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ABSTRACT 

Immune checkpoint blockade has revolutionized cancer treatment but has only benefited a 

subset of patients. Among the variables that could contribute to interpatient heterogeneity is 

differential composition of the patients’ microbiome, which has been shown to affect anti-tumor 

immunity and immunotherapy efficacy in preclinical mouse models. We began by investigating 

whether there is an association between response to anti-PD-1 therapy and the composition of the 

gut microbiome (Chapter 3). We analyzed baseline stool samples from metastatic melanoma 

patients before immunotherapy treatment through an integration of 16S ribosomal RNA gene 

sequencing, metagenomic shotgun sequencing, and quantitative polymerase chain reaction for 

selected bacteria. A significant association was observed between commensal microbial 

composition and clinical response. Reconstitution of germ-free mice with fecal material from 

responding patients could lead to improved tumor control, augmented T cell responses, and greater 

efficacy of anti-PD-L1 therapy. These results suggest that the commensal microbiome may have 

a mechanistic impact on anti-tumor immunity in human cancer patients. Next, we explored the 

cellular mechanisms responsible for variable responses to cancer immunotherapy using mice 

stably colonized by patient commensals (Chapter 4). We rigorously evaluated the tumor immune 

infiltrate in representative responder and non-responder models using single cell gene expression, 

flow cytometry and functional tests to identify the source of resistance to immune checkpoint 

blockade. We found that variable tumor control with anti-PD-L1 was CD8+ T cell-dependent, and 

likely stemmed from distinct activation states of myeloid cells within the tumor microenvironment. 

Collectively, these results illustrate how the gut microbiome can impact the tumor 

microenvironment by tuning innate immunity and offer direction for future studies investigating 

the link between commensal bacteria and immunotherapy efficacy in patients.
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Chapter 1: Introduction 

1.1 The battle between cancer and the immune system 

Immune evasion as a hallmark of cancer 

As the second-leading cause of death worldwide, the term “cancer,” is as menacing as it is 

ambiguous. In its most general definition, cancer is the unchecked growth of transformed cells. 

Underneath the umbrella that encompasses cancer are more than 30 organ subtypes, which can be 

further categorized by morphology and molecular characteristics. Despite the many different types 

of malignancies within the broader definition of cancer, there are certain shared principals which 

define cancer and are central to its initiation and growth. Weinburg and Hanahan succinctly 

describe these unifying features as the hallmarks of cancer (1). Among these key pillars which 

unite the diverse landscape of cancer is its capacity to avoid immune destruction.  

Every individual’s immune system undergoes a unique, and highly regulated education 

process in order to distinguish between self and non-self. This education serves as the foundation 

for our immune system to recognize and attack foreign entities, such as pathogens, while remaining 

passive, or tolerant, to our own cells in the many forms that they take. Cancer occupies territory 

between the ends of the spectrum “self” and “non-self,” and has been described as “altered self”  

(2). Through the transformation process, cancer cells acquire genetic alterations which drive its 

uncontrolled proliferation. While the origin of cancer is “self,” these mutations lead to novel 

proteins which our immune system has not been educated to ignore, thus marking cancer cells as 

a target for elimination. Therefore, as a central tenet to cancer progression, cancer cells must find 

a way to evade immune detection and destruction.  

Tumor cells avoid eradication by the immune system via multiple mechanisms. Among the 

many mechanisms is the elimination of MHC class I, the surface molecule through which cells 
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present peptides which distinguish themselves as “self” or “non-self”. Deletion or downregulation 

of this molecule can render the cancer cell invisible to cytotoxic T cells which sense and eliminate 

foreign entities presented by unfamiliar peptide MHC-I complexes. To safeguard against such 

acquired advantages that cancer cells develop are natural killer (NK) cells, which seek out and 

destroy cells which lack MHC-I, a key signal of “self”. In this way, the immune system has 

multiple mechanisms by which to distinguish detrimental cells within the body. The cancer cell, 

however, with genomic instability and a growth advantage inherent to its genesis, can continually 

develop new means to evade immune detection. For example, to avoid NK cell detection, cancer 

cells can upregulate molecules which engage negative regulatory receptors on NK cells to impede 

their function  (3).  

In this evolving back and forth battle between cancer and the immune system, cancer cells 

which are readily recognized by the immune system are thought to be eliminated, while those that 

have circumvented identification persist and multiply. Through this course, cancer cells evolve 

and expand based on their proliferative advantage and avoiding immune detection. This process, 

termed “immunoediting” can result in cancer cells with low immunogenicity, through a 

combination of low to no expression of peptide MHC ligand, adhesion molecules, or co-

stimulatory signals necessary to mount an effective immune response  (4). Other means by which 

cancer cells avoid immune recognition include tumor-induced immune suppression. Factors 

expressed by the tumor cells can directly inhibit T cells or induce other suppressive cell types 

(described in greater detail below). Tumor cells can also produce factors which help create a 

physical barrier to prevent immune infiltration. Through these different methods, cancer has 

numerous means to outmaneuver the immune system. 
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The cancer immunity cycle 

Regardless of the cancer subtype, the immune response to cancer follows a common 

pattern. This cancer-immunity cycle has been articulately summarized by Chen and Mellman  (5). 

The cycle begins with the release of cancer cell antigens, likely due to cancer cell death. This 

facilitates the uptake and presentation of tumor-derived antigen by antigen presenting cells 

(APCs), particularly dendritic cells (DCs), in the tumor microenvironment. APCs then carry their 

tumor cargo to the tumor draining lymph node (tdLN) where they will prime and activate T cells 

capable of recognizing tumor antigens. CD103+ DCs have been identified as the main cell type 

responsible for carrying tumor antigens from the tumor to the tdLN  (6). After T cells have been 

primed within the lymph node, they will then traffic to and infiltrate the tumor. Once within the 

tumor, T cells will recognize cancer cells and exert their cytotoxic function to kill tumor cells. 

During this period, known as the effector phase, T cells receive additional positive signals from 

APCs which support their survival and cytotoxic function. Through this process, the innate and 

adaptive immune system cooperate to generate a strong and specific immune response. In the face 

of this anti-tumor immune response are numerous immune-inhibitory elements present in the 

tumor microenvironment which attempt to subvert anti-cancer immune control.  

 

Role of negative mechanisms in the tumor microenvironment 

One of the ways which anti-tumor immunity can be hindered is through an immune 

suppressive environment. Tumor cells can directly suppress immune responses through the cancer-

cell intrinsic production of inhibitory factors, such as IL-10, TGF-β and Indoleamine 2, 3-

dioxygenase 1 (IDO1), or via the activation and recruitment of other suppressive cells  (7, 8). 

Immune cells in the tumor microenvironment can have both pro- and anti-tumor functions. 

Furthermore, certain immune cell types can have opposing roles depending on their activation 
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status and tumor context. For example, tumor-associated macrophages, or TAMs, have been both 

positively and negatively associated with tumor progression and outcome  (9). This is in large part 

due to the plastic nature of macrophage differentiation states. Depending on the combination of 

environmental signals, macrophages can assume different states of polarization. While there have 

been many macrophage phenotypes described in various disease contexts, traditionally 

macrophage polarization is defined by the states “M1” and “M2” which occupy opposite ends of 

the macrophage spectrum. These states are related to the cytokines which induce the analogous 

Th1 and Th2 T cell states, respectively (10). Important to the cancer context, M1 TAMs are 

generally considered to have greater tumoricidal potential and generally be anti-tumor (11). In 

contrast, M2 macrophages, also called alternatively activated macrophages, tend to be associated 

with immune suppression, and produce immune inhibitory cytokines TGF-β and IL-10. M2 TAMs, 

therefore, are typically considered pro-tumor (11).  

Neutrophils in the tumor microenvironment have been similarly described as having either 

pro- or anti-tumor function (12). Neutrophils are the most abundant circulating leukocytes in 

humans and are one of the first responders to tissue damage and inflammation  (13). In the context 

of cancer, neutrophils have recently come under greater scrutiny in part due to observations that 

an elevated neutrophil to lymphocyte ratio is associated with more advanced disease in various 

types of cancer (14). Despite this general negative association, neutrophils are plastic, and can 

have either anti-tumor or tumor-promoting characteristics. Neutrophils can directly kill cancer 

cells by generating reactive oxygen species (ROS), as well as through antibody-dependent cell-

mediated cytotoxicity (15, 16). In contrast, neutrophils can also receive external stimuli which can 

cause them to adopt immune-suppressive features. These immune-inhibitory neutrophils are called 

granulocytic myeloid-derived suppressor cells (G-MDSCs). G-MDSCs can suppress tumor 
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immunity by recruiting other immune suppressive cells (17) and are capable of directly 

suppressing T cell proliferation through the production of Arginase 1 (Arg1) and proteinase 3 (P3) 

(18, 19).  

In addition to cancer cell-extrinsic modes of immune cell suppression, cancer cells can also 

directly dampen the anti-tumor immune response. One process is through the expression of ligands 

for immune-inhibitory receptors, including immune checkpoint molecules, which is expanded on 

below. Collectively, many negative signals, either originating from the tumor directly, or induced 

within the tumor microenvironment, act in concert to create a hostile environment that is 

unconducive to a robust anti-tumor immune T cell response. An immune system which is losing 

an on-going battle with cancer, however, can be reinvigorated if the relevant functional barriers 

are overcome. This approach of harnessing the power of the immune system to fight cancer is 

known as “cancer immunotherapy”. Among the leading interventions developed are antibodies 

which target the aforementioned immune checkpoint molecules, referred to as immune checkpoint 

blockade (ICB).  

1.2 Cancer immunotherapy: Successes and shortcomings 

Introduction to immune checkpoint blockade 

The primary strategy behind ICB is to interrupt immune inhibitory interactions on T cells 

that impair the anti-tumor response using antibodies specific for these receptors. During a typical 

immune response, such as against a pathogen, regulatory molecules known as immune checkpoints 

are induced following the initial pro-inflammatory signals to act as negative feedback to T cells. 

This process ultimately dampens the T cell response to keep adaptive immunity in a carefully 

regulated state. Within the tumor microenvironment, these immune-inhibitory signals are co-opted 
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to restrict T cell proliferation and function. The T cell inhibitory receptors that have been most 

comprehensively studied in cancer are CTLA-4 and PD-1. 

CTLA-4 expression is tightly linked to T cell activation and increases following T cell 

receptor engagement  (20, 21). CTLA-4 limits further T cell activation via competitive inhibition 

of CD28, a costimulatory molecule which interacts with CD80 and CD86 on APCs. In addition, 

CTLA-4 is highly expressed on CD4+ T regulatory cells (Tregs). Tregs are essential for 

maintaining tolerance under homeostatic conditions, but in the tumor Tregs suppress the activity 

of anti-tumor cytotoxic T cells. Antibodies which target CTLA-4 can bind to and block CTLA-4, 

freeing CD28 to continue receiving positive co-stimulatory signals, and can additionally deplete 

Tregs via antibody-dependent depletion  (22, 23). 

PD-1 acts principally to diminish T cell activation within inflamed tissues, and its 

upregulation on T cells is associated with prolonged antigen stimulation and activation (24). Its 

ligands, PD-L1 and PD-L2, are expressed by many nonlymphoid tissues and immune cells, and 

are often upregulated within the tumor microenvironment (25). PD-L1 expression is typically 

induced in response to inflammatory cytokines such as IFN-γ, and so PD-1/PD-L1 regulation tends 

to occur in response to activated T cell function (26). Antibodies which target either the T cell 

receptor, PD-1, or its ligands function to block this immune-inhibitory interaction. This can block 

PD-L1/PD-L2 signals delivered by tumor cells, as well as by other APCs in the tumor 

microenvironment. 

 

Clinical success of anti-PD-1 and anti-CTLA-4 antibody therapy 

As a testament to the importance of these molecules, Dr. James Allison, and Dr. Tasuku 

Honjo were awarded the Nobel Prize in medicine in 2018 for their scientific contribution studying 

CTLA-4 and PD-1, respectively. Since their discovery, numerous antibodies which block the 
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activity of these receptors have been developed and tested clinically. Less than 10 years ago the 

first antibody targeting CTLA-4 was authorized for cancer treatment, followed quickly by 

antibodies against PD-1/PD-L1. The clinical results since their advent have been remarkable. 

Unlike anything observed with traditional chemotherapy or targeted agents, patients that received 

ICB experience durable responses, in some cases resulting in complete tumor shrinkage and 

leaving patients tumor-free (27). ICB has subsequently more than doubled the five-year survival 

rate for metastatic melanoma patients, extending the median overall survival to more than 60 

months with the combination treatment of anti-CTLA-4 and anti-PD-1 (28). As proof of ICB’s 

success, T cell-targeted immunomodulators are now used as a single agent or in combination as 

first or second lines of treatment in over 15 cancer types (29).  

Despite the rapid adoption of cancer immunotherapy and its success, a majority of patients 

still fail to respond to treatment. In metastatic melanoma, which has reaped some of the greatest 

benefits from ICB, 42% of patients fail to achieve an objective response (28). Among other cancer 

indications, the response rate is even lower, or offers no tangible benefit at all (30). The capability 

of the immune system to recognize, attack, and eliminate tumors is undeniable, and the success of 

ICB only begins to scratch the surface of strategies which can untap immune potential. Key to 

devising the next generation of cancer immunotherapies will be a deep understanding of the 

biology which keep the anti-tumor immune response in check.  

 

Tumor heterogeneity related to immune checkpoint blockade efficacy  

The reasons underlying the limited success for ICB are varied, but is largely related to 

tumor heterogeneity, or the incredible diversity within and between tumors—particularly between 

individual patients. Tumor heterogeneity is responsible for not only the limited success of cancer 

immunotherapy but underlies many of the challenges associated with treating cancer generally. As 



8 

described, the cancer cells present within one tumor can vary genetically and phenotypically. 

While a select few mutations are essential for the initial oncogenesis and establishment of the 

tumor, additional mutations will confer further survival advantages. This molecular heterogeneity, 

as described earlier, is a key feature of cancer and enables its evolution to avoid immune detection. 

In addition to the intra-tumor heterogeneity, there is significant inter-tumor heterogeneity (31). 

This occurs both between tumor sites in a given patient, but more importantly between individual 

patients. In the latter case, heterogeneity additionally exists at the level of the host. This large 

degree of variability is a large part why one therapeutic approach is unlikely to be universally 

effective.  

Within the tumor microenvironment lies a complex cellular milieu including cancer cells, 

immune cells, and stromal cells. The identity and role of the immune cells vary considerably across 

different tumor types, between different patients, and even within the same patient but across two 

cancerous lesions. Variability in the composition of the tumor microenvironment, including 

variable immune cell infiltration, has been linked with prognosis as well as response to therapy 

(32–34). For example, patients which have evidence of a strong CD8+ T cell response tend to have 

better overall survival  (32). More nuanced details regarding immune infiltration and outcome, 

however, are often cell type- and cancer type-specific (9, 34). These findings underscore the 

importance of understanding both the means of immune control and cancer immune escape in 

order to improve cancer treatment strategies. 

One of the central concepts which has emerged related to the efficacy of ICB, is that the 

degree of tumor T cell infiltration is strongly associated with response (33, 35). This observation 

is consistent with expectations that tumors with an established immune cell infiltration, the 

function of which is kept in check by inhibitory mechanisms such as PD-L1, can be reinvigorated 



9 

with ICB resulting in cancer cell killing and tumor shrinkage. In contrast, in tumors that lack an 

existing immune presence, the addition of ICB offers little benefit. Therefore, it becomes essential 

to understand the factors which regulate the degree of spontaneous immune cell infiltration into 

tumor sites. There are many possible sources of variability which could lead to an immunologically 

non-inflamed, or “cold”, tumor microenvironment. Each possible cause of immune exclusion 

represents an opportunity for future therapeutic interventions or companion treatments alongside 

ICB. 

Factors which contribute to the composition of the tumor microenvironment can generally 

be categorized as either tumor cell-intrinsic or -extrinsic. Intrinsic to the cancer cells is the 

expression of neoantigens, which may induce varying degrees of immune response based on their 

immunogenicity (36). In addition, certain oncogenic signaling pathways in tumor cells have been 

clinically associated with T cell exclusion, and were experimentally shown to have negative 

consequences on anti-tumor immunity (37). Examples include activation of -catenin and c-Myc, 

and loss of PTEN among others (38–40). Variables external to the tumor cells and likely to impact 

on the tumor microenvironment include germline genetic variants. Previous studies in cancer 

patients have found HLA class I genotype influences response to ICB  (41). There have also been 

associations between ICB response and genetic risk variants which had previously been linked to 

autoimmunity (42).  

Additionally, environmental factors, such as diet, exercise, and history of infection or 

vaccination have the potential to alter tumor immune infiltrate. Diet is known to be related to 

cancer initiation and development, and dietary patterns can affect immune function (43, 44). 

Preliminary data in patients treated with immunotherapy found that patients who consumed a high-

fiber diet were nearly five times more likely to respond to ICB (45). Increased exercise through 
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voluntary running in a mouse model was shown to reduces tumor incidence and growth by 

increasing NK cell infiltration (46). Within this broad class of external environmental factors is 

the composition of the gut microbiome.  

The term “gut microbiome” encompasses all the microbes which live within the intestine. 

The gut is a key site for immune regulation. Within this site, the immune system must be poised 

to recognize and respond to pathogenic invaders while simultaneously maintaining homeostasis in 

the presence of innocuous food antigens and commensal bacteria. This balance between immune 

surveillance and tolerance can rapidly change in response to shifts in the microbiota. These 

changes originating at the gut can then subsequently influence systemic immunity and affect extra-

intestinal disorders (47). Therefore, the microbiome is key to setting the overall immune tone and 

can play an important role in the anti-tumor immune response. The contribution of the gut 

microbiota on anti-tumor immunity, and its ensuing effect on ICB efficacy, will be the focus of 

this thesis. 

1.3 Immunity and the gut microbiome 

Introduction to the gut microbiome 

The human body is a complex ecosystem inhabited and influenced by an abundance of 

microorganisms including bacteria, yeast, fungi, protozoa, archaea, and viruses, all of which 

collectively constitute the commensal microbiota. The commensal microbiota and the human host 

have co-evolved in a mutualistic relationship, in which each benefits the fitness of the other and 

the two can be collectively viewed as a superorganism. Much recent research has focused on the 

bacterial component of the microbiota. On average, a healthy human body is comprised of 

approximately 30 trillion cells and is inhabited by approximately 39 trillion bacterial cells (48). 

The collection of genes within the commensal microbiota is defined as the commensal microbiome 
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and vastly outnumbers human genes. The microbiota is capable of synthesizing or transforming a 

wide variety of metabolites, including hormones, essential vitamins, and other bioactive 

compounds, which cannot be otherwise acquired by the host (49). These metabolites can modulate 

various biological functions, most notably the immune and nervous systems (50). Alterations in 

the normal microbiota have been reported to contribute to the development of many diseases (51–

62). In the cancer context, some specific bacteria have been demonstrated to be involved in the 

process of carcinogenesis (62).  

 

Next generation sequencing methods in microbiome studies 

Culturing of bacterial strains has been central to classical microbiology and has enabled 

the study of individual pathogens and some commensal bacteria. For most commensal bacteria, 

culture methods had not been optimized for their in vitro isolation and study. With recent 

improvements in methodology, a large proportion of commensal bacteria is now considered 

culturable (63, 64). Culturomics is a strategy which incorporates multiple culture conditions, 

coupled with MALDI-TOF mass spectrometry and/or 16S ribosomal RNA (rRNA) or total 

genome sequencing for bacterial identification  (65, 66). This high-throughput approach can enable 

isolation and identification of commensals for further manipulation and mechanistic studies. 

The most common method for taxonomic characterization of complex bacterial 

communities is based on selective amplification and sequencing of part of the gene encoding the 

16S rRNA, part of the small ribosomal subunit in prokaryotes. This is a ubiquitous 1.5 kb gene, 

containing conserved sequences and hypervariable regions (nine regions: V1-V9), the latter being 

useful for bacterial taxonomic classification, as originally described by Woese and colleagues (67). 

In the first step of this technique, a pair of universal primers targeting conserved sequences 

flanking a hypervariable region are used to generate an amplicon library, which is then sequenced. 
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To account for sequencing errors, amplicons which share sequence similarity above a certain 

threshold are grouped into operational taxonomic units (OTUs). A representative amplicon is 

selected from each OTU bin and assigned a taxonomic identity based on cross-referencing to pre-

existing databases (68–70). All other amplicons in the OTU are also assigned the same identity. 

Thus, OTU binning can artificially decrease the observed diversity of a microbial community (71) 

and alternative methods for analysis have been proposed (72–74). Because bacterial identification 

is based on a portion of the 16S rRNA gene, species-level resolution is usually not feasible with 

this method and identification is typically limited to family or genus level (75). Another 

consideration in 16S analyses is that most bacteria contain multiple copies of the 16S rRNA gene, 

which can lead to inaccurate quantitation of bacterial cells (76). Additional bias can be introduced 

in the amplification step, depending on the choice of primers. Despite these limitations, the low 

cost and high-throughput potential of this technique make it the most commonly used for initial 

descriptive data. 

