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ABSTRACT

 

Worldwide, nearly half a million people are diagnosed with pancreatic cancer every year, with 

mortality rates of more than 90%. Pancreatic cancer has unique biological features. It is 

characterized by atypical neoplastic glands surrounded by dense collagenous stroma. Pancreatic 

cancer stroma accounts for more than 50% of the total tumor mass, and it is highly 

immunosuppressive. Although many attempts have been made to overcome the pancreatic cancer 

immunosuppressive microenvironment, the vast majority of clinical studies have failed. In order 

to improve pancreatic cancer patients’ clinical outcomes, we need to deeply understand the 

complex immunosuppressive biology of this disease. The goal of this study was to address the 

extent to which immune evasion in pancreatic cancer is a tumor-intrinsic property and if it is 

induced in response to immune selection pressure. To address this goal, mT3-2D murine 

pancreatic cancer cells were inoculated subcutaneously into immunocompetent wild-type (WT) 

and severe combined immunodeficiency (SCID) syngeneic mice, and the effects of immune 

selection pressure on mT3-2D tumors were evaluated. Two types of analysis were performed: (i) 

whole tumor analysis and (ii) malignant epithelial cell analysis. The former determines the effect 

of immune selection pressure on the tumor environment, including cancer cells and non-cancer 

stromal elements, whereas the latter determines how malignant cells specifically respond to 

immune selection pressure. I determined that although T cell immunity is induced in 
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immunocompetent tumors, T cell anti-tumor immunity incompletely regulates tumor growth. 

Further analysis revealed that in response to immune selection pressure, malignant epithelial 

pancreatic cancer cells stimulate the recruitment and mimicry of myeloid cells. These 

immunosuppressive mechanisms are potentially induced via the upregulation of the Signal 

Transducer and Activator of Transcription (STAT) 1. In fact, based on the Cancer Genome Atlas 

survival analysis, STAT1 is a significant unfavorable prognostic factor in human pancreatic 

cancer. Targeting the STAT pathway using the FDA-approved drug, ruxolitinib, in combination 

with a programmed cell death inhibitor (anti-PD1) results in the downregulation of myeloid 

associated genes and improves survival in mice. Future studies will explore the mechanisms by 

which the STAT1 transcription factor regulates the expression of myeloid traits in pancreatic 

cancer cells.  
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CHAPTER 1 

T CELL IMMUNITY IN PANCREATIC CANCER 

 

1.1 PANCREATIC CANCER 

Several types of cancer can arise from the pancreas. Pancreatic ductal adenocarcinoma (PDAC) 

is the most common form of pancreatic malignancy (75-95%). Other types of pancreatic cancer 

include, but are not limited to, neuroendocrine tumors (15-20%), colloid carcinoma (2%), solid-

pseudopapillary tumors (2%), acinar cell carcinoma (1%), and pancreatoblastoma (0.5%)1. In 

this review, PDAC is referred to as pancreatic cancer. 

 

Worldwide, nearly half a million people were diagnosed with pancreatic cancer in 2018. This 

equates to more than 1200 individuals daily. The highest incidence is in North America and 

Europe2. In the United States, pancreatic cancer became the third leading cause of cancer death 

in 20163. In 2019 alone, 56,770 patients were expected to be diagnosed with pancreatic cancer, 

and 45,750 people died from this disease4. 

 

From 1975 to 2014, the 5-year survival rate for pancreatic cancer increased from ~3% to ~9%5. 

However, this figure does not provide a full picture of pancreatic cancer survival. Currently, the 

five-year survival rate for people with early stage local pancreatic cancer is more than 30%, but 

it is only 3% for individuals diagnosed when the cancer has already metastasized. Early 

diagnosis is still a challenge, and the vast majority of patients are diagnosed with advanced or 

metastatic disease4. Even among individuals with early stage, resectable pancreatic tumors, the 
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majority will experience local and systemic relapse after curative-attempt surgery6–8. Given the 

significant progress that has been made for other cancer types over the past four decades, 

pancreatic cancer is projected to become the second leading cause of cancer-related mortality in 

the United States by 2025, surpassing colorectal cancer9. 

 

1.2 CANCER ANTIGENICITY AND IMMUNOGENICITY 

Cancer antigenicity and immunogenicity are terms with distinct meanings. Cancer antigenicity 

refers to the extent to which tumors present antigens that can be specifically recognized by the 

adaptive immune system. However, this antigen recognition does not always lead to an effective 

immune response. In contrast, cancer immunogenicity refers to the extent to which tumors 

present antigens that are recognizable to the immune system and stimulate efficient tumor host 

immunity, which is largely mediated by T cells. Hence, while all tumor immunogens are 

antigens, not all tumor antigens are immunogens10,11. 

  

Tumor immunogens are antigens that can initiate and propagate the cancer-immunity cycle 

(Figure 1.1). In the course of cancer development, some neoplastic cells die. During the 

continuous sampling of their microenvironment, antigen presenting cells (APCs) within the 

tumors take up dead cancer cells and/or their corresponding particles. These engulfed materials 

then will be degraded, processed into smaller peptides and presented on the surface of APCs 

carried by major histocompatibility complex (MHC) molecules. In order for these intra-tumoral 

APCs to assess the foreignness of presented peptides, they migrate to T cell-rich areas of 

secondary lymphoid tissues, such as lymph nodes. Since cancer cells contain protein sequences 
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that differ either in form or in level of expression than the proteins of their normal counterparts, 

peptide-MHC molecules on APCs can be recognized specifically by T cell receptors (TCRs) on 

naïve T cells, resulting in T cell priming and activation. Through a coordinated cascade of 

cytokines and chemokines, active T cells migrate through the vasculature to infiltrate and reside 

in the tumor. Like all nucleated cells in the body, cancer cells process and present their own 

materials on MHC class I (MHC-I). Consequently, tumor-infiltrating CD8+ T cells recognize the 

same peptide that they previously encountered in the secondary lymphoid organs but is now 

presented by cancer cells. This T cell-antigen interaction stimulates CD8+ T cell cytotoxic 

responses toward cancer cells. Eventually, this can lead to the release of more immunogenic 

peptides, creating a continuous feedback loop12–14. It is worth mentioning, however, that some 

cancer cells are also capable of displaying their peptides carried on MHC class II (MHC-II) to 

CD4+ T cells, mimicking professional APCs. Considering the diversity of CD4+ T cell subsets, 

CD4+ T cell-antigen recognition can result in a wide variety of immune responses ranging from 

anti-tumor immunity via enhancing CD8+ T cell activity, to immune suppression, as in the case 

of Treg cells15. 

 

Nonetheless, this picture of the cancer-immunity cycle does not fully represent the complexity of 

tumor immunogenicity. In fact, many factors can tip the balance between cancer antigenicity and 

immunogenicity. These include the quantity and quality of tumor antigens, the kinetics of 

antigen appearance and discontinuity16, and the complex interplay between cancer cells and the 

surrounding stroma17,18. Unsurprisingly, though the concept of tumor immunogenicity was 
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proposed more than a century ago, our understanding of this sophisticated biological process is 

still evolving10.  

 

1.3 PANCREATIC CANCER CHARACTERISTICS 

Before we discuss the immunogenicity of pancreatic cancer, it is important to first describe its 

complex biology. PDAC is characterized by atypical neoplastic glands surrounded by dense 

collagenous stroma (desmoplasia). Pancreatic cancer stroma accounts for more than 50% of the 

total tumor mass1,19, and exhibits a wide range of immunosuppressive properties17,18,20, which 

will be discussed later in this review.  

 

The tumor microenvironment serves as a well-organized physical and biochemical system, 

(Figure 1.2). It is made up of diverse cellular types, including immune cells, fibroblasts, 

adipocytes, neuronal cells and cells of the surrounding blood vessels and the lymphatics. 

Focusing on immune cells, a wide range of cellular populations commonly infiltrate pancreatic 

cancers. These include tumor-associated macrophages (TAMs), dendritic cells (DCs), myeloid-

derived suppressor cells (MDSCs), tumor-associated neutrophils (TANs), NK cells, T cells, B 

cells, innate lymphoid cells (ILCs) and mast cells. Moreover, many of these immune cell types 

involve several specialized subtypes that have distinct molecular and functional activity profiles, 

including T cells1,17,18,20,21.  

 

Conventional T lymphocytes express TCRs on their surface that are composed of α and β chains 

(αβ T cells). αβ T cells are generally either CD4+ (T helper cells; Th cells) or CD8+ (T cytotoxic 
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lymphocytes; CTL). When naïve CD4+ T cells get activated, they differentiate into very distinct 

Th subsets, including Th1, Th2, Th17 , Treg, Th9 and Th22
22–25. Besides conventional αβ T cells, some 

T lymphocytes express γ and δ TCR chains (γδ T cells)26,27. Each of these T cell populations 

secretes distinct cytokines and chemokines, and thus regulate the immune response in synergistic 

and opposing manners. Moreover, the continuous epigenetic modifications of T cell transcription 

factors can ultimately result in a dynamic switch between some of these various T cell lineages. 

Even within the same sub-population, T cells of different clones may distinctly alter tumor 

properties28–30. Notably, although immune cell complexity is described here as an example, other 

stromal cells, such as fibroblasts, exhibit similar degrees of heterogeneity and plasticity31–34.  

 

In addition, the pancreatic tumor microenvironment is comprised of many non-cellular 

extracellular matrix (ECM) components. These include collagen, fibronectin, laminin, hyaluronic 

acid, growth factors, cytokines and chemokines. Also, the pancreatic cancer stroma is associated 

with abnormal conditions of hypoxia and acidic extracellular pH1,20. Interestingly, the deposition 

of some of ECM molecules results in increased pancreatic tumor stiffness and hydrostatic 

pressures. While this observation had first led to the assumption that the pancreatic cancer 

stroma acts as a physical barrier, recent studies refute this hypothesis. Indeed, it is now evident 

that some stromal elements can restrain pancreatic tumor growth18. In line with that observation, 

PDAC desmoplasia does not correlate with paucity in intra-tumoral T cell accumulation21. 

 

Furthermore, during PDAC tumorigenesis, some specific classes of gut microorganisms (i.e. 

bacteria and fungi) can migrate to the pancreas. Later, in the pancreas, these microorganisms can 



6 
 

modulate the immune system, and, ultimately, affect both tumor growth and response to 

therapy35–38. These studies clearly support the notion that there is a complex interplay between 

various components of the immune system, cancer cells, and other parts of stroma. Though they 

point to the possibility of new therapeutic approaches for pancreatic cancer, many questions 

remain to be answered. For example, it is still unclear how fungal and bacterial communities that 

coexist in many areas of the body can influence each other39.  

 

Similar to stromal cell diversity, malignant epithelial pancreatic cells are often phenotypically 

and functionally heterogeneous. Cancer cells tend to continuously manipulate their genetic, 

epigenetic, proteomic and/or metabolic profiles, leading to a diverse population of cancer cells 

(i.e., tumor heterogeneity). These cellular differences at the molecular level contribute to 

distinctive behaviors of cancer cells with respect to their motility, proliferation, and metastatic 

potentials, as well as their differentiation and growth patterns40–44. 

 

There are multiple levels of tumor heterogeneity. Although this is not exclusive to PDAC, it is a 

common finding in this disease. It is exemplified by significant variations between tumors from 

different patients (i.e. interpatient heterogeneity)41. Also, tumor heterogeneity can be detected 

within a single patient. Indeed, metastatic tumors at different locations as well as multiple 

primary tumor cell clusters in the same organ are likely to exhibit distinct biological features (i.e. 

multi-focal or inter-tumor, intra-patient heterogeneity). Tumor heterogeneity can also be 

observed between different cancer clones in different parts of the same tumor, as well as between 

cancer cells that are immediately adjacent to each other (i.e. intra-tumor heterogeneity)40,45. More 
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intriguingly, it is not uncommon to identify varying mutational and epigenetic patterns that co-

exist within one neoplastic cell (i.e. mutational and epigenetic heterogeneity)46. 

  

The KRAS oncogene serves as a good example of how mutational heterogeneity adds to the 

complexity of pancreatic cancer. Indeed, KRAS is mutated in more than 90% of pancreatic 

cancer cases. While the type of mutation that is commonly detected in KRAS is a missense point 

mutation, gene amplification has been reported in about 4% of PDAC patients. Also, KRAS may 

contain missense mutations at different residues. However, the most common mutational hotspot 

is the glycine in codon 12 (G12). Even this specific glycine residue can be substituted by various 

amino acids, resulting in distinct KRAS mutant variants (G12D, G12A, G12R, G12C, G12S and 

G12V). Interestingly, many KRAS mutant variants can be simultaneously detected within a 

single tumor. Moreover, an individual pancreatic cancer cell can harbor more than one mutant 

KRAS allele (i.e., bi-allelic KRAS mutations). Despite this mutational diversity, most of these 

KRAS mutations selectively modify the gene’s function to favor tumor initiation, progression, 

metastasis and/or therapeutic resistance45–47.  

 

This significant molecular heterogeneity in pancreatic cancer is clearly reinforced by the 

morphological heterogeneity of the disease. Indeed, based on the grade of cellular differentiation, 

growth pattern and desmoplastic stroma, several morphological subtypes have been defined. 

These include pancreatobiliary, intestinal, and clear cell patterns. Also, there are additional 

variants that have not yet been formally described in the World Health Organization (WHO) 
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classification. Similar to molecular heterogeneity, these distinct morphological variants can be 

seen between different patients as well as within different parts of the same tumor44. 

 

Taken together, pancreatic cancers are typically stroma-rich tumors, and are highly 

immunosuppressive. Both the stroma and epithelial pancreatic cancer cells are very diverse and 

heterogeneous. All tumor components continuously interact with each other, creating a very 

dynamic and complex stroma-cancer crosstalk network.  

 

1.4 PANCREATIC CANCER ANTIGENICITY AND IMMUNOGENICITY  

The essential building blocks of tumor immune responses are (i) the generation of tumor 

antigens; (ii) the efficiency of tumor antigen processing and presentation; (iii) the infiltration of 

tumor-specific cytotoxic T cells; and (iv) the induction of T cell effector anti-tumor responses12. 

In order to understand the relevance of immunogenicity to pancreatic malignancy, we will 

discuss each of these four T cell immunity elements in turn by raising several fundamental 

questions.  

 

1.4.1 Question 1: Is there sufficient tumor antigen expression to elicit an immune response?   

The significance of studying tumor mutational load to evaluate its immunogenicity relies on the 

idea that some of these mutations can generate tumor antigens, which may induce T cell 

immunity48. That being noted, the vast majority of pancreatic cancers (97%) have gene 

alterations, including amplifications, deletions, translocations, inversions, frameshifts and 

substitutions49 (Table 1.1). Alexandrov et al found that the median number of mutations per 
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Mega base in pancreatic cancer is 1 (ranging from 0.1 to 10). Assuming that an average genome 

has 2.8 gigabases, this study suggests that each pancreatic cancer patient has 280 to 28,000 

mutations50. However, a major challenge in genomic sequencing is the low malignant epithelial 

cell content, which can adversely impact the sensitivity of mutation detection. As mentioned 

above, pancreatic tumors are associated with extensive desmoplastic stroma and low tumor 

cellularity. Thus, estimates based on early studies had to be revisited17.  

 

To overcome this challenge, several subsequent human pancreatic cancer sequencing studies 

took into account tumor cellularity. Using microarray-based exome sequencing, Jones and 

colleagues reported that human PDAC tumors contain an average of 63 genetic alterations, 48 of 

which were validated to be somatic mutations. The majority of these mutations were point 

mutations (i.e. among all detected genetic alterations, ~84% were missense mutations and ~5% 

were nonsense mutations)51. In a different study, using whole exome sequencing, Biankin and 

colleagues identified an average of 26 mutations per patient, with a total of 2,627 mutations 

(2,016 of which were non-silent mutations) and 1,628 copy-number variations in 99 evaluated 

pancreatic tumors19. In another recent study, Balachandran et al evaluated two cohorts: the 

MSKCC (Memorial Sloan Kettering Cancer Center) and ICGC (International Cancer Genome 

Consortium) collections, and determined that the median numbers of mutations detected per 

patient are 171 and 135, respectively52.  

 

Besides focal mutations, Notta et al showed that chromothripsis and polyploidization, 

phenomena of massive chromosomal rearrangements, were also very common. They found that 
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among the 107 PDAC tumors evaluated in the study, 48 (45%) displayed changes in DNA copy 

number consistent with polyploidization, and 70 (65.4%) harbored at least one chromothripsis 

event53. In line with those observations, Waddell et al reported that the average number of 

mutations per Mega base in 100 PDAC samples was 2.64, ranging from 0.65 to 28.2 mutations 

per Mega base (i.e. 1,820 to 78,960 mutations per patient). Among these PDAC evaluated 

tumors, the genome of only 20% of the samples contained ≤ 50 structural variation events. On 

the other hand, the remaining samples had either local rearrangements in one or two 

chromosomes (30%), 50-200 structural variation events (36%) or more than 200 structural 

variation events (14%). Interestingly, this paper suggested a direct link between large 

chromosomal rearrangements and the disruption of particular genes known to be important in 

pancreatic cancer54.  

 

In addition, intra-tumoral heterogeneity of both cancer cells and T lymphocytes can determine T 

cell efficacy, and thus plays an important role in tumor immunogenicity55–58. The core of this 

theory embraces two concepts: T cell clonality and T cell immunological adaptation. Once a T 

cell recognizes an immunogenic peptide, it undergoes explosive proliferation, generating a clone 

of active T cells that express identical TCRs specifically against that particular antigen (i.e. 

clonal expansion). Accordingly, T cell clonality is a metric of T cell expansion and reactivity. 

Additionally, the dynamic changes in the spectrum of tumor antigens is concordant with changes 

in the repertoire of antigen-specific T cells over time (i.e. immunological adaptation). Hence, the 

enrichment of many unique low abundant mutations within different regions of the same tumor 

could be associated with low antigen dosage, and thus induce T cells unresponsiveness. Even if 
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some subclonal mutations (i.e. mutations that are not present in the entire proportion of 

neoplastic cells) were highly immunogenic, responsive T cells would be unable to target every 

tumor cell but rather only a small fraction, limiting overall T cell anti-tumor efficacy. This 

hypothesis has been supported by studies in melanoma55 and lung cancer57. Nonetheless, high 

degrees of T cell infiltration may overcome the disadvantages of intra-tumor heterogeneity. 

Concomitant high levels of cytotoxic T cell infiltration with T cell diversity may indicate that 

many T cell clones in the tumor bed are reactive with a broader variety of antigens, leading to 

broader and more efficient anti-tumor T cell immunity. In line with this theory, Balachandran et 

al showed that tumors of long-term pancreatic cancer survivors (median survival 6 years) 

exhibited both greater densities of cytolytic CD8+ T cells (i.e. 12-fold) and greater TCR 

repertoire diversity compared to short-term survivors52. However, this may be a consequence 

rather than a cause of improved survival following therapy.  Hence, mechanistic studies are 

needed to deeply understand how TCR intra-tumor heterogeneity can impact on cancer 

prognosis.  

 

In addition to antigen quantity and intra-tumor heterogeneity, antigen quality can highly 

influence its immunogenicity. Important measures of antigen quality include the degree of 

molecular differences between mutant variants and wild-type peptides, and the affinity of the 

antigenic peptide to both MHC and TCR molecules. In fact, by integrating these antigen quality 

factors with mutational burden, TCR diversity and intra-tumoral cytotoxic T cell frequency, 

Balachandran et al were able to develop a “neoantigen quality fitness” model that can predict 
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PDAC patients’ clinical outcomes. Notably, this study also showed that tumor antigen quantity 

alone does not correlate with PDAC patients’ survival52.  

 

Finally, it should be remembered that tumor antigens are not limited to protein mutant sequences. 

The vast majority of proteins in eukaryotic cells are subjected to post-translational modifications 

(PTMs), which refer to the enzymatic alterations of proteins following their synthesis in the 

endoplasmic reticulum (ER) and Golgi. These modifications include phosphorylation, 

glycosylation, nitrosylation, ADP-ribosylation, ubiquitination, and acetylation59. Since PTMs 

affect the solubility, folding, localization, and half-life of proteins, this phenomenon is highly 

relevant to different aspects of cellular biology60. A detailed discussion of this area is beyond the 

scope of this review. However, since PTM proteins have distinct tertiary structures and 

biochemistry, PTMs can alter how corresponding peptides are processed and presented to T 

cells. Also, PTMs can change the affinity between these peptides and MHC molecules as well as 

between peptide-MHC complexes and TCRs60,61. While these data may suggest that PTMs can 

manipulate tumor immunogenicity, data from human PDAC tumors are still lacking. The 

significance of this information relies on two facts. First, aberrant PTMs, including 

glycosylation, are very common in PDAC. Second, aberrant PTMs are associated with pancreatic 

cancer disease progression and poor prognosis62–64.  

 

Together, recent sequencing studies demonstrate that the genetic landscape of malignant 

epithelial pancreatic cells is associated with the presence of both focal mutations and large 

structural rearrangements. It is noteworthy, however, that pancreatic cancers still have lower 
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mutational loads compared with several other cancers such as melanoma50,65, a disease that is 

typically associated with increased T cell infiltration and immunotherapy responsiveness. 

However, this does not preclude the possibility that the frequency of genetic alterations in 

pancreatic cancer is sufficient to stimulate effective immune responses. Besides the frequency of 

tumor antigens, antigen quality, intra-tumoral cancer heterogeneity and TCR diversity are all 

important determinants of pancreatic cancer immunogenicity. Finally, although pure amino acid 

sequence-based protein epitopes are considered the primary targets for T cells, it is possible that 

post-translationally modified proteins play a role in pancreatic cancer immunogenicity.  

 

1.4.2 Question 2: Are pancreatic cancer antigens processed and presented on the surface of 

cancer cells?  

To address the concept that in order for antigens to be immunogens, they must be carried on the 

surface of MHC molecules and presented to T cells, neoantigen prediction computational 

algorithms have been employed. These algorithms translate all mutations detected by whole 

exome sequencing to short peptides, and then evaluate the putative MHC-I binding of these 

mutant peptides compared to wild type sequences. By employing this in silico approach, 

Balachandran reported that the median numbers of neoantigen-related mutations detected per 

pancreatic cancer patient are 38 in the MSKCC cohort and 32 in the ICGC cohort52. Also, using 

in silico predictions and genomic profiling of 221 PDAC cases extracted from large publicly 

available datasets, Bailey et al demonstrated that nearly all evaluated pancreatic cancer samples 

express mutations that are predicted to be immunogenic, ranging from 4 to 4,000 neoantigens per 

sample65. Nonetheless, it should be noted that only a few computationally predicted 
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immunogenic antigens have been successful in inducing effective tumor-specific T cell 

responses, and that these algorithms only consider MHC-antigen interactions but not TCR 

binding.  

 

Furthermore, although in silico strategies predict that mutations in PDAC tumors can bind to 

MHC-I, molecules important for antigen processing and presentation are frequently reduced or 

lost in the context of pancreatic cancer. These include human leukocyte antigen (HLA) class I 

(i.e., human MHC-I), and transporter for antigen presentation (TAP). The loss or downregulation 

of peptide-MHC complexes on the surface of pancreatic cancer cells may render T cells blind to 

their targets, and thus it could represent an immune escape mechanism66,67.  

 

Taken together, pancreatic tumors are likely to express antigens that can bind to MHC 

molecules. However, the impairment of the antigen presentation machinery may overcome the 

immunogenicity of these antigens.  

 

1.4.3 Question 3: Do T cells infiltrate pancreatic cancer tissue? 

Based on immunohistochemistry (IHC) staining and multi-epitope imaging, the majority of 

human pancreatic cancer tissues are infiltrated with T cells. Nonetheless, while there is 

substantial inter-patient heterogeneity in intra-tumoral T cell densities, most studies suggest a 

relative paucity of intra-tumoral T cells in the majority of pancreatic cancer samples. Hence, 

pancreatic cancers have been considered immunologically “cold” tumors21,68–73.  
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Genomic profiling of human PDAC samples, using the Cancer Genome Atlas (TCGA) and the 

Australian Pancreatic Cancer Genome Initiative, shows high expression of Lymphocyte Cell-

Specific Protein-Tyrosine Kinase (LCK), a T cell marker, implying robust T cell infiltration. 

More strikingly, this study also showed that the level of LCK expression in PDAC is not 

statistically significantly different from skin cutaneous melanoma. However, it is necessary to 

take into consideration that sample preparations for sequencing and imaging techniques are very 

different65. The preparation of sequencing samples may result in the enrichment of immune cells, 

creating a bias toward immune signatures. On the other hand, IHC quality depends on both 

optimal sample fixation, and antibody specificity and sensitivity. Also, while most PDAC 

patients present with inoperable disease, the majority of human pancreatic cancer specimens 

included in both imaging and sequencing studies were collected from resectable tumors during 

surgeries. Therefore, all these estimates could be partially biased toward the minority of patients 

with potential curable malignancies, and thus require careful interpretation.  

