability in the extracellular
environment after incubation (e.g., both slow import and slow deamination will be

interpreted as slow degradation).

We evaluated drug activity after incubation of the 88 most resistant strains,
the top 42 resistors found by the strict enrichment cutoff Figure 2.2E) and the next
46 resistant strains (supernatant collection was repeated three times on different
days). Figure 2.5B shows a summary of the results of this assay (Figure 2.4 shows

observed growth curves). We found one-third of the tested knockout strains
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modulated extracellular drug availability (33 of 88). Specifically, 11% of all strains
were fast degraders and 26% of strains were slow degraders (one-tailed t-test,
FDR-adjusted p-value < 0.1). We next decided to validate the conclusions of our
functional assay using an independent chemical approach for the wild-type and
three knockout strains. We focused on the fastest and the slowest degraders and
cdd knockout as a control. We incubated each strain with gemcitabine and
sampled aliquots of the supernatant at predetermined time points (20, 45 and 75
minutes). We then used gas chromatography—mass spectrometry (GC-MS) to
measure the concentration of gemcitabine and its degradation product in the
conditioned supernatant (Figure 2.5C). In agreement with our functional assay, the
GC-MS measurements confirmed that the gene knockouts indeed altered the
availability of gemcitabine and in the extracellular environment. The increased
availability of the drug breakdown product (dFdU) supports the conclusion that rate
of drug metabolism is underlying this change (as opposed to intracellular drug

accumulation (Kliinemann et al., 2021).

Lastly, we tested if bacterial resistance mutations influence the drug
sensitivity of co-cultured cancer cells. While previous works relied on sequential
exposure to the drug (Geller et al., 2017; Lehouiritis et al., 2015), using conditioned
bacterial supernatant on cancer cells, we reasoned that a co-culture system will
reveal if bacterial degradation is sufficient to impact drug efficacy in neighboring
cancer cells that are simultaneously exposed to the drug. We co-cultured with

spheroids of the CT-26 murine cancer cell-line and simultaneously treated them
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with gemcitabine for 4 hours (gemcitabine cytotoxicity can be recapitulated in this
cell-line (Geller et al., 2017)). Spheroids were then washed and left to grow for a
week in media supplemented with antibiotics. Lastly spheroids were washed again
to remove dead cells and the area of the spheroids was measured to evaluate
gemcitabine’s efficacy on the cancer cells. Figure 2.5D shows microscopy images
of a representative microwell plate. As the figure shows we observed sensible
trends in these experiments: First, we observed that spheroid size was inversely
correlated with gemcitabine concertation (lower spheroid row in Figure 2.5D) and
that bacterial concentration, without any drug, did not significantly impact spheroid
growth (left spheroid column in Figure 2.5D). Reassuringly, we observed that co-
cultured bacteria can mitigate gemcitabine damage and that the magnitude of
rescue depended on the bacterial concentration (spheroid area is overall increased

in upper spheroid rows in Figure 2.5D).

We used our systematic measurements of spheroid area to fit a fitness
landscape. This procedure allowed us to infer the effective drug concentration that
leads to a 50% change in area (EC50) for any bacterial concentration. Figure 2.5E
shows the landscapes for the wild-type strain, a control non-degrader (cdd
knockout) and the fastest and slowest degraders (cytR and nupC knockouts,
respectively). As evidenced by the changes in the EC50 fronts, we observed that

the spheroid fithess landscapes were considerably different depending on the co-
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Figure 2.4 Individual growth curves of reporter strain (cdd knockout) in the
functional assay to estimate gemcitabine breakdown rate of the top 88 gemcitabine
resistant genetic screen hits
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The title of each graph shows the knockout strain that was incubated with gemcitabine before the
reporter strain was inoculated into the filtered conditioned supernatant. A. Mean growth curves of
the reporter strain in the conditioned supernatant filtered after 15 min of co-incubation with the 88
tested knockout strains. Statistically significant fast degraders are shown with red color. (One tailed
student’s t-test with FDR corrected p-adj<0.1). B. Mean growth curves of the reporter strain in the
conditioned supernatant filtered after 45 min of co-incubation with 88 tested knockout strains.
Statistically significant slow degraders are shown with blue color. (One tailed student’s t-test with
FDR corrected p-adj<0.1).

cultured bacteria during drug exposure. In agreement with our functional and
chemical assays, increased chemoresistance relative to the wild-type strain was
observed when spheroids were co-incubated with the fast degrader (cytR
knockout). In contrast, decreased chemoresistance relative to the wild-type strain
was for co-incubation was with the slow degrader (nupC knockout). A replicated
spheroid experiment with cytR and nupC knockouts and the wild-type strain
revealed similar shifts in the EC50 fronts (Figure 2.6). Additional experiments with
nine more bacterial resistors showed they also impacted spheroid

chemoresistance (Figure 2.7).

Taken together, the results of the spheroid experiments demonstrate that
mutations impacting gemcitabine degradation rates in bacteria can indeed impact
neighboring cancer cells simultaneously with the drug. Importantly, we observed
that bacterial resistors can have opposite influences on gemcitabine sensitivity of
co-cultured cancer cells. For examples, the nupC knockout decreased
chemoresistance while the cytR knockout increased it. A key question remaining
Is which adaptations will naturally transpire during bacterial evolution under drug

selection.
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Figure 2.5 Bacterial gemcitabine resistance can oppositely affect drug degradation and
impact neighboring cancer cells

A. The functional drug breakdown assay. Each knockout strain was inoculated in saline containing
gemcitabine and incubated for 15 or 45 minutes. Conditioned supernatant was then filtered and
mixed with fresh media before inoculating a reporter strain. Reporter strain growth was used as a
proxy for changes in gemcitabine availability in the conditioned supernatant. B. Results of the drug
breakdown assay for the top 88 resistant knockouts. A third of all tested knockouts (33/88)
influenced the drug degradation rate. C. Chemical validation of the functional assay for the slowest
and fastest degraders. GC-MS was used to measure gemcitabine concentration (shaded area, top
panels) and its degradation product dFdU (hatched area, lower panels) in conditioned supernatant
(colors as in A). The dashed black curve marks the measurements after incubation with the wild-
type strain. The error bars show the standard deviation of three biological replicates. D. Co-culture
experiments shows bacterial mutations can influence gemcitabine efficacy in neighboring
spheroids of cancer cells. Representative microscopy images of spheroids that were co-cultured
with wild-type bacteria across multiple concentrations of drug and bacteria (large images show the
same spheroid before the wash, after the wash that removed dead cell debris, and after image
segmentation. E. Bacterial mutations that modulate drug degradation can impact drug efficacy
neighboring cancer cells. Results of spheroid experiments with the slowest and fastest degraders
and the inferred fitness landscapes. Each panel shows the fitness landscape calculated from
spheroid size across a range of gemcitabine and bacteria concentrations (as in D). The color code
shows the normalized spheroid size (ranging from the smallest spheroid to the largest one). The
dashed black line marks the parameter combination (bacteria and gemcitabine concentrations) that
reduce spheroid growth by 50% (EC50 front) and solid lines show the EC50 front for the knockout
strains. Shifts in the EC50 front, relative to the wild-type front, indicate that co-incubation with the
knockout strain during drug exposure altered the spheroid’s chemo-resistance.
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Figure 2.6: Validation of results of spheroid experiment

The fitness landscape inferred for the slowest and fastest bacterial degraders relative to the wild-
type strains. Each panel shows the fitness landscape calculated from spheroid size across a range
of gemcitabine (0 uM to 57.6 uM as 1.5 fold dilutions) and bacterial concentrations (0 to 32 million
as 2 fold dilutions). The color code shows the normalized spheroid size (ranging from the smallest
spheroid to the largest one). The dashed black line marks the parameter combination (bacteria and
gemcitabine concentrations) that reduce spheroid growth by 50% (EC50 front) and solid lines show
the EC50 front for the knockout strains. Shifts in the EC50 front, relative to the wild-type front,
indicate that co-incubation with the knockout strain during drug exposure altered the spheroid’s
chemo-resistance.

Area Under the EC50 Line
087 ' T ] T ]
o 0.4
o))
[
[gv]
e
Y 0
o
NS
~
8 04
-0.8

Figure 2.7 Changes in area under the EC50 front in spheroid fitness landscapes generated
with co-incubation of gemcitabine and selected resistant knockout strains.

2.4.3. Evolved bacterial resistance against gemcitabine

The genetic screen uncovered multiple loss-of-function mutations that

confer bacterial gemcitabine resistance. Yet, such screens are insufficient for



58

determining which gene inactivation, if any, will emerge under natural selection.
Moreover, since evolution can leverage additional processes beyond gene-
inactivation, such as gain-of-function, adaptation may follow an entirely different
evolutionary trajectory. We applied the widely used serial transfer approach to
select for evolved drug resistance in bacteria (Dragosits & Mattanovich, 2013).
Such in-vitro experiments can shed light on the mechanisms underlying resistance
and the time scale needed to acquire resistance. To test if reoccurring adaptations
emerge, we used the three E. coli strains that were characterized by different drug
sensitivity levels (Figure 2.2B). Once the serial transfer experiment ended, we
evaluated if drug resistance increased in the population and isolated single

resistant clones for whole genome-sequencing (Figure 2.8A).