Metagenomic shotgun sequencing generates short reads representing the whole genomic 

content within an environmental sample and is considered less biased than 16S rRNA gene 

amplicon sequencing, because it does not contain a PCR amplification step. However, this can 

result in contamination with human genomic DNA and requires higher sequence coverage to detect 

bacterial species of low abundance. This necessitates additional data storage, computing power, 

and more sophisticated analysis pipelines. Errors can also be introduced in the downstream 

analysis at the step of genome assembly or gene prediction (77). Various bioinformatic tools have 

been developed for metagenome assembly, and databases have been established for gene 

prediction, but there is no consensus on the best strategy (78). Compared to 16S rRNA gene 

amplicon sequencing, superior resolution down to species- and strain-level identity is feasible with 
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shotgun sequencing because multiple marker gene sequences are used for taxonomic annotation 

(75). This approach can also be used to characterize non-bacterial compartments of the commensal 

microbiota, including archaea, fungi, or viruses. Another advantage of shotgun sequencing is that 

it can be used for characterization of the functional capacity encoded by the microbiome using 

gene prediction tools and databases (78). By contrast, functional capacity can only be inferred 

indirectly from 16S rRNA amplicon sequencing data (79–81). Each of these sequencing methods 

has its limitations, but the two can be integrated to improve the accuracy of bacterial identification 

and quantitation (as described in Chapter 3). 

 

Immune homeostasis and the gut microbiome 

The role of the commensal microbiota in modulating host physiology becomes particularly 

evident when conventionally raised specific pathogen-free (SPF) mice are compared to germ-free 

(GF, axenic) mice. GF mice are defined as devoid of detectable microbiota during their life. The 

term gnotobiotic pertains to animals with known (defined) microbiota composition and 

encompasses GF, as well as ex-GF animals colonized with defined microbial communities. The 

commensal microbiota broadly impacts host physiology, and this has been mainly shown in studies 

with GF mice, which have inefficient energy extraction from the diet, abnormal fluid balance and 

electrolyte status, and disturbances in liver, lung, cardiovascular system, endocrine organ, nervous 

system, and immune system functions (82, 83). 

 

The gut microbiome and systemic immunity 

Systemic innate immune modulation is also influenced by the commensal microbiota, with 

multiple lines of evidence indicating stimulatory effects on myelopoiesis at the level of 

granulocyte-macrophage progenitors in the bone marrow and in the periphery, as well as on the 
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function of DCs, macrophages, and neutrophils (reviewed in (84)). In many cases, these systemic 

effects have been attributed to circulating bacteria-derived molecules (microbe- or pathogen-

associated molecular patterns, MAMPs and PAMPs, respectively), such as lipopolysaccharide 

(LPS), peptidoglycan, or flagellin, which when recognized by pattern-recognition receptors 

(PRRs) on innate immune cells, can signal via a MyD88-dependent pathway to enhance systemic 

innate immune cell responsiveness (84). Bacterial metabolites, such as short-chain fatty acids 

(SCFA), the products of dietary fiber fermentation by the microbiota, have been implicated in 

stimulating DC generation in the bone marrow and their phagocytic capacity (85). Systemic 

adaptive immunity is also stimulated by the presence of commensal bacteria, particularly the 

proper development of distant (non-mucosal) lymphoid tissues, such as the spleen and peripheral 

lymph nodes. This is evidenced by the poorly developed B cell follicles and T cells zones in these 

organs in GF mice, leading to decreased IgG levels in the serum (86, 87). Commensal bacteria are 

also required for proper programming of the Th1/Th2 balance and in GF mice there is a bias 

towards Th2-type allergic responses, which can be corrected by colonization with commensal 

bacteria (88).  

 

Specificity of microbiota-mediated immune programming 

Different members of the commensal microbiota are not equivalent in their capacity to 

polarize T cell responses. For instance, in SPF mice the group of segmented filamentous bacteria 

(SFB), which colonize the mouse terminal ileum and adhere to the epithelial cells, are particularly 

potent inducers of Th17 cell differentiation (89). SFB are not found within the human microbiota, 

but further studies have shown that other bacteria derived from human fecal samples are also 

capable of adhering to the epithelial layer and inducing Th17 cells when transferred to mice (90–

92). By contrast, Treg differentiation and function are strongly induced by Bacteroides fragilis 
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(93) and Clostridium clusters XIVa, IV, and XVIII  (94, 95). Polysaccharide A (PSA) from the 

capsule of B. fragilis can polarize towards Th1-type responses (88). Higher 

Bacteroidetes/Firmicutes ratio resulting from high-fiber diet increased the levels of circulating 

SCFAs and alleviated Th2 cell-mediated allergic airway inflammation by reducing the capacity of 

lung-resident DCs to drive Th2-type responses (85). Monocolonization of GF mice with 52 

different human commensal bacteria demonstrated that most of the species were capable of 

inducing alterations in the frequency and function of immune subsets within the intestinal lamina 

propria (LP), Peyer’s patches, mesenteric lymph nodes (MLN), and spleen. Some more notable 

effects were alterations in cytokine production in the LP and in frequencies of Treg, pDC, CD103+ 

dendritic cells (DCs), macrophages and mononuclear phagocytes (92). Notably, many species 

were able to translocate to the MLN and spleen (92). This is likely an artifact of the model, due to 

the poor intestinal barrier function in GF mice, or an artifact of their isolation and culture methods. 

Therefore, the mechanisms leading to the observed alterations in immune cell subset composition, 

especially those seen systemically, may not in all cases reflect the physiological state. 

 

Mouse models to study the gut microbiome and immunity 

SPF mice have been used to gain valuable insight in the impact of microbiota-host 

interactions on host physiology in health and disease. When it comes to clinical translatability, a 

question arises regarding the degree of similarity between the microbiomes of humans and 

laboratory mice. Although a direct comparison between datasets from different studies can be 

blurred by differences in analysis platforms and protocols, a general consensus exists that on a 

phylum through family level, the microbiomes of SPF mice and humans are similar with both 

species being predominantly colonized by Bacteroidetes and Firmicutes (96, 97). Comparison 

between datasets on a deeper taxonomic level is challenging because of limited representation of 



16 

microbial genes in the current databases causing difficulties with genus, species, and strain level 

annotation. A study comparing microbial metagenomes of humans and SPF mice of different 

genetic backgrounds and housed in different facilities showed that only 4% of microbial gene 

sequences were shared between humans and mice. Despite that discordance, functional annotation 

of the mouse and human microbiomes using the KEGG database revealed that 85% of the 

annotated gene orthologs were shared between mouse and human microbiomes (98). Therefore, 

the murine organism as a host appears to have similar functional requirements for the commensal 

microbiota, which makes it an appropriate recipient of human microbiota for studying its effects 

on host physiology. A high value of GF mice in microbiome research is their utility in generating 

purely human microbiota-associated mouse models for studying microbe-host interactions and 

demonstrating causal effects of the microbiota on the health/disease states of the host. Indeed, 

successful transfer of microbiota from humans to GF mice often imprints the human health 

phenotype onto the murine recipient. Importantly, transfer of human commensals to mouse 

recipients typically results in stable engraftment of some, but not all, human-associated microbes. 

This incomplete fidelity of transfer may result from loss of bacterial viability in the storage or 

transfer process, or due to host-incompatibility stemming from differences such as diet.  

GF mice have many physiological defects, which can become a confounding factor in 

microbiome studies. Notably, due to compromised intestinal barrier function and immature 

immune system in GF mice, microbial colonization could result in systemic translocation and 

abnormal microbe-host interactions (92). A more physiologically relevant mouse colonization 

would be the acquisition of experimental microbiota from the mother at birth. Thus, the offspring 

from mice artificially colonized by gavage (or ex-GF mice) can be used for experimentation. It has 

been shown that the microbiota from artificially colonized or ex-GF mice bred in an isolator can 
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be vertically transmitted to generations F1 and F2 without significant drift between generations 

(99). The use of such offspring mice could also capture effects of microbiota-mediated epigenetic 

immune programming occurring in utero. In addition to proper guiding of immune system 

maturation, such natural colonization of offspring mice with a functionally complex microbiota 

could eliminate other confounding factors such as the metabolic and endocrine abnormalities 

characteristic of GF mice. Therefore, an important experimental tool is to generate gnotobiotic 

mouse colonies maintaining a stable and defined microbiota derived from individual human 

subjects, functionally recapitulating the complex SPF microbiota and normalizing mouse 

physiology (100). Towards this goal, it has been shown that a small number of culturable bacterial 

strains can cover most of the functional potential of the gut microbiome (101, 102). Individual 

strains of interest can then be introduced and their immunomodulatory roles can be studied in the 

context of more physiologically relevant conditions (102). 

1.4 The role of the gut microbiome and anti-tumor immunity 

Preclinical evidence that commensals impact tumor growth via immune-dependent mechanisms 

Multiple preclinical studies support that gut microbes can profoundly influence the potency 

of immunotherapy and some chemotherapies with immunostimulatory functions (103–107). 

Pioneering work in this field found that in mice, intestinal microbiota was essential for optimal 

responses to CpG-oligonucleotide immunotherapy which activates innate immune cells through 

TLR9  (105). Similarly, the gut microbiota was found to shape the anti-cancer immune response 

in a mouse tumor model by stimulating generation of a specific subset of “pathogenic” Th17 

(pTh17) cells and memory Th1 immune response after treatment with immune-stimulatory 

chemotherapy cyclophosphamide  (106). Initial evidence for the contribution of specific microbes 

to ICB, including CTLA-4 and PD-1/PD-L1 blockade, was demonstrated in mouse models  (103, 
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104). B. fragilis was reported to enhance anti-CTLA-4 efficacy via a proposed mechanism 

involving the activation of Th1 cells with cross-reactivity to bacterial antigens and tumor 

neoantigens (104). Oral administration of Bifidobacterium increased tumor infiltration and IFN-γ 

production by CD8+ tumor-specific T cells and improved both basal tumor control and anti-PD-

L1 efficacy via a proposed mechanism involving increased activation of splenic and intratumoral 

DCs (103). These animal studies established the importance of the microbiome in cancer ICB 

therapy and inspired clinical pursuits to assess the microbiome’s impact on anti-CTLA-4 and anti-

PD-1/PD-L1-based therapies in patients. 

 

Mechanisms by which the gut microbiome might impact on anti-tumor immunity 

When it comes to exploring the possible mechanisms of microbiota-mediated modulation 

of anti-tumor immunity, two general questions arise. First, what is the nature of the messenger, 

which delivers a signal from the gastrointestinal tract to the tumor and/or tdLN? Such a messenger 

would be able to enter the circulation in order to access the distant tumor site and can be classified 

as either microbiota- or host-derived cell (live microbes or host immune cells) or molecule 

(MAMP/PAMP, microbial metabolite, or host cytokine). The second question is what is the nature 

of the immune effect that the messenger confers within the tumor? An immunosuppressive effect 

could be achieved by augmenting regulatory functions (Tregs, MDSCs, tumor-associated 

macrophages) or by directly inhibiting anti-tumor immunity; an immunostimulatory effect could 

be achieved by alleviating regulatory functions or by stimulating anti-tumor T cell responses (via 

antigenicity, adjuvanticity or bystander activation). The exact mechanisms of microbiota-mediated 

effects on tumor growth and efficacy of immunotherapy are only beginning to be understood.  
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Live bacteria or MAMPs/PAMPs as messengers 

Commensal bacteria have been identified in extra-gastrointestinal tissues typically 

considered to be sterile. Notably, Geller et al. identified bacteria within the tumor 

microenvironment (TME) in human pancreatic ductal adenocarcinoma (108). In this study, viable 

bacteria were hypothesized to gain access to the cancerous lesions via a retrograde migration from 

the duodenum towards the pancreatic duct and were shown to decrease gemcitabine chemotherapy 

efficacy by metabolizing the active form of the drug. One comprehensive study analyzed over 

1500 tumors and adjacent normal tissue across seven different cancer types and found that each 

tumor type has a distinct microbiome composition (109). Furthermore, intratumor microbial 

composition among metastatic melanoma patients was correlated with response to immunotherapy 

(109). In terms of impact on immune function, it was experimentally shown that bacterial 

translocation into the MLN and spleen generated a Th1 memory response specific to the 

translocated species (106). In the scenario of bacterial translocation, live bacteria gaining access 

to spleen, lymph nodes, or tumor may initiate a strong immune response by providing both foreign 

antigens and adjuvants (MAMPs/PAMPs). Consequently, tumor cell killing may ensue due to T 

cell cross-reactivity or bystander activation within the TME. Thus, commensals might bolster anti-

tumor immunity through both augmented antigenicity as well as adjuvanticity, as described below. 

 

Augmented antigenicity due to cross-reactivity to bacteria and tumor antigens 

Some data suggest a mechanistic role for T cell epitopes shared between bacteria and tumor 

cells (104, 110, 111). Under this proposed model, cross-reactive T cells primed against bacterial 

antigens might exert anti-tumor effects either by providing help (CD4+ T cells) or through direct 

killing (CD8+ T cells). In a preclinical study, adoptive transfer of B. fragilis-reactive CD4+ T cells 

conferred enhanced tumor control and restored anti-CTLA-4 efficacy in GF mice (104). Peripheral 
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immune cells isolated from patients receiving ICB treatment and assayed for in vitro T cell IFN-γ 

production following stimulation with certain bacteria showed an association with progression-

free survival (PFS), whereas non-specific T cell activation with polyclonal activators demonstrated 

no relation to ICB response (110). Further supporting this notion, Balachandran et al. found intra-

tumoral and circulating T cell clones with specificity to both neoantigens and predicted cross-

reactivity with microbial epitopes  (111). 

 

Adjuvanticity of MAMPs/PAMPs 

Microbiota-derived MAMPs or PAMPs can traverse the mucosal barrier and enter the 

circulation. For instance, serum from healthy individuals was demonstrated to contain stimuli 

capable of activating a range of TLR and NOD receptors (112). In the cancer context, bacterial 

LPS aberrantly entering the circulation following total body irradiation augmented the activity of 

adoptive T cell therapy in mouse models (107). Additionally, nucleic acids from bacteria have also 

been shown to act as natural adjuvants (113). In particular, the unmethylated CpG dinucleotides 

enriched in prokaryotes are potent activators via TLR9. These pro-inflammatory microbial 

products can trigger at least partial activation of innate immune cells such as DCs. Such 

conditioned APCs might possess enhanced capacity to prime anti-tumor T cells. Evidence for 

heightened DC activation stemming from distinct microbiome compositions was illustrated in 

Sivan et al. which showed that splenic DCs isolated from mice colonized with Bifidobacterium sp. 

showed superior priming of naïve CD8+ T cells ex vivo (103). Enrichment in Faecalibacterium 

genus in patients with metastatic melanoma associated with responsiveness to ICB therapy was 

also associated with increase in antigen processing and presentation markers in the tumor (114). 
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Microbial metabolites as messengers 

Gut bacteria produce various bioactive molecules as byproducts of their metabolism. These 

metabolites can exhibit diverse effects on the host, including modulating the immune system (115). 

SCFAs are one of the most extensively characterized classes of microbial metabolites known to 

shape host immunity (116). Through anaerobic fermentation, bacteria break down complex 

carbohydrates into SCFAs such as acetate, butyrate, and propionate. These metabolites are the 

primary energy source consumed by intestinal epithelial cells (117) and can also affect cytokine 

production (118), macrophage and DC function (85, 119), and B cell class switching (120). SCFAs 

can additionally act to inhibit histone deacetylases, facilitating Treg differentiation (121). By 

mimicking human signaling molecules, SCFAs can also act as ligands for G-protein coupled 

receptors (122). Other bacterial metabolites relevant to host immunity include retinoic acid and 

co-metabolites, such as polyamines and aryl hydrocarbon receptor ligands (123). These small 

molecules can impact immunity by acting as signaling molecules, epigenetic regulators, and 

metabolic switches and may ultimately shape anti-tumor immunity. 

Given the predicted importance of bacterial metabolic contribution to host immunity and 

immunotherapy efficacy, there is significant interest in identifying both the specific bacteria 

exerting immune modulatory effects, as well as the functional and metabolic characteristics of 

these bacteria. To address this question, metagenomic and metatranscriptomic sequencing 

approaches coupled with metabolomic analysis of patient serum and stool samples will be critical 

for a more complete characterization of the biosynthetic pathways present within a given 

microbiome. Insights into metabolic contributions of the microbiome in the context of 

immunotherapy also may lead to new candidate therapeutic strategies, either through provision of 

desired metabolites as drugs, or via genetic manipulation of selected commensals for clinical 

administration. 
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Host cytokines as messengers 

Another potential mechanism by which gut bacteria could modulate systemic immune 

responses is through local induction of soluble immunomodulatory factors that then disseminate 

systemically. Circulating cytokines may shift the activation threshold of key immune subsets 

within the TME or tdLN, thus leading to augmented adaptive immune responses in the context of 

immunotherapy. Candidate mechanisms include increased production of type I interferons, IL-12 

and TNF-α, or decreased production of immune suppressive cytokines such as IL-10 and TGF-β. 

As an example, segmented filamentous bacteria can induce secretion of IL-22 from type 3 innate 

lymphoid cells in mice, causing production of serum amyloid A in the terminal ileum which, in 

turn, acts on the LP DCs to drive Th17 polarization (89, 124). In cancer models, oral administration 

of Akkermansia muciniphila improved the efficacy of PD-1 blockade in an IL-12–dependent 

manner in mice (110). 

 

Innate immune cells play a key role in the gut-tumor immune axis 

A recurring theme in many of the described mechanistic studies in mice is that innate 

immune cells, often DCs, represent the central cell type affected by perturbations within the 

commensal community (103–106, 125, 126). DCs are key microbial sensors that bridge innate to 

adaptive immunity and are also critical for molding T cell responses within the TME. Microbial 

signals might only need to function locally in the LP and MLN to drive DC function and the 

subsequent delivery of the immunomodulatory effect to the TME might be carried out by the DCs 

themselves or downstream by T cells. Various innate immune cells have been shown capable of 

exiting the intestinal LP and translocating to the spleen and peripheral lymph nodes under steady 

state (127). 
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Different mechanisms of microbial sensing by DCs might be in play in the context of a 

damaged versus intact intestinal barrier. Compromised barrier integrity could allow for 

translocation of live bacteria or microbial products into the circulation. These could then be 

recognized by PRRs on innate immune cells, such as DCs, and affect downstream innate and 

adaptive immunity. Such potential mechanisms may contribute to microbiota-mediated 

modulation of anti-tumor immunity in situations of gut inflammation, such as with total body 

irradiation, chemotherapy agents that cause mucositis, or with anti-CTLA-4 treatment where 11% 

of patients experience colitis and 34% develop diarrhea (128). However, anti-PD-1 therapy shows 

only 2% incidence of colitis (128), suggesting that additional mechanisms by which commensals 

shape host immunity likely exist. In the context of an intact barrier, mucosal DCs constantly 

sample bacterial-derived antigens via various mechanisms. For instance, a subset of DCs in the LP 

are reported to be capable of extending dendrites between epithelial cells to sample the lumen 

(129). DCs may also acquire proteins via goblet cell channels  (130) or microfold cells (M cells) 

(131). Bacterial antigen-loaded DCs could induce immune tolerance to commensal bacteria, or 

they could prime bacterial antigen-reactive T cells, which in some instances might be capable of 

cross-reacting with tumor antigens (104, 110, 111) or in other cases might provide bystander help 

during anti-tumor responses. In this respect, understanding the mechanisms driving tolerogenicity 

vs. immunogenicity might provide insight into the mechanisms of microbiota impact on anti-tumor 

immunity. 

 

Discovery opportunities in the gut microbiome and anti-tumor immunity 

Despite a growing body of evidence supporting the importance of the gut microbiome and 

its impact on anti-tumor immunity, these observations raise key questions regarding its relative 

importance, as well as for the potential for translation to the clinic. Primarily, can the gut 
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microbiome affect immune responses in cancer patients, and if so, to what extent? Furthermore, if 

the microbiome can improve the response to ICB, what are the biological mechanisms involved? 

More precisely, what are the important microbial sources, immune cell types, and cellular sensors 

impacting anti-tumor immune responses via the gut microbiota? Lastly, if the impact of the 

microbiome holds true in cancer patients, does this represent a viable therapeutic strategy? 

Given the complexity of the commensal-host interaction, the diversity of the microbiome, 

and inter-individual variability, it is likely that multiple mechanisms contribute to the impact of 

the microbiota on immunotherapy efficacy. Furthermore, the relative contribution of the 

microbiome will need to be integrated along with other dimensions affecting the potency of 

immunotherapy, including germline genetic determinants and tumor cell-intrinsic oncogenic 

alterations (38, 40, 132). Determining the relative contribution of all these factors and the most 

translatable aspects to human health will require careful experimental design in cancer patients to 

test hypotheses stemming from murine experiments.  
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Chapter 2: Materials and Methods 

2.1 Patient fecal sample collection 

Stool samples were collected from 42 metastatic melanoma patients prior to 

immunotherapy initiation. Eligible patients were provided an EasySampler Collection Kit 

(ALPCO) to collect stool sample at home. The stool samples were brought to the lab within 24 

hours after collection. DNA was immediately isolated from 250 mg of stool and the rest of the 

sample was aliquoted and stored at -80°C. 

2.2 Microbial DNA isolation 

Patient stool samples were handled under BSL2 laminar flow hood using sterile technique. 

The technician wore gloves, gown, face mask and hair net to prevent contamination of the samples. 

Isolation of microbial DNA from patient and mouse fecal samples was performed using QIAamp 

PowerFecal DNA Kit and QIAmp DNA Stool Mini Kit, respectively (Qiagen, Germantown, MD), 

including a bead-beating step. DNA concentration was measured using a Nanodrop-nd1000 and 

the DNA was stored at -80°C. 