 

Furthermore, pancreatic cancer is typically infiltrated by heterogeneous T cell subpopulations. 

These subpopulations are skewed toward CD4+ T cells, whereas cytotoxic CD8+ T cells seem to 

be rare. Also, CD4+ T cells are skewed toward Th2, which is associated with tumor immune 

tolerance, more than Th1, which enhances CD8+ T cell tumor-killing responses70,74. Other CD4+ T 

cell subtypes that are commonly detected in PDAC tumors are Treg cells and Th17 cells. The 

number of Treg cells typically increases during pancreatic cancer development both within tumor 

tissues70,75,76 and in the peripheral blood77, and they are associated with worse outcomes78. 

Interestingly, through various immunosuppressive mechanisms, Treg cells play an important role 
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in pancreatic cancer immune evasion70,75,76. However, the role of Th17 cells in pancreatic cancer 

tumorigenesis is highly controversial. Notably, Th17 cells have the ability to shift into Treg cells, 

resulting in intermediate stage Th17/reg cells. Thus, this plasticity between Treg and Th17 cells may, 

at least partially, explain the inconsistency among published reports30,79. In addition to 

conventional αβ T cells, non-canonical γδ T cells, which are typically abundant only in the gut 

mucosa, account for up to 40% of tumor-infiltrating T cells in human pancreatic cancers. These 

γδ T cells have been shown to support PDAC oncogenesis by restraining the activity of 

conventional αβ T cells26,27.  

 

Collectively, pancreatic tumors are typically infiltrated with T cells. However, a larger 

proportion of intra-tumoral T cells promote tumorigenesis, whereas intra-tumoral cytotoxic T 

cells are generally infrequent in pancreatic cancer. 

 

1.4.4 Question 4: Are Cytotoxic T cells within pancreatic tumors capable of eliciting anti-

tumor responses? 

Even when cytotoxic T lymphocytes infiltrate PDAC tumors, pancreatic cancer cells find ways 

to escape T cell anti-tumor immunity. In order for T cells to elicit their cytotoxic responses, they 

first need to exit the adjacent blood vessels and enter into the tumor tissue. Then, they need to 

navigate within the complex tumor microenvironment until they reach their target antigens 

expressed on cancer cells12. Interestingly, cytotoxic T cells are commonly excluded from the 

vicinity of pancreatic malignant cells80–82. Using a novel computational imaging analysis, 

Carstens et al have demonstrated that the spatial distribution of cytotoxic CD8+ T cells, but not 
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CD4+ T cells or total T cells, in proximity to pancreatic cancer cells correlates with increased 

overall patient survival21. This observation implies that pancreatic malignant cells are being 

protected from cytotoxic T cell recognition and destruction. Also, using pancreatic cancer mouse 

models, it has been shown that pancreatic neoplastic cells, through the secretion of the 

chemokine (C-X-C motif) ligand 1 (CXCL1), and extra-tumoral macrophages can divert T cells 

away from their target cancer cells, allowing tumors to escape T cell recognition and attack80. 

 

Furthermore, substantial evidence, using both human and murine samples, suggests that even 

when effector CD8+ T cells directly interact with pancreatic cancer cells, their cytotoxic activity 

could be suppressed (Figure 1.3). Tumor-related-immune evasion in PDAC is created and 

mediated by neoplastic cells, stromal cells, altered microorganisms and non-cellular stromal 

components. Many stromal cells in pancreatic cancer, including cancer-associated fibroblasts 

(CAFs), MDSCs, TAMs, γδ T cells and Treg cells, directly suppress T cell anti-tumor immunity 

via the secretion of a wide variety of immunosuppressive molecules, including interleukin (IL)-6, 

IL-10, IL-11, CXCL12, transforming growth factor beta (TGFβ), vascular endothelial growth 

factor (VEGF), arginase 1, nitric oxide synthase (iNOS), indoleamine 2,3-dioxygenase (IDO) 

and matrix metalloproteinases (MMPs). Immunosuppressive stromal cells can also directly 

inhibit T cell immunity by expressing immune checkpoints (such as PD-1, PD-L1, CTLA4 and 

VISTA), resulting in T cell exhaustion and/or inactivation. Moreover, stromal cells can indirectly 

induce T cell suppression by stimulating the immunosuppressive properties of cancer cells. On 

the other hand, cancer cells can mediate T cell immune evasion by acquiring immunosuppressive 

mutations (such as mutations in KRAS), upregulating immune checkpoints (such as PD-L1 and 
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CTLA4), secreting immunosuppressive molecules (such as TGFβ), downregulating their 

immunogenicity, and stimulating the recruitment of immunosuppressive stromal cells. These T 

cell immune evasion mechanisms in pancreatic cancer have been extensively reviewed 

elsewhere17,20,83.  

 

To summarize, pancreatic cancers are likely to express immunogenic mutations and they are 

typically infiltrated by T cells, but generally not at high frequency. Also, a large proportion of 

intra-tumoral T cells have pro-tumor effects rather than anti-tumor properties. Even when 

cytotoxic T cells successfully infiltrate the tumors, various pancreatic cancer components tend to 

prevent anti-tumor T cell immunity by either physically trap T cells within the stroma or 

suppress their anti-tumor activity.  

 

1.5 FUTURE PROSPECTS 

Several therapeutic interventions have been developed to target immune escape routes in 

pancreatic cancer. These strategies include (i) eliciting tumor antigenicity via a wide range of 

vaccine strategies, chemotherapy, radiation therapy and targeted therapy17,84, (ii) augmenting T 

cell responses by either boosting T cell co-stimulatory signals85, or by inhibiting immune 

checkpoint molecules, (iii) CAR-T cells and86 (iv) targeting the immunosuppressive properties of 

the stroma or the neoplastic cells17. The question now, with a more than 90% mortality rate, and 

the failure of the vast majority of PDAC clinical trials, is whether there is hope to win the war 

against pancreatic cancer by harnessing the power of the patient’s immune system?  
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To answer this question, it is important to remember that checkpoint blockade has demonstrated 

efficacy in pancreatic cancer patients with high microsatellite instability (MSI-high), who 

represent less than 2% of all PDAC cases87. Also, tumors of long-term pancreatic cancer 

survivors harbor immunogenic mutations and exhibit potent cytotoxic T cell responses40,52. 

These facts indicate that T cell immunity is relevant to pancreatic cancer and exclude the 

possibility that the pancreas has organ site-specific resistance to immunotherapy. Also, these 

findings suggest that in order to improve the efficacy of pancreatic cancer immunotherapy, 

further resolution of the complex biology of pancreatic cancer immunity is needed.  

 

Furthermore, several lines of evidence point to the idea that combined therapeutic strategies are 

likely to be required to adequately overcome pancreatic cancer immunotherapy resistance. For 

instance, pancreatic cancer vaccines alter the immune microenvironment and stimulate tumor-

specific T cell infiltration. However, pancreatic cancers eventually find a way to suppress T cell 

immunity88–90. Similarly, when CAR-T cells that are specifically generated against pancreatic 

cancer antigens infiltrate pancreatic tumors, they demonstrate poor persistence and induce the 

expression of checkpoint inhibitory molecules, rendering them ineffective91. Also, the fact that 

checkpoint blockade can be effective only in MSI-high PDAC cases87, typically with higher 

mutation burden, suggests that augmenting pancreatic cancer antigenicity and simultaneously 

targeting relevant immune suppressive mechanisms is a potential effective therapeutic strategy. 

Not surprisingly, several clinical trials combining either vaccines, radiation therapy and/or 

chemotherapy with immune checkpoint inhibitors and/or myeloid inhibitors are undergoing. 

These clinical trials are nicely summarized in another review17.  
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Among the few clinical trials that reported promising therapeutic responses is NCT02482168. It 

is a small phase Ib study of the CD40 agonist monoclonal antibody APX005M. CD40 is a co-

stimulator molecule that is predominantly expressed by APCs, and it is required for their 

function. Hence, the major mechanism of CD40 therapeutic agonists is to stimulate APC 

proliferation and activity. However, CD40 can also be expressed by some malignant cells, and 

thus CD40 agonists can induce targeted cancer cell death92. Previous pre-clinical studies 

determined that combining CD40 agonists with chemotherapy promotes the activation of 

myeloid cells, enhances T cell priming and stimulates T cell-dependent anti-tumor immunity93–

96. In this clinical trial, 30 previously untreated PDAC patients received therapy and 24 were 

dose-limiting toxicity-evaluable. The 24 patients were divided into 4 cohorts: (a) 

Gemcitabine/nab-paclitaxel/APX005M at 0.1 mg/kg, (b) Gemcitabine /nab-paclitaxel/APX005M 

at 0.3 mg/kg, (c) Gem/nab-paclitaxel/nivolumab/APX005M at 0.1 mg/kg, and (d) Gem/nab-

paclitaxel/ nivolumab/APX005M at 0.3 mg/kg. Those 24 treated patients demonstrated 

manageable safety profiles and promising therapeutic responses: 14 (58%) patients had partial 

response, 8 (33%) patients had stable disease, 1 patient (4%) had progressive disease, and 1 

patient (4%) had no treatment evaluation. Based on these encouraging results, a randomized 

phase II clinical trial evaluating chemotherapy and APX005M, with or without nivolumab is 

currently ongoing85.  

 

1.6 CONCLUSION 

T cells within PDAC tumors are generally infrequent and/or incapable of eliciting anti-tumor 

responses. Hence, pancreatic cancer is considered an immunologically cold tumor. However, 
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when T cell immunity is sufficiently induced in pancreatic cancer, T cells become effective 

weapons. Thus, the old dogmas that T cell immunity is not relevant to pancreatic cancer, and that 

pancreatic cancer is unlikely to respond to immunotherapy are clearly beginning to evolve. 
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1.8 FIGURES 
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 Figure 1.1. The cancer immunity-cycle. During cancer development, cancer cells die. 

Antigen presenting cells (APCs) within the tumors engulf dead cancer cells and/or their 

corresponding particles. APCs process engulfed materials into smaller peptides to be presented 

on their surface carried on major histocompatibility complex (MHC) molecules. Those APCs 

migrate through the lymphatics to secondary lymphoid organs and activate antigen-specific- 

naive T cells. Then, active T cells travel through blood vessels to infiltrate into the tumor. 

Intratumoral effector T cells can recognize tumor antigens on the surface of cancer cells and kill 

them, resulting in the release of more antigens. Cytotoxic T cells kill their cellular targets via 

either the death receptor pathway or the granule exocytosis pathway. Endoplasmic reticulum 

(ER); T cell receptor (TCR); transporter associated with antigen processing (TAP).  
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Figure 1.2. Pancreatic cancer stroma is a well-organized, dynamic and complex system.  

Pancreatic cancer stroma is made up of diverse cellular types, including immune cells, 

fibroblasts, adipocytes, neuronal cells, blood vessels and lymphatics. Also, a wide range of 

immune cellular populations commonly infiltrate pancreatic cancers. These include tumor-

associated macrophages (TAMs), dendritic cells (DCs), myeloid-derived suppressor cells 

(MDSCs), tumor-associated neutrophils (TANs), natural killer (NK) cells, T cells, B cells, innate 

lymphoid cells (ILCs) and mast cells. Many of these stromal cell types involve several 

specialized types and subtypes that exhibit distinct molecular and functional activity profiles, 

including T cells. Conventional T lymphocytes express TCRs on their surface that are composed 

of α and β chains (αβ T cells). αβ T cells are generally either CD4+ (T helper cells; Th cells) or 

CD8+ (T cytotoxic lymphocytes; CTL). When naïve CD4+ T cells get activated, they differentiate 

into very distinct Th subsets, including Th1, Th2, Th17, Treg, Th9 and Th22. In addition to αβ T cells,  
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some T lymphocytes express γ and δ TCR chains (γδ T cells). All these stroma components 

continuously interact with each other and with cancer cells, creating a very dynamic and 

complex stromal-cancer crosstalk network.  
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Figure 1.3. The pancreatic tumor microenvironment exhibits immunosuppressive 

properties. Pancreatic cancer cells, several stromal cell types, some altered microorganisms and 

some non-cellular stromal components can suppress anti-tumor cytotoxic T cell responses. 

Tumor-associated macrophage (TAM); regulatory T cell (Treg); myeloid-derived suppressor cell 

(MDSC); cancer-associated fibroblast (CAF); T lymphocyte expresses γ and δ TCR chain (γδ T 

cell); extracellular matrix (ECM).  
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1.9 TABLE 

Table 1.1. A summary of human pancreatic cancer sequencing studies 

Study Frequency of 

mutations 

Sample 

Size 

Sequencing Technique Evaluation of 

Tumor Cellularity 

Alexandrov 
et al50 

The median 
number of 
mutations per 
Mega base is 1, 
ranging from 
0.1 to 10 
mutations per 
Mega base (i.e. 
280 to 28,000 
mutations per 
patient)  

~120 Either whole genome 
sequencing (15 samples) and 
whole exome sequencing (the 
remaining samples).  
 
 

 

Jones et 
al51 

The average 
number of 
mutations 
detected per 
patient is 48 

24 Microarrays-based exome 
sequencing: protein-coding 
exons from more than 20,000 
genes were identified. Then, 
using microarrays containing 
probes for ~106 single-
nucleotide polymorphisms, 
homozygous deletions and 
amplifications in the tumor 
samples were detected.  

To remove 
contaminating non-
neoplastic cells, 
tumor samples were 
passaged in vitro as 
cell lines or in nude 
mice. Then, to 
validate somatic 
mutations, exons 
containing variant 
sequences were 
reamplified and 
resequenced from 
both tumor and 
normal tissues 

Biankin et 
al1 

The average 
number of 
mutations 
detected per 
patient is 26, 
ranging from 1 
to 116. 
 

99 Whole exome sequencing: 
using exome capturing and 
sequencing of different 
mixtures of cancer cell line 
and matched germline DNA 
as a standard, tumor samples 
with greater than 20% 
epithelial cellularity and/or 
≥10 validated somatic 
mutations were included in 
the study. The average 
sequence depth was 26608X  

The cellularity of 
each primary sample 
was estimated 
through pathological 
review, deep 
amplicon-based 
sequencing of exons 
2 and 3 of KRAS and 
single nucleotide 
polymorphism (SNP) 
array-based 
cellularity estimates. 
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Table 1.1 (Cont.) 

Study Frequency of 

mutations 

Sample 

Size 

Sequencing Technique Evaluation of 

Tumor Cellularity 

Balachandran 
et al, the 
MSKCC 
cohort52 
 
 

The median 
number of 
mutations detected 
per patient is 171  
 
The median 
number of 
neoantigen-related 
mutations detected 
per patient is 38 

58 Whole exome 
sequencing: whole 
exome sequencing was 
performed at 150X 
coverage for tumor 
samples and 70X for 
matched normal  

Only tumor islands 
of more than 70% 
cellularity were 
included in the 
study based on 
expert PDAC 
pathologic review. 

Balachandran 
et al, the 
ICGC 
cohort52 
 

The median 
number of 
mutations detected 
per is 135 
 
The median 
number of 
neoantigen-related 
mutations detected 
per patient is 32 

166 Either whole genome 
sequencing or whole 
exome sequencing: 
primary tumors and 
patient-derived cell lines 
with more than 40% 
cellularity underwent 
whole genome 
sequencing at 75X mean 
coverage. Samples with 
12–40% cellularity 
underwent deep-exome 
sequencing at 400X 
mean coverage. 

Tumor cellularity 
was estimated for 
each sample using a 
combination of 
qPure analysis 
and KRAS amplicon 
sequencing. 

Waddell et 
al54 

The average 
number of 
mutations per 
Mega base is 2.64, 
ranging from 0.65 
to 28.2 mutations 
per Mega base (i.e. 
1,820 to 78,960 
mutations per 
patient) 

100 Whole-genome 
sequencing: 
Tumor samples with 
more than 40% 
cellularity and patient-
derived cell lines whole 
genome sequencing at 
65X mean coverage and 
compared to the 
germline at an average 
coverage of 38X 

Tumor cellularity 
was estimated for 
each sample using 
qPure analysis  
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Table 1.1 (Cont.) 

Study Frequency of 

mutations 

Sample 

Size 

Sequencing Technique Evaluation of Tumor 

Cellularity 

Bailey 
et al41 

The median 
number of 
coding 
mutations 
detected per 
patient is 62 
 
The number of 
neoantigen-
related 
mutations 
detected per 
sample ranges 
from 4 to 4,000 

456 
 

Either whole genome 
sequencing or whole exome 
sequencing: primary tumors 
and patient-derived cell 
lines with more than 40% 
cellularity underwent whole 
genome sequencing at 75X 
mean coverage. Samples 
with 12–40% cellularity 
underwent deep-exome 
sequencing at 400X mean 
coverage. 
 
 

Tumor cellularity was 
estimated for each 
sample using a 
combination of qPure 
analysis 
and KRAS amplicon 
sequencing. 

Bailey 
et al65 
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CHAPTER 2 

OVERCOMING MALIGNANT CELL-BASED MECHANISMS OF RESISTANCE TO 

IMMUNE CHECKPOINT BLOCKADE ANTIBODIESa 

 

2.1 INTRODUCTION 

The startling reduction in cancer mortality rates since the signing of the US National Cancer Act 

in 1971 is a result of reductions in smoking rates, improved early detection, effective adjuvant 

therapy, and the deployment of increasingly effective and acceptably toxic cancer therapies. 

Traditional treatment approaches have focused on surgery, radiation therapy, and cytotoxic 

chemotherapy. However, with rare exceptions, metastatic cancers were considered to be 

incurable by traditional therapy. Over the past 20 years a fourth modality – immunotherapy – has 

emerged as a potentially curative approach for patients with advanced metastatic cancer. 

Commencing with the approval in 1997 of rituximab, an anti-CD20 monoclonal antibody with 

remarkable anti-tumor activity in patients with B cell malignancies, the field of cancer 

immunotherapy has been further energized by the discovery and exploitation of immune 

checkpoints as therapeutic targets.  

 

                                                 
a Adapted from Publication: Ajina R, Zahavi DJ, Zhang YW, Weiner LM. Overcoming 

malignant cell-based mechanisms of resistance to immune checkpoint blockade antibodies. 

Semin Cancer Biol. 2020. doi:10.1016/j.semcancer.2019.12.005 
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As of today, there are at least 64 FDA approved monoclonal antibodies and 11 Fc-fusion 

proteins1,2. More than half of these antibody-based molecules are currently in clinical use for 

cancer treatment2, and 6 of them are immune checkpoint blockades (ICBs) that target either the 

PD-1/PD-L1 or the CTLA4/CD28 axes (Table 2.1). These antibodies act by perturbing 

proliferative signaling and mediating immune cell destruction via antibody dependent cell-

mediated cytotoxicity3,4. The ICBs work by releasing effector T cells from their inhibitory 

signals, allowing T cells to attack their target cancer cells. Interfering with immunological 

checkpoints can lead to durable clinical responses with generally manageable toxicity profiles. 

Moreover, because PD-1, PD-L1, and/or CTLA4 blockade targets components of host immunity 

rather than tumor cell-intrinsic factors, their therapeutic effects are not limited to one type of 

malignancy but are efficacious across a broad spectrum of cancers. 

 

Despite the remarkable clinical efficacy of monoclonal antibody therapy and durability of 

responses specifically seen with immune checkpoint inhibitors, many challenges still need to be 

addressed. When used as monotherapy, ICBs are effective only in a fraction of patients and 

acquired resistance is common. In fact, pooled analysis of long-term survival data for 1,861 

patients from 10 prospective and 2 retrospective clinical studies of ipilimumab in unresectable or 

metastatic melanoma shows that the plateau in the survival curve was 21%, beginning around 

year 3 and lasting 10 years or more5. Also, several cancer types, such as pancreatic cancer, 

prostate cancer, colon cancer, and most cases of breast cancer, have shown very low frequencies 

of clinical benefit from ICBs6.  
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In addition, monoclonal antibodies such as cetuximab and trastuzumab that target growth 

receptors overexpressed by cancer cells are used in both first- and second-line treatment 

regimens for common malignancies7. Despite the reported clinical benefits of targeted 

monoclonal antibodies, such as trastuzumab, and continued clinical use, the majority of patients 

develop therapeutic resistance that remains poorly understood8. 

 

Effective immune cell killing is regulated by many factors. These include the quantity and 

quality of antigens expressed on cancer cells, the kinetics of antigen appearance and 

discontinuity9, the frequency and activity of intra-tumoral T cells, and the dynamic complex 

interactions between malignant cells and the surrounding stroma10. In order to extend the impact 

of therapeutic antibodies to more patients and across all cancer types, and to inhibit the 

development of acquired resistance, the underlying biology driving immune escape needs to be 

better understood. This understanding may lead to new successful therapeutic strategies. This 

review will focus on the mechanisms of antibody-based immunotherapy resistance that are 

specifically mediated by cancer cells.  

 

2.2 MALIGNANT CELL-BASED MECHANISMS OF RESISTANCE 

The goal of antibody-based cancer immunotherapy is to establish an anti-tumor immune 

response or to inhibit pro-tumor signaling. While this strategy has been effective, many tumor 

cell-intrinsic factors contribute to antibody-based immunotherapy resistance. Malignant cell-

based resistance mechanisms can be broadly placed in four main categories that include: the loss 

of antigenicity, immunomodulation, immunosuppression, and oncogenic signaling. The various 
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forms of immune evasion that comprise those categories can contribute to both primary (tumors 

do not initially respond to therapy) and adaptive (tumors initially respond to therapy) resistance6. 

Development of new antibody-based immunotherapies and combination paradigms must address 

the following known tumor cell-intrinsic resistance mechanisms. 

 

2.2.1 Loss of Antigenicity 

Tumor cells can express a variety of tumor specific antigens that are recognizable by cytotoxic T 

lymphocytes. The fact that tumors express immunogenic antigens that often arise due to the same 

mutations that drive cancer development11 provided a strong rationale for the development of 

immunotherapy. Unfortunately, tumor cells can evade both natural host and therapy induced 

immunity by becoming poor antigen presenters12. Normal cells process intracellular proteins into 

antigens that are expressed on the cell surface in the context of major histocompatibility (MHC) 

class I. Mutations in genes important for antigen processing machinery, specifically β-2-

microglobulin (B2M) which is a component of MHC class I, have been found in multiple cancer 

types13 and correlate with host T cell responses14 indicating that primary resistance can be due to 

clonal selection of tumor cells with an intrinsic capacity to reduce their antigen presentation. 

Defects in antigen presentation have also been demonstrated to occur as adaptive resistance to 

ICB15,16. Future development of immune checkpoint inhibitors will need to address the 

downregulation of MHC Class I due to loss of B2M or other associated proteins17. The loss of 

MHC Class I normally triggers an immune response by NK cells that recognize MHC class I 

polypeptide-related sequence A and B (MICA/B) through the activating NKG2D receptor18. 

Tumor cells have greatly reduced levels of MICA and MICB on their surfaces, and their 
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expression levels correlate with responses to immunotherapy19. Tumor cell modulation of 

antigen and cell surface repertoires represents a powerful immune evasion mechanism that 

remains a challenge for immunotherapy. 

 

Recently, tumor cells have been demonstrated to downregulate other cell surface proteins in 

addition to antigens as a form of adaptive resistance to targeted monoclonal antibody therapy20. 

This is not traditional antigenic modulation, and may prove to be a new mechanism of resistance 

to immune attack. 

 

Even when tumor cells retain their antigenicity and cytotoxic T lymphocytes recognize and 

target them for destruction, tumor cells employ additional mechanisms to inhibit their lysis. T 

lymphocyte mediated tumor destruction is classically carried out by release of perforins and 

granzymes and/or ligation of death receptors that induce apoptosis in the target tumor cells. 

Evading or resisting apoptosis is considered one of the hallmarks of human cancers and is a form 

of primary resistance. A major apoptosis signaling pathway consists of the death receptors from 

the tumor necrosis factor receptor family such as Fas and TRAIL which upon activation recruit 

caspase-8 to form the death induced signaling complex (DISC)21. Tumor cells have reduced 

expression of Fas and TRAIL in order to evade activation of the apoptotic pathway22,23. 

Additionally, caspase-8 is frequently downregulated or functionally impaired in many cancers24. 