We evolved three independent populations of each E. coli strain in sub-
inhibitory concentrations of gemcitabine (methods) and three control populations
without any drug. We monitored drug resistance in all populations daily throughout
the experiment (Figure 2.8B). We observed that resistance emerged within a day
or two for the Nissle 1917 and F-18 strains, while it emerged more slowly for the
BW25113 strain. Last day populations from all strains that evolved in gemcitabine
were resistant to the drug across all tested drug concentrations (Figure 2.8C). In
order to isolate individual resistant clones, we streaked each of the evolved
population on agar plates and measured IC50 does for 8 independent colonies.
(Figure 2.8D). Almost all clones from Nissle 1917 and F-18 drug evolved strains

were resistant. However, clones from the BW25113 populations showed
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heterologous levels of resistance. All clones isolated from the populations that
evolved without the drug were drug sensitive. We chose a single clone from each
population for further analysis (marked as extruding slices in the pie charts on
(Figure 2.8D). These individual clones represent lineages that evolved completely

independently from one another.
2.4.4. inactivation of nupC underlies evolved drug resistance

Phenotypic measurements revealed that all drug-evolved populations
became highly resistant. We next sequenced the genomes of evolved clones to
identify the underlying adaptive mutations and identified mutations with the BreSeq
software (Barrick et al., 2014). Figure 2.9A shows the mutations we identified in
the single clones as circa plots (concentric circles representing the bacterial
chromosomes). Annotation of mutations in F-18 required careful manual
inspection since its reference genome consists of 113 contigs. As the figure shows,
we observed that the genomes of all the drug-evolved clones harbored nupC
mutations while none of the control-evolved clones had such mutations.
Supplementary File 3 provides the BreSeq information the mutations we identified.
Importantly, while we found additional mutations beyond those in the nupC gene,
we did not observe another gene that was repeatedly mutated across all
independent replicates in all of the E. coli strains. The only other repeated mutation
we identified involved the yahF gene in two lines of F-18 that also shared an

identical nupC mutation (transposon). Inspecting the BreSeq report and the contig
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files led us to believe both lines shared single new junction that impacted both the

nupC and yahF loci.
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Figure 2.8 Gemcitabine selection leads to rapid evolved resistance in three E. coli strains

A. Overall approach for the lab evolution experiment. Three E. coli strains were evolved over 50
generations in serial transfer evolution experiment. We measured gemcitabine resistance of last
day populations and eight single clones were isolated from each population. A single resistant clone
was used for the whole genome sequencing and for identifying of the underlying mechanism for
drug resistance. B. Heatmaps showing the temporal changes in gemcitabine IC50 of evolving
populations in each day of the serial transfer experiment. C. Gemcitabine dose response curves of
last day populations from lab evolution experiment. All of the gemcitabine evolved lines, but not the
control evolved lines, developed a high resistance against gemcitabine. D. Pie charts showing the
gemcitabine IC50 levels of screened clones. Slices represent the clone selected for whole genome
sequencing. Color scale is the same as panel B.
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Figure 2.9 Evolved resistance converges to inactivation of the nucleoside permease NupC

A. Circa plots showing the mutations identified by whole-genome sequencing in pure clones
isolated from independently evolved populations. Mutations in the coding region of the nupC gene
were observed across all gemcitabine-evolved clones but not in the no-drug control evolved clones.
Since the F-18 genome is not fully assembled, relative positions on the F-18 circa plot are not real
genomic positions. B. Pie chart showing the frequency of various mutation types identified by
sequencing the nupC across 96 spontaneous gemcitabine resistant mutants in the BW25113 strain.
C. A comparison of the evolutionary conservation of missense mutation positions relative to the
conservation of all position in NupC. The positions of the missense mutations are statistically biased
towards the conserved positions (p-value = 1.95*10-4 in Wilcoxon rank sum test).

The mechanism of mutation in the nupC gene varied across the
gemcitabine-evolved strains, and included point mutations, large deletions, and
new junction formation within nupC coding region that can stem from transposon
insertions and genomic rearrangements. The two of the point mutations we
identified, were missense mutations (S175P and V249A). To evaluate if these point

mutations likely interfere with the permease function, we used the ConSurf Server
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that identifies evolutionarily conserved positions (Ashkenazy et al., 2016). The
analysis revealed that both positions are highly conserved and are therefore likely
important for the permease function (positions marked in red in Figure 2.10).
Lastly, we examined the function of all other genes that were mutated in evolved
strains to pinpoint additional putative adaptive mutations. We identified a new
genomic junction, likely originating a transposon insertion, upstream to the uvrA
gene. The uvrA gene codes for A subunit in the UvrABC nuclease that is involved
in nucleotide excision repair pathway(Keseler et al., 2017). The mutation impacted
the annotated promoter of the gene according to regulonDB (Gama-Castro et al.,
2016) Taken together, we concluded that resistance emerged across all twelve
sequenced and independently gemcitabine-evolved strains primarily through

inactivation of the nucleoside permease NupC.
2.4.5. mechanisms underlying convergence towards nupC inactivation

Gemcitabine adaptation in our evolution experiments likely emerged
through inactivation of nupC across all evolved strains. This convergence can be
driven by multiple mechanisms that are not necessarily exclusive to one another.
Evolutionary trajectories are influenced by multiple parameters, including the
adaptation benefit (e.g., the level of resistance the mutation confers), the
adaptation cost (e.g., if it reduces growth) and the likelihood that the mutation will
appear spontaneously. We reasoned that quantifying these parameters for the
nupC gene would provide insight on the forces underlying the evolutionary

convergence we observed.
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Figure 2.10 Annotation of nupC mutations by evolutionary conservation

The color code shows the conservation level inferred for the NupC protein with the ConSurf server.
Mutations shown in black are found in spontaneous mutants isolated from agar plates containing
high concentrations of gemcitabine. Mutations shown in red are missense mutations found in the
gemcitabine evolved strains. Abbreviations; del:deletion, ins: insertion, fs:frameshift causing
mutation, IS: insertion element(transposon insertion)
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Figure 2.11 Plots showing the mutation rates in nupC (mutated in gemcitabine resistant
mutants) and in nfsA (mutated in furazolidone resistant mutants) loci

The rates were calculated with a Luria-Delbriick fluctuation experiment in four E. coli strains. We
repeated each fluctuation experiment four times.
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Our genetic screen already revealed that nupC is among top loss-of-
function mutations conferring resistance (Figure 1E), yet it remains unclear
whether nupC inactivation is associated with any cost to the cells. We therefore
monitored the growth rate of the top five resistant knockouts identified in the
genetic screens (Figure 2.3). The experiment revealed that a nupC knockout grows
as fast as the wild-type strain (ybcN knockout) for most of the growth phases and
slows down only during the stationary phase. In contrast, all other top resistant
knockouts were significantly slower than the wild-type strain (and nupC) during all
growth phases. We concluded that nupC inactivation is unique among the resistant
mutations since its associated with only a small fitness cost for bacteria when the

drug is not present.

We next tested whether the nupC locus contains a mutation hotspot. We
reasoned that a mutation hotspot will be evident if we observed that multiple
independent resistant clones will share a specific site or region within the nupC
locus or will leverage on a specific mutation mechanism. We obtained independent
clones by picking 100 individual colonies of the wild-type strain. We grew them
overnight and plated them on agar plates with an inhibitory gemcitabine
concentration (0.5 mM). We reasoned that at this high concentration, only the most
resistant and fast-growing mutants, namely nupC mutants, will be able to form
large colonies within an overnight growth. We then picked a single resistant colony
from each of the 100 agar plates and Sanger sequenced the nupC coding

sequence locus. We found that 85% of colonies were mutated in this region, with
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mutations spanning multiple types. Missense mutations and short indels were the
most frequent mutations observed (Figure 4B). In order to annotate the missense
mutations, we tested if they likely disrupt positions important for permease
function. We used the ConSurf sequence analysis tool and identified evolutionarily
conserved positions (Figure 2.10). The analysis revealed that missense mutations
we identified were significantly biased towards the highly conserved regions of the

permease (Figure 4C, p-value = 1.95*10*in Wilcoxon rank sum test).

Lastly, we decided to test if the nupC is naturally poised for frequent
mutations in the absence of gemcitabine. We reasoned that since our agar plating
experiment showed that most resistant colonies have been nupC mutants, we
could estimate the mutation rate (u) of in this gene with a Luria Delbrtck fluctuation
test (Luria & Delbriick, 1943). We compared this mutation rate to a reference gene
(nfsA) that confers resistance to furazolidone (Lourenco et al., 2016). We
performed this experiment as four replicates using four different genetic
backgrounds (the strains used for the evolution experiments and the MG1655 lab
strain). Figure 2.11and Supplementary File 4 shows the calculated mutation rates
for nupC and nfsA loci in all strains (normalized to a gene with 1000 basepairs). In
all cases we found rates comparable to the average gene mutation rate previously
inferred for E. coli (2.1 x 10~ per gene per generation)(Chen & Zhang, 2013). For
BW25113, the mutation rate of nupC was 5.7-fold higher than that of nfsA. For
Nissle, this difference was 6.8-fold and for MG1655 it was 1.8-fold. For F-18 strain,

in contrast, the mutation rate of nfsA was 7.9-fold higher than nupC. While the
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mutation rate was not identical in the two genes, the mutation of nupC was not
always higher than that of nfsA, and their rate difference was never larger by an

order of magnitude.

Taken together, the results from multiple experiments suggested that nupC
was likely repeatedly inactivated across multiple genetic backgrounds since it
confers high drug resistance without compromising growth. Experiments focusing
on the nupC mutation revealed that gene inactivation could take place through
multiple alternative mutation mechanisms and that the nupC locus is not
characterized by an exceptionally high mutation rate (excluding the possibility of a

mutational hotspot).