2.3 16S rRNA gene amplicon library preparation and sequencing 

16S rRNA gene amplicon library preparation and sequencing were performed at the 

Argonne National Laboratory. Briefly, PCR amplicon libraries targeting the 16S rRNA encoding 

gene were produced using a barcoded primer set adapted for the Illumina HiSeq2000 and MiSeq 

(133). DNA sequence data were then generated using Illumina paired-end sequencing at the 

Environmental Sample Preparation and Sequencing Facility (ESPSF) at Argonne National 

Laboratory. Specifically, the V4 region of the 16S rRNA gene (515F-806R) was PCR-amplified 

with region-specific primers that include sequencer adapter sequences used in the Illumina 
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flowcell (133, 134). The forward amplification primer also contains a twelve-base barcode 

sequence that supports pooling of up to 2,167 different samples in each lane. Each 25 μL PCR 

reaction contained 9.5 μL of MO BIO PCR Water (Certified DNA-Free), 12.5 μL of QuantaBio’s 

AccuStart II PCR ToughMix (2x concentration, 1x final), 1 μL Golay barcode tagged Forward 

Primer (5 μM concentration, 200 pM final), 1 μL Reverse Primer (5 μM concentration, 200 pM 

final), and 1 μL of template DNA. The conditions for PCR were as follows: 94 °C for 3 minutes 

to denature the DNA, with 35 cycles at 94 °C for 45 s, 50 °C for 60 s, and 72 °C for 90 s; with a 

final extension of 10 min at 72 °C to ensure complete amplification. Amplicons were then 

quantified using PicoGreen (Invitrogen) and a plate reader (Infinite®200 PRO, Tecan). Once 

quantified, volumes of each of the products were pooled into a single tube so that each amplicon 

was represented in equimolar amounts. This pool was then cleaned up using AMPure XP Beads 

(Beckman Coulter) and quantified using a fluorometer (Qubit, Invitrogen). The pool was diluted 

down to 2 nM, denatured, and further diluted to a final concentration of 6.75 pM with a 10% PhiX 

spike for sequencing on the Illumina MiSeq. Amplicons were sequenced on a 151bp x 12bp x 

151bp MiSeq run using previously described sequencing primers and procedures (133). The 

average sequencing depth for the patient samples was 51,029, ranging from 28,040 to 68,928 

reads; the average sequencing depth for mouse samples was 158,728, ranging from 54,632 to 

327,216 reads per sample.  

2.4 Microbial 16S rRNA gene amplicon analysis 

Qiime v1, Chapter 3 

The microbial 16S rRNA gene amplicon sequencing data from human and mouse fecal 

collections were processed separately with Quantitative Insights Into Microbial Ecology (QIIME) 

(version 1.91) (135) using similar protocols as previously described (103). In brief, raw reads were 
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trimmed to remove low quality bases and paired-end 3’ overlapping mates were merged using 

SeqPrep (https://github.com/jstjohn/SeqPrep). The open reference OTU picking protocol was used 

at 97% sequence identity against the Greengenes database (08/2013 release) (136). PyNAST was 

used to align sequences (137) and uclust consensus taxonomy assigner was used for taxonomic 

assignment (138). Data were rarefied to an even depth of 13,190 reads for the human microbial 

cohort and 22,560 reads for the mouse microbial cohort, respectively. OTUs occurring in less than 

10% of the samples were removed per comparison in each cohort. Permutation tests (also known 

as, non-parametric t-tests in QIIME v1.9 manual) using Monte Carlo simulation were performed 

to identify differences in bacterial taxa occurrence between fecal communities of responders (R) 

and non-responders (NR) from human samples, and between slow and fast tumor growth groups 

from human microbiota-colonized mice. The tools and parameters used in each analysis step are 

described as follows: 1) The FastQ files were demultiplexed based on unique sample barcodes 

usingsplit_libraries_fastq.py and paired-end reads were merged based on overlapping 3’ end mates 

using join_paired_ends.py (SeqPrep method with low quality base trimming and adaptor clipping 

turned on by default). 2) Reads were clustered into OTUs based on 97% sequence similarity and 

searched against reference database followed by de novo assembly of clustered sequences using 

pick_open_reference_otus.py, with option “enable_rev_strand_match” set to TRUE and requiring 

at least 2 sequences per OTU for singleton removal. The OTU abundance table was generated and 

phylogenetic tree was reconstructed. 3) All samples were rarefied to the same sequencing depth 

using single_rarefaction.py based on the least number of reads mapped per sample. 4) Alpha (e.g., 

Shannon index) and beta diversity metrics were collected using core_diversity_analyses.py and 

compared between NR and R groups using compare_alpha_diversity.py (option “nonparametric” 

test with Monte Carlo permutations) and compare_categories.py (ANOSIM and PERMANOVA 
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methods with weighted UniFrac distance), respectively, with 999 permutations and FDR 

correction for multiple comparisons. 5) OTUs were filtered for those present in at least 10% of the 

samples using filter_otus_from_otu_table.py, leaving 2,181 OTUs in the human 16S dataset and 

3,235 OTUs in the mouse 16S dataset for statistical comparison of group differences. 6) OTUs 

differentially abundant between NR and R groups were identified by permutation test implemented 

in group_significance.py with option “nonparametric_t_test” and 1000 permutations and filtered 

by a statistical significance level of 0.05 for subsequent analysis. Analysis of the mouse 16S dataset 

revealed 519 OTUs differentially abundant between the fast and slow tumor growth groups at 

FDR-adjusted P < 0.05. Among these, 298 OTUs were assigned with known reference IDs and 

221 with new reference ID. The new reference OTU IDs are not comparable between different 

cohorts, hence we focused on the OTUs with known reference IDs. Out of 298 OTUs, 207 OTUs 

were matched with human donors and used for generation of the heatmap depicted in Figure 3.11B. 

In addition, binary Bray–Curtis dissimilarity index was computed for each donor-mouse sample 

pair based on presence/absence of matched OTUs. For each pair, OTUs of relative abundance > 

0.0001 in the donor or the mouse sample was included for the calculation.  

Qiime v2, Chapter 4 

For 16S analysis presented in Chapter 4, QIIME version 2 (2018.2.0) was used (139). 

Samples were demultiplexed and first 12 bases trimmed based on lower sequence quality, followed 

by denoising with DADA2 (via q2‐dada2) (74). All amplicon sequence variants (ASVs) were 

aligned with mafft  (140) (via q2‐alignment) and used to construct a phylogeny with fasttree2 (141) 

(via q2‐phylogeny). Alpha‐diversity metrics (observed features and Faith’s Phylogenetic Diversity 

(142), beta diversity metrics (unweighted UniFrac  (143) and weighted UniFrac (144), Jaccard 

distance, and Bray‐Curtis dissimilarity), and Principal Coordinate Analysis (PCoA) were 

estimated using q2‐diversity after samples were rarefied (subsampled without replacement) to 



29 

17,288 sequences per sample. Taxonomy was assigned to ASVs using the q2‐feature‐classifier 

(145) classify‐sklearn naïve Bayes taxonomy classifier against the Silva 119 99% OTUs (515-806 

region, seven-level taxonomy) reference sequences (70). Statistical tests were completed in R 

using Wilcoxon-Mann-Whitney test (non-parametric) a raw p-values adjusted for multiple testing 

using Benjamini-Hochberg FDR correction (146). 

2.5 BLASTN methodology 

To investigate the identity of the OTUs differentially abundant between responders and 

non-responder patients, the assembled 16S rRNA gene amplicon sequences were characterized by 

a BLAST search against NCBI bacterial nucleotide sequence database (the search results were last 

updated on 10/04/2017). Using the blastn command line tool and the “megablast” program 

selection method, the top hits with ≥98% identity to the query sequence were returned from the 

nucleotide collection database restricted to bacteria and excluding environmental or uncultured 

sample sequences. Results are shown in table S3. For some OTUs there were no hits with ≥98% 

identity and the top 10 hits are listed regardless of the percent identity value. 

2.6 Metagenomic shotgun sequencing 

Metagenomic shotgun sequencing was performed at the Marine Biological Laboratory 

affiliated with the University of Chicago. Briefly, the quantity of the DNA sample was measured 

using Picogreen (Invitrogen). DNA was then sheared using a Covaris and the libraries were 

constructed with the Nugen Ovation Rapid DR Multiplex System (PCR-free). The aimed insert 

size is between 400-600 bp. Amplified libraries were visualized on an Agilent DNA1000 chip or 

Caliper HiSens Bioanalyzer assay, pooled at equimolar concentrations and size selected using a 

Sage PippinPrep 2% cassette. The library pool was quantified using a Kapa Biosystems qPCR 

library quantification protocol, then sequenced on the Illumina NextSeq in a 2x150 paired-end 

https://www.dropbox.com/s/sjvxpat5zcvn6j9/silva-132-99-515-806-nb-classifier.qza?dl=0
https://www.dropbox.com/s/sjvxpat5zcvn6j9/silva-132-99-515-806-nb-classifier.qza?dl=0
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sequencing run using dedicated read indexing. The samples were demultiplexed with bcl2fastq.An 

average of 80.4 million reads were generated per sample, ranging from 38.9 to 156.7 million reads. 

2.7 Microbial shotgun metagenomics analysis 

The microbial shotgun metagenome sequencing data from human fecal collections were 

taxonomically profiled using Metagenomic Phylogenetic Analysis (MetaPhlAn 2) (147). Species-

level taxonomic relative abundances were inferred for all samples following protocols detailed 

elsewhere (148). In brief, host contamination in the metagenomic reads was identified using 

KneadData version 0.61 (http://huttenhower.sph.harvard.edu/kneaddata) with human (GRCh37) 

reference databases (example command: kneaddata -i fq1 -i fq2 -db kneaddataDB -o out --output-

prefix sample -t threads -q phred33 --trimmomatic trimmomaticPath --max-memory 2048m --

trimmomatic-options 'LEADING:20 TRAILING:20 AVGQUAL:30 SLIDINGWINDOW:4:20 

MINLEN:70 TOPHRED33' --run-trf). The high-quality reads were then mapped against a catalog 

of ~1 million clade-specific marker sequences identified from ~17,000 reference genomes 

currently spanning bacteria, archaea, eukaryotes and virus phylogenies to assign reads to microbial 

clades (example command: metaphlan2.py in1,in2 --bowtie2out out.bowtie2.bz2 --nproc threads -

-input_type fastq > out.txt). The relative abundance of each taxonomic unit in each sample was 

estimated by normalizing read counts assigned to each clade by the nucleotide length of its markers 

and by the sum of all weighted read counts in this clade including all subclades (example 

command: metaphlan2.py out.bowtie2.bz2 --nproc threads --input_type bowtie2out -t rel_ab > 

out.rel_ab.txt). To compare species identified from 16S and shotgun sequencing, the profiled 

bacterial species were then compared to the taxonomy of OTUs generated from 16S sequencing at 

family level, and the statistical dependence between the relative abundance of 16S OTUs and each 
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matched shotgun species was determined using Spearman’s rank correlation tests, followed by 

filtering for those with positive correlation and at P < 0.05. 

2.8 qRT-PCR validation of metagenomic and 16S rRNA gene sequencing of fecal 

samples 

The abundance of some of the bacterial species identified with the metagenomic and 16S 

rRNA gene amplicon sequencing approaches were further measured by qPCR using previously 

validated subgroup- or species-specific primers and probes (149–161) and SYBR Green or 

TaqMan PCR master mix (Applied Biosystems). The primers and probes were synthesized by 

Integrated DNA Technologies (Coralville, IA) and Life Technologies, respectively. qPCR was 

performed on StepOnePlus Real-Time PCR System (Applied Biosystems, Foster City, CA) and 

analyzed with StepOnePlus Software. The primer concentrations were as previously described 

(Table S5). The cycling conditions for the TaqMan-based reactions were 50°C for 2 min, 95°C for 

10 min, 40 cycles of 95° for 15 secs, 60-65°C for 1 min, with varying annealing temperatures 

depending on the primer pair. The cycling conditions for the SYBR Green-based reactions were 

95°C for 10 min, 40 cycles of 95° for 15 sec, 60-75°C for 10-40 sec, 72°C for 20-50 sec, with 

varying annealing temperatures and times depending on the primer pair. Fluorescence signal was 

detected at the end of each cycling stage. For some reactions, fluorescence detection was done 

during an additional 15 sec step at a higher temperature to minimize signal from primer dimers 

and minor non-target products (150). Melt curve analysis was performed to confirm amplification 

specificity. The results were expressed as relative abundance normalized to the total bacterial load. 

Specifically, to calculate the total bacterial load, qPCR was performed using previously described 

universal bacterial primers (162). A standard curve was generated using the PCR blunt vector 

(Invitrogen) containing a single copy of the 16S rRNA gene derived from a member of the 

Porphyromonadaceae family (163) and the total 16S rRNA gene copies per ng DNA was 



32 

calculated for each sample. Relative abundance for each species was expressed as 2-Ct normalized 

to the number of total 16S rRNA gene copies per ng DNA in each sample and multiplied by a 

constant (7.3x1019) to bring all values larger than 1. A summation qPCR score was computed per 

individual sample taking into consideration the abundance of 10 validated qPCR targets 

(Enterococcus faecium, Collinsella aerofaciens, Bifidobacterium adolescentis, Klebsiella 

pneumoniae, Veillonella sp., Parabacteroides merdae, Lactobacillus sp., Bifidobacterium longum, 

Ruminococcus obeum and Roseburia intestinalis). First, data transformation was applied on the 

relative abundance to bring signal close to Gaussian distribution. The relative abundance of each 

species was log10 transformed and scaled by dividing the value by their root mean square across 

samples. The abundance of Ruminococcus obeum and Roseburia intestinalis (more abundant in 

non-responders) were multiplied by (-1). The sum of the transformed abundance of the 10 qPCR 

results was calculated to generate the score and compared between groups of interest using two-

sided Student's t-test. 

2.9 RNAseq of tumor samples and data analysis 

RNA was isolated from tumor samples using the QIAGEN AllPrep DNA/RNA FFPE kit 

(Qiagen, Hilden, Germany) according to the manufacturer’s instructions. The quality of RNA was 

measured on Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, USA). cDNA was 

reverse transcribed from RNA and used for library preparation following dUTP strand-specific 

protocol by the University of Chicago Genomics Core Facility. Ribosomal RNA was removed 

using the Ribo-Zero rRNA Removal Kit (Human) (Illumina, San Diego, USA). Sequence reads 

were generated on an Illumina HiSeq 4000 instrument at the Functional Genomics Facility. An 

average of 133.3 million 2x100bp paired-end (PE) reads were generated for each sample, ranging 

from 93.2 to 208.0 million reads. The quality of raw reads was assessed by FastQC (164) (v0.11.5). 
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Reads were aligned to human reference transcriptome with Gencode gene annotation (v26, 

GRCh38) by Kallisto (165) (v0.43.1) with the strand-specific mode, which implements kmer-

based pseudoalignment algorithm for accurate quantification of transcripts from RNAseq data and 

is robust to errors in the reads. Transcript abundance was quantified at transcript level specifying 

strand-specific protocol, summarized into gene level using tximport (166) (v1.4.0), normalized by 

trimmed mean of M values (TMM) method, and log2-transformed for further analysis. Selected 

transcripts (PD-L1 and PD-1) were compared between responders and non-responders. A gene 

signature score was calculated for each sample using xCell (167). The raw values for 

“Macrophages M1” and “Macrophages M2” were used to calculate a gene signature ratio and were 

defined utilizing 188 and 159 genes, respectively.  

2.10 Animals and tumor model 

Specific pathogen-free (SPF) C57BL/6 mice were obtained from Taconic Biosciences 

(Hudson, NY). SPF mice were fed Teklad irradiated 2918 diet (Envigo), or in some cases 

autoclaved 5K67 diet (Lab Diet, St. Louis, MO), and housed in the University of Chicago SPF 

animal facility. Germ-free (GF) C57BL/6 mice were initially purchased from Taconic biosciences, 

then bred and housed in flexible-film isolators in the University of Chicago Gnotobiotic Research 

Animal Facility and fed autoclaved 5K67 diet. Some GF mice were gifted by Dr. Eugene Chang 

at the University of Chicago. For all experiments, 6–8-week-old mice were used. The C57BL/6-

derived melanoma cell line B16.F10.SIY (henceforth referred to as B16.SIY) was generated as 

described (168). The MC38 cell line was a gift from Dr. Yang-Xin Fu (UT Southwestern). Tumor 

and other cell lines were maintained in DMEM (Fisher #11140076) plus 10% FBS, 1% 

penicillin/streptomycin (Fisher #15140122) and 1% non-essential amino acids (Fisher 

#11140050), henceforth referred to as “complete media”. Mice were injected subcutaneously with 
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1 × 106 B16.SIY or MC38 tumor cells. Tumor size was measured three times per week until the 

endpoint and tumor volume determined by length x width2 x 0.5 (Chapter 3) or length x width x 

height (Chapter 4). Microbiota composition of the colonized mice was assessed with 16S rRNA 

gene amplicon sequencing of DNA extracted from fecal samples collected 4 weeks after 

colonization. Taconic SPF mice were used as a control. The experimental animal procedures were 

approved by the University of Chicago Animal Care and Use Committee.  

2.11 Fecal matter transfer and antibiotics 

For tumor growth experiments, some GF mice were colonized with fecal microbiota from 

either patient samples or from mice, by oral gavage. Briefly, 200 mg of human stool was thawed 

and suspended in 3 ml of PBS or mouse fecal pellets were collected fresh and suspended in 0.4 ml 

of PBS per pellet. After settling of the particulate material, each mouse was gavaged with 10 ml/kg 

body weight (approximately 200 μl per mouse) of the fecal supernatant. At the time of gavage, 

mice were transferred to Biological Containment Unit (BCU rack) to minimize microbial cross-

contamination. Two weeks after gavage, mice were injected subcutaneously with tumor cell lines 

(described in 2.10). For antibiotics treatments, used either alone or in combination with fecal 

matter transfer (FMT), mice received 2 mg ampicillin (Gold Biotechnology), 2 mg metronidazole 

(Sigma), 2 mg neomycin (Gold Biotechnology), and 1 mg vancomycin hydrochloride (Gold 

Biotechnology) by oral gavage in 200 μL sterile water twice daily for five days. 

2.12 Antibody treatment 

For immunotherapy experiments, mice were injected intraperitoneally on days 7, 10, 13, 

and 16 after tumor inoculation with 100 μg of anti-PD-L1 monoclonal antibody (BioXCell, 

10F.9G2). For CD8+ T cell depletion experiments, mice were injected intraperitoneally with 200 
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μg of anti-CD8β monoclonal antibody (BioXCell, Lyt 3.2) weekly starting one day before tumor 

inoculation. 

2.13 Tissue processing and immune cell isolation 

Tumors, lymph nodes, and spleens were dissected and digested for 30 min at 36oC while 

shaking at 200 RPM in RPMI plus 2% FBS, 200 units/mL Deoxyribonuclease I from bovine 

pancreas (Sigma-Aldrich, DN25), 1 mg/mL Hyaluronidase (Sigma Aldrich, H6254), and 1 mg/mL 

Collagenase Type IV (Sigma-Aldrich C5138). The digested tissues were passed through a 70 µm 

cell strainer and washed with 15 mL (lymph nodes and spleen) or 50 mL (tumors) PBS. Lymph 

node and spleen suspensions were then prepared for staining by flow cytometry or other 

applications. Tumor cell isolates were washed a second time with 50 mL of PBS and resuspended 

in 7 mL PBS. Immune cells from tumors were further enriched by layering 3 mL Ficoll-Hypaque 

beneath the cell suspension and centrifuged at 400g for 30 minutes without breaks. The buffy layer 

was isolated and washed with PBS before proceeding to staining or other downstream analysis.  

2.14 Flow cytometry of tumor immune infiltrates 

For immune profiling in Chapter 3, cells were labeled with a PE-MHC class I pentamer 

(Proimmune) consisting of murine H-2Kb complexed to SIYRYYGL (SIY) peptide or to an 

irrelevant SIINFEKL peptide. Tumor cell suspensions were subsequently stained with anti-CD3-

AlexaFluor700 (Ebioscience, 17A2), anti-CD8α-Pacific Blue (Biolegend, 53-6.7), anti-CD4-

BrilliantViolet711 (Biolegend, RM4-5), anti-CD44-FITC (BD, IM7), anti-FOXP3-APC 

(Ebioscience, FJK-16a) and Fixable Viability Dye-eFluor780 (Ebioscience). The cells were then 

washed and fixed in 1% paraformaldehyde and analyzed on LSRFortessa flow cytometer with 

FACSDiva software (BD). Data analysis was performed using FlowJo software (Tree Star). 
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For immune profiling of tumor infiltrates described in Chapter 4, cells were prepared for 

flow cytometry by washing twice with FACs Buffer (10% FBS, 1 mM EDTA in PBS). Cells were 

stained for 30 min at room temperature with the PE-MHC class I SIY pentamer and purified 

CD16/32 (to block non-specific Fcγ R III/II binding) in FACs Buffer followed by staining with 

remaining surface antibodies for an additional 30 minutes at room temperature in FACs Buffer 

plus Brilliant Stain Buffer Plus (BD Biosciences). Cells were then fixed and permeabilized for 30 

minutes at room temperature (eBioscience™ Foxp3 / Transcription Factor Staining Buffer Set) 

and washed with 1X Permeabilization Buffer (eBioscience). Intracellular antibodies were prepared 

in Permeabilization buffer and cells were stained overnight at 4oC. The following day, cells were 

washed three times in Permeabilization buffer and resuspended in FACs buffer for flow cytometry. 