Moreover, there is a class of proteins known as inhibitors of apoptosis (IAP) that can become 

dysregulated as adaptive resistance to immunotherapy. For example, XIAP was found to mediate 

resistance to targeted antibody therapy25. 
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2.2.2 Immunomodulation 

While ICB therapy has proven to be effective many patients fail to respond due to adaptive 

resistance26. The use of an antibody to an immune checkpoint can lead to compensatory 

upregulation of additional immune checkpoints. For example, patients who received anti-PD-1 

therapy but progressed were found to have tumor cells with increased levels of galectin-9 and 

higher proportions of TIM-3 positive exhausted T cells27. Similarly, it has been demonstrated 

that tumors can up-regulate the ligands to the immune checkpoints TIGIT and VISTA in 

response to ICB28. Paradoxically, tumor cells can also increase their expression of Fas. Although 

in some cases Fas can be downregulated to avoid T cell induced apoptosis, the inverse has been 

found to occur. Tumor cells with upregulated Fas expression can induce apoptosis in responding 

T cells29. The discovery of molecular immune targets beyond classical immune checkpoints such 

as CD40, CD47, and toll-like receptors whose signaling has been shown to inhibit the antitumor 

immune response mediated by traditional ICB has furthered the need for additional study30. 

Upregulation of various cell surface molecules that modulate T cell function in response to 

therapy will likely require combination treatments to increase clinical efficacy. 

 

2.2.3 Immunosuppression 

Tumor cell-mediated immunosuppression via alterations of the tumor microenvironment (TME) 

is a cause of both primary and adaptive resistance. Tumor cells release many pro-angiogenic 

factors that remodel the surrounding vasculature, which in turn can prevent T cell trafficking to 

the TME31. Immune evasion via exclusion of immune cell infiltration is a well-established form 

of primary resistance known to occur in pancreatic cancer due to formation of dense stroma and 
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recruitment of cancer-associated fibroblasts32. Tumor cells also can secrete immunosuppressive 

metabolites into the local TME in response to immune attack. For example, the enzyme 

Indoleamine-pyrrole 2,3-dioxygenase (IDO) reduces T cell proliferation and activity and is 

overexpressed by tumor cells33. Preclinical studies demonstrated that IDO production was 

activated upon treatment with ICB34. Taken together, these results indicate the use of IDO 

inhibitors in combination with ICB therapy. Another TME molecule, Arginase I, has been 

demonstrated to impair T cell function35. In a model of ovarian cancer, tumor cells produced 

extracellular vesicles that delivered arginase I to immune cells to confer primary resistance to 

immune attack. Tumor derived exosomes have further been implicated as mediators of adaptive 

resistance to immunotherapy by delivering immunosuppressive molecules to responding immune 

cells36. In addition to secreting immunosuppressive molecules, tumor cells can elaborate 

cytokines that recruit immunosuppressive immune cell variants to the TME. For instance, in a 

melanoma mouse model tumor cells inhibited ICB efficacy by expressing chemotactic factors for 

the recruitment of myeloid derived suppressor cells (MDSCs)37. Thus, tumor cell intrinsic 

mechanisms exist that prevent an anti-tumor response by creating and maintaining an 

immunosuppressive TME. 

 

2.2.4 Oncogenic Signaling 

Oncogenic signaling pathways also play significant and complex roles in affecting the anti-tumor 

immune response. Alterations in the mitogen-activated protein kinase (MAPK) pathway, PI3K 

signaling due to PTEN loss, WNT/β-catenin signaling, and/or interferon-gamma (IFNγ) 

signaling have all been demonstrated to contribute to adaptive resistance to immunotherapy38. 
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Furthermore, the use of monoclonal antibodies that target growth receptors such as epidermal 

growth factor receptor (EGFR) and human epidermal growth factor receptor 2 (HER2) directly 

perturb those signaling axes. Tumor cells can modify the receptor or downstream signaling 

pathways in acquired resistance39,40. The different signaling pathways that contribute to 

immunotherapy resistance will be covered more in depth in the next section. 

 

2.3 ONCOGENIC SIGNALING CONTRIBUTIONS TO RESISTANCE TO 

IMMUNOTHERAPY 

Cancer cells can escape host immune surveillance by induction of oncogenic signaling 

pathways41. Pathways that contribute to resistance to be reviewed in this section include: 

JAK/STAT signaling, the DNA damage response pathway, stimulator of interferon genes 

(STING) signaling, WNT/β-catenin signaling, EGFR signaling, Epithelial to Mesenchymal 

transition (EMT), and transforming growth factor-beta signaling. 

 

2.3.1 JAK/STAT Signaling 

The Janus kinase (JAK) family and the signal transducer and activator of transcription (STAT) 

family constitute a rapid membrane-to-nucleus signaling module that can affect every aspect of 

the mammalian immune system. JAK/STAT signaling has consistently found to be involved in 

immune resistance. In pancreatic cancer epithelial cells and Hodgkin’s Reed-Sternberg (HRS) 

cells, constitutive activation of JAK/STAT signaling leads to chronic inflammation via secretion 

of pro-inflammatory cytokines including IL-6, IL-3, and IL-2142,43. JAK/STAT-mediated chronic 

inflammation decreases anti-PD-1 immunotherapy efficacy by impairing cytotoxic T lymphocyte 
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(CTL) activation in pancreatic cancer. The JAK1/2 inhibitor, ruxolitinib, which inhibits the 

JAK/STAT signaling pathway, efficiently inhibits systemic inflammation in the tumor 

microenvironment. This increases CTL infiltration and activation, and thus can overcome 

resistance to anti-PD-1 immunotherapy in a murine preclinical model of pancreatic 

adenocarcinoma43. 

 

STAT1 is part of the JAK/STAT signaling cascade and is best known for its essential role in 

mediating responses to all types of interferons (IFN). STAT1 regulates a variety of cellular 

processes such as antimicrobial activities, cell proliferation, and cell death. It possesses 

important immune modulatory functions both in innate and the adaptive immune responses44. 

The IFNγ signaling pathway is essential for host cancer immune surveillance. Expression of 

HLA class I antigens is often dysregulated in cancers, for example as the result of 

downregulation by EGFR signaling pathways in head and neck cancer (HNC), and is associated 

with interferon signaling dysfunction45. Interestingly, STAT1 and IFNs are also involved in 

resistance to T-cell-based immunotherapy46. More recently, it has been demonstrated that IFNγ 

signaling plays duel and opposing roles in the anti-tumor immune response whereby IFNγ 

signaling in T cells promotes response but IFNγ signaling in the tumor cells is inhibitory47. 

STAT1-dependent HLA class I upregulation also enhances clinical responses to anti-EGFR 

cetuximab therapy in HNC patients. Abrogating EGFR-induced immune escape mechanisms and 

restoring STAT1 signaling to reverse HLA downregulation using cetuximab should be 

considered to be a potential strategy to enhance adaptive cellular immunity45. 
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2.3.2 DNA Damage Response  

DNA damage results from physiological conditions or genotoxic agents, triggering the DNA 

damage response (DDR)48. Briefly, upon detection of DNA breaks by sensor protein complexes, 

DDR is initiated by phosphoinositide 3-kinase-like serine threonine kinases such as ataxia 

telangiectasia mutated (ATM), DNA-dependent protein kinase catalytic subunits (DNA-PKcs), 

and ataxia telangiectasia and RAD3 related (ATR). These upstream DDR kinases phosphorylate 

downstream proteins which lead to different cellular events: 1) activation of cell cycle 

checkpoints to prevent cells with DNA breaks from progressing through the cell cycle, 2) DNA 

repair pathways to maintain genomic integrity, and 3) apoptosis to eliminate cells with un-

repairable DNA damage. ATR/ Checkpoint kinase 1 (Chk1) and ATM/ Checkpoint kinase 2 

(Chk2)/p53 can regulate several cellular checkpoints. After cell cycle arrest, DNA repair occurs 

through various DNA repair pathways, such as mismatch repair (MMR), base excision repair 

(BER), nucleotide excision repair (NER), and double-strand break repair pathways:  homologue 

repair (HR) and non-homologue end joining repair (NHEJ). Thus, the balance of DNA damage 

and repair is well maintained to protect genome integrity. 

DNA repair is closely related with immunotherapy efficiency. First, in tumor cells, DNA repair 

decreases mutation frequency and neoantigen production and confers resistance to 

immunotherapy under some circumstances because normal DNA repair prevents mutations, 

chromosomal rearrangement, and genomic aberration49-50. Compared to MMR-proficient tumors, 

MMR-deficient tumors have high tumor mutation load, which correlates with high microsatellite 

instability and higher responsiveness to ICB therapy51,52. Second, as a consequence of decreased 

immunogenicity, CTL infiltration is inhibited in the tumor microenvironment which impairs ICB 
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efficacy.  Breast cancers with mutations in the BReast CAncer genes 1 and 2 (BRCA1/2) have 

been shown to be associated with increased lymphocytic infiltrates53. In a small cell lung cancer 

in vivo tumor model, Poly (ADP-ribose) polymerase (PARP) inhibition potentiates the anti-

tumor effect of PD-L1 blockade by increasing cytotoxic CD8+ T-cell infiltration at the tumor 

sites52. Moreover, the expression of PD-L1 is negatively regulated by DNA repair, such as 

MMR, NER and BER52. MMR-deficient tumors present higher surface expression of PD-L154. 

PARP inhibitors also augment PD-L1 expression on the surface52,55. It is plausible that inhibition 

of the DNA repair signaling pathway would sensitize tumor cells to antibody-based 

immunotherapy, providing the rationale for this combination therapeutic strategy56,57. 

 

2.3.3 STING Signaling 

STING senses pathogen-derived or abnormal self-DNA in the cytosol, which can be generated as 

a result of DNA damage58. STING controls the transcription of numerous host defense genes, 

including type I interferons and pro-inflammatory cytokines, triggering an innate immune 

defense against microbial infection and cancer58. Since the STING pathway can stimulate host 

anti-tumor immunity, cancer cells tend to suppress this pathway, favoring tolerogenic cell 

death59. The DNA-sensing defense response, involving the STING pathway, is the most 

suppressed pathway in immune-resistant Head and Neck Squamous Cell Carcinoma (HNSCC) 

cells60. STING expression is suppressed by histone H3K4 lysine demethylases Lysine 

Demethylase 5 (KDM5) and activated by H3K4 methyltransferase 61. SRY (sex determining 

region Y)-box 2 (SOX2) inhibits STING, facilitating autophagy-dependent STING degradation 

to inhibit IFN type I signaling60. Activation of the STING pathway can reverse adaptive immune 
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resistance and sensitize tumor cells to immunotherapy such as ICB, chimeric antigen receptor 

cell therapy, and cancer vaccines62,63. STING agonists have been shown to promote IFN 

signaling and extend survival in two acute myeloid leukemia mouse models64. Despite the 

encouraging pre-clinical observations, the characterization of the STING pathway is species-

dependent. Thus, STING agonists have failed thus far in clinical trials. In order to develop 

successful STING agonistic therapies, better characterization of human STING signaling is still 

needed65.  

 

2.3.4 WNT/β-catenin Signaling 

WNT is a family of secreted glycolipoproteins and regulates cell proliferation, cell polarity, and 

cell fate determination during embryonic development and tissue homeostasis. The WNT 

signaling pathway functions by regulating the expression of the transcriptional co-activator β-

catenin which controls developmental gene expressions66. The WNT/β-catenin signaling cascade 

is initiated after binding of a lipid-modified WNT protein to the receptor complex. Briefly, 

lipoprotein receptor‑related protein (LRP) is phosphorylated by serine/threonine kinases casein 

kinase 1 (CK1) and glycogen synthase kinase 3β (GSK3β). Axis inhibition protein 1 (AXIN1) is 

then recruited to the plasma membrane. Upon the inactivation of the kinases in the β-catenin 

destruction complex, β-catenin translocates to the nucleus and forms an active transcription 

factor complex with T‑cell factor (TCF)/lymphocyte‑enhancer‑binding factor (LEF), 

initiating transcription of target genes67. 
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The WNT/β-catenin pathway has been associated with resistance to ICB-based immunotherapy. 

β-catenin pathway activation correlates with the lack of a T-cell gene expression signature in 

human melanomas. Mouse melanoma models with active β-catenin show a complete absence of 

CD3+ T cells and are resistant to anti–CTLA4/anti–PD-L1 therapy, which is dependent on  the 

absence of CD103+ dendritic cells-derived chemokines such as C-X-C motif chemokine ligand 9 

(CXCL9) and CXCL1068,69. Therefore, modulation of WNT/β-catenin pathway would be 

expected to overcome resistance to cancer immunotherapy.  

 

2.3.5 EGFR Signaling 

The epidermal growth factor receptor is a transmembrane tyrosine kinase receptor involved in 

the proliferation and survival of cancer cells. EGFR blockade therapy by EGFR-targeted 

monoclonal antibodies, such as cetuximab and panitumumab have been clinically used in 

colorectal cancer, head and neck cancer, non-small-cell lung cancer, and kidney cancer70. Anti-

EGFR antibodies exert anti-tumor effects by either direct cell killing or eliciting ADCC. The 

mechanisms of anti-EGFR resistance include: 1) Acquisition of EGFR gene mutations, such as 

second-site mutation T790M, third-site mutation C797S, and S468R. These mutations map to the 

cetuximab epitope on EGFR, preventing antibody binding71,72. 2) RAS gene mutation; in 

colorectal cancer cells, KRAS, NRAS, BRAF and amplification of ERBB2 and MET gene 

mutations drive primary resistance to anti-EGFR treatment73. Additionally, in circulating tumor 

DNA (ctDNA) of colorectal cancer patients with primary or acquired resistance to EGFR 

blockade, there are alterations in KRAS, NRAS, MET, ERBB2, EGFR, FLT3 and MAP2K174. 3) 

Autophagy, which induces EGFR internalization and ubiquitination75. 4) ATM mutation and 
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low-E-cadherin expression76. 5) inflammatory cytokines including IL1A, IL1B and IL8; this 

module of secreted cytokines is associated with non-response to cetuximab treatment in vitro and 

in patient-derived xenografts77. 

 

2.3.6 Epithelial-Mesenchymal Transition 

EMT is a biological process mediated by multiple biochemical changes, allowing the transition 

of epithelial cells to cells with a mesenchymal phenotype; characterized by increased migratory 

capacity, invasion, resistance to apoptosis, and enhanced induction of extracellular molecules 

such as Vimentin78. EMT has been shown to play a function in the tumorigenic progression from 

initiation, primary tumor growth, invasion, dissemination and metastasis to colonization as well 

as in resistance to therapy79. Mesenchymal feature acquisition decreases the susceptibility of 

tumor cells to immune effector cell-mediated lysis. Moreover, a cohort study of patients with 

metastatic urothelial cancer treated with a PD-1 inhibitor, nivolumab, demonstrated that higher 

EMT/stroma-related gene expression is associated with lower response rates and shorter 

progression-free and overall survival in patients with T-cell infiltrated tumors80. EMT-associated 

mechanisms of immunoresistance include regulation of PD-L1/PD-L2 expression, increased 

autophagy, decreased sensitivity to the cell death receptor pathway, immunoproteasome 

deficiency and initiation of defective immunological synapses81. 

 

In addition, the T-box transcription factor Brachyury is recognized as the driver of the 

acquisition of mesenchymal features, by inducing the loss of p21 and cyclin-dependent kinase 

inhibitor 1 (CDK1), which results in inefficient caspase-dependent apoptosis. Stabilization of 
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CDK1 by reconstitution of p21 expression or inhibition of WEE1, a negative kinase of CDK1 

increases the lysis of Brachyury-high level tumor cells mediated by antigen-specific CD8+ T 

cells, NK cells, and lymphokine-activated killer (LAK) cells82,83.  

 

2.3.7 Transforming Growth Factor-β (TGF-β) Signaling 

The TGF-β superfamily of cytokines is comprised of secreted polypeptides regulating a 

multitude of cellular processes including proliferation, differentiation, and neoplastic 

transformation84. The members of this superfamily elicit their biological effects through a family 

of transmembrane serine/threonine kinase receptors classified as type I or type II receptors. Cell 

signaling is transduced either via receptors that activate intracellular mediators (Smad) or in 

Smad-independent signaling pathways. Impaired T cell function or proliferation is one of the 

mechanisms of resistance to ICB therapy38,85. TGF-β represses proliferation of both CD4+ and 

CD8+ T cells, although CD28 co-stimulation can overcome this TGF-β-mediated repression86. 

TGF-β-induced EMT promotes resistance to complement-dependent cytotoxicity (CDC) of 

cetuximab in lung cancer, which is mediated by up-regulation of CD59 expression on the cell 

surface. CD59 knockdown could re-sensitize cells undergoing EMT to cetuximab-mediated 

CDC87. 

 

2.4 COMBINATION STRATEGIES TO OVERCOME IMMUNOTHERAPY 

RESISTANCE 

In order for cancer cells to successfully overcome the cytotoxic T cell response, they tend to 

induce several immune evasion mechanisms simultaneously. Therefore, with relatively rare 
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exceptions it is unlikely that targeting a single resistance mechanism is sufficient to eradicate 

immunotherapy refractory tumors. Supporting evidence comes from the observation that patients 

and mice with high PD-L1 expression may still fail to respond to PD-1/PD-L1 inhibitors88-89. 

Also, even when the overexpression of immune checkpoints is considered the major mechanism 

of primary immune evasion and administration of FDA-approved ICBs results in favorable 

outcomes, acquired resistance is not uncommon. Driven by this knowledge, hundreds of 

therapeutic strategies that involve the combination of immune checkpoint inhibitory antibodies 

with conventional genotoxic cancer treatment, molecular targeted therapy, and/or other types of 

immunotherapies are currently being investigated (Figure 2.1). Below we provide some 

examples of these combination therapy strategies and describe how they are being designed to 

overcome the reviewed antibody-based immunotherapy resistance mechanisms. 

 

2.4.1 Combining ICB with Conventional Genotoxic Cancer Treatments 

A large body of evidence indicates that conventional cancer treatments (i.e. chemotherapy and 

radiation therapy) have immunomodulatory effects90,91. They can induce immunogenic cell 

death, affect the expression of immune checkpoints on cancer cells, and reduce the infiltration of 

immunosuppressive stromal cells (such as T regulatory cells92,93, MDSCs94,95, dysfunctional 

dendritic cells (DCs)96, tumor associated neutrophils (TANs)97, and tumor associated 

macrophages (TAMs)98).  

 

As mentioned earlier, reduced tumor antigenicity is a major immunotherapy resistance 

mechanism that typically leads to a relative paucity of intra-tumoral cytotoxic T cells. Classic 
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examples of these immune-ignorant tumors, which are also referred to as “immunologically 

cold” tumors, are pancreatic cancer99, prostate cancer100, and glioblastoma101. One possible 

therapeutic approach to improve tumor immunogenicity is by inducing immunogenic cell death, 

the first and a crucial step in the initiation of T cell anti-tumor immunity. 

 

Conventional cancer therapies promote immunogenic cell death by disrupting the genomic 

integrity through induction of DNA double-stranded breaks, DNA cross-links, chromosome 

bridges, and/or other chromosomal abnormalities during mitosis. Since cancer cells contain 

protein sequences that differ either in form or in level of expression than the proteins of their 

normal counterparts, the death of cancer cells results in the release of potentially immunogenic 

cancer antigens. While providing naive T cells with the antigenic peptides they can recognize is 

essential for their activation, induction of the peptide-MHC-TCR signal only is insufficient in 

isolation to mount an effective adaptive immune response. Therefore, although cancer therapy-

mediated DNA damage can increase mutational abundance, tumor antigenicity seems to have 

little impact on tumor immunogenicity. In fact, McGranahan et al. reported that chemotherapy-

induced sub-clonal mutations that contribute to higher mutational load are enriched in some poor 

responders102. 

 

Several studies suggest that cytotoxic cancer therapy induces tumor immunogenicity by 

stimulating tumor adjuvanticity. As a result of cellular damage, intracellular contents (such as 

high mobility group box 1 (HMGB1), nucleic acids, and high concentrations of purine 

metabolites) are released. These endogenous molecules, which are termed damage-associated 
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molecular patterns (DAMPs), can then be recognized by innate immune cells, including DCs, 

through their cognate pattern recognition receptors (PRRs). DAMPs-PRRs binding events 

promote the expression of a subset of cytokines and chemokine receptors, allowing DCs to 

migrate to T cell-rich areas of secondary lymphoid organs, such as regional draining lymph 

nodes. Also, PRR stimulation further enhances DCs antigen processing and presentation, and 

promotes DC expression of co-stimulatory molecules103. These co-stimulatory molecules on 

active DCs and the released cytokines provide the additional signals required for productive 

naïve T cell priming and activation. In a KP lung adenocarcinomas Kras/Trp53 mutant cancer 

mouse model, chemotherapies with favorable immunomodulatory properties 

(oxaliplatin combined with cyclophosphamide) control tumor growth by stimulating toll-like 

receptor 4 (TLR4) signaling, a PRR family member, and by eliciting CTL infiltration into the 

tumor, leading to durable responses to immune checkpoint inhibitors104. Notably, this particular 

tumor mouse model is resistant to chemotherapy or anti-PD-1 treatment when either is used as a 

monotherapy. Similarly, radiation therapy enhances the diversity of the TCR repertoire of intra-

tumoral T cells105, increases MHC class I expression, and improves antigen processing106. 

Interestingly, this immunogenic effect of radiation seems to be dependent on the activation of the 

STING pathway107 and the subsequent stimulation of IFN signaling as a result of the release of 

cytosolic DNA from irradiated-cancer cells. 

 

Driven by these findings, many clinical trials are currently underway to investigate the additional 

benefit of combining immune checkpoint blockades with chemotherapy108 and/or radiation 

therapy109. Given that both immune checkpoint blockades and conventional cancer treatments are 



54 
 

FDA approved and thus readily available, some of these combination therapeutic strategies may 

lead to relatively quick, meaningful clinical impacts. 

 

Nonetheless, many questions remain to be answered in this field. For example, there are many 

different types of cell death (such as necroptosis, pyroptosis, ferroptosis, entotic cell death, 

necrotic cell death, parthanatos, lysosome-dependent cell death, autophagy-dependent cell death, 

alkaliptosis, and oxeiptosis)110, and only some of these types can elicit immune responses111. 

Therefore, studying which type of cell death can be induced by each genotoxic agent is 

necessary. Moreover, the structural and biochemical features of chemotherapeutic agents are 

unlikely to predict their therapeutic efficacy when combined with immunotherapy. Hence, the 

clinical benefit of combining genotoxic chemotherapies with immune checkpoint inhibitors 

needs to be addressed experimentally. In fact, pre-clinical and/or clinical studies have 

demonstrated that only a few agents can induce immunogenic cell death, including doxorubicin, 

epirubicin, idarubicin, mitoxantrone, bleomycin, bortezomib, cyclophosphamide and 

oxaliplatin90. Similarly, the dose and schedule of radiation therapy can profoundly impact the 

degree of tumor immunogenicity, and thus needs to be carefully investigated. Along the same 

line, there is an urgent need to determine the proper timing and sequencing of combination 

therapy that can generate durable favorable immune and clinical responses with minimal 

toxicities112. 

 

2.4.2 Combining ICB with Molecularly Targeted Cancer Therapy 
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Many of identified molecules have the potential to generate favorable outcomes when targeted in 

combination with immunotherapies. These molecules either contribute to (i) aspects of the 

cancer cells’ intrinsic biology such as oncogenic signaling pathways, (ii) the cancer cells’ 

extrinsic biology (i.e. the tumor stroma comprised of immunosuppressive cytokines, chemokines, 

and angiogenic molecules), or (iii) the whole tumor biology, such as tumor epigenetic properties. 

In this review, we selectively emphasize targeting components of the DNA repair pathway in 

combination with FDA-approved immune checkpoint blockade as an example. 

 

Four PARP inhibitors have received FDA approval as monotherapy for cancer. They are 

olaparib (Lynparza), rucaparib (Rubraca), niraparib (Zejula), and talazoparib (Talzenna). In pre-

clinical in vivo studies, PARP inhibition remarkably potentiated the anti-tumor effect of PD-L1 

blockade and increased the recruitment of cytotoxic CD8+ T cell infiltration in multiple 

immunocompetent in vivo tumor models52,113. More detailed studies revealed that PARP 

inhibitors trigger the accumulation of cytosolic DNA fragments due to unresolved DNA lesions. 

This can induce the activation of the STING pathway and the production of type I IFNs, leading 

to the stimulation of CXCL10 and CCL5, key chemokines to recruit T lymphocytes to the tumor 

site. Notably, this anti-tumor T cell immunity is independent of BRCA status. Moreover, 

exposure to the PARP inhibitor olaparib increases tumor sensitivity to NK cell killing and ADCC 

in both BRCA wild-type and BRCA mutant prostate cancer cells, independent of PD-L1 or 

EGFR modulation114. These results support the notion that inhibition of DNA damage response, 

including DNA repair signaling pathways, can sensitize tumor cells to antibody-based 

immunotherapy, providing the rationale for combination therapeutic strategies. 
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Very recently, a clinical trial was conducted to evaluate the safety and efficacy of niraparib in 

combination with pembrolizumab and led to very impressive results in 60 ovarian carcinoma 

patients115. The disease control rate was 65% (90% CI, 54%-75%), including 3 patients (5%) 

with confirmed complete responses, 8 patients (13%) with confirmed partial responses, and 28 

patients (47%) with stable disease. The results of this study and similar ones set the stage for 

several ongoing clinical trials to evaluate the safety and efficacy of combining PARP inhibitors 

with anti-PD-1, anti-PD-L1 or anti-CTLA4 inhibitory antibodies for the treatment of ovarian 

cancer, triple negative breast cancer, prostate cancer, pancreatic cancer, and gastric cancer. 