2.4.6. A bacterial evolution experiment against gemcitabine in a mouse

model of cancer did not show indications of gemcitabine adaptation

We next wondered if we could find evidence if adaptation to gemcitabine
could happen in vivo (Figure 2.12A). We generated subcutaneous tumors in
BALB/c mice and colonized the tumors with bioluminescent E. coli Nissle 1917
(experiment performed by Leore Geller, Weizmann Institute). Colonization was
confirmed by bioluminescent imaging and it was successful in many of the mice.
Then we treated the mice with gemcitabine (150 mg/kg) or vehicle every four days
up to seven times or until the experimental endpoint was reached (maximum
allowed tumor size by IACUC). We could isolate colonies from five gemcitabine-
treated and two vehicle-treated mice and we evaluated phenotype of these

colonies by growing them in high gemcitabine concentration (Figure 2.12B).
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We observed no gemcitabine resistance in any of colonies isolated from the
gemcitabine-treated mice. Targeted amplification of nupC locus and sanger
sequencing showed all of the analyzed nupC loci were wild-type (a representative
result is shown from mouse #2 in Figure 2.12C). In addition, whole genome
sequence analysis of randomly selected colonies also did not show indications of
gemcitabine resistance. (No deleterious mutations in coding regions identified

compared to the ancestor, see the Supplementary File 6)
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Figure 2.12: Adaptive bacterial evolution to gemcitabine was not observed in vivo

(A) Schematic of the mouse experiment. 6-week old female BALB/c mice (N=20) were injected
with one million CT-26 cells on the right flank. After tumors formed and grew for 16 days, mice were
injected with five million CFUs of bioluminescent E. coli Nissle 1917 retro-orbitally. After two days
of bacterial colonization of the tumors (checked with IVIS bioluminescent imaging) mice were
treated with vehicle or gemcitabine (150 mg/kg) every four days up to seven exposures or until the
experimental endpoint was reached (maximum allowed tumor size). This mouse experiment has
been performed by Leore Geller in collaboration with Ravid Straussman’s lab at Weizmann
Institute, Israel. (B) Growth curves of single bacteria colonies isolated from the mice (10 colony per
tumor. Shade of gray background represents the number of gemcitabine exposures, and shade of
turquoise background represents the number of vehicle exposures. EXP: exposure). Note that none
of the colonies could grow in gemcitabine over the eight hours (C) A single representative result of
amplification and sanger sequencing of nupC from the colonies isolated from mouse #2. Sanger
sequencing showed wild-type nupC locus for all of the colonies which aligns with their phenotype
in medium with gemcitabine.

2.5. DISCUSSION

The recent discovery that bacterial infections are frequent across multiple
cancer types suggests that the tumor-microbiome is an important, yet under-
studied, component of the tumor microenvironment (Cullin et al., 2021; Nejman et
al., 2020) Here, we suggest that a key aspect of microbial biology is under-
explored in current investigations of the tumor-microbiome — the ability of bacteria
to rapidly evolve and adapt to extracellular changes. Within the tumor niche,
successful colonization may require bacterial adaptation to the unique conditions
of the tumor microenvironment, including adaptation to tumor-targeting
therapeutics. A strong selective pressure from chemotherapies likely exists given
that multiple antineoplastic drugs are putative antimicrobials at physiological
concentrations (Maier et al.,, 2018). We previously raised the hypothesis that
bacterial evolved resistance to tumor-targeting chemotherapies can manifest in
changes to bacterial drug metabolism and this type of adaptation can inadvertently

influence chemoresistance. Our previous work used the Caenorhabditis elegans
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model system, its bacterial diet, and two fluoropyrimidine chemotherapy drugs to
study this hypothesis (Rosener et al., 2020). In that model system, we estimated
that almost 60% of loss-of-function mutations that conferred bacterial resistance
would also reduce drug toxicity in a worm host feeding on these bacteria. Here we
further study this hypothesis and focus on a different chemotherapy drug and a
model system that captures bacterial-drug interactions that may be at play in the

tumor microenvironment, rather than in the host gut as in the previous publication.

Research of the bacterial role in pancreatic cancer revealed multiple and
independent mechanisms of microbial influence on cancers in this organ (Aykut et
al., 2019; Geller et al., 2017; McAllister et al., 2019; Nejman et al., 2020b;
Pushalkar et al., 2018; Riquelme et al., 2019). Specifically, recent work suggested
that pancreatic colonization by proteobacteria can decrease efficacy of
gemcitabine through rapid bacterial drug inactivation (Geller et al., 2017). We used
this drug-bacteria-tumor interaction to test our hypothesis by reconstituting similar
interactions from individual parts that are well-understood on their own. We first
mapped the gemcitabine resistome in E. coli and found that changes in multiple
cellular processes increase resistance. Importantly, these potential adaptations
are easily accessible within short time scales since they only require inactivation
of a single gene. A functional assay revealed that one third of these adaptations
iImpact bacterial drug breakdown (Figure 2B). Indeed, gemcitabine administration
to co-cultures of cancer spheroids and bacteria demonstrated that two of the top

loss-of-function mutations that the screen identified can considerably, and
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oppositely, impact drug efficacy in neighboring cancer cells (Figure 2E). While the
impact of bacterial resistance on neighboring cells could have been predicted for
the nupC knockout, it was not trivial for the cytR knockout. CytR is a transcription
factor that represses at least 14 different operons, including nucleotide
transporters and membrane proteins (nupC, nupG, tsx, ycdZ), sigma factors
(rpoH), and metabolic enzymes in the target pathways (ccd, udp,
deoABCD)(Keseler et al., 2017). A chemical assay revealed that cytR knockdown
culminates in increased drug degradation and a co-culture experiment confirmed
it increases chemoresistance of neighboring cancer spheroids. It is therefore likely
that relief of CytR repression of both nupC and cdd leads to increased import that
is counteracted by even faster gemcitabine deamination. This observation is key
since it suggests that mutations conferring gemcitabine resistance in bacteria can
both increase and decrease gemcitabine breakdown rate. In the context of the
tumor-microbiome, bacterial adaptation to gemcitabine can therefore raise or

reduce the tumor’s chemoresistance.

A key question that arises from the observation that bacterial resistance can
modulate drug availability for neighboring cancer cells, is which adaptations will
emerge under drug selection and whether evolution will repeatedly converge to the
same resistance mechanism. Results from the serial transfer evolution experiment
in three E. coli strains showed that drug selection repeatedly yielded adapted
clones that disabled the drug permease (Figure 4A). Additional experiments

suggested that selection for nupC inactivation, at the expense of alternative
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resistance mechanisms, is attributed the high resistance this inactivation confers
and to the minimal impact it has on growth. Importantly, as the fluctuation
experiments reveal, resistant clones can preexist drug exposure and therefore also
likely preexist any treatment if the bacterial number in the tumor microbiome is
sufficiently large. In such cases, tumor-microbiome adaptation can potentially take
place through ecological-like changes and take-over by a resistant bacterial clone.
Such clonal expansion in bacteria is reminiscent to the process of clonal expansion
and takeover of preexisting resistant cancer cells that is thought to be prevalent in

cancer treatment.

Previous research established that the microbiomes, in natural body sites
or within tumors, can metabolize tumor-targeting drugs and by doing so influence
drug efficacy in the host. Our previous and current studies complement this
premise by demonstrating that bacterial evolutionary adaptation to
chemotherapies can further influence bacterial drug metabolism and therefore host
drug efficacy. Intriguingly, in this work we found that bacterial influence can have
opposite effects on drug breakdown and therefore can increase, or decrease,
chemoresistance. Moreover, the genetic screens from both works suggest that
such occurrences might not be rare, given that such a high fraction of adaptive

loss-of-function mutations also alter drug breakdown rates.

While we believe this work illuminates an under-explored and potentially
impactful field of research - evolutionary adaption in the tumor microbiome - we

are also excited by the follow-up questions that naturally ensue our in-vitro
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findings. Although our in vivo evolution experiments did not provide any evidence
if bacterial gemcitabine adaptive evolution could happen in actual tumor
environments, it still does not conclude this might not happen. Duration of
gemcitabine exposure, sensitivity of bacterial strain to gemcitabine, local
gemcitabine concentration could have effects on this experimental outcome and
more parameters could be further tested (some discussed in appendix)
Specifically, following our observations in the model gammaproteobacteria E. coli,
and the known prevalence of gammaproteobacteria colonization in pancreatic
cancer (Geller et al., 2017), it will be intriguing to check if similar adaptations are
observed in bacteria isolated from tumors that were resected from pancreatic
cancer patients. Identifying convergent adaptation in tumor-microbiome of patients
may prove impactful for personalizing anticancer treatment and informing the
decision to complement chemotherapy treatment with antibiotics, a decision that
is highly consequential for cancer patients and that should therefore be well-
justified (Corty et al., 2020; Elkrief et al., 2019; Gao et al., 2020; Meriggi & Zaniboni,

2021).
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Chapter 3. BACTERIAL POPULATION DYNAMICS DURING
COLONIZATION OF SOLID TUMORS

3.1. SUMMARY

Bacterial colonization of solid cancer tumors is common and can influence
disease progression and treatment success. While the clinical implications of
intratumor bacteria are widely investigated, little is known about the colonization
process itself. We monitored tumor colonization in a mouse model by intravenously
injecting of genetically barcoded E. coli cells and then sequencing the barcodes of
bacteria isolated from the resected tumors. Within a day, intratumor bacterial load
reached billions of cells, yet sequencing revealed they originated from only a few
dozen of seeding bacteria that generated progenies with highly uneven population
sizes. Narrow infection bottlenecks can explain the low progeny number, but not
their skewed population sizes. Repeating the experiment with an intratumor
injection that circumvents the infection bottleneck still resulted in skewed bacterial
populations compared to the inoculum. Our work outlines tumor colonization as a
two-phase process: initially, rare and independent infection events allow
opportunistic bacteria to rapidly expand and take over the favorable niche, once
bacterial load saturates, progenies cycle through rapid growth and contraction

cycles culminating in a distinctive population structure.
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3.2. INTRODUCTION