Samples were run on the Cytek™ Aurora with SpectroFlo® Software. Data analysis was 

performed using FlowJo software (Tree Star). 
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Table 1. Table of flow cytometry antibodies used for profiling immune infiltrates  

Marker Clone Fluorophore Vendor 

CD103 2E7 BV421 Biolegend 

CD11b M1/70 BV570 Biolegend 

CD11c N418 AF 647 Biolegend 

CD16/32 93 NA Biolegend 

CD19 6D5 BV510 Biolegend 

CD206 C068C2 BV605 Biolegend 

CD3 17A2 AF700 Biolegend 

CD4 GK1.5 Spark NIR 685 Biolegend 

CD44 IM7 FITC Biolegend 

CD45 30-F11 AF532 Invitrogen 

CD80 16-10A1 PE/Dazzle 594 Biolegend 

CD86 PO3 BUV 496 BD Biosciences 

CD8a 53-6.7 BUV395 BD Biosciences 

F4/80 BM8 PerCP/Cy5.5 Biolegend 

Foxp3 FJK-16a APC Biolegend 

I-A/I-E M5/114.15.2 Pacific Blue Biolegend 

Ki67 B56 BV711 BD Biosciences 

LAG-3 C9B7W PerCP eFluor710 eBiosciences 

Ly6C HK1.4 BV785 Biolegend 

Ly6G 1A8 BUV 661 BD Biosciences 

NK1.1 PK136 APC Cy7 Biolegend 

PD-1 RMP1-30 PE-Cy7 Biolegend 

PDCA-1 927 BV650 Biolegend 

Viability  Zombie NIR™ Fixable Viability kit Biolegend 

2.15 IFN-γ ELISPOT 

ELISPOT was carried out using anti-IFN-γ capture/detection antibody pair from BD 

Biosciences. ELISPOT plates (Millipore, MAIP S4510) were coated with capture antibody (Cat 

No. 51-2525KD) overnight at 4oC and then blocked with DMEM + 10% FBS for 2 hours at room 

temperature. Splenocytes were enumerated using flow cytometry, plated at 106 cells per well and 

stimulated overnight at 37oC with 160 nM SIY peptide, an irrelevant OVA peptide as negative 

control, or 500 ng/ml ionomycin plus 50 ng/ml PMA as positive control. The following day, IFN-

γ spots were detected with biotinylated detection antibody (Cat No. 51-1818KZ), followed by 

streptavidin-HRP and AEC substrate kit (all from BD Biosciences). The spot number and size 
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were quantified using an Immunospot Series 3 Analyzer and ImmunoSpot software (Cellular 

Technology). 

2.16 In vivo intestinal permeability assay 

To assess gut permeability in vivo, an assay using FITC-labelled dextran was performed 

as previously described (169). Mice were removed from access to food or water for 4 hours, and 

then received by oral gavage 60 mg per 100g body weight of freshly prepared FITC-dextran (either 

MW 4,000 or 20,000, Sigma-Aldrich, 46944) diluted to 60 mg per mL in sterile PBS. Blood was 

collected 3.5 hours post gavage by cardiac puncture, and serum isolated by centrifugation at 1,500g 

for 10 minutes. To quantify blood FITC-dextran levels, 50 µL of serum was transferred (in 

duplicate) to a black, flat-bottom 96-well plate and read with emission and excitation wavelengths 

of 520 nm and 490 nm, respectively (Victor X3 Multilabel Plate Reader). FITC-dextran 

concentration was calculated using a standard curve generated by a serial dilution of FITC–

dextran. 

2.17 Bacterial culture of immune organs to assess bacterial translocation 

Mice were injected subcutaneously with B16.SIY and euthanized 14 days later. The outside 

of each mouse was thoroughly sprayed with the disinfection agent Clidox®-S, and mice dissected 

in a laminar flow hood using sterilely prepared instruments. Tumor and spleen were immediately 

transferred into an anaerobic chamber and manually dissociated in 2 ml sterile PBS and passed 

through a 70 µM filter. From the total tissue cell suspension, 100 µl was added to 10 ml of brain-

heart infusion broth and cultured anaerobically or aerobically for 6 days. Optical density 

measurements were taken at the beginning and end of culture to measure bacterial growth. 
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2.18 Single cell RNA sequencing analysis 

Immune cells isolated from day 14 B16.SIY tumors were stained with Fixable Viability 

Dye-eFluor780 (eBioscience) and CD45 AF488 (clone 30-F11, Biolegend). The CD45 live cells 

were sorted using an AriaII automated cell sorter. For each sample 10,000 cells were targeted and 

encapsulated using the 10x Chromium 3’ v2 chemistry kit following the manufacturer’s protocol. 

Libraries were then prepared according to manufacturer’s instructions. Samples were sequenced 

to an average depth of 540 million reads on a HiSEQ4000 with 100 base paired end reads at the 

University of Chicago Genomics Core.  

After library demultiplexing, gene libraries were aligned to the mm10 reference 

transcriptome (version 3.0.0) and count matrices were generated using the Cell Ranger (version 

3.0.2). The resulting ‘filtered-feature’ matrix output was used for downstream analysis conducted 

in R using primarily the Seurat (v3) package (170–172). Cells which passed quality control metrics 

(total gene count between 500 and 7000, UMI greater than 500, and percent mitochondrial DNA 

less than 2%) were retained for analysis. All samples were integrated using “SCTransform” and 

then clustered using “RunPCA” “FindNeighbors” and “RunUMAP” using the first 50 principal 

components. Optimal resolution was determined using “clustree” (173) and clusters defined using 

“FindClusters” with the resolution set to 0.75. For differential gene expression analysis, transcript 

expression was normalized using “NormalizeData” using the method “LogNormalize”. Genes 

which best distinguished cluster identity were found using “FindAllMarkers” and used to annotate 

clusters. To calculate differentially expressed genes within the same cluster across conditions the 

function “FindMarkers” was used with the MAST test method used (174). The calculation of the 

IFNAR gene signature score was determined by the summation of normalized gene expression of 

Mx1, Ifi44, Ly6e, and Oas3 and the IFNAR-signaling genes identified in Ourthiague et al., Oas2, 

Axl, Tap1, Rtp4, Isg20, Il15ra, Trex1, Cmpk2, Lilrb4, Ifit3, Mx2 and Ifit2 (175).  
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2.19 Mouse serum isolation and cytokine analysis 

We collected blood from mice at tumor endpoint by cardiac puncture, and isolated serum 

by allowing blood to clot at room temperature for approximately 15 minutes, centrifuging at 1500g 

for 10 min, and collecting resulting serum which was then stored at -80oC for downstream 

applications. To assess serum levels of cytokines and chemokines (GM-CSF, IFN-γ, IL-1α, IL-1β, 

IL-2, IL-4, IL-5, IL-6, IL-7, IL-10, IL-12p70, IL-13, LIX, IL-17α, KC, MCP-1, MIP-2, TNF-α) 

we used MILLIPLEX MAP Mouse High Sensitivity T Cell Premixed Panel according to 

manufacturer’s directions (Millipore Sigma, Cat No. MHSTCMAG-70KPMX). 

2.20 Dendritic cell stimulation and T cell proliferation in vitro 

DCs were purified from the spleen of naturally colonized A and B mice using the MACs 

Pan Dendritic Cell Isolation Kit (Miltenyi, Cat No. 130-100-875). CD8+ T cells were isolated from 

2C TCR transgenic mice using the CD8 T cell isolation kit (Miltenyi, Cat No. 130-095-236) and 

labeled with CellTrace™ Violet according to manufacturer’s instructions (Invitrogen, C34557). 

DCs and T cells were plated at ratio of 1:2 with 12,500 DCs and 25,00 T cells each in a 96-well 

round bottom plate with varying concentrations of SIY peptide and incubated at 37oC for three 

days. On the third day, GolgiPlug (BD, 555029) and GolgiStop (BD, 554724) were added to DC 

T cell co-culture according to manufacturer’s protocols for 5 hours after which cells were stained 

and prepared for flow cytometry using the protocol described in 2.14 and the following antibodies. 

Table 2. Table of flow cytometry antibodies used for in vitro DC stimulation of 2C T cells 

Marker Fluorophore Clone Vendor 

CD3 AF700 17A2 Biolegend 

CD8a PE 53-6.7 Biolegend 

PD-1 APC RMP1-30 Biolegend 

IFNy PE-Cy7 XMG1.2 eBioscience 

TNFa Alexa Fluor 488 MP6-XT22 eBioscience 

Viability ef780 Fixable Viability Dye eBioscience 
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2.21 CellTrace violet (CTV)-labeled TCR transgenic T cell adoptive transfer 

CD8+ T cells were isolated from the spleen and lymph nodes of naïve CD90.1+ 2C TCR 

transgenic mice using the MACs CD8 T cell isolation kit (Miltenyi, Cat No. 130-095-236). Isolated 

T cells were labeled with CellTrace™ Violet according to manufacturer’s instructions (Invitrogen, 

C34557) and 1 x 106 T cells injected retro-orbitally into mice bearing day 7 B16.SIY tumors. Three 

days post-adoptive T cell transfer, tumor draining lymph nodes was harvested and restimulated 

ex-vivo with SIY peptide for five hours at 36oC. One hour into peptide stimulation GolgiPlug (BD, 

555029) and GolgiStop (BD, 554724) were added to cells for the remaining four hours. Following 

the re-stimulation cells were washed and stained according to the cell staining protocol for flow 

cytometry described in 2.14 using the following antibodies.  

Table 3. Table of flow cytometry antibodies used for 2C adoptive T cell transfer  

Marker Fluorophore Clone Vendor 

CD90.2 PerCP-eFluor 710 30-H12 Biolegend 

CD4 BV605 RM4-5 Biolegend 

CD8a BV711 53-6.7 Biolegend 

CD45 PE 30-F11 Biolegend 

CD90.1 AF700 OX-7 Biolegend 

IFNy APC XMG1.2 eBioscience 

TNFa Alexa Fluor 488 MP6-XT22 eBioscience 

Viability ef780 Fixable Viability Dye eBioscience 
 

2.22 Ex vivo stimulation of myeloid-enriched splenocytes  

Spleen from endpoint B16.SIY tumor bearing animals were harvested and processed as 

described in 2.13. Red blood cells from spleen cell suspensions were lysed using Gey’s solution 

(4.15g NH4Cl plus 0.5g KHCO3 in 500 mL water and filter sterilized). In the proceeding steps 

splenocytes were washed and incubated in MACs buffer (0.5% BSA plus 2mM EDTA in 1X PBS). 

Post RBC lysis splenocytes were washed and incubated with biotin labeled anti-NK1.1 (clone 

PK136, Biolegend), anti-CD3 (clone 145-2C11, Biolegend) and anti-CD19 (clone 6D5, 
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Biolegend) antibodies for 10 min on ice. Cells were washed and incubated with anti-Biotin 

MicroBeads (Miltenyi) for 10 minutes on ice. After incubation cells were washed and resuspended 

in 1 mL of buffer and passed through a MACs magnetic column (LS column, Miltenyi) and 

negatively selected cells in the flow through collected. The sample was divided according to the 

number of conditions tested, and a small fraction (approximately 1/50th) was reserved to check for 

purity by flow cytometry. Fewer than 5% of remaining cells were B, T or NK cells. The panel used 

to check isolation purity and compare remaining immune populations is below (representative data 

shown in Figure 4.17D).  

Table 4. Table of flow cytometry antibodies used to assess immune cells post lymphocyte 

negative selection. 

Marker Clone Fluorophore Vendor 

Ly6C HK1.4 PerCP Cy5.5 eBioscience 

CD8a 53-6.7 BV605 Biolegend 

CD3 145-2C11 Pacific Blue eBioscience 

CD19 6D5 BV510 Biolegend 

CD11b M1/70 APC Biolegend 

CD11c N418 BV711 Biolegend 

NK1.1 PK136 PE Biolegend 

F4/80 BM8 FITC Biolegend 

I-A/I-E M5/114.15.2 AF700 eBioscience 

CD45 30-F11 PE Cy7 Biolegend 

Viability ef780 Fixable Viability Dye eBioscience 
 

Cells were resuspended in complete media, transferred to Eppendorf tubes and stimulated with 

varying concentrations of DMXAA (Cayman Chemical) for 2 hours at 36oC. Following 

stimulation cells were immediately lysed (Qiagen RLT Lysis Buffer) and frozen at -80oC. 

2.23 In vitro stimulation of macrophage cell line 

A mouse macrophage cell line was used to evaluate the effect of LPS pre-treatment on 

subsequent IFN-β production with DMXAA. Immortalized WT macrophages were developed as 

described in Roberson and Walker  (176) and were obtained from Dr. K. Fitzgerald (University of 
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Massachusetts). Macrophages were passaged in complete media. One million macrophages were 

plated in 6-well tissue culture treated dishes with varying concentrations of LPS (from E. coli 

serotype O111:B4, Cell Signaling #14011) or complete media. The following day (21 hours later), 

the cells were washed with room temperature PBS and stimulated with 50 µg/mL DMXAA 

(Cayman Chemical) for 2 hours at 36oC. Following stimulation, cells were washed with PBS and 

lysed directly with 350 µL of Qiagen RLT Lysis Buffer, scraped from the plate, transferred to 

Eppendorf tubes, and frozen at -80oC.  

2.24 RNA isolation and quantitative real-time PCR 

Procedure used for ex vivo and in vitro stimulation with DMXAA to quantify IFN-β 

transcription. All steps followed manufacturer’s recommended protocol unless otherwise noted. 

RNA was isolated from cells using the Qiagen RNeasy Micro Kit according to manufacturer’s 

protocol. RNA concentration was quantified by nanodrop and 1.5 µg total RNA was treated with 

DNase I (Sigma #4716728001) according to the manufacturer’s protocol. cDNA was synthesized 

using high-capacity reverse transcriptase (Fisher # 4368814), resuspended to a final volume of 200 

µL and 5 µL used for qRT-PCR reactions in a final volume of 25 µL per reaction. Quantification 

of mRNA was conducted using the Taqman gene expression master mix (Fisher # 4369514) on a 

StepOne Plus real-time PCR system (Applied Biosystems # 4376600). Roche’s Universal Probe 

Set was used in conjunction with a mRNA specific forward and reverse primers noted below. 

Table 5. Mouse qRT-PCR primers 

Target Roche Probe Name Sequence 

Gapdh #9 GAPDH-F agcttgtcatcaacgggaag 

GAPDH-R tttgatgttagtggggtctcg 

Ifnb #108 IFNb-F ggaaagattgacgtgggaga 

IFNb-R cctttgcaccctccagtaat 

 



44 

2.25 Statistical analysis 

Tumor growth curves were analyzed using two-way ANOVA with Tukey’s multiple 

comparisons post-test using GraphPad PRISM. For other comparisons between two groups, 

including evaluating significance in immune profiling or quantitative PCRs, unpaired, two-tailed 

Student’s t-test, or Wilcoxon-Mann-Whitney test (non-parametric) was used as indicated in the 

figure legends. Microbial composition comparisons were performed using permutation tests 

implemented in QIIME (option “nonparametric_t_test”). For multiple comparisons, p-value was 

adjusted using Benjamini-Hochberg FDR correction (146). Spearman’s rank correlation 

coefficient ρ was used for measuring statistical dependence between relative abundance of bacteria 

produced by different platforms (Chapter 3). P<0.05 was considered statistically significant and 

denoted as follows: *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. Statistical analysis was 

performed using GraphPad PRISM and R.  
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Chapter 3: The commensal microbiome is associated with 

anti-PD-1 efficacy in metastatic melanoma patients and 

influences tumor growth in a preclinical cancer model 

3.1 Introduction 

The therapeutic efficacy of immunotherapies targeting the PD-1/PD-L1 interaction is 

favored in patients who show evidence of a T cell–inflamed tumor microenvironment at baseline 

(33, 35). Therefore, host and tumor factors that regulate the magnitude of endogenous immune 

priming and T cell infiltration into the tumor microenvironment are being sought as an opportunity 

to further expand therapeutic efficacy (177). Preclinical studies have indicated that the composition 

of the commensal microbiome could exert a major influence; mice with favorable microbiota 

showed far greater therapeutic activity of anti–PD-L1 treatment than did mice with an unfavorable 

microbiome, and this benefit could be transferred by cohousing or fecal transplant (103). These 

observations prompted an analogous analysis of the human microbiome with respect to therapeutic 

efficacy of anti–PD-1 in cancer patients. 

3.2 The composition of the gut microbiome is associated with patient response to 

immunotherapy 

To evaluate whether commensal bacterial composition might be associated with clinical 

efficacy of PD-1 blockade immunotherapy, stool samples were collected from 42 patients before 

treatment as part of a multidimensional biomarker analysis in metastatic melanoma. The majority 

of patients received an anti–PD-1 regimen; four patients received anti–CTLA-4 treatment, but the 

downstream data conclusions did not change with the removal of these subjects, so they were 

retained in the analysis. Clinical response rate was determined in a blinded manner from biomarker 

results by using Response Evaluation Criteria In Solid Tumors (RECIST) version 1.1. There were 

16 responders (from here on, referred to as R) and 26 nonresponders (NR), yielding a response 



46 

rate of 38%, which is in line with published clinical data of anti–PD-1 therapy in metastatic 

melanoma patients (178, 179). No major differences in patient characteristics were observed in R 

versus NR, except a borderline difference in prior (but not current) smoking history (table S1). 

To determine whether the composition of the commensal microbiota is associated with 

clinical response, we integrated three methods for DNA sequence–based bacterial identification 

(Figure 3.1A). First, using 16S ribosomal RNA (rRNA) gene amplicon sequencing, we identified 

Figure 3.1 Analysis pipeline for microbial identification. 

Workflow schematic indicating (A) the integration of methods for microbial identification, (B) 

analyses of tumor-associated biomarkers, and (C) 16S sequencing-based identification of 

bacteria in patient stool samples with a potential role in modulating anti-tumor immunity in a 

mouse melanoma model. 
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operational taxonomic units (OTUs) with taxonomic assignment present at different abundance in 

R versus NR (table S2). We used a Basic Local Alignment Search Tool (BLAST) search of the 

16S sequences against the National Center for Biotechnology Information (NCBI) database to 

reveal potential species-level identities (table S3). Further level of confidence in species 

identification was gained by matching the OTUs from the 16S data set to species-level identities 

revealed through metagenomic shotgun sequencing (table S4). We used species-specific 

quantitative polymerase chain reaction (PCR) for those candidate species having previously 

validated primers (table S5). Compared with the 16S analysis, the metagenomic sequencing 

yielded a smaller number of species differentially represented in R versus NR, which overlapped 

with the 16S results (table S6). Treating these assays as a screen for maximizing the number of 

candidate species, we used the 16S sequencing method as a starting point in our analysis. 

After removing OTUs present in less than 10% of the samples, the 16S sequencing revealed 

62 OTUs of different abundance in R versus NR [P < 0.05, unadjusted, permutation test with 

Quantitative Insights Into Microbial Ecology (QIIME)] (table S2). Hierarchical clustering of 

samples based on relative abundance of these OTUs revealed that most patients were accurately 

grouped according to clinical response (Figure 3.2). Clustering of patients within each clinical 

group is depicted in Figure 3.3A. Thirty-nine OTUs were more abundant in R, and 23 were more 

abundant in NR. One Bifidobacteriaceae OTU was significantly more abundant in R, and a second 

Bifidobacteriaceae OTU (559527) had borderline significance (P = 0.058, unadjusted) and was 

included in the analyses (total = 63 OTUs). This observation recapitulates previous findings that 

associated Bifidobacteriaceae family members with improved immune-mediated tumor control 

and efficacy of anti–PD-L1 therapy in mice  (103). A principal component analysis (PCA) of the 

63 OTUs revealed separation of R from NR (Figure 3.3B). 
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Figure 3.2 Segregation of responder and non-responder samples based on relative 

abundance data for the 63 differentially abundant OTUs. 

Segregation of responder and non-responder samples based on relative abundance data for the 63 

differentially abundant OTUs determined with 16S sequencing using unadjusted, non-parametric 

t test. (62 OTUs were significantly different with P<0.05; 1 OTU, Bifidobacteriaceae OTU 559527 

indicated with arrow, approached significance with P<0.058). Columns depict individual patients 

clustered using unsupervised hierarchical clustering with Euclidean distance. Asterisks indicate 

samples used in further in-vivo experiments. Annotation bar above the heatmap indicates clinical 

response to immunotherapy. The ID of de-novo assembled OTUs (new clean-up reference OTUs 

picked by QIIME) were abbreviated to show only the unique identifier digits, and the full OTU 

IDs are provided in table S4. 
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Figure 3.3 Distinct commensal microbial communities in anti–PD-1 responding patients and 

nonresponding patients as assessed with 16S rRNA gene amplicon sequencing. 

(A) Relative abundance of differentially abundant taxa in responders versus nonresponders; 62 

OTUs were identified as different with P < 0.05 (unadjusted, permutation test). An additional OTU 

559527 (arrow) identified as Bifidobacteriaceae approached significance (P = 0.058). Hierarchical 

clustering of the samples was performed within each clinical group. Individual samples are 

organized in columns, labeled with patient identification number. Asterisks indicate samples used 

in further in vivo experiments. The ID of de novo assembled OTUs (new clean-up reference OTUs 

picked with QIIME) were abbreviated to show only the individual identifier digits, and the full 

OTU IDs are provided in table S4. (B) PCA of relative abundance of the 63 OTUs shown in 3.3A. 
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3.3 Specific bacterial species are found enriched among the microbiome of 

responding and non-responding patients. 