 

2.4.3 Combining ICB with other forms of immunotherapy 

Currently, in addition to PD-1/PD-L1 and CTLA4, several other inhibitory immune checkpoints 

have been identified116. At least three of these molecules, Lag-3, Tim-3, and TIGIT, have 

potential to be translated to the clinic as immunotherapy targets. The biological activity, 

associated disorders, and therapeutic targeting of Lag-3, Tim-3, and TIGIT are nicely 

summarized in another review117. Despite the lack of deep mechanistic insight, a large amount of 

evidence suggests that immune checkpoints have distinct properties and exhibit non-overlapping 

functions, providing a preclinical rationale for combining multiple immune checkpoint 

inhibitors. Indeed, the objective response rates of metastatic melanoma patients treated with 

nivolumab plus ipilimumab are significantly higher (57.6%) than for patients treated with 

ipilimumab alone (19.0%) or nivolumab alone (43.7%).  
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In addition to co-inhibitory receptors, T cell immunity can also be regulated by co-stimulatory 

receptors, including CD40, CD27, glucocorticoid‑induced TNFR‑related protein (GITR), 

OX40, 4-1BB, and inducible T cell co‑stimulator (ICOS)118. Pre-clinical and clinical studies 

show that targeting these co-stimulatory molecules is very promising. In this review, we discuss 

the anti-tumor activity of CD40 agonists as an example. The CD40 co-stimulator molecule is 

predominantly expressed by antigen presenting cells (APCs) and binds to CD40 ligand (CD40L) 

on the surface of T helper cells. CD40 is required for APC function. Thus, the major mechanism 

of CD40 agonists is to stimulate APC proliferation and activity. Interestingly, CD40 can be 

expressed by some malignant B cells and some cancer cells in solid tumors. Thus, CD40 agonists 

can also be employed to induce targeted cancer cell death. 

 

At least four approaches have been implemented to target CD40/CD40L signaling: recombinant 

multimeric CD40-ligand119, CD40L expressing chimeric antigen-receptor T cells (CAR-T 

cells)120, gene therapeutic delivery of CD40L to leukemia cells121, and agonistic monoclonal 

antibodies122. The latter approach has received the most attention with at least nine antibody-

based therapies that are now being evaluated in clinical trials: APX005M, ABBV-927, ABBV-

428, RO7009789, JNJ-64457107 (ADC-1013), CDX-1140, 2141 V-11, Chi Lob 7/4, and SEA-

CD40. These drugs are currently investigated for the treatment of a wide range of solid tumors, 

including melanoma, pancreatic cancer, esophageal cancer, as well as hematological 

malignancies, such as lymphoma. Among the many clinical trials that reported promising 

therapeutic responses for CD40 agonists is NCT02482168, which evaluated the safety and 

efficacy of APX005M123. In this small phase Ib study, 30 previously untreated pancreatic ductal 
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adenocarcinoma patients received therapy and 24 were dose-limiting toxicity-evaluable. These 

24 patients were divided equally into 4 cohorts: (i) Gemcitabine/nab-paclitaxel/APX005M at 0.1 

mg/kg, (ii) Gemcitabine/nab-paclitaxel/APX005M at 0.3 mg/kg, (iii) Gem/nab-

paclitaxel/nivolumab/APX005M at 0.1 mg/kg, and (iv) Gem/nab-paclitaxel/ 

nivolumab/APX005M at 0.3 mg/kg. Those patients demonstrated manageable safety profiles and 

promising anti-tumor activity. In fact, 14 (58%) patients had partial response, 8 (33%) patients 

had stable disease, 1 patient (4%) had progressive disease, and 1 patient (4%) had no treatment 

evaluation. Driven by these encouraging results, a randomized phase II study evaluating 

chemotherapy, APX005M 0.3 mg/kg, with and without nivolumab is currently underway. 

 

In addition to antibody-based immunotherapy, the combination of immune checkpoint inhibitors 

with T cell adoptive therapy is being extensively explored in clinical trials in various settings. 

There are three types of T cell-based immunotherapy: (i) autologous tumor infiltrating 

lymphocyte (TIL) therapy, (ii) adoptive cell transfer of the patient’s peripheral T cells (ACT) 

with genetically-modified TCR therapy, and (iii) ACT with engineered CAR-T cell therapy. In a 

clinical trial, using TIL therapy in heavily pretreated patients with metastatic melanoma, 20% of 

patients had complete durable responses and the vast majority of them had more than 5 years of 

survival124. However, the TIL approach requires the isolation of sufficient number of anti-tumor 

T cells from large surgical samples, in vitro expansion, and then re-infusion into lymphocyte-

depleted patients. The two ACT approaches described above have overcome some of these 

limitations. For example, CAR-T cell therapy, in particular, has shown remarkable efficacy in 

CD19 positive hematological malignancies, leading to the first FDA approval of a gene 
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therapy. Despite these promising results, the field of adoptive T cell therapy faces several 

challenges. For example, the expression of immune checkpoints, such as PD-1, on adoptively 

transferred T cells increases after antigen stimulation, resulting in the development of acquired 

resistance to T cell therapy.  

 

Additionally, the success of T cell therapy has been largely limited to hematological 

malignancies thus far. Among several potential mechanisms of resistance to T cell therapy in 

solid tumors is the expression of immune checkpoint molecules, such as PD-L1, by cancer cells 

and the stroma. These findings provide a rationale for combining T cell adoptive therapy with 

PD1/PD-L1 inhibitors. In pre-clinical studies, PD-1/PD-L1 blockade enhances the efficacy of 

CAR-T-cell therapy against established solid tumors. Interestingly, these studies also reported 

that the combination strategy of PD-1/PD-L1 inhibitors with CAR-T cell therapy can 

downregulate the frequency of intra-tumoral myeloid-derived suppressor cells (MDSC), and thus 

can further increase CAR-T cell activity125,126. Driven by these encouraging observations, several 

clinical trials of combination therapy have been conducted. Initial evidence in human clinical 

studies suggests that immune checkpoint inhibitors can be used safely with CAR-T cell 

therapy127. Also, this combination therapy strategy can decrease T cell exhaustion, thereby 

augmenting CAR-T cell function and persistence. While these early clinical results are 

promising, larger trials are still needed. 

 

In addition to targeting immune checkpoints with monoclonal inhibitory antibodies, several 

attempts have been reported to genetically engineer CAR-T cells to either (i) lack PD-1128 or 
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CTLA-4129 genes, (ii) to secrete anti-PD-L1 antibodies at the tumor site130, or (iii) to convert the 

inhibitory signal generally transduced by the PD-1 cytoplasmic domain into an activating signal 

using a chimeric switch-receptor consists of the extracellular domain of PD-1 fused to the 

transmembrane and cytoplasmic domains of CD28131. These novel CAR-T cell approaches are 

currently under investigation. 

 

2.5 CONCLUSION 

The field of cancer immune checkpoint inhibitors is expected to always face emergent 

challenges. In addition to the malignant cell-based mechanisms of resistance to immunotherapy, 

there are many other immune evasion mechanisms that can be employed by the non-cancer 

elements of the tumor microenvironment. The tumor stroma serves as a well-organized physical 

barrier and intricate biochemical system. It consists of diverse cellular types, non-cellular 

extracellular matrix (ECM) components, and altered microorganisms. All of these components 

continuously interact with each other and with cancer cells, creating a very dynamic and 

complex crosstalk network. Some of these factors regulate tumor immunity in synergistic or 

opposing manners, and thus can impact immunotherapy responses 132. Therefore, although we 

have covered the relatively narrower but critically important area of how malignant cells evade 

immune destruction, it is important to think about such issues in the larger context of 

sophisticated tumor biology mechanisms.  

 

For instance, tumors are typically very heterogeneous. Tumor heterogeneity can be exemplified 

by significant variations between cancers from different patients, between multiple tumors within 
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a single patient, or even within different parts of the same tumor mass133-135. Tumor 

heterogeneity may involve variations in cancer cell intrinsic factors such as genomic and 

epigenomic features. It may also involve the diversity of the surrounding tumor 

microenvironment, including the type, frequency, and activity profiles of intra-tumoral immune 

cells and the expression of various immune checkpoints136. Therefore, every tumor may 

represent a unique ‘haystack’. Finding the needle (i.e. the effective therapeutic target) in each 

‘haystack’ is challenging, illustrating the need for good biomarkers and personalized cancer 

treatments. Even if such ‘needles’ were successfully identified and resulted in initial favorable 

clinical outcomes, the persistence of immune selection forces may drive the continuing evolution 

of tumor heterogeneity and concomitant immune resistance. However, the durability of many 

anti-tumor immune responses suggests that in some, or perhaps many situations, the host 

immune system will be up to this challenge. In order to fill these current gaps in understanding, 

recent technological advances in molecular sciences combined with advanced data analysis and 

machine learning are being heavily employed to support the field of cancer immunotherapy137-

141. 
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2.6 FIGURE 

 
 

Figure 2.1. Current landscape for FDA-approved immune checkpoint inhibitor clinical 

trials. Using clinicaltrials.gov/, clinical trials (interventional studies) with status “Not yet 

recruiting”, “Recruiting”, “Enrolling by invitation” and “Active, not recruiting” were included in 

the figure. 
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2.7 TABLE 

Table 2.1. FDA-approved immune checkpoint inhibitors 

 

Antibody Target Approved For 

Ipilimumab CTLA4 Metastatic Melanoma, Renal Cell Carcinoma, Colorectal Cancer 

Nivolumab PD-1 

Metastatic Melanoma, Non-Small Cell Lung Cancer, Renal Cell 
Carcinoma, Hodgkin's Lymphoma, Head and Neck Cancer, Urothelial 
Carcinoma, Colorectal Cancer, Hepatocellular Carcinoma, and Small Cell 
Lung Cancer 

Pembrolizumab PD-1 

Metastatic Melanoma, Non-Small Cell Lung Cancer, Head and Neck 
Cancer, Hodgkin's Lymphoma, Urothelial Carcinoma, Gastric Cancer, 
Cervical Cancer, Hepatocellular Carcinoma, Merkel Cell Carcinoma, 
Renal Cell Carcinoma, Small Cell Lung Cancer, and Esophageal 
Carcinoma 

Atezolizumab PD-L1 
Urothelial Carcinoma, Non-Small Cell Lung Cancer, Breast Cancer, and 
Small Cell Lung Cancer 

Avelumab PD-L1 
Merkel Cell Carcinoma, Urothelial Carcinoma, and Renal Cell 
Carcinoma 

Durvalumab PD-L1 Urothelial Carcinoma and Non-Small Cell Lung Cancer 

Cemiplimab PD-1 Advanced cutaneous squamous cell carcinoma (CSCC) 
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CHAPTER 3 

FUNCTIONAL GENOMICS: PAVING THE WAY FOR MORE SUCCESSFUL 

CANCER IMMUNOTHERAPYb 

 

3.1 INTRODUCTION 

The concept of immunotherapy has revolutionized cancer treatment. Immunotherapeutics are 

designed to stimulate efficient, diverse, and highly specific, anti-tumor immune responses to 

fight cancer. The goal of immunotherapy is to enhance the immune system to search for any 

cancer cell, regardless of its cellular origin or location in the body, and to eliminate it effectively. 

Ideally, this immune-mediated tumor attack leaves neighboring normal cells intact and protects 

the body from relapse. This unique mechanism of action may explain why some forms of 

immunotherapy are effective for the treatment of a wide range of cancer types. It may also 

explain why some immunotherapeutic modalities can mediate complete durable tumor regression 

beyond 5 years. 

  

Although immunotherapies are effective cancer treatments, not all treated individuals show 

favorable responses, and many responders develop acquired resistance. Not surprisingly, great 

effort has been made to identify biomarkers that can select the right immunotherapeutic strategy 

                                                 
b Adapted from Publication: Ajina R, Zamalin D, Weiner LM. Functional genomics: Paving the 

way for more successful cancer immunotherapy. Brief Funct Genomics. 2019. 

doi:10.1093/bfgp/ely017 
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for the right patient. However, no perfect biomarkers have been identified yet, and no clear 

understanding of how immunotherapy resistance emerges. In order to improve the effectiveness 

of immunotherapy, we need to gain a comprehensive understanding of the cancer−immune 

system interaction. Nonetheless, cancers and host immunity are both best characterized as 

complex cellular ecosystems. Typically, cancers contain multiple heterogeneous clones and sub-

clones. Likewise, the immune system consists of many different cell types and subtypes, each of 

which varies in its effector functions and maturation status. Additionally, all tumor cells 

continually experience highly sophisticated and dynamic interactions with cells and molecules in 

the surrounding microenvironment, including components of the immune system. Moreover, 

host immunity can both recognize and destroy cancer cells, and yet enable or allow them to at 

times evade immune attack. To address this complexity, functional genomics, which evaluates a 

wide spectrum of genes and their products, might be more informative than studying isolated 

genes and their products. 

 

In this review, we will briefly discuss how the immune system interacts with cancer, how cancer 

immunotherapeutics work, and the current challenges in the field. Finally, we will explain how 

functional genomics analysis may allow us to better understand the cancer-host immunity 

interactions and to design more effective immunotherapeutic strategies. Computational tools and 

mathematical algorithms have been extensively reviewed elsewhere. Therefore, detailed 

discussion of this area is beyond the scope of this article. 

  

3.2 THE CANCER-IMMUNITY CYCLE 
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During tumorigenesis, cancer undergoes strong selection pressure. In order for cancer cells to 

grow and evolve, they need to compete with neighboring cells for nutrients and space1. They also 

need to escape immune recognition and attack. While some cells can successfully adapt and 

survive, many others die. The death of cancer cells, which are genetically and epigenetically 

modified as compared to normal cells, can result in the release of mutant proteins, which may be 

recognized as non-self (i.e., antigens)2. There are two main types of cancer-related antigens: (i) 

neoantigens, also called tumor-specific antigens (TSA) that are specifically and exclusively 

expressed by cancer cells, and (ii) tumor-associated antigens (TAAs) that can be expressed by  

tumor cells as well as some stromal cells. TAAs include overexpressed self-proteins, tissue-

specific differentiation antigens, and cancer testis (oncofetal) antigens3. 

  

The initiation of an immune response begins when tumor-infiltrating antigen presenting cells 

(APCs), exemplified by dendritic cells (DCs), recognize dying cancer cells and/or their related 

secreted particles. This can lead to DC activation. Active DCs then capture these antigens, 

process them, and present them on their cell surface loaded onto the major histocompatibility 

complex (MHC) molecules. Thereafter, the DCs migrate to T cell-rich areas of secondary 

lymphoid tissues, such as lymph nodes. There, they interact with antigen specific naïve T cells 

that have not yet been exposed to this antigen. DC−T cell interactions result in T cell priming 

and activation. Next, through a coordinated cascade of cytokines and chemokines, the now active 

T cells migrate toward the cancer tissue. Once they arrive and infiltrate the tumor, cytotoxic T 

cells (CTLs; CD8+) can directly kill the cancer cells expressing the given antigen by either 

activating the death receptor pathway or the granule exocytosis pathway. In contrast, helper T 
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cells (Th; CD4+) mainly stimulate other downstream effector immune cells that are capable of 

eliminating the cancer cells4. Importantly, this immune attack can result in the generation of 

more immunogenic antigens, and thus continue to feed progression through this cycle2. 

 

3.3 CANCER CELLS BLOCK PROGRESSION THROUGH THE CANCER-IMMUNITY 

CYCLE TO ESCAPE IMMUNE ATTACK 

The immune system is well adapted to differentiating between “self” and “non-self” tissue when 

determining whether or not to mount an effector response. However, based on murine tumor 

models and clinical data, it is now clear that cancer cells can employ many escape routes to 

subdue or circumvent an anti-tumor immune response2.  

 

The first step in the Cancer-Immunity Cycle is the release of immunogenic antigens from dying 

cancer cells. Every day, millions of cells die as a result of normal tissue turnover, tissue injury, 

infection and other causes. Interestingly, host immunity is educated to react against certain dying 

cells (i.e., immunogenic cell death) but not others (i.e., tolerogenic cell death). The goal of this 

distinction is to mount an immune response against dangerous cells without inducing an 

unwanted immune response against self. However, cancer cells tend to manipulate themselves 

and their microenvironment to shift the balance toward immune tolerance5. Supporting evidence 

comes from the finding that the endoplasmic reticulum (ER) chaperone calreticulin (CALR), 

along with a few other proteins that act as ‘eat-me’ signals, are downregulated in cancer. In 

contrast, the CALR antagonist CD47, which acts as a ‘don’t eat-me’ signal, is upregulated in 
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many malignancies6. As a result, CD47 blockage is currently being tested in clinical trials as a 

therapeutic strategy7.  

 

Another crucial step is the priming and activation of naïve T cells. These cells require two 

independent signals to become activated. The first, the ‘recognition signal’, is antigen-dependent 

and involves the interaction between a T cell receptor (TCR) and an antigen/MHC complex. The 

second signal, the ‘co-stimulatory signal’, is antigen-independent and involves the binding of co-

stimulatory molecules on T cells to their ligands and counter-receptors on APCs2. While T cell 

immunity is needed to fight infections and cancer, it is also critical to deactivate T cells once 

they have done their jobs, and before the development of chronic inflammation and tissue 

damage8. The immune system is capable of achieving this balance by stimulating 

immunosuppressive cells, such as Regulatory T (Treg) cells, and cytokines, as well as by 

inducing the expression of co-inhibitory signals (checkpoints)4. For illustration, one of the most 

well studied co-stimulatory molecules expressed by T cells is CD28, which binds its receptors 

B7.1 or B7.2 on APCs. This binding results in naïve T cell priming and activation. Upon their 

activation, T cells express the co-inhibitory molecule cytotoxic T-lymphocyte-associated antigen 

4 (CTLA-4) on their surfaces. CTLA-4 binds B7.1 or B7.2 with a high affinity, outcompeting 

CD28 binding, and thus inhibiting T cell activity. Interestingly, cancer cells can also employ 

these subversive tactics to defeat the immune system9. In 1995, Allison et al first showed that in 

vivo administration of CTLA-4-targeted antibodies restores inhibited anti-tumor T cell 

immunity9-11. This observation was further supported in subsequent clinical trials, resulting in the 
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FDA-approval of the first immune checkpoint inhibitor, ipilimumab, in 2011 for the treatment of 

melanoma12-16.   

 

If naïve T cells become successfully primed and activated, they next travel through the 

vasculature and extravasate toward the tumor tissue. Cytokines and chemokines play a central 

role in both attracting, as is the case for C-X-C motif chemokine ligand 9 (CXCL9) and 

CXCL10, and diverting, as is the case for CXCL12, T cells. Not surprisingly, cancer cells can 

manipulate these cytokines’ and chemokines’ gene expression and epigenetic profiles17. 

Consequently, the cancer cells are able to prevent T cell infiltration into the tumor site (i.e., 

ignored cold tumors), or allow the T cells to be recruited but prevent them from penetrating 

deeply into the tumor core (i.e., cold excluded tumors). Furthermore, malignant cells can 

promote angiogenesis, which provides them the nutrients and oxygen supply needed for growth. 

T cells may also travel through these newly formed blood vessels toward the tumor tissue. As an 

additional escape mechanism, cancer cells tend to downregulate adhesion molecules, including 

E-selectin, intercellular adhesion molecule (ICAM)-1/2, vascular cell adhesion molecule 

(VCAM)-1, and CD34, on the surface of endothelial cells. As a result, cancer may disallow T 

cells from adhering to blood vessels’ wall, and thus prevent them from infiltrating tumors2,18.  

  

The following step in this cycle is antigen recognition by T cells. In order for T cells to 

specifically elicit an immune response against their targets, they need to recognize the antigens 

that were processed into small peptides with a specific length and configuration, and were 

presented to them on an MHC molecule (Figure 1.1). Not surprisingly, malignant cells can 
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impair antigen processing and reduce antigen presentation. These modifications make T cells 

blind to the presence of tumor antigens. Thus, allowing cancer cells to evade immune recognition 

and attack2. This is supported by several lines of evidence, including the loss of up to 90% of 

normal MHC I expression in many types of cancer19, and the loss of members of the antigen-

processing machinery (APM), including the transporter associated with antigen processing 

(TAP)20. Another important escape mechanism is the selection of less immunogenic cancer cell 

clones through the process of cancer immunoediting21-23. Besides hiding their antigens, 

malignant cells can also hide themselves physically within the dense collagenous stroma24, or in 

immune privileged sites25. 

 

Because T cells have a decidedly crucial role in the Cancer-Immunity Cycle, immunologists and 

oncologists have translated this information to develop cancer therapeutics. The two main types 

of T cell-based immunotherapies are the adoptive transfer of autologous TIL populations, and 

biologically engineered T cells. Autologous T cell therapy can result in about 50% overall 

response rates and about 20% complete response rates for melanoma patients with metastatic 

disease26,27. Despite these encouraging therapeutic outcomes, the development of autologous T 

cells does not consider the direct identification of tumor antigens28. In an attempt to improve the 

effectiveness of T cell-based immunotherapies, engineered T cells have been created to 

efficiently recognize and kill cancer cells when administered to patients. These engineered T 

cells entail the cloning of TCRs28-30, components of the activated TCR complex, or a chimeric 

antigen receptor (CAR), which extraordinarily combines the effects of antibody recognition with 

T cell cytotoxicity31-33. In 2017, the FDA announced the approval for CTL019 (tisagenlecleucel), 
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a CD19-directed CAR-T cell therapy, for relapsed/refractory pediatric and young adult patients 

with B cell acute lymphocytic leukemia. Strikingly, 83% of patients involved in the clinical trial 

had complete remission within 3 months of infusion31-33. A few weeks later, another CD-19 

directed CAR-T therapy, Axicabtagene Ciloleucel (Yescarta), was also approved by FDA for the 

treatment of adult patients with relapsed or refractory large B-cell lymphoma. In the clinical trial 

that led to this approval, 82% of the patients, who previously had treatment-resistant or relapsed 

aggressive non-Hodgkin lymphoma, showed favorable responses, and 54% experienced 

complete responses. More interestingly, this therapy can cause durable complete remissions34. Of 

notice, most solid tumors do not share the same TSAs. Therefore, identifying such targets for 

each individual is more challenging than targeting CD19 positive lymphoma and leukemia.   

Furthermore, even if T cells were properly activated, infiltrated the tumor, and recognized their 

antigens, cancer cells often harbor the ability to express many immune checkpoints. These 

inhibitory molecules inactivate T cells and prevent direct T cell-mediated killing8. Notably, while 

this concept is similar to the CTLA-4−B7.1/B7.2 interaction that occurs in the secondary 

lymphoid organs, CTLA-4 mainly regulates T cells at the initial stage of naive T-cell activation. 

In contrast, many other immune checkpoints regulate the latter part of this cycle35. One of the 

well-studied checkpoint receptor-ligand interactions is that of programmed death-ligand 1 (PD-

L1), which interacts with PD-1 expressed by activated T cells36. Several monoclonal antibodies 

that target PD-L1, including atezolizumab, durvalumab and avelumab, or target PD-1, including 

pembrolizumab and nivolumab, have received FDA approval for cancer treatment. These 

PD1/PD-L1-targeted antibodies vary based on immunoglobulin (Ig) isotype, but they all act by 

blocking PD-L1−PD-1 interactions, and thus effectively release anti-tumor T cell responses37. In 
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fact, these therapies have resulted in significantly longer median overall survival, with minimal 

toxicity compared to ipilimumab38,39. Also, PD1/PD-L1–targeted therapies are approved for the 

treatment of multiple malignancies, including adult and pediatric melanoma, non-small cell lung 

cancer (NSCLC), renal cell carcinoma (RCC), head and neck cancers, Hodgkin lymphoma, 

Merkel cell carcinoma, gastric/esophageal cancer and hepatocellular carcinoma37,40,41. This list is 

continuously expanding.   

 

3.4 EMERGING CHALLENGES IN CANCER IMMUNOTHERAPY 

Despite the considerable progress that has been made in the field of cancer immunotherapy, 

significant challenges remain. 

 

3.4.1 Cancer Immunotherapy Requires Personalization 

During tumorigenesis, cancer cells acquire different numbers and types of mutations. Also, as a 

result of the immunoediting process, mutations that stimulate an anti-tumor immunity might be 

lost, whereas less immunogenic mutations might be selectively maintained. Consequently, 

neoantigens are rarely shared between patients42, and thus neoantigen-based cancer 

immunotherapies require personalization.  