The human microbiome plays significant roles in cancer progression but it
can also influence anti-cancer treatments (Hanahan, 2022; Sivan et al., 2015)
Notably, research over the past decade has revealed that solid tumors can
frequently harbor their own microbiome (Nejman et al., 2020). Two-thirds of breast
and pancreatic tumors harbor intratumor bacteria and even tumors developing in
sterile body sites, such as the brain and bones, frequently harbor their own
microbiome (Nejman et al, 2020). Bacterial presence in tumors is either causative
of carcinogenesis (Cummins & Tangney, 2013) or attributed to opportunistic
colonization of the immunosuppressive microenvironment that exists after solid
tumors have already formed (Nifio et al., 2022). The potential importance of
intratumor bacteria for anti-cancer treatment has promoted translational and
biotechnological research of the tumor microbiome, as well as the use of bacteria
to fight cancer. However, the fundamental questions regarding underlying
biological processes are still left underexplored. Bacteria gain tumor access either
by the direct exposure of a tumor to a natural microbiome site, e.g. retrograde
migration of bacteria from the duodenum through pancreatic ducts into pancreatic
tumors (Geller et al.,, 2017; Pushalkar et al., 2018), or through transient
translocations through the host's bloodstream (Cummins & Tangney, 2013).
Recent work has shown that other microorganisms that commonly compose

human microbiomes, including fungi, could also infect tumors (Narunsky-Haziza et
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al., 2022). Tumor infection and colonization by other microorganisms might follow

similar infection routes as bacterial colonization.

A key gap in knowledge concerns the process of tumor infection and
colonization, as existing models remain highly speculative. The suggested models
are limited because they rely only on the observed overlap between species
composition in specific “natural” microbiome sites and the species identified in
tumors in specific body sites (Parhi et al., 2020; Zhu, Wang, Liu, & Wei, 2022).
Remarkably little has been empirically observed beyond this association. It
therefore remains unclear how bacteria initially colonize the tumor niche and how
a multi-species microbiome emerges. It remains unknown if multi-species
colonization arises through simultaneous infections by multiple species or whether
colonization follows a sequential seeding process reminiscent of gut colonization
during development. Moreover, it is unclear if, once established, the tumor-
microbiome needs to comprise keystone species that are critical for microbiome
maintenance. Lastly, little is known about population turnover of intratumor
bacteria, including the growth and death rate of colonizing bacteria and whether

population bottlenecks exist in different stages of infection and colonization.

Sequence tag-based analysis of microbial populations (STAMP) has been
widely used to understand colonization bottlenecks in many bacterial infection
models (Abel et al., 2015; Hullahall & Waldor, 2021; Zhang et al., 2017), and it can
also help us understand the bacterial colonization dynamics in solid tumors. In

STAMP, a library of bacteria is generated with hundreds to thousands of DNA
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barcodes integrated into the genome. All of the bacteria have the same genetic
background other than the barcoded region thus they have the same growth
dynamics (no barcode induces a fitness advantage). The barcoded region from the
DNA can easily be amplified by PCR and sequenced deeply. The number and
frequency of barcodes in the sample can be determined computationally from the
sequencing data, taking into consideration the sequencing errors. The use of
mathematical models allows for the identification of host bottlenecks by calculation
of the founding population size (Abel et al., 2015; Hullahalli & Pritchard, 2021;

Krimbas & Tsakas, 1971).

Here we tried to answer the following questions regarding the bacterial
colonization of solid tumors: i) what is the magnitude of host barriers for
colonization of the tumor microenvironment from a systemic infection, ii) how does
a bacterial population, once established, expand within the tumor? To achieve this,
we first generated a barcoded E. coli Nissle 1917 (EcN) library which includes
51,000 unique barcodes. We then colonized mice with subcutaneous colon
carcinoma with the barcoded library to study the population dynamics of this tumor
colonization. Using intravenous delivery of the bacteria, we first identified the
magnitude of the host bottleneck. Then, we used intratumor delivery of bacteria to
avoid the colonization bottleneck and studied the dynamics of the bacterial
population expansion in the tumor. Our results revealed a very narrow colonization
bottleneck in which the number of introduced barcodes was dramatically reduced

by 256-fold. In addition, the rank-frequency plot revealed a power law that we are
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developing some mathematical models for. We propose that following the extreme
colonization bottleneck, bacteria expand within the tumor unequally due to the

existence of better and worse niches to thrive.

3.3. MATERIALS AND METHODS

3.3.1. Bacteria and growth conditions

E. coli Nissle 1917 strain (Ardeypharm, GmBH, Germany) was used as a
parent strain to build the barcoded library. For all experiments, bacteria were
inoculated into Lysogeny Broth (LB) with 50 pg/mL kanamycin and grown overnight

at 37°C, 200 rpm orbital shaking.
3.3.2. Construction of the E. coli Nissle 1917 Barcoded library

A kanamycin resistance cassette with 20 random nucleotides, targeting the
lacZ locus of the E. coli Nissle 1917 genome, was amplified using the following
forward and reverse primers 5GTTGTGTGAAATTATGAGCGGATAACAAT
TTCACACAGGATACAGCTATTCCGGGGATCCGTCGACC3 and 5ACGGGC
AGACATAGCCTGCCCGGTTATTATTATTTTTGACACCAGACCAANNNNNNNN
NNNNNNNNNNNNTGTAGGCTGGAGCTGCTTCG3'. Genomic DNA from a
knockout strain from the KEIO collection was used as a template for the PCR. PCR

products were visualized on 1% agarose gel and purified using a commercial kit.

E. coli Nissle 1917 cells were transformed with the pSIM6 plasmid by

electroporation. These cells with induction of beta, gam, and exo genes, were



79

prepared from a single transformant as described previously (Datta, Costantino, &
Court, 2006; Murphy, 2016) and made competent for future transformations.
Multiple transformations were made using 2.5 ug of PCR product per aliquot of
competent cells to achieve about 30000 single colonies on LB agar plates with
kanamycin after overnight incubation at 37°C. The colonies were then scraped
from the agar plates and homogenized in PBS. Frozen glycerol stocks were then
stored at -80°C. In order to remove the pSIM6 plasmid, the pooled library was
inoculated and grown in liquid LB with kanamycin for three days with daily
passaging (1:2000 dilution). The final library was stored as a glycerol stock at -

80°C and the experiments were performed using these frozen stocks of the library.
3.3.3. Preparation of E. coli Nissle 1917 Barcoded library for injection

100 puL of thawed glycerol stock of the E. coli Nissle 1917 barcoded library
was inoculated into 20 mL LB with kanamycin (50 ug/mL). The culture was grown
for 18 hours overnight. In the morning, the culture was diluted 1:100 in 30mL of LB
with kanamycin (50 ug/mL) and grown until ODesoo of ~0.5. The bacteria were
pelleted by centrifugation, and the bacterial pellet was then washed with PBS three
times. Washed bacteria were incubated at room temperature for an hour and then
the ODsoo was measured. Considering ODesoo of 1 culture contains 4.71x108
CFU/mL, we diluted the culture for the intratumor (i.t.) or intravenous (i.v.)
injections. For i.v. injected conditions, we prepared 5x10’ CFU/mL, and for i.t.

injected conditions we prepared 2.5x108 CFU/mL. The timepoint zero samples (TO



80

sample; total bacteria culture at the time of injection) were frozen as glycerol stocks

and gDNA was isolated directly from this stock.
3.3.4. Mouse experiments

5-week-old female, BALB/cJ mice (Jackson Laboratory, Bar Harbor, Maine)
were ordered and acclimated to the new environment for seven days. Next, the
mice were injected with 1x10° CT-26 cells on both flanks subcutaneously. Tumor
growth due to injected CT-26 cells was monitored every 2-4 days. When tumor
size reached about 300-500 mm?3, mice were injected with the E. coli Nissle 1917
barcoded library as two groups. The intratumorally injected group received 5x10°
CFU per tumor and the intravenously injected group received 107 CFU per mouse.
Mice were euthanized according to experimental endpoints on days 1, 3, or 7 post-
bacterial injection. Tumors were immediately processed for CFU plating and the
remaining tissue was flash frozen in liquid nitrogen and kept at -80°C. Downstream

experiments were performed from the homogenized frozen tumors.
3.3.5. Determination of bacterial CFU in the mouse tumors