A BLAST search of the 63 OTUs against the NCBI database of bacterial sequences 

returned for most OTUs multiple species with ≥98% identity (table S3). To gain more accurate 

species-level characterization, the same samples were subjected to metagenomic shotgun 

sequencing (available for 39 of the 42 samples). Illumina paired-end reads were assigned to 

microbial clades and analyzed for closest matches to the 63 OTUs identified with 16S sequencing. 

Potential species matches were identified for 43 of the original 63 OTUs (table S4). Species-

specific quantitative PCR assays were performed as an additional approach to assess the identity 

of species, for which sufficiently validated quantitative PCR primers were available (table S5). 

Thus, integration of the three methods led to the selection of 10 species differentially enriched in 

R versus NR. Eight of these were more abundant in R—Enterococcus faecium, Collinsella 

aerofaciens, Bifidobacterium adolescentis, Klebsiella pneumoniae, Veillonella parvula, 

Parabacteroides merdae, Lactobacillus sp., and Bifidobacterium longum—whereas two were 

more abundant in NR: Ruminococcus obeum and Roseburia intestinalis. As an example, the 

integrative analysis for B. longum (OTU 559627) is depicted in Figure 3.4A-C. Similar correlation 

analyses for the remaining nine species are depicted in Figures. 3.5 and 3.6. Quantitative PCR 

results for these 10 species were integrated into a summation quantitative PCR score for each 

patient, which was significantly higher in responders (P = 0.004) (Figure 3.4D).  

This list of species is likely an underestimate of the total number of entities showing 

differential abundance in R versus NR because of the stringency of this composite analysis. For 

example, Akkermansia muciniphila OTU (185186), in line with the study of anti–PD-1 efficacy in 

epithelial cancers by Routy et al.  (110), was detected by means of 16S sequencing in four patients, 

and all were responders, but statistical analysis of the entire cohort is limited by the number of 
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samples above the detection threshold. As an alternative way to represent the aggregate data 

toward development of a candidate predictive biomarker, the total numbers of potentially 

“beneficial” and “nonbeneficial” OTUs were scored for each patient (Figure 3.7), and a ratio was 

calculated. When plotted against the absolute change in tumor size as assessed with RECIST, a 

clean correlation was observed so that patients with a ratio over 1.5 all showed clinical response 

(Figure 3.4E). These results suggest that the commensal microbiota composition might be useful 

as a biomarker to predict response to checkpoint blockade therapy, which motivated comparison 

with other candidate predictive biomarkers. Archived pretreatment tumor specimens that passed 

quality control were available for 15 patients (5 R, 10 NR). Microbial composition remained 

significantly different in R versus NR for this subset (P < 0.01) (Figure 3.8 A-B). Exome 

sequencing followed by enumeration of nonsynonymous somatic mutations showed a trend of 

higher frequency in R, as did levels of PD-L1 and PD-1 mRNA (Figure 3.8C-E) and enumeration 

of baseline CD8+ T cells by means of immunohistochemistry (Figure 3.8F). Although these trends 

not reaching statistical significance level of 0.05 were likely limited by sample size, the microbiota 

parameters still markedly separated responders and nonresponders. 
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Figure 3.4 Identification of commensal bacterial species associated with patient clinical 

response to anti–PD-1 therapy. 

(A) Spearman’s correlation coefficients between the relative abundances of Bifidobacteriaceae 

OTU 559527 from the 16S data set and species-level identities suggested by shotgun sequencing. 

The species profiled with shotgun sequencing were compared with the taxonomy of OTUs 

generated from 16S sequencing at the family level. (B) Spearman’s correlation between abundance 

of OTU 559527 from the 16S data set and B. longum identified by means of metagenomics shotgun 

sequencing analysis (left) and quantitative PCR (right). Shaded band indicates 95% confidence 

interval (CI) of the values fitted by linear regression. (C) Relative abundance in responders (R) 

versus nonresponders (NR) of OTU 559527 (16S sequencing; left), B. longum (shotgun 

sequencing; middle), and B. longum (quantitative PCR; right). LD, limit of detection. (D) 

Quantitative PCR score representing aggregate data for the relative abundances of 10 species 

correlated to OTUs with differential abundance in R versus NR. Wilcoxon-Mann-Whitney test 

(nonparametric) was used to compare quantitative PCR score between R and NR groups. (E) Ratio 

of beneficial to nonbeneficial OTU numbers for each patient versus the patient’s RECIST 

aggregate tumor measurement change. Dashed lines label RECIST% = –30 and ratio = 1.5. Only 

the 43 16S OTUs confirmed with shotgun metagenomic sequencing were included.  



53 

 
Figure 3.5 Ranked species-level identities of 16S OTUs predicted with shotgun sequencing.  

OTUs picked by 16S sequencing analysis were first matched to species identified by shotgun 

sequencing at the family level. Then, pairwise tie-corrected Spearman’s correlation was computed 

for each matching pair and the species matched to each OTU were ranked based on the correlation 

coefficient ρ value. A complete list of the 63 OTU-to-species matching between the 16S and 

shotgun sequencing datasets is included in table S4. 
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Figure 3.6 Use of species-specific qPCR for additional confirmation of the OTU-to-species 

matches determined by 16S and shotgun sequencing data comparisons. 

OTUs and their best-match species as measured with 16S and shotgun sequencing, respectively, 

were correlated by Spearman’s test against the relative abundance of the corresponding species 

measured with qPCR. Depicted are correlations for OTUs (and their best-match species), which 

are more abundant in non-responders (A) or in responders (B) and are used for computation of the 

qPCR score. Of note, OTU 1107027 (identified as Lactobacillus ruminis with 16S sequencing 

analysis) was best matched to Lactobacillus animalis (from the shogun sequencing data set) with 

P<0.1 (table S4) and was included in the qPCR score because a primer set with a broader 

Lactobacillus sp. specificity was used (table S5). 
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Figure 3.7 Visual representation of the presence/absence-based ratio of 

favorable/unfavorable OTUs.  

The bar graphs represent the total number of favorable OTUs (more abundant in responders; 

depicted in red) and unfavorable OTUs (more abundant in non-responders; depicted in blue) in 

each patient. The grid map represents presence (green) or absence (white) of favorable and 

unfavorable OTUs in each patient sample. Columns depict individual patients grouped based on 

clinical response to immunotherapy in the same order as in Figure 1A. Rows indicate the 43 OTUs 

from 16S sequencing that were confirmed by shotgun sequencing (table S4). Asterisks indicate 

samples used in further in-vivo experiments. The ID of de novo assembled OTUs (new clean-up 

reference OTUs picked by QIIME) were abbreviated to show only the unique identifier digits, and 

the full OTU IDs are provided in table S4. 
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Figure 3.8 The qPCR score and the beneficial/non-beneficial OTU ratio as candidate 

predictors of clinical response to immunotherapy.  

The qPCR score (A) and the ratio of beneficial-to-non-beneficial OTUs (B) were more distinct 

between non-responders (NR) and responders (R), compared to the non-synonymous somatic 

mutational (NSSM) load (C), expression levels of PD-L1 (D) and PD-1 (E), as determined by 

whole transcriptome sequencing of tumor samples, and intra-tumoral CD8+ T cell infiltration (F) 

as determined with immunohistochemistry of tumor samples. This analysis was limited to subset 

of 5 responders and 10 non-responders from the original 42 patient cohort, whose samples passed 

quality control for RNA sequencing. Wilcoxon-Mann-Whitney test (non-parametric) was used for 

comparing qPCR score, OTU ratio, and NSSM between NR and R groups, which does not assume 

data follow normal distribution. Student’s t-test was used for the rest of the markers. 

 

3.4 Human commensal communities modulate anti-tumor immunity in a mouse 

melanoma model.  

The strong correlation between commensal bacteria and clinical response to 

immunotherapy suggested a potential causal effect, in light of data demonstrating an immune-

potentiating impact of the microbiome in mouse tumor models  (103, 105, 180). To investigate the 

capability of human commensal microbes to potentiate anti-tumor T cell responses, we used germ-
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free (GF) mice as recipients. We had previously reported that spontaneous immune-mediated 

tumor control in Taconic mice could be improved by means of fecal microbiota transfer from mice 

obtained from a different vendor, the Jackson Laboratories (103). In setting up the current model, 

we found that B16.SIY melanoma tumor growth in GF mice was similar to that in specific 

pathogen–free (SPF) mice (both from Taconic), and colonization of GF mice with feces from 

Taconic SPF mice did not affect this baseline growth rate (Figure 3.9).  

Figure 3.9 Germ-free mice and Taconic SPF mice show similar tumor growth rates. 

Standard specific pathogen-free (SPF) mice were purchased from Taconic. Germ-free (GF) mice, 

originally purchased from Taconic, were bred in the University of Chicago gnotobiotic facility. 

The GF mice were divided into two groups and housed in two separate isolators in the same room. 

One group (black line; n=11) was colonized by oral gavage with fecal material from the SPF mice. 

The other group remained GF (grey line; n=10). Standard Taconic SPF mice (green line; n=5) 

were housed in ventilated cages in a standard barrier facility. All mice were maintained on the 

same diet. Two weeks later, the mice were injected with B16.SIY melanoma and tumor growth 

was measured. 

 

These results suggest a reduced spontaneous immune-mediated tumor control inherent to GF mice, 

which makes them suitable recipients for human-derived microbiota, with an opportunity to detect 

improved anti-tumor immunity depending on microbial composition. Fecal material was 

transferred from three R and three NR into cohorts of GF mice (Figures 3.3A, 3.2, 3.7, 3.10),  
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Figure 3.10 Commensal bacterial species associated with patient clinical response to anti–

PD-1 therapy. 

Donor samples used in mouse colonization experiments are representative of the responder and 

non-responder patient groups with respect to qPCR score (A) and ratio of beneficial to non-

beneficial OTUs (B) as in Figure 2. Wilcoxon-Mann-Whitney test (non-parametric) was used to 

compare qPCR score between R and NR groups same as in Figure 3.4D. 

 

followed by implantation of B16.SIY melanoma cells 2 weeks later. The human microbiota–

colonized mouse groups segregated into two phenotypes with respect to tumor growth rate: (i) a 

faster growing group and (ii) a slower growing group (Figure 3.11A). Two of three mouse cohorts 

reconstituted with R fecal material had slower baseline tumor growth, and two of the three cohorts 

reconstituted from NR showed faster baseline tumor growth. Thus, the ability of the human 

microbiota to support improved tumor control in mice usually, but not always, paralleled the 

clinical response to anti–PD-1 seen in the donor patient. Achieving slower tumor growth with fecal 

transplant alone is similar to previous mouse studies, in which transfer of feces from Jackson into 

Taconic mice was sufficient for a partial therapeutic effect owing to a more favorable microbiome 

(103).  
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Figure 3.11 Human commensal communities modulate anti-tumor immunity in a mouse 

melanoma model. 

GF mice were gavaged with fecal material from three responder (P28, P34, and P09) and three 

nonresponder (P06, P21, and P11) patient donors. (A) B16.SIY melanoma was injected  
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Figure 3.11 (continued) 

subcutaneously 2 weeks after gavage; tumor growth data are from one (groups C, D, E, and F) or 

two experiments (groups A and B) with 7 to 11 mice per group per experiment. Error bars 

represent mean + SEM. (B) Relative abundance of 207 OTUs from patient donors that colonized 

in mice and were differentially abundant between slow- and fast-tumor-growth groups. Columns 

depict individual mice arranged in groups A through F. Groups A1, B1, A2, and B2 are from two 

independent duplicate experiments. Rows indicate individual OTUs with exact reference ID 

match between human and mouse 16S rRNA data sets. (C) In groups A and B, ex vivo activation 

of splenocytes by SIY peptide was measured with IFN-γ ELISPOT 3 weeks after tumor 

injection. (D and E) Tumor-infiltrating SIY-specific CD8+ T cells (D) and FoxP3+ regulatory T 

cells (E) were enumerated with flow cytometry. (F) Efficacy of anti–PD-L1 therapy was 

determined in groups A and B. Data are from one experiment with 7 or 8 mice per group. (G) 

Relative abundance in mouse groups A and B of key species validated for quantitative PCR 

scoring. Six out of the 10 species are shown that gave positive PCR signals. The remaining four 

species were absent from these particular recipient groups. Tumor growth curves were analyzed 

with two-way analysis of variance by Tukey’s multiple comparisons post-test; flow cytometry 

and quantitative PCR data were analyzed by Wilcoxon-Mann-Whitney test (nonparametric). 

 

Composition of bacterial taxa that successfully reconstituted mice and fidelity to the 

original human donor were assessed with 16S rRNA gene amplicon sequencing. Groups C and D, 

which did not show the same pattern of tumor control as the therapeutic outcome in the original 

human donors, showed a large degree of difference of microbiota composition from the original 

human donors (Figure 3.12). In agreement, a binary Bray-Curtis dissimilarity index for each 

donor/recipient pair was highest, at 0.7, for cohorts C and D versus 0.5 to 0.6 for the rest of the 

groups. We conclude that whereas reconstitution of GF mice with human fecal material often 

recapitulates the microbial composition and the phenotype of the human donor, in some cases there 

is a high degree of drift so that some bacteria expand and others contract to a degree that is 

sufficient to change phenotype. Nonetheless, for the reconstituted GF mice that do recapitulate the 

clinical outcome of the original donor, this model system may be useful for the ultimate isolation 

of specific bacteria that regulate anti-tumor immunity in vivo. 

We focused on mouse groups A and B for further mechanistic studies. There was a high 

level of consistency between repeated experiments, both with respect to tumor growth rate and 
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microbial colonization (Fig. 3.11B, group A1 versus A2 and B1 versus B2 comparisons). To 

determine whether the difference in tumor control could be attributed to host immunity, interferon-

γ (IFN-γ) enzyme-linked immunosorbent spot (ELISPOT) of ex vivo SIY-stimulated splenocytes 

was performed and indicated an increased frequency of activated T cells from R microbiota-

reconstituted mice 3 weeks after inoculation with B16.SIY melanoma cells (Figure 3.11C). 

Analysis of the tumor microenvironment also showed a significantly greater number of SIY-

specific CD8+ T cells, but not of FoxP3+CD4+ regulatory T cells, in these mice (Figure. 3.11D-E), 

which is consistent with increased priming of tumor antigen–specific CD8+ T cells. Anti–PD-L1 

was markedly efficacious in mice colonized with R microbiota yet completely ineffective in NR-

derived mice (Figure 3.11F), demonstrating a profound impact of the commensal microbiota on 

immunotherapy efficacy in vivo. Interrogation of fecal DNA from these mice by means of 

quantitative PCR recapitulated the results from our analysis of patients. Of the PCR reactions 

validated in patients, six were observed in reconstituted mice, with the same pattern of enrichment 

as was seen in patients (Figure 3.11G). 

3.5 Significance of findings and comparison to other studies 

Together, our data suggest that the composition of the commensal microbiota in patients is 

associated with therapeutic efficacy of anti–PD-1 monoclonal antibody (mAb). Although B. 

longum was one commensal identified in the current study that had also been found in mouse 

models to be associated with improved immune-mediated tumor control (103), it seems likely that 

multiple specific bacteria may contribute to improved anti-tumor immunity in patients. In addition 

to the panel of bacteria overrepresented in responders, several OTUs were overrepresented in 

nonresponders, and prior work in mice has indicated that some commensals have the potential to 

be immune-inhibitory—for example, through the induction of FoxP3+ regulatory T cells (93, 94). 
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In addition, our current cohort suggested that a ratio of “beneficial” OTUs to “nonbeneficial” 

OTUs was the strongest predictor of clinical response. This may indicate that a higher frequency 

of beneficial bacteria, together with a lower frequency of bacteria with negative impact, may 

combine for the most favorable clinical outcome. 

Figure 3.12 Shared OTUs between colonized mice and donor patient samples. 

Relative abundance of 207 OTUs from patient donors that colonized in mice and were 

differentially abundant between slow and fast tumor growth groups. Columns depict individual 

mice arranged in groups A through F, with donor patient sample column indicated by arrowhead, 

and donor ID shown above each mouse group. Rows indicate individual OTUs with exact 

reference ID match between human and mouse 16S rRNA data sets. 
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Several of the bacterial species that were identified in the current study to be differentially 

abundant in responding versus nonresponding patients have been examined previously for 

mechanistic impact on host immune responses in GF mice in vivo (92). Monocolonization with 

several species found to be at increased frequency in our responders—including E. faecium, C. 

aerofaciens, B. adolescentis, and P. merdae—were reported to result in a decreased frequency of 

peripherally derived colonic regulatory T cells as compared with that of other bacterial species. 

An increased frequency of the Batf3-lineage dendritic cells (DCs) and greater T helper cell 1 (Th1) 

responses were also found with bacteria currently identified to be more abundant in responders 

(92). Decreased regulatory T cells, increased Batf3 DCs, and augmented Th1responses would all 

be expected to improve immune-mediated tumor control. Although care should be taken 

extrapolating these results in the setting of a complex microbiota, the data suggest that patient 

responder–associated bacteria may have a distinct effect on innate and adaptive immunity both 

locally and systemically. 

Two additional studies have identified an association of the commensal microbiome with 

anti–PD-1 mAb efficacy in different solid cancers (110, 114). Our approaches differ in the method 

of segregation of patients between R and NR groups and in some methods of analysis. Therefore, 

direct comparison of the differentially enriched commensal microbiota in R and NR patients across 

publications should be addressed with caution. Nonetheless, there is agreement with respect to a 

mechanistic impact of the microbiome on efficacy of anti–PD-1 immunotherapy because fecal 

transfer from R versus NR patients to GF mice was also able to recapitulate the patient phenotype. 

In addition to the microbiome, it is apparent that additional tumor and host factors can 

affect the efficacy of anti-tumor immunity and cancer immunotherapy. Tumor-intrinsic activation 

of the Wnt/β-catenin pathway (38) and deletion or mutation of Pten  (40) have been shown to lead 
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to deficient T cell infiltration into the tumor microenvironment and resistance to checkpoint 

blockade immunotherapy. Germline polymorphisms in immune regulatory genes also have the 

potential to influence the magnitude of spontaneous anti-tumor T cell responses (181). Our results 

described here open the avenue for integrating commensal microbial composition, along with 

tumor genomics and germline genetics, into a multiparameter model with which to maximize the 

ability of predicting which patients are likely to respond to immunotherapies such as anti–PD-1. 
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Chapter 4: The gut microbiome modulates innate 

immunity, impacting cancer immunotherapy in mice 

4.1 Responsiveness to PD-L1 blockade is inherited in offspring mice via the 

commensal microbiota  

Based on the data presented in Chapter 3 which support the connection between the gut 

microbiome and immunotherapy efficacy in patients, we sought to establish a robust model to 

study the influence of the microbiota on anti-tumor immunity and elucidate the mechanism of this 

effect. Given our initial evidence with mice reconstituted with stool from responder A (Patient 28) 

and compared to non-responder B (Patient 06), we decided to use this representative R and NR 

pair to pursue a more detailed understanding of immunological mechanisms. Due to the 

physiological defects present in germ-free (GF) mice, we first wanted to establish whether the 

differences we observed were an artificial effect of colonization as adults. This acute transfer of 

bacteria into mice that completely lacked a microbiome could lead to bacterial translocation to 

typically sterile organs such as the mesenteric lymph nodes and spleen due to compromised barrier 

function seen in germ-free mice. It also could lead to sudden re-shaping of host immune 

homeostasis. Therefore, to establish a model of more “naturally” colonized mice which acquire 

microbes from birth and follow a normal course of immunological development, we bred mice 

which had been colonized as adults with patient stool samples (referred to as Ex-GF) (Figure 

4.1A). The F1 generation, established from the Ex-GF founders, was then bred to establish an F2 

generation. Subsequently, we established a colony of naturally colonized offspring in a sterile 

isolator to maintain microbial diversity without outside contamination, and fecal material from 

these mice was used to colonized germ-free mice as necessary to compare to their naturally 

colonized counterparts. These multiple generations were then used to evaluate the stability and 

heritability of the microbiome and its effects on anti-tumor immunity.  
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We observed a similar pattern of B16.SIY tumor growth with anti-PD-L1 therapy in the A 

and B models when comparing the Ex-GF and naturally colonized F1 and F2 generations, with the 

A mice, colonized by the R, growing more slowly than the B mice colonized by the NR (Figure 

4.1B). These data support that the effect of the gut microbiome on tumor growth is not an artifact 

of acute bacterial colonization in adult mice and demonstrates that responsiveness to anti-PD-L1 

therapy can be inherited in offspring mice via the commensal microbiota.  

  
Figure 4.1 Responsiveness to PD-1/PD-L1 blockade is inherited in offspring mice via the 

commensal microbiota.  

(A) Experimental approach to establish a colony of naturally colonized microbiota avatar mice 

from an original patient sample. (B) Similar R/NR growth kinetics using B16.SIY with anti-PD-

L1 in Ex-GF and naturally colonized mice from the F1 and F2 generation. 