 

In addition, as mentioned above, cancer cells tend to evade immune recognition by activating 

different escape mechanisms. However, it must be stressed that tumor cells do not employ all 

possible immune escape strategies concurrently: they use only those that will allow them to 

survive and grow at the present moment. Some immune escape strategies, such as the up-
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regulation of PD-L1 expression, are more commonly employed than others43. Nevertheless, this 

observation may not justify the use of a single immunotherapy approach to treat all cancer 

patients. Therefore, for more successful therapeutic outcomes, it is necessary to have a complete 

understanding of how a given individual tumor managed to attenuate anti-tumor immunity. In 

support of this hypothesis is the fact that only a small percentage of patients may benefit from 

immune checkpoint blockades44. In fact, nivolumab or ipilimumab induce durable responses in 

only 10-30% of melanoma patients when either agent is used alone45,46. 

  

3.4.2 The Need for Better Biomarkers in Cancer Immunotherapy 

In an attempt to increase the proportion of patient response to immunotherapies, a great amount 

of recent effort has been devoted to identifying predictive biomarkers. Many pre-clinical and 

clinical studies have been conducted to evaluate immunological biomarkers (immune score)47-49, 

and the expression levels of the immunotherapy targets43. However, these studies have illustrated 

that predicting which patients are likely to respond is quite challenging.  As an example, 

melanoma patients who have high PD-L1 expression show higher response rates compared to 

patients with low PD-L1 expression. Nevertheless, not all patients with high PD-L1 expression 

respond to the treatment, and, at the same time, PD1/PD-L1–targeted therapies are effective in 

some PD-L1 negative patients 50. More strikingly, PD-L1 expression is not significantly 

associated with anti-PD-1/PD-L1 treatment responses in some other malignancies, such as 

RCC51. Therefore, there is a pressing need for the identification of better biomarkers. 
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3.4.3 The Difficulty of Selecting the Right Combination Therapy 

The combination of PD1/PD-L1 and CTLA-4 targeted immunotherapy is a major breakthrough 

in cancer treatment. Immune checkpoint inhibitor combinations have improved the median 

overall survival of melanoma patients with advanced disease from less than 1 year52 to 37.6 

months using nivolumab, 19.9 months using ipilimumab, and more than 3 years with nivolumab-

plus-ipilimumab. This dramatic improvement was seen in more than half of nivolumab and 

nivolumab-plus-ipilimumab treated patients, and in about one third of the ipilimumab-receiving 

group53. Although this is an encouraging finding, not all of the treated patients had complete 

responses. Also, these numbers are less dramatic in the case of other malignancies54. Therefore, 

there remains a need to identify combination treatment options. 

 

Furthermore, besides combining different modalities of immunotherapy, conventional cancer 

treatments may act synergistically with immunity-based treatments. For example, some 

conventional cancer treatments trigger immunogenic cancer cell death. This effect results in the 

release of more tumor antigens, and thus stimulates host anti-tumor immunity55. However, there 

are thousands of possible drug combinations, making it challenging to know where to begin in 

solidifying the optimal combination of treatments. 

 

3.4.4 Resistance to Cancer Immunotherapy 

One of the major obstacles to effective response to cancer immunotherapy is resistance. Some 

cancer patients have pre-existing systemic intrinsic resistance to immunity-based treatments, 

including those who are HIV-positive, have received transplants, and the elderly. Moreover, 



85 
 

many individuals have an intact immune system but may lack anti-tumor immune activity only at 

the site of the cancer. Another important challenge is naturally acquired resistance56. Over the 

course of cancer progression, tumor cells consistently manipulate their genetic, epigenetic and 

metabolic profiles. Similarly, stromal cells continually change the expression of their cell surface 

molecules, the activity of their intracellular signaling pathways, and their cellular metabolism57-

61. As might be expected, some of these modifications can attenuate the effectiveness of cancer 

treatments57. Additionally, immunotherapies may also promote these cellular changes56.  

 

3.5 THE IMMUNE NETWORK IN CANCER IS LARGE AND COMPLEX 

In order to overcome these challenges, it is important to recognize the complexity of cancer 

tissue. Then, we can dive in and focus on the details before fitting these individual findings 

together to create a comprehensive picture of cancer with the highest resolution.  

 

Cancer contains many heterogeneous cell populations. Each of them has different morphological 

features, cellular activities, and proliferative and metastatic capabilities. Also, each malignant 

tumor clone harbors distinct mutational, transcriptional, phenotypic and metabolic profiles62. 

Moreover, cancer cells live in a very diverse environment. They are surrounded by many 

different cellular and non-cellular structural components, including cells of the innate and 

adaptive immune systems, cytokines and chemokines, blood and lymphatic vessels, adipocytes, 

fibroblasts, and collagen fibers. Furthermore, each of these components has a wide range of 

specialized types and subtypes63. Focusing only on the immune system, it consists of more than 

200 cell types with more than 300 immune cell state transitions64,65. Even among cells of the 
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same sub-population, such as T cells, each clone expresses a unique receptor. Thus, there are 

roughly 1020 TCRs in each human being64, and each TCR can respond to more than a million 

different peptides66. Moreover, each subtype of cells secretes various cytokines and chemokines, 

resulting in different biological functions67. Beyond this, the immune cells vary in maturation 

stages ranging from immature, mature but naïve, to mature effector or memory cells. 

Additionally, all the components of the microenvironment communicate with each other either 

directly or indirectly, in a bi-directional or multi-dimensional, and synergistic or opposing 

manner. For example, tumor cells, tumor infiltrating immune cells, and other stromal cells can 

secrete different cytokines and chemokines63. While many cytokines exert tumor suppressor 

effects, such as IFN-α and IL-2, many others, such as IL-10, IL-4 and IL-13, promote tumor 

initiation and progression. In addition to this redundancy of cytokine signaling, some cytokines, 

such as TGF-β, act on various cell types and have diverse and multiple functional properties with 

pleiotropic roles. Indeed, many cytokines were tested in clinical trials for the treatment of cancer, 

including IL-10, TGF-β, GM-CSF, IL-7, IL-12, IL-15, IL-18 and IL-21, but most failed to show 

significant therapeutic effects, except IFN-α and IL-267. These observations suggest that the 

complex cytokine signaling relationships are still poorly understood and remain to be elucidated.  

 

Another example that illustrates the complexity of cancer−immune system interactions is the 

expression of immune checkpoints and their signaling networks. To date, many co-stimulatory 

and co-inhibitory molecules have been identified on the surface of T cells. Many of these 

molecules can bind more than one ligand or counter-receptor. Additionally, they can be 

expressed on multiple cell types, including cancer cells, DCs, macrophages, and/or endothelial 
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cells. Therefore, the presence of only one immune checkpoint does not necessarily mean 

complete T cell suppression. In fact, the level of T cell activity depends on the overall outcome 

of the balance between these signals8. As a result, we need a deeper comprehension of each of 

these signaling pathways, as well as how they integrate.  With this in mind, it becomes clear that 

cancer immunology is an ideal field for the application of functional genomics analysis. 

 

3.6 FUNCTIONAL GENOMICS 

As the name implies, functional genomics involves large-scale evaluation of the relationship 

between genes and their functions. This field studies the wide spectrum of transcriptional, 

translational, and epigenetic properties, as well as DNA−RNA, RNA−protein, and protein−protein 

interactions, and fits together all of these pieces68. Indeed, conducting multi-omic studies, such as 

genomics, transcriptomics, proteomics or metabolomics, by processing bulk tumor tissue is very 

useful. Nonetheless, they only explain what the entire population of cancer cells does to survive 

and escape immune attack, and what the overall effect of host immunity is. In order to determine 

what each tumor cell does to evade anti-tumor immunity, and how each immune cell clone 

responds, either loss and gain of function screens or single cell approaches are employed. 

Examples of loss of function screens include but are not limited to RNA interference (RNAi) and 

clustered regularly interspaced short palindromic repeats associated nucleus 9 (CRISPR/Cas9) 

whole-genome libraries. Notably, the field of cancer immunogenomics applies the same genomics 

techniques that have been used in the last decade to study cancer biology. However, cancer 

immunogenomics focuses not only on cancer cells, but also on immune cells and their products64. 
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3.7 FUNCTIONAL GENOMICS CAN PAVE THE WAY FOR MORE EFFECTIVE 

CANCER IMMUNOTHERAPY 

 

3.7.1 The Use of Functional Genomics to Characterize Tumor Immune Infiltrates  

Each tumor has a unique collection of infiltrated immune cells. While some have anti-tumor 

immunostimulatory properties, others are immunosuppressive. Therefore, in-depth 

characterization of immune cells is necessary to distinguish between enemies and allies. The main 

contemporary strategies for cellular characterization are imaging, proteomic profiling, flow 

cytometry or cytometry time-of-flight (CyTOF), and gene expression profiling, using microarray, 

RNA sequencing (RNAseq) or NanoString nCounter technologies69 . Imaging technologies allow 

for the assessment of specific markers and their cellular co-localization in tissues. Flow cytometry, 

on the other hand, can determine the identity and quantity of cellular proteins. However, even 

recently developed multispectral microscopy and flow cytometry instruments are limited in the 

number of markers they are able to simultaneously detect64. Therefore, they do not clearly 

distinguish between some immune cell subtypes, nor do they detect rare immune cell 

populations69. 

 

In order to develop a more comprehensive picture of immune infiltrates, techniques such as gene 

expression profiling have been employed. This approach identifies immunophenotypes based on 

predefined gene expression signatures of immune cell types and subtypes, activation and 

exhaustion markers, and maturation stages69. Moreover, transcriptomic profiles can be used to 

determine the proportion of each cell population, and to calculate differential gene expressions64. 
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To illustrate this concept, Charoentong et al used publically available data from The Cancer 

Genome Atlas (TCGA) to characterize the intratumoral cellular genotypes and phenotypes of 20 

different solid malignancies. Interestingly, by conducting integrative functional genomics analysis, 

this group was able to identify 28 subpopulations of TILs and to estimate tumor antigens and 

cancer heterogeneity. They were also able to predict response to immune checkpoint inhibitors. 

Finally, they transformed this powerful analysis into a web-accessible resource70. A similar 

scheme focused specifically on samples obtained from colorectal cancer patients. In this study, 

Angelova et al characterized the phenotypes of infiltrated immune cells, identified molecular 

determinants of immunogenicity, and detected B cell maturation antigen (BCMA) as a potential 

therapeutic target42.  

 

Despite the importance of conventional gene expression profiling, such techniques are not capable 

of generating high-resolution phenotypic and functional profiles of every single immune cell. To 

address heterogeneity at the cellular level, single-cell RNAseq and CyTOF have emerged as useful 

options. CyTOF labels cells with stable heavy metal isotopes, and thus enables the analysis of 

more than 40 markers using 135 detection channels71. Recently, in-depth proteomic profiling of 

immune infiltrates using this technique has been utilized extensively to understand the immune 

network in cancer72 and to reveal how immunotherapies work73. For example, Chevrier et al were 

able to deduce seventeen phenotypes of tumor-associated macrophages (TAMs) and 22 

phenotypes of T cells in clear cell RCC (ccRCC). Moreover, they were able to identify populations 

of TAMs that correlates with exhausted T cells, and an immune composition that correlates with 

progression-free survival in this group of patients72. However, unlike RNAseq, CyTOF does not 
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evaluate the whole transcriptome or proteome. In a study that illustrates the power of using single-

cell RNAseq, Chung et al evaluated intratumoral heterogeneity of tumor cells, as well as cells of 

the surrounding microenvironment within different types of breast cancer tissues. Additionally, 

they identified the cellular phenotypes of infiltrated immune cells and showed that many of them 

are in fact immunosuppressive74.  

 

3.7.2 The Use of Functional Genomics to Identify Tumor Specific Immunogenic Antigens 

The identification of neoantigens is clinically useful for at least two reasons. First, it provides 

essential information for the development of tumor antigen-based immunotherapies. Second, it 

estimates the tumor mutational load, which might correlate with responsiveness to cancer 

immunotherapies such as immune checkpoint-targeted antibodies75-77. However, the process of 

tumor-specific antigen identification requires a combination of genomics, bioinformatics, and 

immunological approaches, making it quite challenging23. 

 

The basic workflow consists of four main steps. First, mutant proteins are identified in the resected 

tumor sample, as compared with matched normal tissue. Then, the human leukocyte antigen 

(HLA) haplotypes of the patient are also identified. Next, among all detected mutant proteins, 

neoantigens that bind the patient’s HLA molecules with high affinity are selected. Finally, 

neoantigens that stimulate efficient anti-tumor immune responses are determined. This 

information can then be used to generate neoantigen–specific autologous TILs and/or to synthesize 

personalized therapeutic cancer vaccines23,78. 
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Several methods can be applied to identify mutated proteins, including whole-exome sequencing 

(WES), RNAseq, and mass spectrometry (MS), which seek to identify genetic mutations at the 

DNA level, mutated transcripts and mutant proteins, respectively. WES allows for the 

identification of the vast majority of somatic mutations in all exons of the genomic DNA, including 

mutations in genes with low levels of expression. Although WES is certainly informative to detect 

a multitude of variants, many of these mutations may not be expressed as proteins. In contrast, 

RNAseq evaluates mutated transcripts. Thus, it focuses on mutations that are more likely to be 

expressed in the majority of the tumor cells. It also estimates the relevant mutant alleles’ expression 

levels, which indirectly predicts mutant peptide abundance. Additionally, in contrast to WES, 

RNAseq data can be utilized to detect splice variants and structural rearrangements, such as fusion 

transcripts23,78,79. Finally, the most direct evidence of the presence and relative abundance of 

mutant proteins lies in the identification of their related peptides using MS80. However, because of 

the low sensitivity of currently available instruments and the requirement for large tumor samples, 

this approach is also imperfect.  Another major challenge of MS is that it uses public proteomic 

databases that lack information regarding patient-specific mutations79. Since each of these high 

throughput techniques has its own strengths and weaknesses, there remains controversy in the field 

concerning which method is most reliable and practical in the identification of cancer neoantigens. 

There is also disagreement with regard to the necessity of combining multiple approaches. 

Although it might be effective to integrate sequencing and MS strategies, it would be expensive, 

labor intensive, time consuming, and technically challenging. Thus, integrative analysis may not 

be suitable for potential clinical applications given technological and practical concerns.  
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The next steps of the neoantigen identification process are HLA typing, followed by epitope 

prediction and prioritization. These steps rely mainly on the use of mathematical algorithms and 

computational tools, which will not be covered in this review23,64. However, it is worth noting that 

although there are several currently available bioinformatics algorithms and tools, there is still 

much room for improvement. To date, it remains exceedingly difficult to predict all potential 

neoantigens, including mutant proteins that arise from mistakes in translation, and peptides that 

interact with MHC II molecules23.  

 

Finally, it is necessary to determine which of the computationally-predicted neoantigens can 

trigger the activity of autologous TILs. Such approaches include MHC multimer–based screens 

and cytokine induction assays23. In addition, TCR profiling can be done to determine whether there 

are expansions against tumor antigens. TCR sequencing can also estimate T cell clonality, which 

is clinically useful81-84. In fact, the number of TCR clones could be associated with mutational 

burden, and thus may contribute to differential response to immunotherapy85. Notably, the step of 

determining which tumor antigen can stimulate T cell immunity is singularly crucial because not 

all mutated proteins can be processed successfully into small peptides and carried on MHC 

molecules. Further, not all processed peptides can be recognized by TCRs. Although neoantigen-

based immunotherapies have not yet been approved for cancer treatment, such techniques are 

currently being explored in clinical trials26,86-90.  

 

3.7.3 The Use of Functional Genomics to Identify Better Biomarkers for Immunotherapy 
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As we mentioned earlier, there is uncertainty regarding the patient-specific correlation between 

PD-L1 expression and the clinical response to PD-1/PD-L1 targeted therapies. To overcome this 

challenge, Noguchi et al used both a CRISPR loss of function screen and gain of function screen 

to more accurately monitor the expressions of PD-1 and PD-L1 in murine tumor models. 

Interestingly, this study revealed that the induction of PD-L1 expression in tumor cells is transient, 

whereas its expression by host immune cells is more stable. This observation suggests that PD-L1 

expression on the surface of the cells of the microenvironment could become a more reliable 

prognostic biomarker57.  

 

3.7.4 The Use of Functional Genomics for Determining Cancer Immunotherapy Resistance 

Mechanisms  

Functional genomics approaches can provide a comprehensive view of immunotherapy resistance 

mechanisms. In fact, in a clinical trial, Zaretsky et al showed that about 25% of melanoma patients 

who had an objective response to pembrolizumab had acquired resistance at a median follow-up 

of 21 months. In this particular study, genetic profiling of tumors from patients who had late cancer 

relapse was performed before and after treatment. Interestingly, WES analysis revealed that these 

patients developed mutations in genes important for regulating interferon-receptor signaling and 

antigen presentation pathways59.  In line with such findings, using both whole-exome and 

transcriptome sequencing approaches, the Rosenberg group was able to uncover the resistance 

mechanism of a progressing tumor lesion in a patient treated with adoptive cell therapy against the 

tumor neoantigen expressed by the KRAS oncogene. Chromosomal-copy number analysis revealed 

that although this particular metastatic lesion harbored the same targeted KRAS mutation, it also 
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harbored genetic loss of the HLA allele required for its recognition by T cells90. The significance 

of these two clinical studies lies not only in their ability to identify resistance mechanisms for 

immunotherapies, but also in their ability to illustrate the effectiveness and applicability of 

precision cancer immunotherapy.  

 

In addition, functional genomics strategies can be used in pre-clinical settings to identify unknown 

mediators of immune evasion and immunotherapy resistance. To illustrate this point, Haining et 

al used an in vivo whole genome-wide CRISPR screen to identify the genes associated with 

responsiveness to immunotherapy in a B16 murine melanoma model91. Furthermore, in a separate 

study, Patel et al used an in vitro CRISPR library to identify the essential genes for the effector 

function of T cells92. Remarkably, these screens were able to identify promising targets for cancer 

immunotherapies.  

 

3.7.5 The Use of Functional Genomics to Understand Cancer-Immune System Interactions 

Recently, our group employed an unbiased in vivo genome-wide RNAi screening platform to 

understand how immune selection pressure can manipulate cancer epithelial cells at a single cell 

level. In this study, Shuptrine et al inoculated whole-genome RNAi library-transduced EO771 

breast cancer cells into syngeneic immune-competent and immunodeficient C57Bl/6 mice. He then 

identified 709 genes whose knockdown led to significantly different representation of the targeted 

cells in the two groups, some of which selectively regulate adaptive anti-tumor immunity. This 

hypothesis was supported by functional validation experiments of several prioritized hits, 
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including CD47 and TGFβ1, which are potential targets for single or combination 

immunotherapy93.  

 

3.8 CONCLUSION 

Cancer immunotherapy has changed the paradigm for cancer treatment. It is possible to overcome 

current challenges by applying functional genomics approaches and performing integrative 

analysis. Today, there are many technologies and bioinformatics tools available, and many more 

will be developed in the next few years in order to fill current gaps.  Future efforts will need to 

balance the utilization of multiple functional genomics approaches, which require the analysis of 

massive amounts of data, to make them relevant to cancer care.   
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CHAPTER 4 

RESPONSES TO IMMUNE SELECTION PRESSURE CONTRIBUTE TO 

PANCREATIC CANCER IMMUNE EVASION 

 

4.1 INTRODUCTION 

Every year, nearly half a million people are diagnosed with pancreatic cancer worldwide1, with 

about 57,000 people in the United States2. Between 1975 and 2014, the 5-year survival rate for 

pancreatic cancer has increased from 3% to 9%3. Despite this progress, the survival rate for 

individuals diagnosed when the cancer is metastatic is only about 3%. Unfortunately, patients 

with metastatic disease represent the majority of pancreatic cancer cases4.  

 

Pancreatic tumors typically have minimal infiltration of T cells5–10, and thus pancreatic cancer is 

considered to be an immunologically cold neoplasm. Also, when T cells infiltrate pancreatic 

tumors, they are generally skewed toward T cells that exhibit pro-tumor properties rather than 

anti-tumor cytotoxic CD8+ T cells7,11–15. Even when effective cytotoxic cells successfully 

infiltrate pancreatic tumors, they are likely to either get suppressed16–18 or physically trapped 

within the stroma19–21. Many therapeutic interventions have been developed to target immune 

escape routes, but the vast majority of pancreatic cancer immunotherapy clinical trials have 

failed17. Despite these considerations, T cell immunity is likely to be relevant to pancreatic 

cancer. Indeed, tumors of long-term pancreatic cancer survivors harbor immunogenic mutations 

and elicit potent cytotoxic T cell responses22. Also, immune checkpoint blockades, which 

promote T cell activity, have demonstrated efficacy in pancreatic cancer patients with high 
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microsatellite instability (MSI-high). However, MSI-high patients represent only less than 2% of 

pancreatic cancer cases23. These findings suggest that when anti-tumor T cell immunity in 

pancreatic cancer is sufficiently induced, T cells become effective weapons. The question 

remains how to expand immunotherapy treatment efficacy to all pancreatic cancer patients. To 

answer this question, further resolution of the complex biology of pancreatic cancer T cell 

immunity is needed.  

 

Here, we hypothesized that in response to immune selection pressure, pancreatic tumors deploy 

immunosuppressive mechanisms in order to survive in the face of T cell recognition and attack. 

Identifying these mechanisms may facilitate the development of novel immunotherapies and 

improve responses to currently available treatment strategies. To determine how pancreatic 

tumors respond to immune selection pressure, we employed two types of analysis: (i) malignant 

epithelial cell analysis, and (ii) whole tumor analysis. While the former determines how 

malignant cells specifically respond to immune selection pressure, the latter determines the effect 

of immune selection pressure on the complex tumor microenvironment.   

 

First, we determined that despite the induction of T cell immunity in immunocompetent mice 

bearing mT3-2D tumors, T cells failed to completely regulate tumor growth. Subsequently, we 

showed that immune selection pressure, potentially via STAT1 signaling, induced the expression 

of myeloid cell traits in malignant epithelial cells and stimulated the infiltration of PD-L1-

expressing myeloid cells. Targeting JAK/STAT signaling, using ruxolitinib, downregulated the 

expression of myeloid-associated genes in cancer cells and improved anti-PD1 anti-tumor 
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efficacy in mice. Supporting evidence came from the observation that although T cell immunity 

is associated with favorable prognosis in human pancreatic cancer5–10, STAT1 is a significant 

unfavorable prognostic factor. Together, our data suggest that in response to immune selection 

pressure, pancreatic tumors develop immune evasion mechanisms. These observations could be 

relevant to human pancreatic malignancy and have translational potential.  

 

4.2 MATERIALS AND METHODS 

4.2.1 Cell Lines 

mT3-2D, mT4-2D and mT5-2D murine pancreatic cancer cell lines were gifts from David 

Tuveson; Cold Spring Harbor Laboratory24; Laurel Hollow, NY24. The KP1 murine pancreatic 

cancer cell line was a gift from David DeNardo; Washington University Medical School; St. 

Louis, MO25. Panc02 murine pancreatic cancer cells were a gift from Jill Smith; Georgetown 

University Lombardi Comprehensive Cancer Center; Washington, DC. All these cell lines are 

syngeneic in C57Bl/6 mice. HEK293T cells, C3H/10T 1/2 Clone 8 and RAW 264.7 cell lines 

were obtained from the Georgetown Lombardi Comprehensive Cancer Center Tissue Culture 

Shared Resource (TCSR); Georgetown University; Washington, DC). All cell lines were grown 

in standard conditions and maintained in Dulbecco's Modified Eagle Medium (DMEM) (Fisher 

Scientific, Catalog # SH30022LS) supplemented with heat-inactivated fetal bovine serum (HI-

FBS) to a final concentration of 10% and 2mM L-glutamine, except C3H/10T 1/2 Clone 8 was 

cultured in Eagle's Basal medium (Thermofisher, Catalog #21010-046) supplemented with HI-

FBS to a final concentration of 10% and 2mM L-glutamine. All cell lines were tested and 

determined to be free of Mycoplasma and other rodent pathogens. 
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4.2.2 Animal xenograft studies 

1 × 105 of mT3-2D and mT3-2D-GFP cells were subcutaneously injected in the right flank of 

C57Bl/6J wild-type (WT) and B6.CB17-Prkdcscid/SzJ (SCID) mice. 2 × 106 of PANC02 cells 

were subcutaneously injected in the right flank of WT and SCID mice. All mice used in the study 

were 6–8 weeks of age. WT and SCID mice were purchased from The Jackson Laboratory (Bar 

Harbor, ME). For ruxolitinib (LC laboratories, Woburn, MA) in vivo treatment, WT mice were 

treated by oral gavage at a dose of 50 mg/kg daily, starting when tumors reach about 50-100 

mm3 and continued for 4 weeks. Anti-PD1 (clone: RMP1-14, BioXcell) was used at a dose of 

200 μg/injection twice per week. Anti-PD1 treatment started when tumors reached about 50-100 

mm3 and continued for 4 weeks. Tumors were measured twice-weekly using calipers. Volume 

was calculated as (length × width2)/2. When tumors reached 1 cm3 or when mice showed signs 

of pain or distress, mice were euthanized using CO2 inhalation, and the tumors were excised. 