Fresh or previously frozen tumor pieces were chopped into 1-2 mm long
pieces using a sterile scalpel in a petri dish. Approximately 200 mg of chopped
tumor was added into a lysing matrix | tube (Cat# 6918100, MP Biomedicals) filled
with 300 uL PBS. These samples were then homogenized twice at a speed of 6m/s
for 40 seconds using the MP Biomedicals Fastprep-24 instrument. The

homogenate (20 uL) was serially diluted 1:1000, 1:10000, and 1:100000 in 200 uL
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and then 100 uL of these serial dilutions was plated on LB+kan plates. Plates were
incubated overnight and each plate’s colonies were counted the next day. The
dilution that had the most reasonable number of colonies (100-500) was used to
determine the CFU from the tumor piece homogenate. The weight of the
homogenized tumor piece and the total tumor weight were used to calculate the

total CFU per tumor.
3.3.6. Barcode Sequencing Library Preparation

Total DNA was purified from the homogenized frozen tumor samples using
the Zymo Quick-DNA Midiprep plus kit (Cat# 4075). Precise DNA concentrations
were determined using Qubit High Sensitivity DNA reagent (Thermo-fisher,
Cat#Q32854). Since the total gDNA contains high amount of host DNA relative to
bacterial DNA, we used 10 ug of DNA as template for each PCR. A region of ~400
bp around the barcoded region was amplified using 2x KAPA HiFi HotStart
ReadyMix (Kapa Biosystems, Cat#KK2602) and the following forward and reverse
primers: 5 TCGTCGGCAGCGTCAGATGTGTATAAGAGACAG(1-3N)cctgeccg
gttattattattittg3’ and ‘5GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAG
gattcatcgactgtggcc 3’. The cycling parameters were: 98 °C initial denaturation for
3 min; 23 cycles of 98 °C denaturation for 20 secs, 68.6 °C annealing for 15 secs
and 72 °C extension for 30 secs; 72°C final extension for one minute. Four to seven
PCR reactions were set up per sample depending on the amount of DNA extracted
from the tumor tissue. Each technical replicate PCR was pooled into a single tube

(10 pL per replicate) and the pooled products were run on a 3% agarose gel. The
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amplicon was gel purified, and the concentration was determined using Qubit high-
sensitivity DNA reagent. We performed a second 13-cycle PCR using Illumina
Nextera XT indexes and 2x KAPA HiFi HotStart ReadyMix for multiplexing. The
products were run on a 3% agarose gel and purified. Libraries were normalized to
the same concentration, denatured, and diluted according to lllumina NextSeq
System Denature and Dilute Libraries Guide. Sequencing was performed using
Nextseq 500/550 High Output Reagent Kit, 75 cycles on lllumina NextSeq 500

device.
3.3.7. Targeted Barcode Sequencing Analysis

We used Bartender (L. Zhao, Liu, Levy, & Wu, 2018) to extract and cluster
the barcodes from raw fastq files. Multiple technical replicates of time zero injection
fastq files were merged together for the analysis. We first ran bartender extractor
(bartender_extractor_com) with an average base quality score cutoff of 30 and
allowing no mismatch on upstream and downstream anchor sequences using the
following parameters: “-q ? -p ACCAA[20]TGTAG -m 0”. Next, we ran bartender
clustering (bartender_single_com) with these parameters: “-c10-d2-z10-15-t1
-s 1”. After the clustering, we used bartender_combiner_com to create outputs with
multiple time points combining barcodes from the TO, T1 (day 1), T3 (day 3), and

T7 (day 7).

A MATLAB script was used to further organize the barcode clusters. First,
common barcodes in technical replicates of timepoint zero samples were identified

and then the union of those barcodes was used to get the total time zero barcode
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clusters. Then, all of the samples were organized in the same order of barcode
clusters and read counts were normalized to reads per million. Technical replicates
were averaged and metadata information was incorporated. This data structure

referred as “meta” has been used in downstream analyses.
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3.4. RESULTS

3.4.1. Generation of E. coli Nissle 1917 barcoded library

We first generated an isogenic but individually barcoded EcN library. We
chose the lacZ gene locus as the integration site for the 20-nucleotide random
barcode and kanamycin resistance cassette, resulting in a library with the lacZ
gene deleted. The lambda red recombination method was used to integrate the
PCR product pool that contained random barcode sequences, producing
thousands of colonies on selective agar plates (Figure 3.1A). We generated a
pooled library by scraping the colonies from multiple selective agar plates and
growing them for two passages in rich media to remove the retained plasmids. The
barcoded region was amplified with specific primers from the extracted gDNA and
sequenced deeply using illumina sequencing. We used bartender software
previously published to extract and cluster the barcodes, which yielded 50829
individual barcodes (Figure 3.1B). We expected a similar frequency of each
barcode in the pool which was represented in the results. Note that the range of
barcode frequencies are within one-log-fold higher or lower than the frequency of
the majority of barcodes. Next, we wanted to know if differences in growth rates
across individual members of the library would affect barcode frequencies when
the library is grown in vitro. In order to achieve this, we grew the barcoded library
in different media types with varying carbon sources and sampled the cultures

when they reached similar densities as shown in
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Figure 3.1C. We then analyzed the changes in the barcode frequency
distributions (Figure 3.1D). We observed that the overall pattern in barcode
frequencies did not dramatically change, however we detected a minor fluctuation.
This result shows that each barcoded clone has a similar growth rate in a controlled
environment and individually barcoded bacteria populations expand similarly with

a minor level of intrinsic noise.
3.4.2. Exploring the host bottlenecks during tumor colonization

After characterizing the barcode frequency distributions and growth
dynamics of the library in vitro, we performed a mouse experiment to understand
the host bottlenecks during bacterial tumor colonization. Schematic representation
of the mouse experiment is illustrated in Figure 3.2A. Briefly, immunocompetent
BALB/c mice were subcutaneously injected with CT-26 cells to form tumors on
both flanks. Once the tumors reached ~300-500mm?, we injected each animal with
a total of 10 million CFUs of the EcN barcoded library (~200 bacteria cells per
barcode) intravenously into the tail vein. Mice were euthanized on days one, three,
and seven post-bacterial injections for analysis of bacterial CFUs and barcodes
from the harvested tumors. Figure 3.2B shows the changes in bacterial CFUs and
detected barcodes. On day one, we observed a dramatic increase in total CFUs
per tumor compared to the injected bacteria count (>104 fold). On days three and
seven, this bacterial number stayed at similar levels suggesting that the tumors
quickly reached the bacterial carrying capacity already by day one. Detected

barcodes, in contrast, decreased dramatically after day one, (256-fold reduction
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compared to inoculum), and remained steady as similar numbers of barcodes were

observed on days three and seven.
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Figure 3.1: Cloning and growth dynamics of E. coli Nissle 1917 barcoded library

Generation of the barcoded library (top). PCR product pool containing 20 nucleotide random
barcode region, kanamycin resistance gene and homology arms to lacZ gene were integrated into
the genome of E. coli Nissle 1917 using lambda red recombinase. A total pool of ~51,000 barcoded
bacteria were generated (bottom) Preparation of the amplicon library. Library is grown in specific
media/growth condition (i), genomic DNA is extracted at designated timepoint (ii), barcoded region
is amplified with PCR including sequencing adapters and indexes (iii)deep sequencing is performed
on lllumina platform (iv) (B) Ranked barcode frequency distribution of the initial library and
overlayed histogram of the normalized read counts, RPM: reads per million (C) Growth curves of
the library in four media types. Rich: LB medium, poor/glucose: M9 media with 0.4% glucose,
poor/glycerol: M9 media with 0.4% glycerol, poor/acetate: M9 media with 0.4% acetate (D) Ranked
barcode frequency distributions with overlayed histograms of the library after grown in four media
types. Sampling times are shown in C. Initial barcode frequency at timepoint zero is shown in black
and the barcodes are ranked according to zero timepoint.

This data suggests that the bacterial population goes through a major
bottleneck when colonizing the tumor since the detected number of barcodes is
significantly reduced compared to the inoculum even though the number of
bacterial cells within the tumor is tremendous. In addition, this data also shows that
there are no further bottlenecks in the tumor environment after the initial
colonization since the number of detected barcodes remains constant at later time
points. We also compared the number of detected barcodes between the right and
left flanks and observed a significant correlation (Figure 3.2C). We did not observe
any overlap between the detected barcodes from the right and left tumors.
Furthermore, we did not observe a correlation between number of detected
barcodes and carrying capacity of a tumor neither (Figure 3.2D). A representative
mouse from day one is shown in Figure 3.2E. Highly variable frequency
distributions of the detected barcodes indicate that there is an unequal expansion
of individual barcodes which is different than our in vitro results. A great reduction

in barcode diversity can be observed by the Shannon entropy index in Figure 3.2F.



88

In addition, the Shannon equitability index quantitatively shows that the distribution
of the barcodes in the inoculum was very even, but this evenness was greatly

reduced in the tumors after colonization (Figure 3.2G)
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Figure 3.2: Colonization of the tumor by systemic infection reveals a major host bottleneck

(A) Schematic illustration of the mouse experiment. Mice were injected on both flanks with one
million CT-26 cells subcutaneously. After tumors are formed, ten million CFUs of the EcN barcoded
library was delivered by intravenous injection from the tail vein. Mice were euthanized on days 1,3
and 7 and the tumors were collected. (B) Bacterial population dynamics and detected barcode
count across days. CFUs and barcode number in the inoculate population are shown as dashed
lines. (C) Number of barcodes plotted from the tumors on the right and left flanks across groups
sacrificed on different days. Significant Pearson correlation has been observed (p=0.01) (D)
Carrying capacity of the right and left tumors from the same mice. (p=0.99, Pearson Correlation)
(E) Ranked barcode distributions from the inoculum and a selected representative mouse (F)
Shannon entropy measurement of the barcodes (in bits) Inoculum is shown as a reference. (G)
Shannon equitability measurement of the barcodes. Inoculum is shown as a reference.
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3.4.3. Exploring bacterial population expansion within the tumors