 

Given the conservation of the tumor growth phenotype over multiple generations, we 

performed 16S rRNA gene amplicon sequencing on fecal samples in to assess whether the 

composition of the gut microbiome was similarly preserved. Based on the beta diversity of the 

samples, we found that the original Ex-GF mouse samples and subsequent naturally colonized 

mice clustered together with the original patient donor sample from which they were derived from 

(Figure 4.2A). Additionally, no global shifts in bacterial diversity were apparent via the different 

A 
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modes of colonization. When comparing bacterial alpha diversity, or microbial richness, we found 

that the original R patient sample had higher diversity compared to the NR sample, and that 

difference in bacterial diversity was preserved in the avatar mice (Figure 4.2B). Comparing the 

relative abundance of taxa identified in all samples, 235 taxa were identified as differentially 

present between A and B mice (Figure 4.2C). These results demonstrate that these microbiota 

models are both experimentally robust and microbially distinct, offering the potential for novel 

discoveries into the mechanistic connection between the gut microbiome and anti-tumor immune 

response. 
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Figure 4.2 A stable and distinct gut microbiome is established between R and NR avatar mice 

with variable bacterial diversity and taxa.  

(A) Bray Curtis PCoA plot representing microbial diversity of 16S rRNA sequencing from stool 

samples distinguishes A and B mice based on patient donor, but not mode of colonization. (B) 

Microbial richness is greater in original R patient sample compared to NR patient and difference 

in diversity is preserved in avatar mice. (C) Unsupervised hierarchical clustering of OTUs which 

differ between Mice A and Mice B show distinct taxa present in each model.  
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To determine whether either of these reconstituted mouse colonies showed evidence for 

bacterial translocation, we assessed intestinal barrier function in non-tumor bearing mice. We 

found comparable levels of intestinal integrity by measuring circulating levels of FITC dextran 3.5 

hours after oral administration (Figure 4.3A-B). Additionally, we cultured cell suspensions 

isolated from the spleen and tumor to assess whether intestinally derived bacteria could be detected 

in those normally sterile organs. Germ-free mice were used as a negative control, and mice which 

received a 400-gray dose of total body irradiation, which had previously been shown to lead to 

bacterial translocation (107), were used as a positive control. In fact, there was no detectable 

systemic bacterial translocation or intra-tumoral bacteria in either model of naturally colonized 

mice 14 days after tumor transplantation (Figure 4.3C). These data collectively suggest that the 

two models develop barrier function equivalently and appear to lack detectable bacterial 

translocation. This observation is of particular importance within the tumor microenvironment, 

thus eliminating intra-tumoral bacteria as a possible explanation accounting for differences in anti-

PD-L1 efficacy observed between the models A and B.  
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Figure 4.3 Equivalent barrier function and absence of bacterial translocation in naturally 

colonized microbiota avatar mice.  

(A) Overview of experimental set up for Figure 4.3B. (B) No difference in intestinal barrier 

integrity or leakiness determined by circulating levels of FITC dextran of two different sizes in the 

serum of naturally colonized, non-tumor bearing mice. (C) There is no detectable systemic 

bacterial translocation or intra-tumoral bacteria in either model of naturally colonized mice 14 

days after tumor transplantation. Colony-forming units calculated per organ using anaerobic 

culture conditions. 

4.2 Differential tumor control between R and NR microbiota avatar with anti-PD-

L1 is immune-dependent.  

Given that the differences in tumor growth observed between models A and B become 

more pronounced upon the addition of immune-activating anti-PD-L1 therapy, with B mice 

unresponsive to treatment while A mice control tumors better, we expected that these differences 

were reliant on the immune system. To test whether the differences in tumor growth between A 

and B were immune-dependent, we used antibodies to deplete CD8+ T cells. We found that in the 

absence of CD8+ T cells, tumors in A and B grew with equivalent kinetics (Figure 4.4). These 

findings underscore that the difference between A and B is immune-dependent and requires the 

A 
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adaptive immune response, specifically CD8+ T cells. Thus, the mechanism explaining improved 

tumor control in A mice is likely connected to improved anti-tumor T cell responses.   

Figure 4.4 CD8+ T cells are required for tumor growth differences between R and NR.  

Tumor growth kinetics of B16.SIY in ex-GF A and B mice treated with anti-PD-L1 and CD8β 

depleting antibodies administered weekly starting one day prior to tumor transplantation. 

4.3 A combination of immune-potentiating and immune-inhibiting bacteria are 

likely modulating anti-PD-L1 efficacy 

Having established that the difference in anti-PD-L1 efficacy between the two models was 

immune-dependent, we next investigated the directionality of the effect of the microbiome on anti-

tumor immunity. More precisely, we wanted to test whether poor responsiveness to anti-PD-L1 

therapy in B mice versus A mice is due to insufficient presence of immune-potentiating bacteria 

versus over-abundance of immune-inhibitory bacteria. To test the pro- and anti-tumor effects of 

the microbes present in these two microbiota models, we used a combination of antibiotics to 

deplete the abundance and diversity of the microbiome, in addition to fecal matter transfer (FMT) 

between models (Figure 4.5A). Through these various intervention strategies, numerous bacteria 

in A and B were depleted and transferred (Figure 4.5B). We found that administration of A 

microbiota to B mice via FMT improved tumor control, supporting that beneficial microbes 

present in A mice could confer benefit to these previously non-responding mice (Figure 4.5C). 

The beneficial effect of the A FMT to B mice become more pronounced with broad-spectrum oral 
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antibiotics prior to FMT administration, eliminating more of the native B microbiota and allowing 

for the establishment of more bacteria from A mice, which likely offered greater efficacy over 

FMT without pre-treatment with antibiotics (Figure 4.5C). In contrast, administration of B FMT 

significantly impaired tumor control in A mice, suggesting that when administered concurrently 

with anti-PD-L1, detrimental bacteria present in B could overcome the beneficial effects of the 

microbiota initially established in A mice (Figure 4.5D). Similarly, pre-conditioning with 

antibiotics before B FMT in A mice further worsened tumor control, with equivalent tumor growth 

kinetics to B mice (Figure 4.5D). Antibiotics alone also caused a moderate increase in tumor 

growth in A mice, supporting the notion that beneficial microbes are being depleted (Figure 4.5E). 

In contrary, treatment of B mice with antibiotics alone improved tumor control, theoretically by 

reducing numbers of detrimental bacteria (Figure 4.5F). 

These data have important implications for the multiple mechanisms by which the 

microbiota can affect the anti-tumor immune response in these two models. The gut microbiome 

can both potentiate tumor control, as in the A model, or impair anti-tumor responses, as observed 

in B mice. The fact that reciprocal FMT can either potentiate or impair immune-mediated tumor 

control, depending on the nature of the donor and recipient, argues that the ratio of beneficial to 

inhibitory bacteria may be critical for therapeutic efficacy. Studying the bacteria in A mice which 

are transferred upon FMT and confer improved tumor control in B mice, as well as the reverse 

(bacteria from B mice which worsen tumor control in A mice) will help narrow in on a subset of 

potentially immune-modulating bacteria (Figure 4.5B). In addition, these data are important when 

considered in light of the somewhat conflicting data regarding the use of antibiotics and bacterial 

diversity as it relates to immunotherapy efficacy in cancer patients (182).  
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Figure 4.5 Manipulation of the gut microbiome through antibiotics or FMT suggests both 

the presence of detrimental taxa in NR avatar and beneficial taxa in R avatar.  
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Figure 4.5 (continued) 

(A) Overview of experimental approach to test the effect of modulating the gut microbiome. (B) 

Relative abundance of 112 taxa assigned using the Silva classifier and differentially present in A 

and B mice across the different treatment conditions. (C-F) Tumor growth kinetics in naturally 

colonized mice using different intervention strategies with the B16.SIY tumor cell line.  

4.4 Distinct gene expression patterns across immune infiltrate in R v NR microbiota 

avatar mice  

Having established that the difference between model A and model B is immune- 

dependent and is likely influenced by the contribution of both immune-potentiating and immune-

inhibitory microbes, we next assessed the impact of these two microbiotas on the detailed 

composition of the anti-tumor immune response. Given the multiplicity of effects that the 

microbiome can theoretically have on immune responses, including an impact on multiple different 

cell types, we employed an unbiased approach to study the changes in the identity and gene 

expression of the immune infiltrate in tumors from A and B mice using single cell RNA sequencing 

(scRNAseq) (Figure 4.6A-B). Briefly, we isolated CD45+ immune cells from tumors 14 days post-

transplantation in A and B mice with or without anti-PD-L1 treatment and processed the samples 

for single cell gene expression profiling. The following results include these four conditions from 

two independent experiments for 8 samples total.  
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Figure 4.6 Unbiased approach to identify differences in immune infiltrates R and NR 

microbiota models using single cell RNA sequencing.  

(A) Experimental setup to obtain tumor-infiltrating immune cells for 3’ single cell RNA 

sequencing. (B) Overview of data analysis pipeline. 
 

Using an unbiased analysis, we identified 32 stable cell clusters which were manually 

annotated based on gene expression (Figure 4.7A-B). One cluster (cluster 28) consisted of 

contaminating tumor cells (0.2%) and four others (2, 15, 19 and 27) were marked as low quality 

including suspected dead or dying cells (based on low read counts and high mitochondrial gene 

expression) as well as putative doublets (based on an unexpected pattern of both myeloid and 

lymphoid gene expression). Of the remaining 27 clusters, a distinction between lymphoid and 

myeloid lineage was evident across UMAP dimension 1. The group of lymphoid clusters consists 
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of NK cells (cluster 0, expressing Klrb1c or NK1.1) and T cells (clusters 7, 8, 13, 17 and 25 

expressing CD3) including various CD8+ T cell subsets as well as CD4+ Foxp3+ Tregs. A separate 

cluster marked by CD19 expression distinguished B cells (clusters 21 and 31). Among the non-

lymphoid cells, the myeloid cluster consisted of cells marked by the neutrophil-specific marker 

S100a9 (clusters 11 and 22). A group of multiple clusters expressed macrophage-associated F4/80 

(Adgre1) and could be distinguished by variable MHC-II expression among other markers, likely 

representing a continuum of monocytes and macrophages. Because of the ambiguous definition, 

these cells are collectively termed “Myeloid populations” and further categorized into two groups: 

“MHC-II high” (clusters 1, 4, 5 and 12) and “MHC-II low” (clusters 3, 6, 14 and 26). Two 

additional clusters (clusters 24 and 29) expressed low levels of F4/80 but were distinct from the 

previously described myeloid cell clusters via UMAP dimension 2 (clusters 24 and 29). These 

cells expressed high levels of genes characteristic of basophils and mast cells including Mcpt8 and 

Gata2. The remaining clusters included five DC populations. Two of the five clusters expressed 

CD11b (Itgam) and were either CD301b+ (cluster 18) or CD209+ (cluster 9). The remaining three 

DC clusters included plasmacytoid DCs based on expression of Siglec-h (cluster 20), and CD103+ 

DCs based on CD103 (clusters 25 and 30), as well as the recently described CCR7+ mregDCs 

(cluster 16)  (183). 
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Figure 4.7 Identification of tumor-infiltrating immune cell populations by scRNAseq. 

(A) UMAP reduction of tumor-infiltrating immune cells from all samples based on unsupervised 

clustering of scRNAseq. (B) Log transformed, normalized gene expression for indicated 

transcripts used to annotate clusters.  
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Once clusters had been annotated based on their gene expression patterns, we next 

evaluated whether the different commensal microbiota resulted in altered immune populations 

within the tumor. We observed no major expansion or contraction of any cluster across the four 

conditions (Figure 4.8A). When clusters were grouped by their cell type, only the proportion of 

MHC-IIhigh myeloid cells was significantly different between A and B in the absence of 

immunotherapy, with a greater proportion present in A mice compared to B, and a similar but non-

significant trend was observed in mice which treated with ani-PD-L1 (Figure 4.8B).  

We next asked whether gene expression was altered within the same cell types across the 

microbiota models. We performed differential expression analysis and found across all clusters a 

greater number of differentially expressed genes (DEGs) present when comparing the models A 

and B without treatment (DEGs = 3,055) compared to A and B treated with anti-PD-L1 (DEGs = 

629) (Figure 4.8C). We speculate that this may be due to the strong effect of anti-PD-L1 therapy 

on gene expression, masking the effect of the microbiota at the time point assessed which was one 

day after the third dose of anti-PD-L1. MHC-IIhigh myeloid cells displayed the greatest number of 

DEGs in both comparisons with and without treatment, making up 35.6% and 26.8% of the total 

DEGs, respectively. Among the non-treated comparison, the largest number of differentially 

expressed genes within a single cluster was the IFN-γ+ CD8+ T cell cluster, comprising 16% of all 

DEGs. In the comparison between anti-PD-L1 treated conditions, the single cluster with the 

greatest number of differentially expressed genes was one of two granulocyte clusters, which 

collectively accounted for 29.3% of all DEGs. Given that these three populations—IFN-γ+ CD8+ 

T cells, MHC-IIhigh myeloid cells, and granulocytes—had the greatest number of differences in 

gene expression, further analysis on the DEGs was performed to understand the impact of the 

microbiome on these cell types.  
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Figure 4.8 Distinct gene expression patterns across intra-tumoral immune cells in R v NR 

microbiota avatar mice. 

 

A 

B 

C 



80 

Figure 4.8 (continued) 

(A) UMAP projection of the four conditions including both biological replicates show no major 

shifts among clusters. (B) Percent of cells within major immune cell subtypes for each sample.  

Significant comparisons determined by two-way ANOVA corrected for multiple comparisons. (C) 

Differentially expressed genes across conditions where the percent of differentially expressed 

genes within a given cluster or cell type is represented by the proportion of the circle.  

4.5 Tumor-infiltrating CD8+ T cells are more activated in R mice compared to NR  

We had previously observed a greater proportion of tumor-antigen specific CD8+ T cells 

in A mice compared to B mice (Figure 3.11) and so many DEGs within the IFN-γ+ CD8+ T cell 

population was consistent with our expectations for an improved CD8+ T cell response in A mice. 

Additionally, we had established that CD8+ T cells were required for B16.SIY tumor growth 

differences between models A and B through depletion experiments. The IFN-γ+ CD8+ T cell 

cluster is likely the main T cell cluster responsible for anti-tumor control within the tumor 

microenvironment, given its high expression of IFN-γ compared to the other T cell clusters as well 

as the functional importance of IFN- for immune-mediated tumor rejection. Analysis of the DEGs 

within this cluster identified multiple markers associated with T cell activation and function 

increased in A mice compared to B (Figure 4.9A-B). CD8+ T cells in B mice expressed very low 

levels of LAG-3, 4-1BB, PD-1 and TIM-3, indicating a reduced proportion of T cells showing 

evidence for activation. With the addition of anti-PD-L1 Ab treatment in B mice, T cells expressed 

slightly higher levels of these markers as expected, but still at levels lower than A mice. Similarly, 

the expression level for cytotoxic molecules perforin and granzyme was very low in B mice 

compared to A mice. These data support that A mice have a quantitatively superior anti-tumor 

CD8+ T cell response based on gene expression.  

To confirm the more activated CD8+ T cell response we found in A mice via single cell 

RNA sequencing, we analyzed tumor-infiltrating T cells at endpoint by flow cytometry. Compared 

to B mice, A mice had increased frequency of CD44hi PD-1+ CD8+ T cells within the tumor 
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consistent with increased activation (Figure 4.9C). We also found a higher percent and greater 

accumulation of tumor-antigen specific CD8+ T cells using the MHC class I SIY peptide pentamer 

(Figure 4.9D-E). These data support that in A mice, tumor-infiltrating T cells have a more activated 

phenotype which is modulated either indirectly or directly by the gut microbiome. 

Figure 4.9 More activated CD8+ phenotype T cell response in R mice compared to NR.  

(A) Volcano plot of differentially expressed genes between models A and B within the IFN-γ+ 

CD8+ T cell cluster. (B) Violin plot of selected markers of T cell activation and exhaustion. (C-E) 

Flow cytometry at endpoint in B16.SIY tumors treated with anti-PD-L1. (C) Increased expression 

of CD8+ T cell activation markers CD44 and PD-1 in A. (D-E) Increased accumulation of tumor 

antigen specific CD8+ T cells using MHC-I/SIY pentamer in A mice compared to B by percent 

(D) and total number per gram tumor (E). 
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4.6 The gut microbiome influences the polarization of tumor-associated 

macrophages in the tumor microenvironment  

The MHC-IIhigh myeloid cells were the only cell type which differed by percentage between 

A and B (Figure 4.8B) and also included the greatest number of DEGs (Figure 4.8C) across both 

the treated and untreated conditions. Inspection of the most significant DEGs across all MHC-IIhigh 

myeloid cell clusters revealed many genes associated with M2, or pro-tumor, macrophages that 

were more highly expressed in B mice compared to A which expressed higher levels of genes 

associated with M1, or anti-tumor, macrophages (Figure 4.10A). These patterns of M1 and M2 

gene expression were consistent across all four clusters of the MHC-II+ myeloid cell types (Figure 

4.10B).  
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Figure 4.10 Tumor-associated macrophages in NR mice have more M2 gene expression 

profile vs M1 phenotype in R.  

(A) Volcano plot of differentially expressed genes between models A and B in the four clusters 

comprising the MHC-II+ myeloid cells class. Highlighted are typical M2 (left, blue) and M1 (right, 

orange) associated gene expression markers. (B) Violin plots of normalized gene expression for 

select M1 (top) and M2 (bottom) genes across the four MHC-IIhigh myeloid cell clusters.  

We next wanted to validate the differential M1/M2 polarization we observed via gene 

expression within the myeloid compartment by flow cytometry. We classified tumor-associated 

macrophages (TAMs) as live CD45+CD3-CD19-NK1.1-Ly6G-Ly6C-CD11b+F4/80+. Within this 

F4/80+ population we observed an MHC-IIlow population and an MHC-IIhigh population. These 

flow data are consistent with our scRNAseq observations which identified two subclasses within 
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the larger myeloid cell type (MHC-IIlow and MHC-IIhigh), as well as an MHC-IIlow 

polymorphonuclear cell cluster. Based on our single cell data, we specifically analyzed MHC-IIhigh 

F4/80+ macrophages. We used the markers CD206 (Mrc1) and CD86 to distinguish between M1 

macrophages (CD86+ CD206-) and M2 macrophages (CD206+ CD86-). Consistent from our 

scRNAseq data, we observed that macrophages in B mice expressed higher levels of CD206 and 

greater proportion were classified as M2 (Figure 4.11A-B). Conversely, TAMs in A mice 

expressed higher levels of CD86 and an increased percent were M1 macrophages (Figure 4.11C-

D).  

Because macrophage polarization is influenced by environmental cues, we assessed serum 

cytokine levels to determine whether there was evidence of cytokines capable of supporting 

macrophage differentiation towards either the M1 or M2 state. We found increased levels of IFN-

γ in the serum of A mice compared to B, a cytokine which helps promote M1 polarization (Figure 

4.11E). We also found higher levels of IL-12p70 as well as CXCL5 in A mice, both of which are 

M1-secreted factors (Figure 4.11F-G). These data are indicative of circulating factors which are 

conducive to M1 polarization in the A mice and are indicative of an overall more pro-inflammatory 

(anti-tumor) immune state.  
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Figure 4.11 Increased M1 macrophage markers in TAMs and circulating levels of M1-

associated cytokines in R mice compared to NR.  

Flow and cytokine samples were collected from B16.SIY bearing mice treated with anti-PD-L1 at 

tumor endpoint (A-G). (A) Representative histogram of M2 associated marker CD206 (Mrc1) in 

TAMs and quantification by MFI in TAMs. (B) Percent of M2 macrophages in tumor. (C) 

Representative histogram of M1 associated marker CD86 in TAMs and quantification by MFI. (D) 

Percent of M1 macrophages in tumor. (E-G) Serum levels of indicated cytokines and chemokines. 

4.7 The gut microbiome impacts the phenotype of granulocytic cells within the 

tumor microenvironment and alters numbers systemically  

The neutrophil/granulocyte clusters were an unexpected population of interest, 

representing only about only 8% of total immune cells on average, but accounting for 15.4% and 

29.3% of total DEGs in the baseline and anti-PD-L1 treated comparisons, respectively. As 

described previously (Chapter 1.1), tumor-associated neutrophils (TANs) can have both pro- or 
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anti-tumor functions, depending on their cell state and at different stages of tumor development. 

We asked whether neutrophils from the two models differed based on their gene programs towards 

either a pro-inflammatory neutrophil or a granulocytic myeloid-derived suppressive cell (G-

MDSCs). Using a gene set developed using scRNAseq to distinguish between these two cell states 

(184), we observed TANs in B mice had increased expression of genes associated with G-MDSCs 

compared to A mice (Figure 4.12A). MDSC-related genes included Ptgs2 (or COX-2), Cebpb, 

S100a8 and S100a9 (185) (Figure 4.12B). Further confirming these findings, using an unrelated 

gene set including genes up-regulated in comparison of neutrophils versus G-MDSCs (186) we 

found that the neutrophils from A mice expressed higher levels of genes characteristic of typical 

neutrophils, compared to the immune-inhibitory MDSC phenotype (Figure 4.12C). Markers to 

distinguish classical neutrophils versus G-MDSCs have not been well established, however, CD44 

gene expression has recently been associated with G-MDSC and was the most significant DEG 

with greater expression in B mice compared to A within the neutrophil clusters (Figure 4.12D). 

By flow cytometry we confirmed higher expression of CD44 in B16.SIY tumor-infiltrating Ly6G+ 

neutrophils in B mice compared to A, confirming a more MDSC-like phenotype (Figure 4.12E). 