After euthanizing the mice, tissue samples were collected for downstream analysis. All studies 

involving animals were reviewed and approved by the Georgetown University Institutional 

Animal Care and Use Committee (GU IACUC).  

 

4.2.3 In vivo T Cell Depletion  

1 × 105 of mT3-2D cells were subcutaneously injected in the right flank of C57Bl/6J mice. For 

depletion of CD4+ and CD8+ T cells, each mouse was given 200 μg of anti-mouse CD4 antibody 

(GK1.5, rat IgG2b; BioXCell) + 200 μg CD8 antibody (2.43, rat IgG2b; BioXCell) i.p. on days 

−5 (5 days before tumor inoculation), day −2, day 1, and treatment continued twice weekly until 

the time of euthanasia. Tumors were measured twice-weekly using calipers. Volume was 
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calculated as (length × width2)/2. When tumors reached 1 cm3 or when mice showed signs of 

pain or distress, mice were euthanized using CO2 inhalation, and tumors were excised. After 

euthanizing the mice, splenocytes were collected to evaluate T cell depletion by flow cytometry, 

(Supplementary Figure 4.3b).  

 

4.2.4 Preparation of Solid Tumor Tissue for Single-Cell Suspension 

Tumor-bearing mice were euthanized, and their tumors were harvested. Tumors were chopped 

into small pieces using scissors. Dissected tumor tissues were then transferred into gentleMACS 

Tubes (MACS Miltenyi Biotec), and 10 ml of DMEM media (Fisher Scientific, Catalog # 

SH30022LS) containing 1mg/ml Collagenase D (Sigma-Aldrich, COLLD-RO Roche, Catalog 

#11088866001) were added. The tubes were placed on a gentleMACS Dissociator (MACS 

Miltenyi Biotec, catalog #130-095-937) for the automated dissociation of tissues (program 

37_m_TDK2; ~42 min at 37°C) to obtain single-cell suspensions. After incubation, cells were 

recovered by centrifugation, filtered using cell strainer 70 µm (FisherScientific, Catalog #08-

771-2) and then resuspended in DMEM media (Fisher Scientific, Catalog # SH30022LS) 

supplemented with heat-inactivated fetal bovine serum to a final concentration of 10% and 2M 

L-glutamine media. 

 

4.2.5 Preparation of Splenocytes for Single-Cell Suspension 

Tumor-bearing or naive mice were euthanized, and their spleens were collected. To mechanically 

break up the spleen, it was placed between two frosted glass slides, and ground between the two 

slides until the spleen was dissociated, and then passed 10x through a 1000µL pipette tip. Red 
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cells were removed from spleens by incubating the splenocytes for 3 minutes with 3 ml 

eBioscience™ 1X RBC Lysis Buffer (Invitrogen,ThermoFisher, Catalog #00-4333-57). After 

incubation, cells were resuspended in 10 ml RPMI media (Thermo Fisher Scientific, Catalog 

#61870036) with 10% HI-FBS, and filtered using Cell strainer 70 µm (FisherScientific, Catalog 

#08-771-2). Cells were recovered by centrifugation, and then resuspended in RPMI media with 

10% HI-FBS. 

 

4.2.6 NanoString nCounter Mouse PanCancer Immune Profiling Screen 

RNA was extracted from 5 WT tumor samples, 5 SCID tumor samples and the mT3-2D cell line 

using the PureLink RNA Mini Kit (Ambion). RNA concentration and quality were assessed 

using the Agilent BioAnalyzer. 100 ng of total RNA from each sample was hybridized to the 

CodeSet nCounter PanCancer Immune Profiling Panel, Mouse, and processed on the NanoString 

Technologies nCounter Sprint Profiler according to NanoString protocols in the Georgetown 

University Genomics and Epigenomics Shared Resource (GESR). nSolver software was used for 

data normalization and analysis.  

 

4.2.7 Whole Exome Sequencing (WES) and neoantigen prediction 

DNA was extracted from 5 WT mT3-2D subcutaneous tumors 5 SCID mT3-2D subcutaneous 

tumors and mT3-2D cell line using DNeasy Blood and Tissue Kit (Qiagen, Catalog #69504). 

Indexed, paired-end whole exome libraries were constructed from 1.0 ug gDNA using the 

Agilent SureSelect XT HS Mouse All Exon Library Kit was prepared in GESR. Libraries were 

sequenced on an Illumina HiSeq4000 using PE 150 bp (300 cycle) chemistry to a mean depth of 
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200x per sample. For Sanger sequencing, Genewize (www.genewiz.com) designed primers that 

target the neoepitope regions. Then, each targeted region was amplified with PCR and sequenced 

with Sanger sequencing.  

 

Neoantigen candidates were identified from WES using pVACtools26. Ensemble-VEP27 was 

used to predict the consequence of missense variants on the corresponding protein sequences. 

All possible 9-mer peptides that include a missense variant were identified. MHC-I binding 

affinities (H-2-Db and H-2-Kb) were then predicted for each wild-type and corresponding 

mutant peptide with NetMHC 4.028. In addition, the following filtering steps were performed. 

Mutant peptides with predicted binding affinity > 500 nM were removed. Peptides from 

olfactory genes were excluded because they are highly prone to somatic mutations, are not 

highly expressed, and yield false positives as cancer-associated genes29. Mutations that 

corresponded to known polymorphic genes were also excluded. We then removed peptides with 

low predicted agretopic indices30, i.e., ratio of mutant to wild-type binding affinity < 4.  

 

4.2.8 RNAseq  

Six mT3-2D-GFPf WT and 5 SCID tumors were processed into single cell suspension as 

described above. These cells were stained for Helix NP Blue (Biolegend, Catalog #425305) and 

live GFP positive cells were isolated using the fluorescence-activated cell sorting (FACS) 

machine BD FACSAria IIu. FACS-sorted cells were then snap frozen in liquid nitrogen. RNA 

was extracted from WT GFP positive FACS-sorted cells, SCID GFP positive FACS-sorted cells 

and mT3-2D-GFP cell line using the RNAeasy Micro Kit (Qiagen). RNA concentration and 
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quality were assessed using Agilent BioAnalyzer. Equal amounts of RNA from each 

corresponding group were combined as one sample (1 WT sample, 1 SCID sample and 1 cell 

line). Indexed, paired-end sequencing libraries were prepared from 1.0 ug total RNA using the 

Illumina TruSeq Stranded mRNA Library Preparation Kit (polyA cDNA synthesis) in the GESR. 

Libraries were sequenced on an Illumina NextSeq550 using PE 75 bp (150 cycle) chemistry to a 

mean depth of 40M reads per sample. Raw reads were aligned to hg19 with BWA, and then 

quantified into read counts with the annotation model (Partek E/M) All subsequent RNA-seq 

analyses were performed in R version 3.5.1. Read counts were variance stabilized with the rlog 

function in R/Bioconductor package DESeq231 version 1.20.0. Log fold changes were computed 

on the rlog transformed expression data and genes with absolute log fold changes greater than or 

equal to one were retained as significant. One-sided gene set statistics were performed for log 

fold changes on Hallmark version 6.2 pathways from MSigDB32 and KEGG pathways33 from the 

R/Bioconductor package KEGG.db version 3.2.3 and sets with FDR adjusted p-values below 

0.05 were called statistically significant.  

 

For CD45.2 staining, tumor cells were stained with Helix NP Blue (Biolegend, Catalog #425305) 

and CD45.2 (Militenyi Biotec, clone 104-2, Catalog #130-102-471). After staining cells were 

acquired with BD FACSAria IIu and analyzed with FlowJo.  

 

4.2.9 Sample Preparation for Global Proteomics Profiling Using Mass Spectrometry 

Solid tumor tissue was ground with a mortar and pestle in the presence of liquid nitrogen to 

create a powdered tissue. The powdered tissue or cell pellets were resuspended in lysis buffer 
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containing 50 mM Tris HCl pH 7.5, 100 mM NaCl, 1% Triton X-100, 10mmol/L EDTA, 

1mmol/L PMSF (phenylmethylsulfonyl floride), 1× Protease Inhibitor Cocktail (Roche, Cat. No. 

04693132001) and 1x Phosphatase Inhibitor Cocktail (Sigma, Cat. No. P5726). The suspension 

was vortexed vigorously for 5 minutes, sonicated and then maintained in agitation for 30 minutes 

at 4°C. The suspension was spun down at 12,000 x g for 15 minutes. The supernatant was 

collected, and samples were processed for NanoUPLC-MS/MS and analyzed as described 

previously34.  

 

4.2.10 Western Blotting 

Solid tumor tissue was ground with a mortar and pestle in the presence of liquid nitrogen to 

create a powdered tissue. Lysis buffer was added to the powdered tissue and maintained in 

agitation for 30 minutes at 4°C. For cell pellets, lysis buffer was directly added, and cells 

maintained in agitation for 30 minutes at 4°C. The lysis buffer consists of RIPA Buffer (Thermo 

Scientific™, Catalog #89900), 10x protease inhibitor (Sigma, Catalog #S8820) and 1x 

phosphatase inhibitor cocktail (Sigma, Catalog #P5726-1ML). Samples were centrifuged at full 

speed in a tabletop centrifuge for 10 minutes. Then, the supernatant was transferred to a new 

Eppendorf tube. Protein concentration was determined by the BCA assay (Bio-Rad). 20-40 μg of 

protein was run on Tris-glycine gels under reducing conditions. After transfer to a nitrocellulose 

membrane using Bio-Rad Semi-dry system, the membrane was blocked with 5% milk (Bio-Rad) 

for 1 hour. Transfer buffer consists of 1x Novex™ Tris-Glycine transfer buffer (ThermoFisher, 

Catalog #LC3675) and 20% methanol. Primary blotting for proteins was performed overnight at 
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4°C using the antibodies listed below. Antibodies were diluted with 5% milk in PBST (1x PBS + 

0.1% Tween-20). Membranes were exposed to HRP-labeled secondary antibodies listed below 

for 1-2 hours at room temperature. Supersignal West Femto high-sensitivity substrate and 

Supersignal West Pico (Thermo Scientific) were utilized for visualization of the western blots. 

Densitometry was measured using ImageJ (v1.48). 

 

Protein  Primary Antibody Secondary Antibody 

Tubulin  Abcam, Catalog #ab6160 

diluted 1:1000 

Anti-rat HRP-labeled secondary IgG 

antibody: Cell Signaling, Catalog #7077 

diluted 1:1000 

GAPDH  Cell Signaling, Catalog #5174 

diluted 1:5000 

Anti-rabbit HRP-labeled secondary IgG 

antibody: Cell Signaling, Catalog #7074 

diluted 1:2000 

S100a9 Abcam, Catalog #ab105472 

diluted 1:1000 

Anti-rabbit HRP-labeled secondary IgG 

antibody: Cell Signaling, Catalog #7074 

diluted 1:1000 

Arginase1 Abcam, Catalog #ab60176 

diluted 1:1000 

Anti-goat HRP-labeled secondary IgG 

antibody: Jackson ImmunoResearch, 

Catalog #705-035-147 

diluted 1:00 
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STAT1 Cell Signaling, Catalog #14994S 

diluted 1:1000 

Anti-rabbit HRP-labeled secondary IgG 

antibody: Cell Signaling, Catalog #7074 

diluted 1:1000 

CCL9  For Figure 4.5b: 

R&D Systems, catalog # MAB463 

diluted 1:1000 

Anti-rat HRP-labeled secondary IgG 

antibody: Cell Signaling, Catalog #7077 

diluted 1:1000 

For Supplementary Figure 4.5b: 

Abcam, catalog #ab9913 

diluted 1:500 

Anti-rabbit HRP-labeled secondary IgG 

antibody: Cell Signaling, catalog #7074 

diluted 1:1000 

 

4.2.11 RNA Isolation and Quantitative Reverse Transcription PCR (RT-qPCR) 

RNA was isolated using the Direct-zol RNA MiniPrep kit (Zymo Research Corporation, Catalog 

#R2050). The RNA concentration was measured using NanoDrop 1000 (Thermo Scientific, 

Waltham, MA). cDNA was generated from 50-100 ng of RNA using the GoTaq 2-step RT-qPCR 

System (Promega). qPCR was performed with SYBR Green on a StepOnePlus real-time PCR 

system (Applied Biosystems). Gene expression was normalized to HPRT or GAPDH and 

analyzed using ΔCт or 2-ΔΔCт method with triplicates. Primers used are listed below. For 

RAW264.7 LPS-treated cells, cells were treated with 1µg/ml LPS (Sigma-Aldrich, Catalog # 

L3129) for 24 hours. For in vitro ruxolitinib treatment, cells were treated with 1µg/ml of 

ruxolitinib (MCE, Catalog #HY-50856) for indicated time periods. 
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Genes Forward Primers Reverse Primers 

Hprt GAT TAG CGA TGA TGA ACC AGG TT CCT CCC ATC TCC TTC ATG ACA 

Ifng GGA TGC ATT CAT GAG TAT TGC GTG GAC CAC TCG GAT GAG 

Ptprc CCA CCA GGG ACT GAC AAG TT TGT AAT TTG TTT GGG CAC GA 

S100a8 CCG TCT TCA AGA CAT CGT TTG A GTA GAG GGC ATG GTG ATT TCC T 

S100a9 GTT GAT CTT TGC CTG TCA TGA G AGC CAT TCC CTT TAG ACT TGG 

Stat1 CTG AAT ATT TCC CTC CTG GG TCC CGT ACA GAT GTC CAT GAT 

Ccl9 TGG GCC CAG ATC ACA CAT GCA AC CGG CCT GGT ACA CCC ACC AC 

Arg1 GGA ATC TGC ATG GGC AAC CTG TGT AGG GTC TAC GTC TCG CAA GCC A 

Cd68 CTG TTT GGC TCT GCC ATA GGA G CCT AGG ATG GCA TTT GTT GAT GTG G 

Gapdh TCA CCA CCA TGG AGA AGG C GCT AAG CAG TTG GTG GTG CA 

 

4.2.12 Immunohistochemistry (IHC) 

For solid tumor samples, tissues were fixed in 10% formalin overnight at room temperature, and 

then stored in 70% ethanol until paraffin embedding. For HistoGel sample preparation, 1-5 

million cells were fixed in 10% formalin overnight at 4oC. Cells were gently spun down at 2000 

rpm for 5.5 mins. The fixative was removed, and cells were washed with PBS. Melted HistoGel 

was added to the samples. After pipetting up and down, cells were left in HistoGel for a few 
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minutes, followed by the addition of 100% ethanol to prevent the gel from drying out. Samples 

were then processed for paraffin embedding. Five-micron sections from formalin-fixed paraffin 

embedded tissues (FFPE) were de-paraffinized with xylenes and rehydrated through a graded 

alcohol series. Heat-induced epitope retrieval (HIER) and immunohistochemical staining were 

performed according to manufacturer’s instructions. Briefly, slides were treated with 3% 

hydrogen peroxide, avidin/biotin blocking and 10% normal goat serum, and exposed to primary 

antibodies for overnight at 4oC. Primary antibodies listed below. Slides were exposed to 

appropriate secondary antibodies. Slides were counterstained with Hematoxylin (Fisher, Harris 

Modified Hematoxylin), blued in 1% ammonium hydroxide, dehydrated, and mounted with 

Acrymount.  Consecutive sections with the primary antibody omitted were used as negative 

controls. Wash buffer used 1XTBS with 0.05% tween20 (Fisher). The slides were imaged using 

the Olympus BX61 DSU Fluorescent scope and images were acquired using CellSens Software. 

ImageJ (v1.48) and FIJI (v2.0.0-rc-69/1.52n) were used for the analysis.  

 

Proteins 

 

Primary Antibodies 

Ki67 BIOCARE, Catalog #CRM325, diluted 1:80 

CD4 Cell Signaling, Catalog #25229, diluted 1:25 

CD8 Cell Signaling, Catalog #98941, diluted 1:25 

CD68 Thermo Scientific, Catalog #PA5-78996 

S100a8 Abcam, Catalog #ab92331, diluted 1:1000 
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S100a9 Cell Signaling, Catalog #73425, diluted 1:1000 

 

4.2.13 Arginase Activity Assay 

Arginase activity was measured colorimetrically using Abcam’s Arginase Activity Assay Kit 

(Catalog #ab180877). 5x106 cells were lysed with 100ul of the kit’s lysis buffer (2x106 cells per 

well) in duplicate in a flat-bottom, low-retention plate carefully to avoid bubble formation. 

Target samples were incubated for 20 minutes at 37°C with H2O2 substrate solution, while 

background wells were incubated with additional buffer. Standards were prepared per kit 

instructions, and the enzymatic reaction mixture was prepared and added to all wells. Raw 

absorbance values were immediately obtained over a 60-minute period using a plate reader (The 

2104 EnVision® Multilabel Plate Reader) at OD=570nm at 37°C.  

 

4.2.14 Crystal Violet Staining 

1 × 103 cells per well were cultured in 96-well plates. At indicated time points, cells were rinsed 

and subjected to 0.52% Crystal Violet in 25% methanol. For quantitative analysis, cells were 

dissolved in 100mM Sodium Citrate with 50% ethanol. Then, the absorbance of plates was 

measured at 570nm. 

 

4.2.15 Myeloid Cell Flow Cytometry Analysis and FACS-Sorting 

Cells were labeled with either Zombie NIR™ Fixable Viability Kit (BioLegend, Catalog 

#423105) before Fc blocking and cocktail antibody staining, or with Helix NP Green (Biolegend, 

Catalog #425303) after cocktail antibody staining. Cells were washed and incubated for 10 
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minutes with CD16/CD32 (clone 2.4G2; 553141) to block Fc receptors. Then, cells were washed 

and a cocktail of antibodies was added: CD11b (Biolegend, clone M1/70 Catalog #101207), Ly-

6C (Biolegend, clone HK1.4, Catalog #128015), Ly-6G (Biolegend, clone 1A8, Catalog 

#127627) with/out CCR1 (Biolegend, clone S15040E, Catalog #152505). After staining cells 

were acquired with BD LSRFortessa Cell Analyzer (BD Biosciences), and analyzed with 

FlowJo, or cells were isolated using the BD FACSAria IIu. 

 

4.2.16 Multiparametric Flow Cytometry Analysis of immune cells infiltrates in tumors 

from SCID and wild type mice 

Single cell suspensions were generated as outlined above. 2x106 cells were washed with 1X PBS 

and stained with Live/Dead (Invitrogen, Thermofisher, Catalog #l-23105). Fc receptors were 

blocked using CD16/CD32 (BD Biosciences, clone 2.4G2, Catalog #553141) for 10 minutes on 

ice. Next, cells were stained with a cocktail of surface mAbs: anti-mouse-CD45 (clone 30-F11, 

Catalog #564590), NK-1.1(clone PK136, Catalog #562864), B220 (clone RA3-6B2, Catalog # 

563103), CD3e (clone 145-2C11, Catalog #564661), CD4 (clone RM4-5, Catalog #563151), 

CD8a (clone 53-6.7, Catalog #564920), PD1(clone J43 Catalog #744549), PD-L1(clone MIH5, 

Catalog #564715), CD25 (clone PC61, Catalog #565134), I-A/I-E (clone M5/114.15.2, Catalog 

#563415), CD11b (clone M1/70, Catalog #564443), CD11c (clone N418, Catalog #565452), all 

from BD Biosciences, and F480 (BM8, Catalog #123114), Gr-1 (clone RB6-8C5, Catalog 

#108428), Ly6G (Clone 1A8; Catalog #127645) and Ly6C (Clone HK1.4, Catalog #128030) 

from BioLegend. After 30 minutes staining cells were washed, and samples were acquired with 

FACS Symphony cytometer (BD Biosciences).  
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For the analysis, cells were manually gated on size and granularity. Dead cells and doublets were 

excluded, and CD45+ cells were selected (Supplementary Figure 4.6d). Then, three thousand 

CD45+ live cells from each WT (n=5) and SCID mice (n=5) were concatenated. The total 30,000 

CD45+ cells were analyzed using unsupervised t-SNE, FlowSOM, ClusterExplorer and 

PhenoGraph algorithms using FlowJo software.  

 

FlowSOM (Flow Self-Organizing Map, FlowJo) uses 2-level clustering and star charts. We 

evaluated Ly6C, Ly6G, F480, PD-L1 and MHC class II (MHC II). Then, the same FlowSOM 

map was applied to WT and SCID groups. T-distributed stochastic neighbor embedding (t-SNE) 

analysis is a dimensionality reduction algorithm that represents cells with common markers 

expression in a close computational space allowing for cluster visualization. In this study, we 

selected t-SNE clustering based on the following markers: CD45, NK1.1, CD3, Gr-1, CD11b, 

CD11c, MHC II, Ly6C, Ly6G, B220, CD4, CD8, PD1, PD-L1, CD25 and F4/80. To determine 

the enrichment of generated clusters, CD45+ cells from WT tumors and SCID tumors were 

overlaid on the generated t-SNE map. These clusters were further analyzed based on their 

phenotypic similarities, using PhenoGraph. PhenoGraph analysis allowed for further sub-

clustering of t-SNE populations. ClusterExplorer analysis generates a heatmap illustrating the 

median florescent intensity of selected surface markers expressed by each of the studied clusters. 

Here, we evaluated the expression of CD45, CD3, CD4, CD8, CD25, PD1, Ly6C in T cells.  

 

4.3 RESULTS 
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4.3.1 T cell Immunity Incompletely Regulates Pancreatic Cancer Tumor Growth in 

Syngeneic Murine Models  

To determine if T cell immunity can control pancreatic tumor growth, mT3-2D cells were 

inoculated subcutaneously into syngeneic immunocompetent wild-type (WT) and severe 

combined immunodeficiency (SCID) C5BL/6 mice. mT3-2D tumors in SCID mice grew rapidly 

compared to mT3-2D tumors in WT mice (Figure 4.1a and Supplementary Figure 4.1a). Also, 

a similar tumor growth pattern was observed in the PANC02 model (Supplementary Figure 

4.1b-c). Using Hematoxylin and Eosin (H&E), Masson's trichrome and Ki67 IHC staining, there 

was no apparent difference in the histology, the level of fibrosis, and the cellular proliferation 

rate between mT3-2D WT and SCID tumors, respectively (Supplementary Figure 4.2a-c). 

 

To comprehensively assess the immune milieu of mT3-2D WT and SCID tumors, we employed 

multiparametric flow cytometry analysis and NanoString nCounter mouse PanCancer Immune 

Profiling. t-SNE analysis for flow cytometry data indicated that cells from WT tumors (blue) and 

cells from SCID tumors (red) are well-separated, suggesting that WT and SCID intratumoral 

immune profiles are notably different (Figure 4.1b). Using conventional flow cytometry and 

IHC analysis, we determined that there is only a modest infiltration of T cells (Figure 4.1c and 

Supplementary Figure 4.2d). t-SNE and PhenoGraph analysis indicated that these intratumoral 

T cells were heterogenous and clustered into 2 CD8+ T cell subsets (Clusters A and B, Figure 

4.1d) and 2 CD4+ T cell subsets (Cluster C and D, Figure 4.1d). Using ClusterExplorer analysis, 

we determined that CD8+ and CD4+ T cell subsets had distinct phenotypes (Figure 4.1e), and 

thus they are likely to possess different effector functions.   
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In addition, NanoString nCounter Heatmap analysis also showed a clear separation of the WT 

and SCID samples and indicated that mT3-2D WT tumors have greater upregulation of immune-

related genes compared to SCID tumors (Figure 4.1f). NanoString nCounter Cell Type Score 

analysis showed that “T cell” and “cytotoxic cell” scores are significantly higher in the WT 

tumors (Figure 4.1g). In line with that, it indicated that Ifng expression is significantly induced 

in the WT group compared to the SCID group (Figure 4.1h), which was validated using RT-

qPCR (Figure 4.1i). 

 

To validate that reduced mT3-2D tumor growth rate in WT mice is T cell dependent, we 

depleted CD4+ and CD8+ T cells from immunocompetent mice. We observed that mT3-2D 

tumors in T cell depleted mice grew similarly as in SCID mice (Figure 4.1j and Supplementary 

Figure 4.3). Then, we determined that the anti-tumor T cell response in WT mice was likely to 

be induced due to the immunogenicity of mT3-2D cells rather than non-specific immune 

reactions. Because missense mutations may generate T cell neoepitopes that can drive anti-tumor 

T cell responses, we performed WES on the mT3-2D cell line, 5 WT tumors and 5 SCID tumors. 