After finding a narrow host bottleneck during bacterial tumor colonization by
introducing our barcoded library systemically, we wanted to bypass this initial
bottleneck by delivering bacteria intratumorally and analyzing how barcode
populations expand within the tumor. This could give us a better understanding of
the population dynamics without a reduction in barcode number. Figure 3.3A
shows a schematic of the experimental timeline. We generated the same mouse
model with subcutaneous colon cancer tumors on both flanks, but this time we
delivered bacteria by intratumor injection (5 million CFUs injected into each tumor).
We euthanized the mice on days 1, 3, and 7 post-bacteria injection and analyzed
the barcodes and bacteria numbers from the tumors. Figure 3.3B shows the
changes in bacterial CFUs and detected barcodes. We observed comparable
numbers of bacterial load to the i.v. experiment within the tumors, and the bacterial
population increased to billions of cells even on day one post-injection. Delivering
bacteria directly into the tumor removed the narrow bottleneck which existed in i.v.
administration of bacteria, and we detected only ~3 times fewer barcodes from
within tumors compared to the inoculum (Figure 3.3B). A representative mouse
from the group sacrificed on day one, is shown in Figure 3.3C. We observed
unequal expansion of the barcodes within the tumor which indicates that there
could be certain areas within the tumors that provide a better fithess for the

bacteria. Rank-frequency plot (Figure 3.4), showed the presence of inverse power



90

law (Zipf's lab), in which the frequency of each clone is inversely correlated with

its rank making a slope of -1 as seen in our data (in collaboration with Motasem

Elgamel and Andrew Mugler).
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(A) Schematic illustration of the mouse experiment. Mice were injected on both flanks with one
million CT-26 cells subcutaneously. After tumors were formed, five million CFUs of EcN barcoded
library was delivered by intratumor injection. Mice were euthanized on days 1,3 and 7 and the
tumors were collected. (B) Bacterial population dynamics and detected barcode count across days.
CFU and barcode number in the inoculated population are shown as dashed lines. (C) Ranked
barcode distributions from the inoculum and a selected representative mouse (D) Shannon entropy
measurement of the barcodes (in bits) Inoculum is shown as a reference. (E) Shannon equitability
measurement of the barcodes. Inoculum is shown as a reference.

Furthermore, the Shannon entropy index shows a small reduction in
barcode diversity because of i.t. injection of the bacteria circumventing the major
host colonization bottleneck observed in i.v. injection of the bacteria (Figure 3.3E).
Lastly, the Shannon equitability index shows a minor reduction in the evenness of
barcode frequency distributions, with two outliers. In those specific cases, we
observed that the population was dominated by a few barcodes which grew much

better than the rest of the population in the tumor environment.

RPM (log10)

rank (log10)

Figure 3.4: Ranked frequency distribution of barcodes from the i.t. experiment with a slope
of -1 indicative of power law
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3.5. DISCUSSION

Research in recent years has explored many aspects of the microbiome
and cancer. Some of the themes that have been explored include the composition
of bacteria in tumors, bacterial contribution to tumorigenesis, bacterial interactions
with the host cells, and tumor-targeting drugs. Limited evidence shows that in most
cases bacteria inside the tumors originate from commensal sites or from infections
of the host (Christaki & Giamarellos-Bourboulis, 2014; Cummins & Tangney,
2013). These events potentially could cause homing of the bacteria in the tumor
microenvironment, since some bacterial species are naturally attracted to tumors,
or some could act opportunistically due to the immunosuppressive nature of the
tumors (Cummins & Tangney, 2013; Duong, Qin, You, & Min, 2019). Proposed
mechanisms in the literature about how bacteria colonize the tumors specifically
provide information about the population sizes and some mechanisms (Leschner
et al., 2009; Stritzker et al., 2007), however, they are not sufficient to build a
guantitative model of infection and understand the founding population

bottlenecks.

In this study, we aimed to define the magnitude of host bottlenecks during
bacterial colonization of tumors and explore the growth dynamics of this

population. To achieve this, we first generated a library of genetically identical ECN
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that only varies in a barcoded 20 nucleotide region in their genomic DNA. This

library harbors bacteria cells with ~51,000 unique DNA barcodes (Figure 3.1).

Next, we generated subcutaneous colon cancer tumors on the right and left
flanks of BALB/c mice and colonized the tumors with the barcoded bacteria library
we generated. We colonized the tumors with our barcoded bacteria library using
two different methods: i) via intravenous injection through the tail vein thereby
creating a systemic circulation of bacteria cells (referred as i.v. experiment), ii) via
intratumor injection which directly delivers the inoculum to the tumor niche
(referred as i.t. experiment). By identifying the number of barcodes in the i.v.
experiment, we aimed to quantify the bottleneck size that the bacterial population
experienced. Out of the 51,000 barcodes we inoculated, we found an average
number of 203 barcodes per tumor across all days (Figure 3.2B). This 256-fold
reduction in the barcode number indicates that there is an extremely narrow
bottleneck during the colonization process. The barcode frequency distribution
within the tumors showed a skewed distribution compared to the even expansion
of the individual barcodes with a small intrinsic noise in liquid media in vitro (Figure
3.2E). There could be multiple reasons that cause this behavior. We thought that
some bacteria could have gained adaptive mutations that could give them a better
fithness advantage in the tumor environment. To eliminate this possibility, we
isolated single colonies with the most abundant barcodes in each tumor (i.v.
experiment) and performed whole genome sequencing (Supplementary File 7).

We did not identify any mutations in these colonies, suggesting that the growth
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differences are not due to adaptive mutations (except a 10bp deletion at coding
region of sigma-54-dependent Fis family transcriptional regulator, which we think
exists in the library ancestor). Another scenario that might explain uneven
expansion is that bacteria arrive at the tumor at different time points following the
injection. However, this is also very unlikely since previous studies have shown
that bacteria are mostly cleared from the blood rapidly in immune-competent mice
(Hullahalli & Waldor, 2021). Another plausible explanation could be that there are
certain areas within the tumor that provide a better growth advantage for the
bacteria given that the tumors are heterogeneous, with areas of hypoxia, altered
vascularization, and necrosis present. To focus on the expansion dynamics better,
we circumvented this initial tight colonization bottleneck by delivering the bacteria
intratumorally in the second experiment. As expected, we detected many more
barcodes within the tumor compared to i.v. injection of the bacteria (Figure 3.3).
However, we still observed uneven expansion of the barcodes within the tumor
with comparable levels of bacterial carrying capacity of the tumors to the i.v.
condition. Ranking the barcode frequency distribution in descending order (Figure
3.4) we have found that a power law exists in this data. The pattern the barcodes
show are in alignment with Zipf's law specifically, in which the rank of each barcode
is inversely proportional with its frequency (Motasem Elgamel and Andrew Mugler).
More advanced mathematical models are required to understand this population

structure and why such pattern exists that we are currently developing.
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Overall, our study shows that there are extreme colonization bottlenecks
during bacterial tumor colonization. Although the bacterial population expands very
rapidly within the tumor, this expansion is not even across the individual bacterial
cells compared to their frequency in the inoculum. Understanding these bacterial
population dynamics in the tumors will allow us to perform further experiments to
understand bacterial evolutionary adaptation in tumors and perform in vivo genetic

screens in the presence of anti-cancer drugs.

Chapter 4. DISCUSSION

4.1. INTRA-SPECIES BACTERIAL EVOLUTION AGAINST ANTI-CANCER

DRUGS

Humans and the microbiome have coevolved together since the bacteria
living in our bodies are intertwined with many host factors, nutrients, xenobiotics,
and drugs. Moreover, the bacterial metagenome and metabolome are significant
contributors to host health due to novel biotransformation reactions compared to
human metabolic capacity. Many researchers showed experimental evidence of
microbial biotransformation of host-targeted drugs, changes in the efficacy of the
drugs for the host, along with inhibition of the bacterial species of the human
microbiome by the host-targeted drugs themselves (Garcia-Gonzalez et al., 2017;
Lehouritis et al., 2015; Maier et al., 2018; Rosener et al., 2020). These complex
interactions have been propelling many research projects. 16S rDNA analyses

allow researchers to tackle taxonomic changes in the microbiome, gain of function
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genetic screens help identify the genes responsible for certain chemical
transformations to drug structures, and analytical chemical assays help discover
specific functional modifications to drug structures. Analysis of the conditioned
supernatants in which bacteria and drugs are coincubated, by mass spectrometry

allows for identifying the precise chemical modifications.

One aspect that is often overlooked by many is what kind of genetic diversity
exists within a single given species within the microbiome and how this could affect
the host treatment. The number of de novo mutations arising in the human
microbiome daily is enormous and estimated to be 2x10° - 6x10%?
SNP/Microbiome/Day (Barrick & Lenski, 2013; Korem et al., 2015; Nayfach &
Pollard, 2015; Sender et al., 2016; S. Zhao et al., 2019). On top of that, some drugs
are administered chronically to the patients. If some bacteria species are inhibited
by those drugs, this could lead to a positive selection of mutants naturally occurring
in that bacterial population. Investigating the adaptation of bacteria to host drugs
that potentially have antimicrobial activity might provide insights into how such
interactions can change in a longitudinal way over the course of treatment and how

treatment strategies should be modified temporally.

Metagenomic datasets with relevant patient cohorts could help discover
diversity of intra-species genetic diversity within the microbiome, however, this kind
of datasets still has bioinformatics challenges. It is very hard to identify de novo

mutations when very close species within the sample exist (Schloissnig et al.,
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2013). In addition, recent concerns in the field indicate that some databases
including bacterial draft genomes could be contaminated with human DNA
fragments that cause false positive results (Gihawi et al., 2023). The gold standard
in finding naturally occurring genetic variants in the microbiome is culture-based
genomic analysis of the bacteria (S. Zhao et al., 2019). Finding mutations in the
same set of genes again and again across individuals or dramatic increases in the
frequency of mutations at a certain gene could point to such adaptations (Garud
etal., 2019; Lieberman et al., 2011; S. Zhao et al., 2019). However, high variability
in host genetics and finding enough subjects to gather sufficient specimens could

be challenging in such types of studies.