Collectively, these data indicate that both macrophages and neutrophils within the tumor 

microenvironment can be shifted by the microbiota, leading to either a more immune-suppressive 

state (as observed in B mice) or a more pro-inflammatory and anti-tumor state (as seen in A mice).  
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Figure 4.12  Increased MDSC-like gene expression in tumor-infiltrating granulocytes from 

NR mice compared to R. 

(A) Normalized gene expression of G-MDSC specific gene set in combined neutrophil clusters. 

(B) Violin plot of common transcription targets associated with MDSC polarization. (C) GSEA of 

genes up-regulated in comparison of neutrophils vs G-MDSCs using genes ranked by fold change 

of A expression over B. (D) Volcano plot of differentially expressed genes between models A and 

B in neutrophil cluster 11 highlighting CD44. (E) MFI of CD44 on Ly6G+ neutrophils in B16.SIY 

tumors treated with anti-PD-L1 at endpoint.  
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Because we observed changes in the neutrophils within the tumor microenvironment, we 

next asked whether we could find evidence of alterations within this population systemically. A 

more global change among neutrophils between the two models would be supportive that these 

cells are directly influenced by the microbiome. We first looked within the circulation of naïve, 

non-tumor bearing mice to ascertain any effects of the microbiome in the absence of a tumor. It 

has been previously shown that tumors can lead to extramedullary hematopoiesis and increased 

peripheral polymorphonuclear cells (187). In the blood of germfree animals, we found very low 

levels of Ly6G+ neutrophils initially, but post colonization with either A or B fecal material, 

observed a marked increase (Figure 4.13A) with a greater expansion of this population in B mice 

compared to A (Figure 4.13B). Similarly, in the circulation of naturally colonized A and B mice, 

we also saw an increased proportion of Ly6G+ neutrophils in B mice compared to A (Figure 

4.13C). These data are supportive of direct effects of the microbiota on granulocyte number and 

differentiation state. 

We next wanted to evaluate changes among neutrophil numbers within immune organs in 

B16.SIY tumor-bearing animals. We found an increase in the percent of Ly6G+ neutrophils in the 

spleen (Figure 4.13D) and in the mesenteric lymph nodes (Figure 4.13E) of B mice at endpoint. 

An increase within the intestinal-associated lymph nodes is suggestive of a direct link between the 

microbiota and expansion of Ly6G+ neutrophils. There were no changes in the total number of 

neutrophils in the tumor, in line with scRNAseq results which find no difference in proportion, but 

rather phenotypic changes within these cells (Figure 4.13F).  
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Figure 4.13 Increased frequency of Ly6G+ granulocytes in the blood and lymphoid tissues of 

NR mice compared to R mice by flow cytometry. 

(A) Percentage of Ly6G+ neutrophils in the blood of germfree mice prior to colonization and 2 

weeks post colonization with A or B fecal material. (B) Fold change increase in Ly6G+neutrophils 

post colonization. (C) Percentage of Ly6G+ neutrophils in the blood of non-tumor bearing naturally 

colonized A and B mice. (D-F) Quantification of Ly6G+ neutrophils at B16.SIY tumor endpoint. 

Percent of Ly6G+ neutrophils in the spleen (D) and mesenteric lymph nodes (E). Total number of 

Ly6G+ neutrophils per gram tumor (F).  

4.8 The gut microbiome differentially poises innate immune cells to produce type I 

IFNs globally and within the tumor microenvironment  

We next wanted to determine what additional cell types, beyond neutrophils, were altered 

across the two models by analyzing immune cells within the gut associated lymphoid organs and 

in the spleen. We hypothesized that populations which were altered systemically were more likely 

directly modulated by the gut microbiota and made good candidates to compare to our analysis 

within the tumor to establish a logical link between the microbiota and tumor microenvironment. 

We identified an increase in the percent of CD8α+ DCs in the spleen and in the mesenteric lymph 

nodes of A mice compared to B (Figure 4.14A-B). CD8α+ DCs, in addition to CD103+ DCs, are 
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classified as Batf3-lineage DCs, and are key immune mediators based on their superior capability 

for cross-presenting antigen to CD8+ T cells.  

Batf3 DCs play an essential role in the anti-tumor immune response via multiple 

mechanisms. They are essential for cross presenting tumor-derived antigen to CD8+ T cells in the 

tumor draining lymph node and provide co-stimulation in the tumor. Additionally, Batf3 DCs 

contribute to the production of type I interferons (IFNs) in the tumor microenvironment which 

enhances the anti-tumor immune response in multiple ways, including through the activation and 

maturation of DCs and via the recruitment of CD8+ T cells. Mirroring the changes observed in the 

spleen and MLNs, we found an increased proportion and density of both CD103+ and CD8α+ DCs 

in B16.SIY tumors from A mice compared to B (Figure 4.14C-G).  

 

Figure 4.14 Batf3-lineage DCs are expanded peripherally and in the tumor 

microenvironment in R mice compared to NR. 

Flow cytometric evaluation of DCs in A and B mice at B16.SIY tumor endpoint. (A-B) Proportion 

of CD8α+ DCs in the spleen (A) and mesenteric lymph nodes (B). (C) Representative gating of 

CD103+ and CD8α+ DCs in the tumor. (D-G) Percent and absolute number per gram tumor of 

CD103+ DCs (D, E) and CD8α+ DCs (F, G) in the tumor.  
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We next wanted to test how the gut microbiota might confer different anti-tumor properties 

to DCs within these two models. We first tested whether the gut microbiome influenced DCs 

ability to prime T cells. We isolated DCs from the spleen of A and B mice and tested their capacity 

to stimulate TCR transgenic T cells, 2C T cells, ex vivo. We found DCs from A and B mice resulted 

in equivalent T cell proliferation quantified by dilution of cell-trace violet (CTV), and that T cells 

produced equal levels of IFN-γ and TNF-α across all concentrations of cognate peptide tested 

(Figure 4.14A-B). This result suggested no intrinsic difference in the capacity of DCs to prime 

naïve T cells. We next tested T cell proliferation in vivo, by transferring CTV-labeled TCR-

transgenic T cells (2C T cells), which recognize the tumor antigen SIY, to mice bearing B16.SIY 

tumors (Figure 4.14C). Three days later, the tumor draining lymph node was processed and 

resulting cell suspension re-stimulated with SIY peptide to assess T cell proliferation and function. 

We found equal dilution of CTV (Figure 4.14D-E) and equivalent capacity to produce IFN-γ and 

TNF-α (Figure 4.14F-G) in recovered 2C T cells isolated from A and B mice. These data support 

that there is no DC intrinsic difference in T cell priming, and that the magnitude of T cell priming 

appears to be equivalent in the two models, A and B. These results, in concert with our previous 

analysis of the tumor microenvironment, suggest that the gut microbiome in these model systems 

has the most profound effect within the tumor microenvironment during the effector phase of the 

anti-tumor immune response, downstream from T cell priming.  
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Figure 4.15 Equivalent T cell priming in vivo and in vitro suggests no intrinsic difference in 

DCs ability to prime T cells early in immune response. 

(A) Percent of undiluted, or non-proliferated, 2C T cells stimulated with DCs isolated from the 

spleen of either A or B mice across varying peptide concentrations. (B) Percent of IFN-γ and TNF-

α double positive cells of total 2C T cells. (C) Experimental approach to study microbiota effect 

on T cell priming in vivo, results shown in D-G. (D) Representative plot of 2C CTV dilution. (E) 

Quantification of D shows no difference in T cell proliferation in the tumor-draining lymph nodes. 

(F) Representative flow plot showing IFN-γ and TNF-α staining in ex-vivo stimulated 2C T cells. 

(G) Quantification of F shows no difference in T cell cytokine production.  
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Within the tumor microenvironment another key responsibility for DCs is to produce type 

I IFNs. As a readout of type I IFN signaling, we calculated an interferon-alpha/beta receptor 

(IFNAR) gene signature score, which integrates expression of multiple genes upregulated in 

response to type I IFN signaling. Using the single cell RNAseq data, we observed a higher IFNAR 

gene signature across all MHC-IIhigh and CD11b+ DC clusters in A mice compared to B, indicative 

of greater type I IFN signaling (Figure 4.16A). One of the effects of type I IFNs in the tumor 

microenvironment is increased activation and maturation of DCs. We assessed DCs activation in 

the tumor microenvironment based on the expression of co-stimulatory markers CD80 and CD86. 

DCs from A mice expressed higher levels of both CD80 and CD86, indicating that they are more 

activated (Figure 4.16B). Gene expression and flow cytometric analysis of immune infiltrate and 

activation status all support a stronger coordinated adaptive immune response in A mice compared 

to B, in part stemming from increased type I IFN production in the tumor microenvironment.  

Based on our observations indicating increased type I IFN signaling in the tumor 

microenvironment of A mice compared to B, we next asked whether the microbiome could confer 

innate immune cells with differential capacity to produce type I IFNs. To test type I IFN 

production, we isolated bulk myeloid cells from the spleen of A and B mice and stimulated using 

the synthetic STING agonist, DMXAA (Figure 4.17A). We then measured the production of the 

type I IFN, IFN-β, by qPCR after 2 hours. In response to DMXAA, myeloid cells isolated from A 

mice expressed more IFN-β compared to those from B mice (Figure 4.17B). There was no 

difference in the basal levels of IFN-β expression (Figure 4.17C), pointing towards a distinct state 

where immune cells are differentially poised to sense and respond to STING agonists, rather than  
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Figure 4.16 Increased IFNAR signaling in R mice compared to NR within the tumor 

microenvironment.  

(A) IFNAR gene signature score in MHCIIhigh myeloid cells and CD11b+ DCs calculated from 

single cell RNAseq. (B) Higher activation status of in intra-tumoral DCs based on MFI of CD86 

and CD80 on DCs in endpoint B16.SIY tumors by flow cytometry.  
 

a non-specific difference in the general production of IFN-β. Upon myeloid cell isolation, we 

found no significant differences in cell types present (Figure 4.17D), suggesting that the difference 

in IFN-β expression is the product of cell-intrinsic differences between A and B, rather than a shift 

in the proportion of immune cells that might have a greater potential to produce IFN-β. 

Collectively, these data suggest that innate immune cells of A mice are preferentially positioned 

to produce greater amounts of IFN-β in response to endogenous STING signals within the tumor 
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microenvironment. Given that we observed the heightened capacity to produce IFN-β in cells 

isolated from the spleen, this result is suggestive of a global mechanism by which the microbiota 

can influence immune cell function in the periphery.  

 

 

Figure 4.17 Splenic myeloid cells from A mice produce more IFN-β in response to a STING 

agonist compared to B mice. 
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Figure 4.17 (continued) 

(A) Method used to evaluate STING signaling potential in innate immune cells from A and B 

mice. (B) Induction of IFN-β expression is greater in myeloid cells isolated from A mice compared 

to B after stimulation with STING agonist DMXAA. Combination of three independent 

experiments, N = 10. (B) No difference in baseline expression of IFN-β (without stimulation). (C) 

No difference in the percentage of immune cell subsets post-isolation. Tested by 2-way ANOVA. 

(D) Experimental method for evaluating the effect of LPS pre-treatment on IFN-β expression post 

DMXAA treatment. (E) Pre-treatment with LPS results in decreased IFN-β production after 

stimulation with DMXAA. (B-D,F) Error bars represent SEM. 
 

We next wanted to test whether bacteria-derived products can directly influence STING 

signaling and impact the capacity for IFN-β production. As a proof of principle that signals derived 

from the gut microbiome might differentially poise immune cells to respond to subsequent 

stimulation, we pre-treated immortalized macrophages with varying levels of lipopolysaccharide 

(LPS), which is found in the outer membrane of gram-negative bacteria. One day later we removed 

the LPS, washed cells, and stimulated with DMXAA (Figure 4.17E). Macrophages which were 

pre-treated with even low levels of LPS (5 ng/mL) expressed significantly lower levels of IFN-β 

mRNA compared to macrophages which had not been pre-treated (Figure 4.17F). These results 

suggest that prolonged exposure to microbial products can impair subsequent responses critical to 

the anti-tumor immune response. While not definitively applicable in the case of models A and B, 

these data are suggestive that chronic stimulation provided by the gut microbiome have the 

potential to impede the ability of innate immune cells to produce type I IFNs, which would hamper 

anti-tumor immunity and potentially contribute to decreased immunotherapy efficacy.  

4.9 Tumor kinetics and innate immune response share similar features in colon 

cancer model 

We next wanted to investigate whether an unrelated tumor model would recapitulate the 

responder/non-responder phenotype in A versus B mice as had been seen with B16.SIY melanoma. 

We therefore turned to the MC38 colon cancer model, which also can be responsive to 
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immunotherapies when implanted subcutaneously in vivo. Indeed, using MC38 we also observed 

faster tumor growth in B mice compared to A with anti-PD-L1 therapy (Figure 4.18A), confirming 

the phenotypes observed with the melanoma model B16.SIY.  

Figure 4.18 Tumor kinetics and innate immune response using colon cancer cell line shares 

features with melanoma model in A and B mice. 

(A) Tumor growth with subcutaneous injection of MC38 cell line in naturally colonized A and B 

mice. (B-I) Analysis of MC38 tumor immune infiltrate at endpoint by flow cytometry. (B) No 

difference in percent of CD8+ T cells. (C) No difference in the proportion of activated LAG-3+ 

PD-1+ CD8+ T cells. (D) No difference in the percentage of CD103+ DCs. (E) DCs from A mice 

express higher levels of MHC-II, associated with increased activation. (F) Neutrophils in A mice  
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Figure 4.18 (continued) 

express higher levels of MDSC-associated marker, CD44. (G) Increased number of M1 

macrophages in A mice compared to B. (H) Positive association between endpoint tumor weight 

and M2 to M1 ratio in the tumor. (I) Increased percentage of NK cells in A mice compared to B. 

 

Given a similar tumor growth phenotype, we assessed whether the immune infiltrate in 

MC38 shared patterns with those observed in the B16.SIY model. At tumor endpoint, we did not 

see any difference in the percent of CD8+ T cells in the tumor, or in the percentage of PD-1+LAG-

3+ CD8+ T cells (Figure 4.18B-C). In contrast to the B16.SIY model, this data suggests that CD8+ 

T cells are less essential for the differences observed between A and B. We also observed no 

difference in the proportion of CD103+ DCs in the tumor (Figure 4.18D), however, DCs within 

the tumor of A mice appeared more activated based on MHC-II expression (Figure 4.18E). Among 

the Ly6G+ neutrophils, we saw a higher MFI of the MDSC-associated marker CD44 in A mice 

compared to B (Figure 4.18F). This differs with our previous observations in B16.SIY, where we 

had characterized more MDSC-like neutrophils in B compared to A (Figure 4.12). Within the 

tumor-associated macrophage population, we observed an increase in the number of M1, or anti-

tumor, macrophages in A compared to B (Figure 4.18G). This follows the same pattern we 

observed in B16.SIY (Figure 4.11). Importantly, as the ratio of M2 to M1 macrophage in the tumor 

increased, tumor weight at endpoint similarly increased (Figure 4.18H). These data support that 

the ratio of M2 to M1, or the balance between pro- and anti-tumor macrophages, is related to tumor 

progression. Potentially contributing to the difference in tumor growth observed between A and 

B, the proportion of NK cells was greater in A mice compared to B mice (Figure 4.18I). Like their 

interaction with T cells, TAMs can either activate or inhibit NK cells in the tumor 

microenvironment depending on their polarization (188). Increased M1 macrophages in A mice 

may account for increased numbers of NK cells and contribute to slower tumor growth.  
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These data suggest that in this second tumor model, MC38, while A and B mice have 

similar differential tumor growth kinetics as seen with B16.SIY, the specific mechanisms 

responsible for the phenotype may be slightly different between tumor models. However, some 

features, including DC activation and increased M1 macrophages in A mice, are similar to the 

B16.SIY model.  

4.10 A lower M2-to-M1 macrophage ratio in the tumor is associated with resistance 

to anti-PD-1 in metastatic melanoma patients 

We reasoned that a shared immune feature across two cancer models increases its 

likelihood of being a more general immunological mechanism by which the microbiota can 

influence anti-tumor immunity. Therefore, given the consistent changes we saw in the TAM 

populations, we next investigated whether the ratio of M1 and M2 macrophages was associated 

with clinical response to anti-PD-1 in melanoma patients. Using a gene signature-based method 

used to infer immune cell types called xCell (167), we calculated an M1 macrophage and M2 

macrophage enrichment score for each patient using RNA sequencing from pre-treatment tumor 

biopsies and divided these values to assign an M2 to M1 ratio.  

Patients who showed progressive disease and did not benefit from anti-PD-1 tended to have 

tumors with a higher M2 to M1 ratio compared to those that responded to therapy, with a general 

trend of better outcomes being associated with a lower M2:M1 score (Figure 4.19A). By plotting 

the change in tumor size according to the M2:M1 ratio, we found that the degree of tumor 

shrinkage was negatively correlated with a higher M2:M1 ratio (Spearman’s Rho = 0.5, p value = 

0.06) (Figure 4.19B). Despite the small sample size (n = 15), these results suggest that TAM 

polarization in the tumor prior to treatment is associated with subsequent response to 

immunotherapy.  

 



100 

 

 

Figure 4.19 A higher M2:M1 gene signature ratio in baseline tumor samples is associated 

with worse response with immune checkpoint blockade and decreased tumor-infiltrating T 

cells and DCs. 

(A) Ratio of M2 Macrophage to M1 Macrophage enrichment score in tumor biopsy samples prior 

to immunotherapy categorized by patient response to treatment. (B) Association between RECIST 

Response, or change in target lesion, and M2:M1 score. Rho and p value calculated using 

Spearman correlation. (C-D) Linear correlation between M2:M1 ratio and CD8+ Tem (C) and cDC 

score (D). Calculated R and p value using Pearson correlation. 

 

We additionally wanted to evaluate how M2:M1 ratio was related to other immune features 

within the tumor, including those which have been associated with treatment efficacy. Using the 

same method, xCell, to deconvolute bulk RNAseq into cell types we generated a CD8+ T cell 

effector memory (CD8+ Tem) score and a conventional DC (cDC) score. As the M2:M1 ratio 

decreased, the CD8+ Tem and cDC score increased (Figure 4.19C-D). These data suggest the 
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higher the ratio of M2:M1 macrophages, the less permissive the tumor microenvironment is for a 

productive T cell response, likely accounting for worse outcomes with immunotherapy. Our 

preclinical data, which demonstrate that the microbiome can lead to variable myeloid immune 

states and alter macrophage polarization, underscores the importance of understanding the link 

between the gut microbiota and TAMs further.  

4.11 Summary of findings  

Motivated by our observations that the gut microbiome is associated with immunotherapy 

efficacy in patients, we have developed a clinically relevant mouse model to study the effect of 

the microbiome on anti-tumor immunity. We identified a prototypical responder microbiota model 

(A) and a non-responder (B) to use as the foundation of our studies. Our goal was to use the mouse 

model as a tractable system to interrogate mechanistic details to develop novel hypotheses to 

correlate back in patients. We established a system using exclusively human commensals and 

showed that our models are stable over multiple generations and exhibit no obvious physiological 

defects. We also established a bi-directional effect of the gut microbiome, where B mice, with poor 

tumor control, have detrimental microbes and conversely A mice, with strong tumor control, have 

beneficial commensals.  

Using these models, we ascertained that the effect of the gut microbiome on tumor growth 

is T cell-dependent and identified key immune features which differ between our responder and 

non-responder model. Figure 4.19 summarizes the main findings in the B16.SIY model. Overall, 

we find that the gut microbiome alters anti-tumor immunity by shifting representation of immune 

populations systemically and differentially poising innate immune cells. In the B mice, this 

manifests as increased G-MDSC and increased proportion of M2, or pro-tumor, TAMs. This 

scenario results in an immune suppressive environment, inhibiting an initially equivalent CD8+ T 
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cell response in the tumor microenvironment during the effector phase. In contrast, in A mice, the 

myeloid cells act collectively to create a stronger anti-tumor immune response resulting in greater 

CD8+ T cell activation which is ultimately responsible for better tumor control. This includes 

greater numbers of Batf3 DCs and M1 TAMs, as well as increased type I IFN signaling, supporting 

a stronger adaptive immune response. Importantly, differences in the immune phenotype in a 

second tumor model, MC38, highlight that the precise effect of the microbiome is likely context 

dependent. Despite this, our findings offer insight into some of the key means by which the gut 

microbiome can influence anti-tumor immunity. Furthermore, these results support analyzing the 

polarization of TAMs in human tumors as it relates to the gut microbiome and immunotherapy 

efficacy.  

 

 

Figure 4.20 Immune populations altered in two microbiota models leading to different 

immunotherapy efficacy in B16.SIY.  

  



103 

Chapter 5: Discussion 

5.1 Cross-study comparisons of the associations between the gut microbiome and 

immune checkpoint blockade efficacy 

Our findings from Chapter 3 support that the gut microbiome is associated with response 

to immune checkpoint blockade in cancer patients. These findings join the results from other 

institutions which similarly find that the gut microbiome is linked to immunotherapy efficacy in 

cancer (110, 114, 189–191). Taking a similar approach to our study described in Chapter 3, stool 

samples were collected prior to checkpoint blockade therapy and analyzed via sequencing to assess 

the composition of the gut microbiome and to compare to patient outcome after immune 

checkpoint blockade therapy. Consistent with our findings, these groups identified distinct 

bacterial taxa overrepresented in responder (R) patients, whereas other bacterial sequences were 

over-represented in non-responder (NR) patients. Importantly, only some of these identified 

bacteria were consistent across multiple studies. While revelatory, these studies raise many 

questions and highlight knowledge gaps linking the gut microbiome and cancer immunotherapy. 