In total, we identified 1250 missense mutations. Using pVACtools, 139 of these mutations were 

predicted to be putative cancer neoantigens (Figure 4.1k). Among the 14 potential neoepitopes 

that were shared between the three groups, 7 were validated by Sanger Sequencing 

(Supplementary Table 4.1). Together, these findings suggest that mT3-2D WT and SCID 

tumors exhibit distinct immune profiles. Although T cell immunity is clearly induced in 
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immunocompetent mice, T cell-based anti-tumor responses incompletely regulate mT3-2D tumor 

growth. 

 

4.3.2 Immune Selection Pressure Stimulates Malignant Epithelial Pancreatic Cells to 

Induce the Expression of Genes Associated with Myeloid Cells 

We hypothesized that T cell immunity failed to completely control tumor growth because 

pancreatic tumors deploy immunosuppressive mechanisms. To investigate how cancer cells 

specifically respond to immune selection pressure, we used RNAseq to examine the gene 

expression profiles of the mT3-2D-GFP cell line and FACS-sorted mT3-2D-GFP cancer cells 

isolated from WT and SCID tumors. We identified 52 genes that were differentially expressed 

between the WT and SCID malignant epithelial pancreatic cells (Figure 4.2a). A heatmap of the 

52 differentially expressed genes is shown in Figure 4.2b; differentially expressed genes are 

listed in Supplementary Table 4.2. Among the genes that were upregulated in the FACS-sorted 

WT cancer cells compared to SCID cancer cells were Chemokine (C-C motif) ligand 9 (Ccl9), 

Arginase (Arg1), Cluster of Differentiation 68 (Cd68) and CX3C chemokine receptor 1 

(Cx3cr1). The selective upregulation of Ccl9, Arg1 and Cd68 in the WT malignant cells was 

validated by RT-qPCR (Figure 4.2c). However, the RNA yield of the FACS-sorted cells was 

limited and Cx3cr1 was not detectable at RNA concentrations up to 100ng/µl. Because these 

genes are typically expressed by myeloid cells, using RT-qPCR and flow cytometry, we 

determined that the FACS-sorted tumor cells do not express CD45 (Supplementary Figure 4.4), 

suggesting that there was no apparent stromal contamination and no immune cell-cancer cell 

fusion. Also, we validated that the mT3-2D cell line as well as 3 additional murine Kras, p53, 
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and Cre (KPC) cell lines (mT4-2D, mT5-2D and KP1) possess basal expression of CCL9, ARG1 

and CD68 at the mRNA and protein levels (Supplementary Figure 4.5). Because the expression 

of Cd68 and Cx3cr1 was very low in FACS-sorted malignant cells, only Ccl9 and Arg1 were 

investigated in subsequent experiments. Together, these results suggest that in response to 

immune selection pressure, malignant epithelial pancreatic cells express genes associated with 

myeloid cells. 

 

4.3.3 Immune Selection Pressure Alters Intratumoral Myeloid Cell Profiles and Stimulates 

the Infiltration of PD-L1-Expressing Myeloid Cell Populations 

To determine the overall impact of immune selection pressure on mT3-2D tumors, including 

cancer cells and the surrounding stroma, we employed unbiased global proteomics and 

multiparametric flow cytometry analyses. Global proteomics profiling of WT and SCID whole 

tumors indicated that S100a8 and S100a9 proteins, which are typically associated with myeloid 

cells, were higher in the WT tumors compared to the SCID tumors (Figure 4.3a). We validated 

this observation using IHC (Supplementary Figure 4.6a-b).  

 

Using multiparametric flow cytometry analysis, we determined that CD11b+ myeloid cells 

accounted for approximately 80% of total leucocytes in WT and SCID tumors, and there was no 

significant difference in the percentage of CD11b+ cells between the two groups (Figure 4.3b 

and Supplementary Figure 4.6c). However, the frequency of CD11b+ cells expressing PD-L1 

was significantly higher in the WT tumors (Figure 4.3c). In order to better characterize 

intratumoral myeloid cell populations, we performed an unsupervised multidimensional single-
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cell analysis on CD45+ cells using FlowSOM. The FlowSOM data was visualized as cell clusters 

distributed in a minimal spanning tree. Each cluster was colored and contained nodes, where the 

size of each node corresponded with the number of cells represented by the node. These nodes 

connected to the ones they were the most similar to, but the analysis also considered the 

multidimensional topology of the data. Inside each node, a pie chart indicated the mean 

fluorescence intensities of the selected markers35. Based on the expression of Ly6C, Ly6G, F480, 

PD-L1 and MHC II, eight clusters were identified. Among these 8 clusters, most cells fall into 

Cluster 1 and Cluster 3. The cells segregated in Cluster 3 (light green) were F480+ PD-L1+ MHC 

IIlow, suggesting that they were PD-L1-expressing macrophages. This Cluster was mainly noted 

in the WT group. The cells segregated in Cluster 1 (red) were characterized by Ly6Ghigh and 

intermediate Ly6C expression (Ly6Cint). This cluster was mainly prominent in the SCID group. 

Both populations are magnified for visualization (Figure 4.3d). Interestingly, within Cluster 1, 

there were heterogenous populations. Nodes in Cluster 1 that contain PD-L1- cells (toward the 

right) were enriched in the SCID tumors, whereas nodes in Cluster 1 that contain PD-L1+ cells 

(toward the left) were similar between the two groups, suggesting that PD-L1-expressing cells in 

Cluster 1 were reserved in immunocompetent tumors. 

 

To confirm FlowSOM observations, we performed a standard gating strategy (Supplementary 

Figure 4.6e). Consistent with the FlowSOM analysis, the percentage of CD11b+ Ly6G- Ly6Clow/- 

MHC II- F480+ PDL1+ was higher in the WT tumors (Figure 4.3e). The percentage of CD11b+ 

Ly6G+ Ly6Cint cells was higher in the SCID tumors (Figure 4.3f), and there was no significant 
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difference in the frequency of CD11b+ Ly6G+ Ly6Cint cells expressing PD-L1 between both 

groups (Figure 4.3g). 

 

The expression of CCL9 in cancer cells is known to be associated with immune evasion via the 

recruitment of CCR1-expressing immunosuppressive myeloid cells into the tumors. Hence, we 

evaluated the expression of CCR1 in the intratumoral CD11b+ Ly6G+ Ly6Cint population and the 

CD11b+ Ly6G- Ly6Clow/- population using flow cytometry. Although some cells within both 

populations expressed CCR1, the percentage of cells expressing CCR1 was higher in the CD11b+ 

Ly6G- Ly6Clow/- population (Supplementary Figure 4.7a-b). Finally, to evaluate the expression 

of S100a8 and S100a9 in both myeloid populations, we FACS-sorted CD11b+ Ly6G+ Ly6Cint and 

CD11b+ Ly6G- Ly6Clow/- splenocytes, and then performed RT-qPCR. Both splenocyte 

populations expressed high levels of S100a8 and S100a9 (Supplementary Figure 4.7c). 

Collectively, our observations suggest that immune selection pressure alters intratumoral 

myeloid cell profiles. These alterations include increased intratumoral infiltration of PD-L1-

expressing CD11b+ myeloid cells, potentially via CCL9/CCR1 signaling. 

 

4.3.4 Induction of STAT1 Expression in Immunocompetent Whole Tumors and Malignant 

Epithelial Pancreatic Cells 

To identify the molecular determinants of immune evasion in mT3-2D tumors, we examined the 

differentially regulated genes and pathways between immunocompetent and immunodeficient 

tumors. The NanoString nCounter differential expression analysis identified nine genes that were 

upregulated in the WT whole tumors compared to the SCID whole tumors (Figure 4.4a). The 
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common upstream regulator of all these genes, except Chitinase-like protein 3 (Chil3), an M2 

macrophage marker, is Stat1 (Figure 4.4b). The induction of Stat1 expression by NanoString 

nCounter analysis (Figure 4.4c) was validated by Western blot (Figure 4d), and a similar pattern 

was shown by mass spectrometry (Figure 4.4e).  

 

In addition to whole tumor analysis, RNAseq Hallmark pathway analysis on mT3-2D-GFP cell 

line and FACS-sorted mT3-2D-GFP cancer cells isolated from WT and SCID tumors was used 

to identify pathways that are modified specifically in the malignant cells. Interferon-gamma-

response and Interferon-alpha-response were the most significantly enriched pathways in the 

FACS-sorted mT3-2D-GFP cancer cells isolated from tumors grown in WT mice as compared to 

tumors grown in SCID mice (FDR adjusted p-values of 1.72x10-11 and 1.29x10-06, respectively) 

(Supplementary Table 4.3). Malignant epithelial cell analysis also determined that Stat1 was 

selectively induced in the WT malignant cells, and this was validated by RT-qPCR (Figure 

4.4f). Using the Cancer Genome Atlas (TCGA) data from the Human Protein Atlas, we found 

that high STAT1 expression was significantly associated with shorter overall survival for all 

pancreatic cancer patients (Figure 4.4g), suggesting a potential role for STAT1 in human 

pancreatic cancer immune evasion.  

 

Notably, the induction of other Stat genes (Stat2, Stat3, Stat4, Stat5b, and Stat6) was less 

impressive between WT and SCID whole tumors compared to Stat1 by NanoString nCounter 

analysis (Supplementary Figure 4.8a-e). Similarly, using mass spectrometry, none of the other 

STAT proteins were selectively induced in the WT whole tumors compared to the SCID whole 
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tumors (Supplementary Figure 4.8f). Also, Human Protein Atlas survival analysis indicated 

that while STAT2, STAT3, STAT5A and STAT6 were not significant prognostic factors, high 

STAT4 and STAT5B expression was associated with longer overall survival in pancreatic cancer 

(Supplementary Figure 4.9). Together, these results suggest that STAT1 is selectively induced 

in WT whole tumors as well as WT malignant cells compared to SCID samples, and that STAT1 

may play a role in immune evasion. 

 

4.3.5 Ruxolitinib downregulates the expression of CCL9 and ARG1 and increases the anti-

tumor efficacy of anti-PD1 in immunocompetent mice 

It has been reported that STAT1 signaling regulates tumor-associated macrophage (TAM)-

mediated T cell inhibition by regulating arginase activity and nitric oxide production36. Also, 

CCL9 expression is strongly induced by the IFN consensus sequence-binding protein (ICSBP)37. 

To investigate the effect of JAK/STAT signaling on the expression of Ccl9 and Arg1, we treated 

mT3-2D cells in vitro with ruxolitinib for up to 12 hours. Using RT-qPCR, we determined that 

the expression of Ccl9 and Arg1 were downregulated upon ruxolitinib treatment 

(Supplementary Figure 4.10 a-b). Also, the effect of ruxolitinib on Ccl9 and Arg1 was not 

unique to mT3-2D cells, as the effect was reproduced in multiple murine KPC cell lines 

(Supplementary Figure 4.10 c-d).  

 

To determine if the ruxolitinib-mediated inhibition of CCL9 and ARG1 was maintained in vivo 

and if ruxolitinib had anti-tumor effects, we treated mT3-2D immunocompetent mice with either 

PBS, ruxolitinib, anti-PD1 or the combination of anti-PD1 and ruxolitinib. Although ruxolitinib 
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monotherapy did not result in a significant tumor growth inhibition, ruxolitinib improved the 

anti-tumor efficacy of anti-PD1 treatment. In fact, although anti-PD1-treated mice had an initial 

reduction in tumor size, the majority of the tumors eventually progressed. However, all tumors in 

the combination group were completely rejected (Figure 4.5a, Supplementary Figure 4.11). 

Using Western blot, we determined that CCL9 protein level was reduced in tumors from the 

ruxolitinib-treated mice compared to the control group, which was consistent with the expression 

of S100a9 (S100a8 was not detectable by Western blot in both groups). A similar but less 

consistent pattern of inhibition was also seen in ARG1 protein expression (Figure 4.5b). Of 

notice, ruxolitinib did not affect the cellular proliferation rate of mT3-2D cells in vitro even at 

high concentrations (Supplementary Figure 4.12a), suggesting that the ruxolitinib effect is host 

immunity-dependent. Knowing that JAK/STAT signaling is essential for immune cell 

differentiation and function38, we evaluated the impact of ruxolitinib in vivo treatment on T cell 

number and activity using flow cytometry. We observed no significant differences in the 

frequency of intratumoral or spleen CD4+ and CD8+ T cells (Supplementary Figure 4.12b). 

Also, we did not detect any notable differences in the percentages of CD8+ T cells expressing 

IFNγ between the two groups (7.3% in 3 combined PBS-treated tumors and 8.8% in 3 combined 

ruxolitinib-treated tumors), and in CD4+ T cells-expressing IFNγ (5.7% in 3 combined PBS-

treated tumors and 6.6% in 3 combined ruxolitinib-treated tumors).  
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4.4 FIGURES  

 

Figure 4.1. T cell immunity incompletely regulates mT3-2D tumor growth. (a) Growth 

curves depicting average subcutaneous mT3-2D tumor volumes (±SEM) grown in syngeneic WT 

(n=9) and SCID (n=13) C57BL6J mice. A two-way ANOVA followed by Bonferroni multiple 

comparison test was used for the analysis. (b) t-SNE plot of immune cells from WT (blue) and 
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SCID (red) tumors. Live/CD45+ cells from WT and SCID mice were used to generate a t-SNE 

map clustering cells based on the expression of their surface markers (n=5 per group). (c) 

Percentage of T cells (CD3+ CD4+ CD8- or CD3+ CD4- CD8+ cells) in immunocompetent mice 

detected by flow cytometry and represented as frequency of CD45+ cells using FlowJo (n=5). (d) 

t-SNE plot of T cell clusters from WT and SCID tumors. CD8+ T cell clusters in pink (Clusters A 

and B) and CD4+ T cell clusters in purple (Clusters C and D) (n=5 per group). (e) T cell cluster-

based heatmap analysis of the median fluorescence intensity of the selected markers acquired by 

flow cytometry. (f) Unsupervised hierarchical clustering of normalized differentially-expressed 

genes in the mT3-2D cell line (n=2 technical replicates, labeled with a gray colored bar at the 

top), SCID tumors (n=5, labeled with a red colored bar at the top) and WT tumors (n=5, labeled 

with a blue colored bar at the top), measured by the NanoString nCounter system and analyzed 

using the NanoString nSolver tool. Each column represents one sample and each row represents 

a gene. (g) “T cell” and “cytotoxic cell” scores analyzed using the NanoString nSolver tool (n=5 

per group). Data represented as mean (±SEM) and Mann-Whitney test was used. (h) Ifng RNA 

counts as determined using the NanoString nSolver tool (n=2 technical replicates for the cell 

line, n=5 biological replicates for the tumor samples per group). Data represented as mean 

(±SEM) and Kruskal-Wallis test was used. (i) Quantitative real-time PCR analysis of Ifng gene 

expression in WT (n=9) and SCID tumors (n=7). Data represented as mean FC (fold change) 

(±SEM) and Mann-Whitney test was used. (j) Growth curves depicting average subcutaneous 

mT3-2D tumor volumes (±SEM) grown in WT, SCID and T cell depleted C57BL6J mice (n=10 

per group). A two-way ANOVA followed by Tukey multiple comparison test was used for the 

analysis up to the time point “day 24”. A two-way ANOVA followed by Bonferroni multiple 
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comparison test was used for the analysis of “day 27” and “day 30” time points. Green asterisks 

indicate statistical significance between WT and T cell depleted tumors, and red asterisks 

indicate statistical significance between WT and SCID tumors. (k) A pie chart represents the 

numbers of pVACtools’ predicted neoepitopes for the mT3-2D cells, combined 5 SCID tumors, 

and combined 5 WT tumors. One asterisk (*) indicates p value < 0.05, 2 asterisks (**) indicates 

p value < 0.01, 3 asterisks (***) indicates p value < 0.005, and 4 asterisks (****) indicates p 

value < 0.001.  
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Figure 4.2. WT malignant epithelial pancreatic cells express higher levels of genes 

associated with myeloid cells compared to SCID malignant cells. (a) Venn diagram indicates 

the number of differentially expressed genes between mT3-2D-GFP cell line and tumor derived 

FACS-sorted mT3-2D-GFP cells isolated from WT and SCID tumors identified by RNAseq. 

Differential gene expression analysis was conducted for genes possessing at least absolute 1 log2 

fold change (FC). (b) Heatmap of the 52 differentially expressed genes between tumor derived 

FACS-sorted mT3-2D-GFP cells isolated from WT and SCID tumors. Differential gene 

expression analysis was conducted for genes possessing at least 1 absolute log2 FC. Hierarchical 

clustering based on samples (columns) and genes (rows). (c) Quantitative real-time PCR analysis 

of Ccl9, Arg1 and Cd68 expression in FACS-sorted mT3-2D-GFP WT cancer cells (n=6) and 

FACS-sorted mT3-2D-GFP SCID cancer cells (n=5-6). Data represented as mean (±SEM) and 
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Mann-Whitney test was used. One asterisk (*) indicates p value < 0.05, and two asterisks (**) 

indicate p value < 0.01. 
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Figure 4.3.  WT and SCID tumors have distinct myeloid cell profiles. (a) A Scatter plot of 

paired relative protein intensities of WT and SCID tumors. Each dot represents a protein, and the 
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identity line that passes through the origin is shown. (b-c) Percentage of CD11b+ cells in WT and 

SCID tumors detected by flow cytometry and represented as frequency of CD45+ cells using 

FlowJo (n=5 per group). Samples were gated as shown in (Supplementary Figure 6 d-e). 

Mann-Whitney test was used for the analysis. (d) Multidimensional single-cell analysis was 

performed by FlowSOM analysis. Thirty thousand events of CD45+ cells from WT and SCID 

tumors were concatenated, and then analyzed using FlowSOM (FlowJo) that identified 8 clusters 

(colored).  The clustering was done based on the expression of Ly6G, Ly6C, PD-L1, F480 and 

MHC II. (e-g) Percentage of myeloid cell populations in WT and SCID tumors detected by flow 

cytometry and represented as frequency of CD45+ cells using FlowJo (n=5 per group). Samples 

were gated as shown in (Supplementary Figure 6 d-e). Mann-Whitney test was used for the 

analysis. One asterisk (*) indicates p value < 0.05 and 2 asterisks (**) indicate p value < 0.01. 

(ns=not significant). 

 

 



134 
 

 

Figure 4.4. STAT1 expression is selectively induced in the immunocompetent tumors 

compared to immunodeficient tumors. (a) Volcano plot of NanoString nCounter differential 

gene expression analysis of all pairwise comparisons. The volcano plot displays the relationship 

between fold-change and p-value between the WT and SCID groups, using a scatter plot view. 

Each dot represents the average expression of a gene in the WT samples in reference to the SCID 

samples. (b) Direct interaction analysis by Pathway Studio for eight out of the nine differentially 
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expressed genes identified in (a). Interaction searching are promoter binding, expression and 

regulation. The Pathway Studio figure was adapted by the authors to include a blue arrow that 

shows a link between STAT1 and ZBP1 that was reported in literature but not identified by 

Pathway Studio39. (c) STAT1 RNA counts as determined using the NanoString nSolver tool (n=2 

technical replicates for the cell line, n=5 biological replicates for the tumor samples). Data 

represented as mean (±SEM) and Kruskal-Wallis test was used. (d) Western blot of STAT1 and 

GAPDH in mT3-2D cell line, 4 WT tumor samples and 4 SCID tumor samples. Densitometry 

values of expression relative to GAPDH indicated above the western blot and shown in the bar 

plot to the right. Data represented as mean (±SEM) and Kruskal-Wallis test was used. (e) 

Relative STAT1 protein intensity detected by mass spectrometry. (f) Quantitative real-time PCR 

analysis of STAT1 expression in FACS-sorted mT3-2D-GFP WT cancer cells (n=11) and FACS-

sorted mT3-2D-GFP SCID cancer cells (n=6). Data represented as mean (±SEM), and Mann-

Whitney test was used. (g) Kaplan-Meier plot shows STAT1 pancreatic cancer survival analysis 

using the TCGA data from the Human Protein Atlas. X-axis shows time for survival (years) and 

y-axis shows the probability of survival, where 1.0 corresponds to 100 percent. The cut off is 

33.2, the 5-year survival for patients with higher expression than the expression cut off (high 

expression) is 18% and the 5-year survival for patients with lower expression than the expression 

cut off (low expression) is 37%. One asterisk (*) indicates p-value < 0.05, 2 asterisks (**) 

indicate p-value < 0.01 and 3 asterisks (***) indicates p value < 0.005. 
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Figure 4.5. Ruxolitinib downregulates CCL9 and ARG1 expression in vivo and improves 

the anti-tumor efficacy of anti-PD1 treatment. (a) Tumor growth curve depicting the average 

(±SEM) volume of mT3-2D tumors grown in C57BL6J immunocompetent mice treated with 

PBS (n=5), ruxolitinib (n=5), anti-PD1 (n=7) and combination of anti-PD1 and ruxolitinib (n=5). 
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A two-way ANOVA followed by Tukey multiple comparison test was used for up to day 34, and 

two-tailed t-test was used for days 36 and 39. (b-d) Western blot of CCL9, Tubulin, S100a9, 

ARG1 and GAPDH in indicated samples. Densitometry values of expression relative to either 

Tubulin or GAPDH indicated above the western blot and shown in the bar plot to the right. 

(RP=S100a9 recombinant protein, R&D systems, Catalog #8916-S8-050). Data represented as 

mean (±SEM) and Kruskal-Wallis test was used. (rux.= ruxolitinib, ctrl.= control, ns=not 

significant). 
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Supplementary Figure 4.1. T cell immunity incompletely regulates pancreatic cancer tumor 

growth. (a) Growth curves depicting individual mT3-2D tumors grown in syngeneic WT (n=9) 

and SCID (n=13) C57BL6J mice. (b) Growth curves depicting average PANC02 tumor volumes 

(±SEM) grown in syngeneic WT (n=10) and SCID (n=20) C57BL6J mice. (c) Growth curves 

depicting individual PANC02 tumors grown in syngeneic WT (n=10) and SCID (n=20) 

C57BL6J mice. 
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Supplementary Figure 4.2. Histology of mT3-2D subcutaneous tumors grown in 

immunocompetent and immunodeficient mice. (a) Representative images of mT3-2D tumor 

tissues from WT (n=5) and SCID (n=8) mice subjected to hematoxylin and eosin (H&E) 

 WT

%
 K

i6
7
 p

o
s
it
iv

e
 c

e
lls

0

5

10

15

20
SCID

SCID WT
0

2

4

6

8

10

12

%
 C

o
lla

g
e
n
 a

re
a

ns

ns

 WTSCID

SCID WT

200µm

 WT

200µm

SCID
a

b

c

500µm

200µm 200µm

500µm

 WT

CD4 CD8

0

1

2

3

4

%
  
T

 c
e
lls

 

200µm

CD8

200µm

CD4d



140 
 

staining. (b) Representative images of mT3-2D tumor tissues from WT (n=5) and SCID (n=8) 

mice subjected to Masson’s trichrome staining, which stains collagen blue. Quantification of 

Masson’s trichrome stained collagen expression using imageJ is shown in the bar plot to the 

right. (c) Representative images of mT3-2D tumor tissues from WT (n=5) and SCID (n=10) mice 

subjected to Ki67 immunohistochemistry (IHC) staining. Quantification of Ki67 positive cells 

using FIJI imageJ is shown in the bar plot to the right. (d) Representative images of WT mT3-2D 

tumor tissues subjected to CD4 and CD8 IHC staining. Quantification of CD4 and CD8 positive 

cells using FIJI imageJ is shown in the bar plot to the right. (ns=not significant).  
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Supplementary Figure 4.3. Delayed mT3-2D tumor growth in immunocompetent mice is T 

cell dependent. (a) Growth curves depicting individual mT3-2D tumors grown in syngeneic 

WT, SCID, and T cell depleted WT C57BL6J mice (n=10 per group). (b) The efficiency of in 

vivo T cell depletion was determined using flow cytometry analysis of splenocytes from T cell 

depleted mice compared to control mice after 1 week of treatment (2 doses). 
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Supplementary Figure 4.4. FACS-sorted mT3-2D GFP cells and mT3-2D cell line do not 

express CD45. FACS-sorted mT3-2D GFP cells and mT3-2D cell line do not express CD45. (a) 
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Quantitative real-time PCR analysis of Ptprc expression in a whole WT tumor (including the 

stroma, a positive control), RAW264.7 cell line (positive control), mT3-2D cell line, and FACS-

sorted mT3-2D GFP cells from WT and SCID tumors. Data represented as mean (±SEM), and 

the dashed line indicates the threshold. (b) Flow cytometry analysis of CD45.2 in mT3-2D GFP 

cell line and RAW264.7 cell line (positive control) analyzed using FlowJo. (c) Flow cytometry 

analysis of CD45.2 and GFP in a WT mT3-2D-GFP tumor, analyzed using FlowJo. CD45.2 

fluorescence intensity in GFP positive cells (Q1) and CD45.2 positive cells (Q3) is shown in the 

histogram to the right.  
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Supplementary Figure 4.5. KPC cell lines express basal level of myeloid markers but do not 

express CD45. (a) Quantitative real-time PCR analysis of Ccl9 expression in KPC cell lines. 