Our work investigated the possibility of bacterial host-targeted drug
adaptation using a simple model system of E. coli and the antimetabolite
gemcitabine. We took a systems biology approach to understand what could be
evolutionarily possible and what would the implication be for the cancer cells.
Previously, proteobacteria have been described to transform gemcitabine into
nontoxic dFdU (Geller et al., 2017; Lehouritis et al., 2015; Voorde et al., 2014).
Since E. coli is involved in gemcitabine biotransformation, and E. coli growth is
also inhibited by gemcitabine, we hypothesized that prolonged exposure to
gemcitabine could drive the adaptive evolution of E. coli (a model proteobacteria).
This is especially relevant since proteobacteria are a highly abundant phyla in
pancreatic ductal adenocarcinoma cancer patients, in which gemcitabine is

frequently used as chemotherapy either alone or in combination with other
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chemotherapies. We first mapped the E. coli resistome against gemcitabine by
performing a genetic screen and found many loss-of-function mutants with various
biological functions. Our lab evolution experiments with gemcitabine have shown
that E. coli can naturally develop resistance to gemcitabine in a very short time
scale. Whole genome sequence analysis has shown that this resistance is dictated
by a single evolutionary mechanism: loss of function mutations in the nucleoside
permease nupC but not through other mechanisms found in our genetic screen.
We hypothesized that there could be a mutational hotspot in the nupC locus that
could explain why evolution converges to this gene, but we did not observe a
significantly high mutation frequency in this locus. In addition, we could not find
any gemcitabine adaptive mutations when we performed our evolution experiment
in vivo using a syngeneic mouse model with E. coli colonized tumors. Possible
reasons that could explain this are not having an inhibitory concentration of
gemcitabine in the tumor tissue, or not having enough generation times for the
bacteria to go through adaptive evolution and selection during the experiment. |
discuss alternative experimental strategies to address these points and some
preliminary data that we collected from those experiments in the appendix of this
thesis. As the next step, bacterial genomes from patients who went through
gemcitabine treatment could be used to find evidence of bacterial adaptation to

gemcitabine.
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4.2. DO TUMOR MICROBIOMES IN HUMANS ADAPT TO GEMCITABINE OR

OTHER CHEMOTHERAPIES?

Bacteria go through adaptive evolution in many niches within the human
microbiome. For instance, experiments with gnotobiotic mouse models have
shown that mutations in the gat operon, encoding enzymes for galactitol
metabolism, are very essential during gut colonization (Barroso-Batista et al.,
2014). Similarly, bacteria in our bodies experience many perturbations that could
generate genetic diversity within a single species. Indeed, many studies looked
beyond the 16S rDNA data and evaluated intra-species genetic diversity in the
human microbiome. While various bacterial species can have a two-fold magnitude
difference of SNP per kilobase, functional genes in the categories of conjugation
and antibiotic resistance were enriched in their SNP per kilobase value compared
to other functional categories (e.g. 38 SNP/kb for clindamycin resistance transfer
factor BtgA) (Schloissnig et al., 2013). Furthermore, the analysis of the ratio of non-
synonymous SNPs to synonymous SNPs could be used to measure the selective
constraints on the species. Additionally, looking into genomes of bacteria from the
pancreatic tumors of the patients who went through gemcitabine treatment could
provide evidence if such adaptations exist in real microbiome niches. Such
analyses, if the adaptation is happening, can provide insights into which gene
groups we identified in our genetic screen are under selective pressure when
gemcitabine is administered in human patients. Since we know the list of genes

whose mutations provide gemcitabine resistance from our genetic screen and lab
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evolution experiments, we can target those specific regions of the bacterial
genomes in the analysis. However, we also need to keep in mind that natural
microbiome environments can have more diverse resistance mechanisms since
horizontal gene transfer is very common in such environments. Our genetic screen
and lab evolution experiments do not capture these mechanisms and yet, we do
not have any evidence if these mechanisms actually happen in actual tumor
microenvironments. However, our experiments shed light on what could be
possible and how it would impact the host through the evolutionary mechanisms

that are achieved with a single-step modification.

4.3. UNDERSTANDING BACTERIAL DYNAMICS IN THE TUMORS

Many independent small- and large-scale studies have reported the
presence of microorganisms within solid tumors across many malignancies. While
some bacteria and viruses may cause cancer, some colonize the tumors after they
are formed due to favorable microenvironments within the tumor for bacterial
growth e.g. necrosis, hypoxia, and immune suppression (Cummins & Tangney,
2013). However, recently there has been new evidence that weakens the results
of a few major studies that report bacterial presence in solid tumors. For instance,
the reproducibility project: Cancer Biology (a collaborative effort between the
Center for Open Science, Science Exchange, and eLife magazine) aimed to repeat
experiments from 53 cancer biology papers that were published between 2010 and

2012. Surprisingly, while they could replicate some of the results, there were
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instances that their replicate experiments yielded weaker and less significant
results. Castellarin et al., had reported that Fusobacterium Nucleatum was
significantly enriched in CRC tumors compared to matched healthy tissues
(Castellarin et al., 2012). The replication study showed that not all CRCs had
Fusobacterium Nucleatum (Repass et al., 2018). Furthermore, among tumors that
were positive for Fusobacterium Nucleatum, there was an abundance when
compared to healthy tissue, but it was not statistically significant (Repass et al.,
2018). An eLetter was recently posted as a commentary by Noel Fcc De Miranda
and others, claiming that bacteria were present in only 63% of their breast tumor
samples and that these bacteria were not, in fact, inside the cancer cells, but only
in immune cells and ducts. This result contradicts with the findings of intracellular
localization of bacteria (in cancer cells) by Nejman et al., 2020. Poore et al., have
used genomic sources and computational approaches to identify microbial
signatures from the tumor DNA and RNA sequences from TCGA data by filtering
out the contaminating sequences (Poore et al., 2020). This study is an example of
how computational approaches could be used to gain insights into the tumor
microbiome from sequencing data, however, major concerns about the
methodology have recently been identified by others in a preprint, invalidating
some of the findings (Gihawi et al., 2023). They claim that the database used by
Poore et al., contains draft bacterial genomes with human DNA contamination
which yielded false positive identification of bacteria in the samples increasing the

bacterial fraction relative to the host cells. In addition, they claim that the
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normalization method used in the study has introduced biased bacterial signatures
that normally would not exist within the data. Additionally, tt's important to keep in
mind that TCGA data has not been generated for the purpose of studying the tumor
microbiome, so the sample acquisition and processing might not be totally aseptic.
The library preparation method also might not capture all microbial genetic
products due to differences between eukaryotes and prokaryotes (Ajami & Wargo,

2020).

While these concerns exist in the field, the consensus is that bacteria are
present in many types of human tumors at least in some cancer types and some
patients. One of the major questions then is where these bacteria originate from.
The current understanding is they mostly originate from natural microbiome sites
or the infections of the host. In our study covered in chapter 3 of this thesis, we
wanted to understand the basic and fundamental features of this process 1) what
Is the magnitude of host bottlenecks during bacterial colonization of tumors, and
2) how does the bacterial population grow within the tumors. Some preliminary
experiments performed in our lab have led us to hypothesize extreme bottlenecks
could occur during bacterial colonization of solid tumors. Those experiments are
overviewed separately in the Appendix section of this thesis. To study these
guestions, we chose to use a syngeneic mouse tumor model in which the tumors
could be colonized with an E. coli library with 51,000 unique DNA barcodes. This
mouse model is well established in the field; however the precise dynamics of the

bacterial colonization have not been studied. We first generated a systemic
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bacterial injection (through i.v. route) to colonize the tumor using an individually
barcoded E. coli Nissle 1917 library. We sequenced the barcodes from the mice
euthanized on the 15,39 and 7™ days of bacterial injection. The proportion of host
DNA to bacteria DNA was very large in these samples which could introduce
another bias to the analysis. We overcame this issue by saturating the sequencing
library preparation with high amounts of DNA input and performing two technical
replicates for the sequencing (in which two replicates correlated with each other).
Compared to the inoculum, we only detected a few hundred of the barcodes from
the tumors, which showed presence of an extreme host bottleneck. We did not
observe a reduction of detected barcodes from the tumors isolated at later time
points (Day 3 and 7, suggesting that the host bottleneck only exists during/before
the initial colonization. A dramatic increase in bacteria number even on day one
already shows that the tumor is a favorable environment for bacterial growth and
suggests that the system probably reaches a saturation sooner than one day.
Secondly, we found distinctive growth dynamics of bacteria in the i.t. condition.
The ranked frequency plot of the barcodes detected within the tumor indicated
presence of a power law with a slope of -1 (Figure 3.4). Furthermore, changes in
barcode frequencies within the tumor compared to the inoculum, shows that the
population grows differently than the in vitro conditions. This led us to hypothesize
that there could be certain areas that bias the population growth by providing
unique micro niches with varying fithess advantage. Spatial analysis of the

barcodes within the tumor samples could help us to further understand these local
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dynamics. More advanced ecological models are required to understand this
behavior and the rich data that we collected from these mouse experiments more

in more detail.