One major question which emerges: What accounts for the lack of overlap in the bacteria 

associated with response across studies?  

One explanation is that this discrepancy reflects discordant biology. Different cancer types 

were included across the studies including metastatic melanoma, non-small cell lung, renal cell 

carcinoma, and urothelial carcinoma. In Routy et al. data from multiple cancer types were 

combined for analysis (110). In addition, across studies patient populations were from 

geographically distinct locations, with potentially dissimilar socioeconomic, genetic, and 

environmental factors, such as diet. These study-specific findings may also be explained by 

technical or analytical differences. Of note, the clinical definition of R and NR used in 

Gopalakrishnan et al. and Routy et al. differed from that used in our study (110, 114). Technical 
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details which may have differed between studies include methods for fecal collection and storage, 

DNA extraction, and sequencing. In addition, the specifics of the downstream bioinformatic 

analyses differed between studies, however this does not appear to be a major source for inter-

study taxa disagreement. A meta-analysis which compared the data generated in our study, 

Gopalakrishnan et al., and Routy et al. concluded that the analytical pipelines alone were not 

responsible for the observed disparity in taxa associated with PD-1 response between studies (192).  

While overall study differences may account for some variability, one possibility is that 

these discrepancies are explained by deeper, biological similarities beyond taxa identity. 

Supporting this notion, this meta-analysis also found that microbial gene content was a better 

predictor of response compared to bacterial taxa, and shared greater overlap between studies (192). 

Future analysis of the metagenome, as a means to evaluate the functional significance of the 

bacteria present, may lead to the identification of more universally impactful host-microbe 

interactions. If identified, these microbial genes and pathways will be top candidates to be 

therapeutically targeted. 

Given the intricacy of the microbiome, it will be challenging to tease out the essential 

mechanistic elements in such a complex system from observational data alone. Even if two 

individuals harbor the same species of bacteria, there can be variation of each bacterium at the 

strain level, which could yield divergent functions upon interaction with the host. Moreover, two 

identical strains in two dissimilar communities may contribute differently to their collective 

consortium and thus function differently with respect to the host. As such, tremendous care will 

need to be taken when assigning specific functional attributes to given commensal bacteria. These 

limitations underscore the importance of using parallel models to experimentally test the functional 

role of human commensals. 
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5.2 Suppressive myeloid cells and immune checkpoint blockade efficacy 

The data presented in Chapter 4 suggests that immune suppressive cells, M2 TAMs and G-

MDSCs, may be responsible for insensitivity to anti-PD-L1 in mice harboring unfavorable gut 

microbes. Key next experiments will be establishing the relative importance of these cell types 

(macrophages and Ly6G+ granulocytes) to tumor control. Depletion of these cells of interest using 

cell type-specific antibodies will help determine their contribution to the anti-tumor immune 

response. Alternatively, a more precise manipulation such as promoting differentiation of myeloid 

cells from a suppressive phenotype to a more anti-tumor or inflammatory state, will indicate 

whether it is possible to reverse this microbiota-mediated immune programming and regain 

efficacy to anti-PD-L1. 

  

Macrophage polarization, the tumor microenvironment, and cancer immunotherapy 

The patient data presented in Section 4.10 suggest that the ratio between pro- and anti-

tumor TAMs may be one variable within the tumor microenvironment associated with response to 

anti-PD-1 therapy. While correlation does not prove causation, and other immune parameters 

previously associated with response, such as the number of infiltrating CD8+ T cells, also appear 

to be tightly correlated with the M1:M2 ratio, these findings are still thought-provoking. 

Supporting these data, recent clinical studies investigating TAM polarization in relationship to the 

tumor microenvironment and ICB efficacy are coalescing around a common theme that the M1, 

pro-inflammatory macrophage signature is associated with improved outcomes. In a meta-analysis 

incorporating multiple cancer types, a gene signature of M1 polarization in patient tumor samples 

was associated with a T cell-inflamed tumor microenvironment (193). An analysis of 348 

urothelial cancer samples prior to anti-PD-L1 found that M1 frequency was a strong predictor of 

response to treatment, surpassing the predictive power of CD8+ T cells alone (194). Consistent 
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with the pan-cancer analysis completed in Oshi et al., this study also found that M1 infiltration 

was negatively correlated with immune exclusion (194).  

Further supporting that TAMs play an important role in the tumor microenvironment as it 

relates to ICB, multiple pre-clinical and some clinical data find that macrophage-targeted therapy 

used in combination with checkpoint inhibitors can offer additional benefit (195). Depletion of 

TAMs through the inhibition and targeting of CSF-1/CSF-1R has improved the efficacy of 

numerous immune-modulating agents, including PD-1 and CTLA-4 antibodies in mouse models, 

which has encouraged several clinical trials testing CSF-1/CSF-1R inhibitors with ICB (196, 197). 

A drawback to total TAM depletion is the elimination of immune-potentiating macrophages from 

the host. A more nuanced approach may entail selective manipulation of TAMs to favor M1 over 

M2 TAMs, or to force M2 to M1 polarization. In a murine breast cancer model, an epigenetic 

inhibitor induced an anti-tumor (M1) macrophage phenotype which supported T cell responses 

and improved response to chemotherapy and anti-PD-1 (198). 

 

G-MDSCs: Predictors of response and a new cancer immunotherapy target 

 The other major immune-suppressive cell type identified through studying these 

microbiota models was G-MDSCs. In addition to previously identified associations between 

MDSCs and overall worse prognosis, multiple lines of evidence point towards MDSCs as one 

possible source mediating resistance to ICB (199). Clinical data indicate that MDSCs may be used 

as a predictive marker in ICB. A lower frequency of MDSCs detected in the blood at baseline was 

correlated with response to anti-CTLA-4 in malignant melanoma patients (200–203). One study 

also found that higher MDSC levels appeared to prevent treatment-induced activation and 

expansion of tumor-specific T cells, leading to lower rates of clinical response (204). 
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Supporting MDSCs as one factor contributing to resistance to ICB, preclinical data find 

treatments aimed at reducing MDSC frequency or altering MDSC function can prove 

advantageous in combination with ICB. For example, mouse tumor models with little to no benefit 

with antibodies targeting CTLA-4 and PD-1 have increased T cell responses and better tumor 

control with the addition of biologics or small molecule inhibitors that decrease the number of 

MDSCs (205–207). Similarly, inhibiting MDSC immune suppression by blocking key MDSC 

signaling pathways has been used in combination with ICB leading to increased T cell activation 

and impaired tumor progression (208–210). For example, in mouse models inhibiting CSF-1R has 

been demonstrated to limit induction of suppressive myeloid cells, as well as functionally block 

MDSCs (208, 209). In addition, a selective PI3Kδ/γ isoform inhibitor can reverse splenic and 

tumor mouse MDSC suppressive capacity and when used in combination with anti-PD-L1 

enhances CD8+ T cell-dependent anti-tumor immunity (210).  

5.3 Microbial signals associated with myeloid cell polarization 

In Chapter 4, we used GF mice reconstituted with patient fecal material to study the effect 

of the gut microbiome on response to ICB. These findings illustrated how the human gut 

microbiome can alter the immune status of myeloid cells peripherally and in the tumor 

microenvironment. To continue building on our understanding of the gut microbiome and anti-

tumor immunity, important next steps entail understanding which microbial signals are responsible 

for the myeloid cell phenotype observed in these microbiota avatar mice. These efforts will include 

identifying the cell types which sense these key microbial products leading to differential myeloid 

cell states, and drilling down even deeper, narrowing in on the specific cellular sensors that are 

required. On the bacteria side, identification of one, or a subset of bacteria which can confer these 

innate immune phenotypes can help elucidate the specific mechanisms behind observations made 
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in the tumor microenvironment. A complete understanding of the mechanisms involved will help 

illuminate the ways in which the gut microbiome interacts with anti-tumor immunity and may 

ultimately pave the way forward for related interventions.  

The observations made in our R and NR microbiota avatar mice may be the product of 

microbial products acting either directly or indirectly on innate immune cells. Evidence from the 

literature suggests that metabolites from the gut microbiome can impact directly on myeloid cell 

polarization. Towards the goal of identifying key microbial products connected to myeloid cell 

phenotype, it may prove useful to use screen bacterial metabolites for their ability to modulate 

myeloid cells in vitro. In the R and NR pair we studied, the most prominent phenotypes we 

observed involved TAMs and G-MDSCs. Based on this, a logical experimental approach to would 

be to test various microbial metabolites and assess myeloid cell state using gene transcription and 

expression of receptors associated with either the M1/M2 state (for macrophages) or G-MDSC 

(for neutrophils).  

There is some support in the literature that microbial metabolites may be able to directly 

act on macrophages and affect their activation status. As one example, several publications have 

implicated the aryl hydrocarbon receptor (AhR) as an important sensor for macrophage 

polarization (211, 212). Among the possible AhR ligands, of the most immunologically relevant 

are metabolites resulting from microbial metabolism of tryptophan (213). In addition, the gut 

microbiome is a source of prostaglandin (PGE2) which is capable of promoting M2 macrophage 

polarization  (214).  

Additionally, there is precedent for development of MDSCs related to microbial products. 

While the origin of MDSCs is somewhat debated and will likely be context specific, MDSCs 

typically arise under pathological conditions with excess inflammation (187). Inflammatory cues 
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cause immature myeloid cells to expand in the bone marrow and migrate to the periphery, where 

are they believe to become functionally active MDSCs upon exposure to various inflammatory 

mediators. In particular, reprogramming of monocytes to monocytic MDSCs is believed to be 

trigged by TLR-signaling, likely initiated by pathogen-associated molecular patterns. As an 

example, LPS has been shown to induce the MDSCs accumulation at extramedullary sites, 

including the spleen (215). While published data support a possible role for microbial products 

directly affecting immune cell state, it will be imperative to determine within this system 

physiologically levels of microbial products and assess their immunological repercussions in vitro 

as well as in vivo.  

5.4 Immune hyporesponsive state to STING  

Among the data presented in Chapter 4, we found that innate immune cells isolated from 

the spleen of responder A mice produced more IFN-β in response to a synthetic STING agonist 

compared to non-responder B mice. Within the tumor microenvironment, we observed elevated 

transcripts associated with IFNAR signaling in A mice compared to B, and increased expression 

of DC activation markers, indicative of higher levels of type I IFNs in the tumor 

microenvironment. We posit that this is due to a heightened production of IFN-β in response to 

endogenous STING agonists in the tumor microenvironment of A mice versus B, similar to what 

we found with splenocytes stimulated ex vivo.  

As a proof of principle that this phenotype could be the direct product of sensing 

differences in the gut microbiome, we evaluated whether microbial products could influence 

STING signaling. We selected LPS because of its ubiquitous presence in the gut microbiome, and 

its long studied and appreciated immunostimulatory properties. Using a macrophage cell line, we 

observed that prior exposure to LPS leads to decreased production of IFN-β in response to a STING 
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agonist. These findings demonstrate that encounter with an exclusively microbial entity can have 

ramifications on a signaling pathway essential to the anti-tumor immune response.  

These findings are reminiscent of a well characterized phenomenon, initially identified in 

a mouse model of sepsis, known as “endotoxin tolerance” (216). In early observations that 

established the phenomenon, researchers found that administration of LPS prior to a second 

challenge with a lethal dose of LPS provided protection from septic shock (217). Following work 

in vitro and in vivo has demonstrated that through various mechanisms, pre-treatment with LPS 

can cause immune cells, primarily macrophages and DCs, to be hyporesponsive to subsequent LPS 

treatments (218). This phenomenon is not limited to LPS, but similar hyporesponsive states can 

occur after exposure to other innate agonists, as well as combinations of innate agonists which 

share common signaling pathways, such as TLR4 and TLR2 agonists, in a related phenomenon 

termed “heterotolerance” (219). We hypothesize that myeloid cells in B mice, with poor tumor 

control and less response to DMXAA, are in a similarly refractory state due to chronic exposure 

to immunostimulatory signals originating from the gut microbiome.  

While we have not demonstrated that increased exposure to LPS is responsible for the 

defective type I IFN phenotype observed in microbiota model B, these observations open the door 

to future experiments studying the effect of other TLR agonists or other microbial associated 

molecular patterns and their effect on STING signaling, particularly as it relates to the anti-tumor 

immune response. Close study of the biologically active molecules originating from the gut 

microbiome of models A and B will likely facilitate the discovery of the culpable microbial 

factor(s).  
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5.5 Immune-altering components of the microbiome beyond bacteria 

A large majority of focus on cancer immunotherapy and the microbiome has investigated 

the contribution of bacteria but has yet to thoroughly investigate non-bacterial components 

including viruses, fungi, and protozoa. Evidence in non-cancer disease models has indicated that 

the mycobiome (fungi) and the virome (viruses) can regulate systemic immunity. For example, 

manipulation of the mycobiome by oral antifungal drugs increased the severity of allergic airway 

disease in mice and was dependent on gut-resident CX3CR1+ mononuclear phagocytes (220, 221). 

The virome, encompassing bacteriophages, mammalian viruses, and the endogenous retroviruses, 

is estimated to contain ten-fold more particles than bacterial microbes (222). Supporting the link 

between the intestinal virome and host immunity, alterations in viral communities have been 

observed in the context of human immunodeficiency virus (223), and inflammatory bowel disease  

(224) and have been associated with autoimmune disorders including Type 1 diabetes (225, 226). 

In a mouse tumor model, cross-reactivity between tumor MHC class I-restricted antigens and an 

enterococcal bacteriophage in the gut microbiome was capable of leading to stronger T cell 

responses after treatment with anti-PD-1 (227). Incorporating a pan-kingdom view of the 

microbiome will likely lead to a more holistic understanding of its impact on cancer treatment. 

5.6 Clinical implications of the connection between the gut microbiome and anti-

tumor immunity  

Use of antibiotics in conjunction with immunotherapy 

The collective evidence linking the gut microbiome to immunotherapy efficacy creates 

exciting opportunities to improve clinical treatment strategies. A straightforward implication is 

that antibiotics administration to patients receiving cancer immunotherapies should be pursued 

with caution. Routy et al. found that antibiotics administration to patients in conjunction with 

immunotherapy was associated with shorter PFS and shorter overall survival (OS) (110) and these 
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results have recently been supported by an additional retrospective analysis (228). Additionally, 

greater bacterial diversity was associated with higher response rates to anti-PD-1 therapy (110, 

114). These data among others (reviewed in (229)) suggest that antibiotics may have detrimental 

effects on patient outcomes with checkpoint blockade immunotherapy, which should prompt 

discretion in their administration. However, one could also imagine that some patients may have 

an abundance of bacterial entities that dominantly mediate immune suppression. In these instances, 

appropriate antibiotics might decrease the abundance of such immune regulatory bacteria, perhaps 

allowing immune-potentiating bacteria to bloom and support improved tumor control. In the 

experimental system explored in Chapter 4, our data support this possible dual effect with 

antibiotics. Antibiotics improved tumor control in our non-responder B mice, while leading to 

impaired tumor control in our responder A mice. These data support the judicious use of 

antibiotics, but also suggest that they may be appropriate in certain applications. This includes 

possibly prior to the administration of therapeutic commensals in order to facilitate their 

engraftment.  

 

Use of the microbiome as a prognostic/predictive biomarker 

The modulatory effects of the microbiome could foreseeably offer multiple avenues of 

clinical intervention. Microbiome composition could be considered as a complementary 

prognostic or predictive biomarker for treatment outcomes. Higher bacterial diversity in the gut 

(but not the oral microbiome) was identified to be associated with better response rates to ICB 

(114). More specifically, certain bacteria were found to be enriched in anti-PD-1 responders while 

other species were enriched in non-responders. These data suggest that fecal DNA sequencing 

prior to therapy, by quantifying the community richness and the relative proportion of putatively 

identified “beneficial” or “detrimental” bacteria, may be suggestive of outcome and ultimately 
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help guide treatment decisions. Prospectively designed clinical studies to validate these 

associations will be key to define the utility of these approaches. In the future, the composition of 

the microbiome may be one parameter incorporated with other known correlates of outcome such 

as T cell infiltration and tumor mutational burden to 1) predict potential efficacy with a given 

immunotherapy and 2) inform additional interventions via the microbiota to improve 

immunotherapy potency or alternatively decrease treatment related toxicity. 

 

Therapeutic interventions to modulate microbiome composition and function 

Preclinical evidence extends the correlative relationship between the microbiome and 

response observed in patients to support a causal role. This scenario opens the exciting possibility 

to improve efficacy by manipulating the gut flora. Intervention strategies range from less precise 

or “blunt” approaches to more targeted therapeutic approaches. One such approach is fecal 

microbiota transplantation (FMT). For example, fecal samples could be prepared from anti-PD-1 

responders that show a favorable composition of commensal bacteria, then transplanted 

endoscopically or prepared for oral delivery into patients who are anti-PD-1-resistant and show an 

unfavorable composition of gut microbes. This approach would parallel the strategies being used 

to treat refractory Clostridium difficile infection in patients (230). This approach delivers a 

complex community and the promise to transfer its beneficial effect. However, FMT is clouded by 

uncertainties related to the imprecise definition of a favorable microbiota, the possibility of 

delivering immune-regulatory bacteria, and the potential to transfer disease-promoting bacteria 

such as those contributing to obesity or even carcinogenesis. Despite the doubt, one recent study 

provides encouraging support that FMT may be a useful intervention (231). Ten metastatic 

melanoma patients that were refractory to anti-PD-1 were treated with FMT from one of two 

responders to anti-PD-1, followed by re-induction of anti-PD-1 immunotherapy. Three patients, 
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all of whom were received FMT from the same patient donor, experienced clinical responses 

accompanied by positive changes in the tumor-infiltrating immune populations.  

A subtler means of intervention may include modulating the existing commensal 

community via prebiotics or dietary changes to favor the expansion of beneficial bacteria that 

require specific substrates, or conversely, “starving” detrimental bacteria of their required 

nutrients. For example, short-term changes in human macronutrient consumption towards a high 

fat, low fiber animal-based diet increased bile-tolerant microorganisms (Alistipes, Bilophila and 

Bacteroides) and decreased levels of Firmicutes that metabolize dietary plant polysaccharides 

(Roseburia, Eubacterium rectale and Ruminococcus bromii) (232). Similarly, antibiotics could be 

considered a means of targeting immune-regulatory bacteria. Both of these approaches lack the 

precision to modulate very specific bacterial populations, however, and may have variable effects 

depending on the starting state of the commensal community.  

Alternatively, beneficial immune-potentiating bacteria could be prepared as a probiotic and 

provided as an immunotherapy adjuvant. Once molecular mechanisms are determined, genetic 

manipulation of the selected bacteria could be utilized to maximize beneficial effects. Historically, 

certain bacterial species have been some of the most amenable organisms to genetic manipulation, 

and the breadth of tools available to study and modify bacteria continues to expand. This 

technology allows the modification of a bacterium’s existing function or the introduction of 

completely novel genes (233). For example, a Bacteroides strain modified to carry a gene cluster 

to utilize porphyran stabilized its engraftment into mice fed a porphyran-supplemented diet (234). 

This strategy effectively creates a unique metabolic niche for the exogenous microbe and presents 

a potential means to facilitate probiotic efficacy. Bacteria may also be genetically modified to drive 

expression of a metabolite of interest (235). For well-characterized bacteria such as Escherichia 
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coli, genetic manipulation is routine, but for many human commensals, incomplete genomic 

information leaves fewer tools available for these strategies currently. To circumvent this 

limitation, it is possible to express bacterial genes of interest heterologously in common laboratory 

hosts such as E. coli or Bacillus subtilis  (235). An alternative approach to adding beneficial 

bacteria to the microbiota is selective depletion of harmful species from the community. 

Bacteriophages are viruses that can infect and kill bacteria and are naturally present in the 

microbiome where they play a key role in preserving community equilibrium. Some phages have 

been used preclinically to decrease pathogenic bacteria while leaving the commensal community 

intact, and could be further engineered to target certain bacterial species or strains (233).  

Finally, if a bacterial metabolic pathway is identified along with defined metabolic 

products that mediate improved anti-tumor immunity and immunotherapy, then small molecule 

entities could be tested as candidate immune-potentiating drugs. In all cases, appropriately 

controlled clinical trials will be required to validate any potential microbiome-based therapy and 

to assess benefits and risks. Clinical trials to evaluate the impact of fecal microbiome transplant 

and probiotic administration with checkpoint inhibitors are already underway (236). 

5.7 Future studies on the microbiome and immunotherapy 

Looking forward, it is important to recognize that the microbiome contributes only one 

dimension to the many facets that govern the interface between cancer and the host immune 

response. Cancer cells grow and evolve under the selective pressure of therapy, and molecular 

evolution of the tumor could still occur when the microbiome is manipulated to maximize 

immunotherapy efficacy. In addition, it is conceivable that the composition of the microbiome 

similarly may evolve over the course of cancer progression and therapy administration. This 

variation offers additional research challenges, but with this pliability also comes exciting promise 
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for intervention and exploiting the host-microbiome interdependency to deliver more potent 

therapy. In the future, it will be important to consider the microbiota as one of several parameters 

to be incorporated into considerations of personalized cancer therapy. 
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