Studying the population dynamics in these complex environments that
bacteria can colonize enhances our understanding of the tumor microbiome and
also allows us to develop further experiments to understand bacterial adaptation
in this environment. Similar studies in the literature exist to understand bacterial
colonization and bottlenecks in the gut environment, as well as pathogen dynamics
in systemic infections (Abel et al., 2015; Hullahalli & Waldor, 2021; Mahmutovic et
al., 2021). With better understanding of population dynamics in tumors, we can
perform in vivo genetic screens to find the important mechanisms required for
bacterial tumor colonization and also bacterial adaptation to chemotherapies. In
these screens, the first step is to be able to colonize the tumor with a genome-wide
loss of function or gain of function libraries. Given the size of the bacterial genome
and number of genes to be screened, these libraries contain ~ 4000 mutants. What
we observed in our experiment, can have a detrimental effect on the experimental
results that are not necessarily due to the condition being assayed. Solving the
challenges of relaxing this bottleneck to maximize the delivery of all mutants to the
tumor, can allow us to study more sophisticated bacterial adaptive evolution

strategies in this environment.

4.4. CONCLUSIONS
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Intra-tumor bacteria can affect the efficacy of the anti-cancer treatments.
We provided evidence that, bacteria themselves can be inhibited by anti-cancer
treatments as well and this growth inhibition could drive adaptive evolution.
Evolutionary mechanisms bacteria gain through the adaptation process can
change the interaction of bacteria and drugs and eventually alter the efficacy of the
treatment for the host (cancer cells). In our model system, we showed that
convergent loss of function in nucleoside permease nupC, increased the
gemcitabine efficacy for the cancer cells. As the next step, it's crucial to explore
the cancer patient microbiomes in order to understand if intra-species adaptation
to anti-cancer drugs happens in the actual tumor environment with the complex

set of bacterial species.

Additionally, we studied bacterial colonization process in tumors using a
murine model. We discovered a major host bottleneck during bacterial tumor
colonization in which only hundreds of cells out of millions initiate the bacterial
population in the tumor. Furthermore, we observed skewed expansion of bacterial
clones in the tumor which suggests existence areas with different fithess
advantages across the tumor. Advanced mathematical models are required to

understand the behavior of bacterial populations from our data.
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4.5. IMPLICATIONS OF THIS WORK IN THE TUMOR MICROBIOME FIELD

Studying the tumor microbiome is crucial for developing better treatment
strategies for patients since bacteria could modulate the anti-cancer treatments. In
the case of PDACSs, proteobacteria cause chemoresistance by the breakdown of
gemcitabine into an inactive metabolite dFdU (Geller & Straussman, 2018; Voorde,
Liekens, & Balzarini, 2013). These effects are significant enough to have clinical
implications (Guenther et al., 2020; Mohindroo et al., 2021). For example, in a
clinical retrospective study, researchers found that metastatic pancreatic cancer
patients who used antibiotics got a better response to treatment with gemcitabine
compared to patients who did not use antibiotics (Mohindroo et al., 2021).
Gemcitabine may act as an antimicrobial on bacteria, and bacteria can develop
resistance to gemcitabine in short timescales. However, the evolutionary
adaptation of bacteria to gemcitabine, and how this could affect the existing
bacteria-drug interactions has not been studied. My work suggests that there could
be adaptations within a single species of the tumor microbiome which can then
affect the existing bacteria-drug interactions in extreme directions with implications
for the cancer cells. Various resistance mechanisms gained by the bacteria could
make bacteria super degraders of the drug or could stop the bacterial drug
degradation completely. Overall, we show what’'s possible rather than what's
happening in vivo in real patients, and define the next steps to be done to see if
this phenomenon happens in real patients. Even though we use a single bacteria-

drug interaction in this study as a proof of concept, such adaptations could be
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happening among other bacteria species and drugs. The next step should be
looking into real pancreatic microbiomes with more diverse bacterial communities
from the patients who went through gemcitabine treatment. This could provide
evidence if this phenomenon really occurs in natural tumor environments.
Understanding these adaptations in patient microbiomes can lead to the
development of personalized decisions on treatment schedules or modification of

the patient microbiome during the treatment.

Strategies to modify the patient microbiome really depend on understanding
the mechanisms of bacteria colonization in the tumors. The second part of this
thesis work helps understand those dynamics using a simplified tumor colonization
model: subcutaneous syngeneic tumors and a library of E. coli Nissle 1917
containing thousands of DNA barcodes. This simple model characterizes
fundamental features of bacterial colonization such as the presence of tight host
bottlenecks and bacterial dissemination patterns in the tumor. However, it is not
representative of the actual tumor microbiome environment which includes
multiple species. Next, we can apply this method to study more clinically relevant
scenarios using other bacterial species commonly enriched in patient microbiomes
(such as Fusobacterium nucleatum in CRCs) and tumors that are naturally
developing in the origin organ. In addition, we can use communities of bacteria
that reflect the actual tumor microbiome. Understanding these mechanisms in
more realistic models representing patient microbiomes will help develop

strategies to efficiently manipulate the tumor microbiomes of the patients during
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the treatment to achieve better therapeutic outcomes. For example, we can
intelligently develop strategies to introduce/enrich the bacteria species making the
anti-cancer drug more effective or we can remove/deplete bacteria species
causing chemoresistance. | hope that in the near future, these kinds of
personalized treatment regimens will make the existing anti-cancer therapies more

effective for everyone.
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5. APPENDIX: CHALLENGES IN EXPANDING GEMCITABINE
LAB EVOLUTION EXPERIMENTS TO IN VIVO MURINE MODEL

In section 2.4.6, | showed that we could not detect any bacterial gemcitabine
adaptive mutations from the evolution experiment performed in vivo. The reasons
why we could not detect any adaptation to gemcitabine from these bacteria
isolated from in vivo tumors treated with gemcitabine could be due to the following:
gemcitabine levels in tumor tissue might not be inhibitory enough or duration
bacteria experience the drug could be too short. To address these points and test
additional ideas, we changed the following parameters in the experiment (Figure
5.1). First, we used a more gemcitabine-sensitive mutator strain, E. coli F-18 with
a deletion in mutT (Figure 5.1b). This strain of E. coli is more sensitive to
gemcitabine compared to EcN, and deletion of the mutT gene which is involved in
DNA repair, makes it a mutator strain. We thought that these features of the
bacteria could help increase the chance of detecting any gemcitabine adaptation.
We treated the mice with gemcitabine(150 mg/kg up to seven times maximum) or
vehicle and resected the tumors at experimental timepoints. We isolated single
bacteria isolates from the tumors, and screened them for gemcitabine resistance.
We did not observe gemcitabine resistance at comparable levels to AnupC controls
(results not shown). We also performed whole genome sequencing from selected
colonies. We identified many mutations in these colonies (Supplementary File 8)

which might be important for tumor colonization, but we did not observe adaptation
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to gemcitabine through the loss of function mutations at the nupC. Next, we built a
community of gemcitabine-resistant E. coli mutants (based on our genetic screen
and functional gemcitabine breakdown assay), 6 fast gemcitabine degraders, 6
slow gemcitabine degraders, wild-type and non-gemcitabine degrader Acdd strain
(Figure 5.1c). Each mutant in this community had a DNA barcode which allowed
us to identify its frequency in the population by deep sequencing. The designated
percentage of each mutant in this community is shown in Figure 5.2A, left.
Intuitively, we expected the wild-type E. coli and the most gemcitabine sensitive
strain Acdd decrease in frequency compared to the gemcitabine resistant mutants
in the cohort treated with gemcitabine. We saw reduction in the frequency wild-
type and 4dcdd mutant in some tumors however, this trend was independent of the
gemcitabine treatment Figure 5.2A, right. In addition, some tumors were
dominated by a single strain. Furthermore, different parts of the same tumor

contained different population profile (spatial effects).

Lastly, we performed a competition between E. coli wild-type and AnupC
strains (Figure 5.1d). We expected AnupC to outcompete wild-type E. coli in the
gemcitabine treated group since it has a much higher fithess advantage according
to our in vitro results. However, in some instances they are still in equal frequency

or in one mouse wild-type outcompeted AnupC strain (Figure 5.2C).

Overall, these experiments did not provide evidence about in vivo

adaptation to gemcitabine however they revealed an interesting observation which
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led us to another research question. In the community experiment with many
gemcitabine resistant mutant strains and competition experiment with wild-type
and AnupC mutant, we observed distributions of the mutants and wild-type bacteria
independent of the gemcitabine treatment. Some tumors were dominated by single
bacteria species while some had various inconsistent bacteria compositions. We
hypothesized that either a narrow colonization bottleneck or unequal expansion
within the tumor could cause such effects. This hypothesis led us to the

experiments described in Chapter 3 of this thesis.
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Figure 5.1: Overview of the preliminary in vivo experiments performed

(a) In vivo evolution experiment against gemcitabine using E. coli Nissle 1917, discussed in chapter
2. No adaptation to gemcitabine observed (b) In vivo evolution experiment against gemcitabine
using E. coli F-18 AmutT. No adaptation to gemcitabine observed (c) In vivo competition experiment
with wild-type E. coli (BW25113) and gemcitabine-resistant mutant community. No meaningful
result was observed (d) In vivo competition experiment between wild-type E. coli (BW25113) and
AnupC mutant. No meaningful result was observed.
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Figure 5.2 Results of the in vivo competition experiments summarized in Figure 5.1.c and

5.1d

(A) Left: Composition of the generated bacteria community for injection into the mouse tumors.

Right: barcode sequencing results of the injection mix (inoculum) and the bacteria from the

resected tumors. The number of gemcitabine and vehicle treatments are indicated as numbers
above the bars. (B) Percentage of wild-type and AnupC bacteria from the tumors resected from
gemcitabine or vehicle-treated mice. Colony frequency was determined by blue-white screening

on LB agar plates containing X-gal. The number of treatments and carrying capacity (CFU/gr

tumor) are indicated below each bar.
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