Data represented as mean (±SEM), and the dashed line indicates the threshold. (b) Western blot 



145 
 

of CCL9 in recombinant protein (RP) (Novus Biologicals, NBP2-35086) and KPC cell lines. (c) 

Quantitative real-time PCR analysis of Arg1 expression in KPC cell lines, RAW264.7 cell line, 

LPS-treated RAW264.7 cells (positive control) and C3H/10T1/2 Clone 8 cell line (negative 

control). Data represented as mean (±SEM), and the dashed line indicates the threshold. (d) 

Arginase activity in KPC cell lines, and C3H/10T1/2 Clone 8 cell line (negative control), using 

arginase activity assay and determined by the absorbance of H2O2 at indicated time points. Data 

represented as mean (±SEM), and the dashed line indicates the threshold. (e) Quantitative real-

time PCR analysis of Cd68 expression in KPC cell lines. Data represented as mean (±SEM), and 

the dashed line indicates the threshold. (f) Representative Histogel images of KPC cells 

subjected to CD68 IHC staining. (g) Quantitative real-time PCR analysis of Ptprc expression in 

KPC cell lines. Data represented as mean (±SEM), and the dashed line indicates the threshold. 

(h) Flow cytometry analysis of CD45.2 in KPC cell lines and RAW264.7 cell line (positive 

control) analyzed using FlowJo. 
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Supplementary Figure 4.6. WT and SCID tumors are highly infiltrated by CD11b+ myeloid 

cells. (a-b) Representative images of mT3-2D tumor tissues from WT (n=7) and SCID (n=5) 

mice subjected to S100a8 and S100a9 IHC staining. Quantification of positive cells using FIJI 

imageJ is shown in the bar plots to the right. Data represented as mean (±SEM) and Mann-

Whitney test was used. One asterisk (*) indicates p value < 0.05, and two asterisks (**) indicate 

p value < 0.01. (c) In the top: t-SNE plot of immune cells from WT (blue) and SCID (red) 

tumors. In the bottom: t-SNE plot of CD11b+ cells, where orange indicates high expression and 
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green indicates low expression. Samples were gated on Live/CD45+ cells (n=5 per group). (d-e) 

Flow cytometry gating strategies for myeloid cell analysis. (d) Cells were gated based on their 

size and granularity (SSC-A and FSC-A, respectively). Dead cells and doublets were excluded 

and CD45+ cells were selected. (e) CD45+ cells were evaluated for the expression of NK1.1 and 

CD3. Then, C11b+ NK1.1-/CD3- cells were selected. This population was then divided into three 

clusters based on their expression of Ly6C and Ly6G. Subsequently, the expression of F480 and 

PD-L1 in the three clusters was evaluated. 
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Supplementary Figure 4.7. CD11b+ myeloid cell populations express CCR1, S100a8 and 

S100a9. (a) Flow cytometry analysis of CCR1 in CD11b+ Ly6G- Ly6Clow/- and CD11b+ Ly6G+ 

Ly6Cint cell populations in three WT tumor samples. (b)A bar chart indicates the percentage of 

CCR1 positive cells from (a). (c) Quantitative real-time PCR analysis of S100a8 and S100a9 

expression in CD11b+ Ly6G- Ly6Clow/- and CD11b+ Ly6G+ splenocytes from naïve mice. Two 

splenocytes were combined and processed as a single sample. Data represented as mean (±SD). 
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Supplementary Figure 4.8. Less notable difference in the expression of STAT molecules 

other than STAT1 between WT and SCID whole tumors. (a) Stat2 (b) Stat3 (c) Stat4 (d) 

Stat5a (e) Stat6 mRNA counts by NanoString nCounter analysis (for the cell line, n=2 technical 

replicates and for tumor samples, n=5 biological replicates per group). (f) Relative protein 

intensities detected by mass spectrometry (n=2 technical replicates per group). Data represented 

as mean (±SEM) and Mann-Whitney test was used. One asterisk (*) indicates p value < 0.05 and 

2 asterisks (**) indicates p value < 0.01. (ns= not significant). 
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Supplementary Figure 4.9. STAT genes other than STAT1 are not significantly associated 

with shorter overall survival for pancreatic cancer patients. Kaplan-Meier plots show (a) 

STAT2 (b) STAT3 (c) STAT4 (d) STAT5A (e) STAT5B and (f) STAT6 pancreatic cancer survival 

analysis using the TCGA data from the Human Protein Atlas. X-axis shows time for survival 

(years) and y-axis shows the probability of survival, where 1.0 corresponds to 100 percent. 
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Supplementary Figure 4.10. Ruxolitinib downregulates Ccl9 and Arg1 expression in murine 

KPC cell lines in vitro. (a) Quantitative real-time PCR analysis of Ccl9 expression in mT3-2D 

cells treated with 1 µM ruxolitinib relative to untreated cells at indicated time points. (b) 

Quantitative real-time PCR analysis of Arg1 expression in mT3-2D cells treated with 1 µM 

ruxolitinib relative to untreated cells at indicated time points. (c) Quantitative real-time PCR 

analysis of Ccl9 expression in murine KPC cell lines treated with 1 µM ruxolitinib for 4 hours 

relative to untreated cells. (d) Quantitative real-time PCR analysis of Arg1 expression in murine 

KPC cell lines treated with 1 µM ruxolitinib for 4 hours relative to untreated cells. Data 

represented as mean (±SEM). 
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Supplementary Figure 4.11. Ruxolitinib improved the anti-tumor efficacy of anti-PD1 

treatment. (a) Individual tumor growth curves of mT3-2D tumors grown in C57BL6J 

immunocompetent mice treated with PBS (n=5), ruxolitinib (n=5), anti-PD1 (n=7) and 

combination of anti-PD1 and ruxolitinib (n=5). 
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Supplementary Figure 4.12. Ruxolitinib affects neither mT3-2D cellular proliferation rate 

in vitro nor T cell frequency and activity in vivo. (a) Crystal violet proliferation curves for 

mT3-2D cells in vitro treated for 3 days with a range of ruxolitinib concentrations. (b) Flow 

cytometry analysis of T cells in mice treated with PBS (control) or ruxolitinib. Data represented 

as mean (±SEM). Mann-Whitney test was used. (rux.= ruxolitinib, ctrl.= control, ns=not 

significant). 
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4.5 TABLES 

Supplementary Table 4.1. Neoepitopes predicted by pVACtools and validated by Sanger 

sequencing 

Sample ID Gene rsID Alleles WT Flanking Sequence 

Pancreatic Tissue Shank3 N/A G/G CGATACAAGCAGAGAGTTTAT 
mT3-2D cell line Shank3 N/A A/G CGATACAAGCAGAGAGTTTAT 
WT tumor  Shank3 N/A G/G CGATACAAGCAGAGAGTTTAT 
WT tumor  Shank3 N/A G/G CGATACAAGCAGAGAGTTTAT 
WT tumor  Shank3 N/A A/G CGATACAAGCAGAGAGTTTAT 
SCID tumor  Shank3 N/A A/G CGATACAAGCAGAGAGTTTAT 
SCID tumor  Shank3 N/A A/G CGATACAAGCAGAGAGTTTAT 
SCID tumor  Shank3 N/A A/G CGATACAAGCAGAGAGTTTAT 
Pancreatic Tissue Tm7sf3 rs50547905 G/G CTCCACTTTGGTTGCCCTGCT 
mT3-2D cell line Tm7sf3 rs50547905 G/T CTCCACTTTGGTTGCCCTGCT 
WT tumor  Tm7sf3 rs50547905 G/T CTCCACTTTGGTTGCCCTGCT 
WT tumor  Tm7sf3 rs50547905 G/T CTCCACTTTGGTTGCCCTGCT 
WT tumor  Tm7sf3 rs50547905 G/T CTCCACTTTGGTTGCCCTGCT 
SCID tumor  Tm7sf3 rs50547905 G/T CTCCACTTTGGTTGCCCTGCT 
SCID tumor  Tm7sf3 rs50547905 G/T CTCCACTTTGGTTGCCCTGCT 
SCID tumor  Tm7sf3 rs50547905 G/T CTCCACTTTGGTTGCCCTGCT 
Pancreatic Tissue AW822073 rs1135301148 T/T TATCTCTTCTCCTTAAAAGTT 
mT3-2D cell line AW822073 rs1135301148 C/C TATCTCTTCTCCTTAAAAGTT 
WT tumor  AW822073 rs1135301148 C/T TATCTCTTCTCCTTAAAAGTT 
WT tumor  AW822073 rs1135301148 C/T TATCTCTTCTCCTTAAAAGTT 
WT tumor  AW822073 rs1135301148 C/T TATCTCTTCTCCTTAAAAGTT 
SCID tumor  AW822073 rs1135301148 C/T TATCTCTTCTCCTTAAAAGTT 
SCID tumor  AW822073 rs1135301148 C/T TATCTCTTCTCCTTAAAAGTT 
SCID tumor  AW822073 rs1135301148 C/T TATCTCTTCTCCTTAAAAGTT 
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Supplementary Table 4.1 (Cont.) 

Sample ID Gene rsID Alleles WT Flanking Sequence 

Pancreatic Tissue Glp2r rs28217197 T/T TGGATTTTTGTCCGAGCAAGC 

mT3-2D cell line Glp2r rs28217197 C/C TGGATTTTTGTCCGAGCAAGC 

WT tumor  Glp2r rs28217197 T/T TGGATTTTTGTCCGAGCAAGC 

WT tumor  Glp2r rs28217197 T/T TGGATTTTTGTCCGAGCAAGC 

WT tumor  Glp2r rs28217197 T/C TGGATTTTTGTCCGAGCAAGC 

SCID tumor  Glp2r rs28217197 T/C TGGATTTTTGTCCGAGCAAGC 

SCID tumor  Glp2r rs28217197 T/T TGGATTTTTGTCCGAGCAAGC 

SCID tumor  Glp2r rs28217197 T/T TGGATTTTTGTCCGAGCAAGC 

Pancreatic Tissue Mansc4 rs51447380 A/A ACATCTGCAAACGTGTCCACT 
mT3-2D cell line Mansc4 rs51447380 A/C ACATCTGCAAACGTGTCCACT 
WT tumor  Mansc4 rs51447380 A/C ACATCTGCAAACGTGTCCACT 
WT tumor  Mansc4 rs51447380 A/C ACATCTGCAAACGTGTCCACT 
WT tumor  Mansc4 rs51447380 A/C ACATCTGCAAACGTGTCCACT 
SCID tumor  Mansc4 rs51447380 A/C ACATCTGCAAACGTGTCCACT 
SCID tumor  Mansc4 rs51447380 A/C ACATCTGCAAACGTGTCCACT 
SCID tumor  Mansc4 rs51447380 A/C ACATCTGCAAACGTGTCCACT 
Pancreatic Tissue Mrps35 rs36949762 G/G CGGCAGAACTGTGACTATGCA 
mT3-2D cell line Mrps35 rs36949762 G/A CGGCAGAACTGTGACTATGCA 
WT tumor  Mrps35 rs36949762 G/G CGGCAGAACTGTGACTATGCA 
WT tumor  Mrps35 rs36949762 G/A CGGCAGAACTGTGACTATGCA 
WT tumor  Mrps35 rs36949762 G/A CGGCAGAACTGTGACTATGCA 
SCID tumor  Mrps35 rs36949762 G/A CGGCAGAACTGTGACTATGCA 
SCID tumor  Mrps35 rs36949762 G/A CGGCAGAACTGTGACTATGCA 
SCID tumor  Mrps35 rs36949762 G/A CGGCAGAACTGTGACTATGCA 
Pancreatic Tissue Nlrc5 rs32684635 T/T ACCTGCCACATGTTCCTCTGC 
mT3-2D cell line Nlrc5 rs32684635 C/T ACCTGCCACATGTTCCTCTGC 
WT tumor  Nlrc5 rs32684635 T/T ACCTGCCACATGTTCCTCTGC 
WT tumor  Nlrc5 rs32684635 T/T ACCTGCCACATGTTCCTCTGC 
WT tumor  Nlrc5 rs32684635 C/T ACCTGCCACATGTTCCTCTGC 
SCID tumor  Nlrc5 rs32684635 C/T ACCTGCCACATGTTCCTCTGC 
SCID tumor  Nlrc5 rs32684635 C/T ACCTGCCACATGTTCCTCTGC 

SCID tumor  Nlrc5 rs32684635 C/T ACCTGCCACATGTTCCTCTGC 
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Supplementary Table 4.2. Differentially expressed genes between the WT and SCID 

malignant epithelial pancreatic cells 

Ch. Start Stop Strand Transcript Gene.Symbol 

SCID 
vs. Cell 
(Log2 
FC) 

WT vs. 
Cell 

(Log2 
FC) 

SCID 
vs. WT 
(Log2 
FC) 

11 83572917 83578637 - NM_011338 Ccl9 0.72 2.60 -1.88 
17 34153191 34160230 + NM_010387 H2-DMb1 0.40 2.20 -1.80 
X 20925454 20931556 - NM_008823 Cfp 0.93 2.71 -1.78 
3 87250965 87263525 - NM_030707 Fcrls 0.65 2.42 -1.77 
7 19696244 19699189 - NM_009696 Apoe 1.02 2.77 -1.75 
7 100937634 100964367 - NM_183168 P2ry6 0.18 1.74 -1.56 

14 70774381 70778495 + NM_010071 Dok2 0.37 1.92 -1.54 
10 24915207 24927471 - NM_007482 Arg1 0.72 2.22 -1.50 
19 6998958 7019470 - NM_153795 Fermt3 0.72 2.20 -1.49 
9 120048683 120068297 - NM_009987 Cx3cr1 0.59 2.06 -1.47 
2 131992850 132029989 - NM_175445 Rassf2 0.82 2.22 -1.41 

19 6844623 6858212 - NM_001081291 Ccdc88b 0.61 2.01 -1.40 
3 83836272 83841609 - NM_011905 Tlr2 0.77 2.17 -1.40 

17 71252176 71310966 - NM_145158 Emilin2 1.30 2.64 -1.34 
2 44983512 45113280 - NM_015753 Zeb2 0.87 2.19 -1.32 

19 61224402 61228419 - NM_009970 Csf2ra 0.75 2.06 -1.32 
6 97286867 97487821 - NM_001346637 Frmd4b -0.48 0.83 -1.31 
6 122847140 122856158 - NM_009779 C3ar1 -0.10 1.20 -1.30 

12 103442166 103443681 - NM_029803 Ifi27l2a 0.20 1.48 -1.27 
11 69664213 69666171 - NM_001291058 Cd68 0.99 2.25 -1.26 
8 68880555 68906933 + NM_008509 Lpl -0.78 0.48 -1.26 

19 3935186 3949341 + NM_019449 Unc93b1 0.62 1.87 -1.26 
1 52119622 52161866 + NM_001205313 Stat1 -0.06 1.19 -1.25 

15 6386748 6440710 + NM_023118 Dab2 0.22 1.47 -1.25 
11 58199556 58207593 + NM_018738 Igtp 0.89 2.13 -1.24 
17 33996012 34000334 - NM_001001892 H2-K1 -0.24 0.99 -1.24 
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Supplementary Table 4.2 (Cont.) 

Ch. Start Stop Strand Transcript Gene.Symbol 

SCID 
vs. Cell 
(Log2 
FC) 

WT vs. 
Cell 

(Log2 
FC) 

SCID 
vs. WT 
(Log2 
FC) 

7 29221928 29232523 - NM_001033525 Kcnk6 0.42 1.65 -1.23 
15 6386748 6440710 + NM_001310446 Dab2 0.24 1.47 -1.23 
6 124720707 124733155 - NM_013545 Ptpn6 0.28 1.49 -1.20 

17 33996012 34000348 - NM_001347346 H2-K1 -0.67 0.51 -1.18 
13 60602211 60763192 + NM_134062 Dapk1 -0.74 0.42 -1.15 
5 105078394 105110293 - NM_172777 Gbp9 0.65 1.80 -1.15 

13 23702034 23710855 - NM_010424 Hfe 0.34 1.49 -1.15 
8 117498275 117635143 + NM_172285 Plcg2 0.38 1.49 -1.11 
7 68736994 68749239 - NM_001042592 Arrdc4 0.84 1.95 -1.11 

17 35263094 35267498 + NM_010380 H2-D1 -0.29 0.81 -1.10 
1 105780723 105847982 + NM_009399 Tnfrsf11a -0.14 0.95 -1.10 
9 88548020 88571087 + NM_001142943 Zfp949 -0.57 0.52 -1.09 
5 100679484 100719717 - NM_152803 Hpse -0.41 0.68 -1.09 
7 30423304 30428747 + NM_172142 Nfkbid 0.23 1.30 -1.07 

17 8128591 8147833 - NM_026611.1 Rnaset2b -0.69 0.36 -1.05 
11 53770473 53777325 + NM_001159396 Irf1 -0.06 0.99 -1.04 
17 46630629 46646081 - NM_001357130 Klc4 -0.43 0.60 -1.04 
16 35832878 35871383 - NM_001039530 Parp14 1.33 2.36 -1.03 
8 70762773 70766664 - NM_023065 Ifi30 -0.23 0.80 -1.03 
2 125830302 125859083 - NM_001285513 Cops2 -0.79 0.23 -1.02 
5 43818893 43843469 + NM_009763 Bst1 0.13 1.14 -1.01 
X 107397195 107403361 - NM_008409 Itm2a 1.38 0.36 1.02 
Y 1260715 1286614 - NM_012008 Ddx3y 0.31 -0.71 1.02 
16 13833573 13903146 - NM_001039533 Pdxdc1 0.60 -0.46 1.06 
17 66078795 66101560 - NM_028388 Ndufv2 -0.74 -1.85 1.11 
6 145211147 145216543 + NM_133688 Etfrf1 0.42 -0.72 1.14 
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Supplementary Table 4.3. Hallmark pathway analysis of differentially expressed genes 

between the WT and SCID malignant epithelial pancreatic cells 

Hallmark pathways 
WT 
vs. 

SCID 

Adjusted  
p-values  

HALLMARK_INTERFERON_GAMMA_RESPONSE  1.72E-11 

HALLMARK_INTERFERON_ALPHA_RESPONSE  1.29E-06 

HALLMARK_IL6_JAK_STAT3_SIGNALING  0.000288205 

HALLMARK_XENOBIOTIC_METABOLISM  0.003418453 

HALLMARK_COMPLEMENT  0.023539937 

HALLMARK_ALLOGRAFT_REJECTION  0.023539937 

HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION  0.000407251 

HALLMARK_HYPOXIA  0.007250325 
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CHAPTER 5 

 DISCUSSION AND FUTURE WORK 

Here, I summarize the findings from my Ph.D. thesis project on molecular determinants of 

adaptive immune rejection in pancreatic cancer. Then, I discuss the contextual perspective of my 

findings and the new avenues that could be explored in future studies.  

 

5.1 DISCUSSION 

T cells within human pancreatic tumors are generally infrequent and incapable of eliciting anti-

tumor immunity1–6. Thus, T cell immunity has been considered irrelevant to pancreatic cancer, 

and it has been argued that the pancreas might have organ site-specific resistance to 

immunotherapy. This hypothesis was supported by the observation that the vast majority of 

pancreatic cancer immunotherapy clinical trials have failed7. However, recent studies show that 

tumors of long-term pancreatic cancer survivors exhibit potent cytotoxic T cell responses8. Also, 

immune checkpoint inhibitors, which promote T cell responses, have demonstrated efficacy in 

pancreatic cancer patients with high microsatellite instability (MSI-high)9. Hence, T cell 

immunity is likely to play a critical role in pancreatic cancer biology, but further resolution of the 

molecular determinants of immune evasion in pancreatic malignancy is needed. The goal of this 

study was to address the extent to which immune evasion in pancreatic cancer is a tumor-

intrinsic property and if it is induced in response to immune selection pressure. If the latter is 

true, identifying immunosuppressive mechanisms that cancer cells employ in order to survive in 

the face of T cell recognition and attack may facilitate the development of novel 

immunotherapies and improve responses to currently available treatment strategies.  
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To address this goal, we investigated the effects of immune selection pressure on pancreatic 

cancer using the mT3-2D subcutaneous murine model, which is syngeneic to the C57Bl/6 strain. 

Two types of analysis were performed: (i) malignant epithelial cell analysis, and (ii) whole tumor 

analysis. The former determines how malignant cells specifically respond to immune selection 

pressure, whereas the latter determines the effect of immune selection pressure on the tumor 

microenvironment, including cancer cells and non-cancer stromal elements. Combining these 

two approaches provided us with a more comprehensive understanding of the complex 

interactions between cancer cells and the immune system. First, I demonstrated that despite the 

clear induction of T cell responses in immunocompetent WT mice, T cell immunity incompletely 

regulated mT3-2D tumor growth. Then, I determined that immune selection pressure induced a 

myeloid mimicry phenomenon by malignant epithelial pancreatic cells, stimulating intratumoral 

infiltration of programmed death-ligand 1 (PD-L1)-expressing myeloid cells. These tumor cell-

based responses to immune selection pressure are likely to result in cancer immune escape in this 

model system.   

 

Using another KPC murine model, Evans et al reported that depleting T cells during the 

development of spontaneous tumors did not affect tumor natural history (i.e. the time of 

diagnosis and the overall survival). Using neoantigen prediction computational algorithms, these 

tumors were determined to lack immunogenic neoepitopes. However, the introduction of 

immunogenic antigens into these KPC tumors stimulated T cell anti-tumor responses, 

overcoming immune ignorance10. In contrast, in the mT3-2D subcutaneous mouse model used 

here, we identified 139 putative cancer neoantigens within 11 samples (mT3-2D cell line, 5 WT 
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tumors and 5 SCID tumors), with 14 potential neoepitopes predicted to be shared between the 

three groups. Half of these shared mutations were validated by Sanger Sequencing. Although not 

all computationally predicted immunogenic antigens are generally successful in inducing 

effective tumor-specific T cell responses, the slow tumor growth rate in immunocompetent mice 

suggests that at least some of these mutations stimulated T cell immunity. A supporting 

observation was reported by Boj et al. The mT3-2D cell line was derived from a primary tumor 

organoid (mT) of a C57Bl/6J genetically engineered mouse model (GEMM). Boj et al found that 

although mT organoids engrafted with a similar efficiency upon orthotopic transplantation in 

Nu/Nu mice (91.7%) compared to C57Bl/6 mice (85%), disease progression was accelerated in 

Nu/Nu mice11. The significance of these observations relies on the fact that human pancreatic 

cancers are also likely to express immunogenic mutations. Balachandran et al reported that the 

median numbers of neoantigen-related mutations detected per pancreatic cancer patient were 38 

in the Memorial Sloan Kettering Cancer Center (MSKCC) cohort and 32 in the International 

Cancer Genome Consortium (ICGC) cohort8. Also, Bailey et al demonstrated that in 221 human 

pancreatic cancer cases, all evaluated pancreatic cancer samples expressed mutations that were 

predicted to be immunogenic, ranging from 4 to 4,000 neoantigens per sample12. These 

observations suggest that despite the expression of some potentially immunogenic antigens in the 

malignant cells, pancreatic tumors employ mechanisms to evade cytotoxic T cell immunity. 

Although it could be argued that pancreatic tumors are not highly infiltrated by T cells, 

pancreatic cancers evade T cell immunity even when chimeric antigen receptor (CAR)-T cells 

that are specifically generated against pancreatic cancer antigens infiltrate pancreatic tumors13. 
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Also,  pancreatic cancers can defeat vaccine therapy that stimulates tumor-specific T cell 

infiltration14–16.  

 

The myeloid mimicry phenomenon in cancer cells has been reported previously in several cancer 

entities, including breast cancer, colorectal cancer and pancreatic cancer, and it is associated with 

advanced disease and worse outcomes17–19. Some studies determined that the expression of 

myeloid markers by cancer cells was a result of cancer cell-immune cell fusion, and thus created 

hybrids that express characteristics of both cellular origins20–22. In our study, we determined that 

FACS-sorted malignant epithelial cells and murine KPC cell lines express chemokine (C-C 

motif) ligand 9 (CCL9), arginase 1 (ARG1), and cluster of differentiation 68 (CD68), but do not 

express CD45, the transmembrane protein expressed by all hematopoietic cells, suggesting that 

the myeloid mimicry phenomenon we reported here is not a consequence of cell fusion. Because 

the expression of myeloid markers is induced in malignant epithelial cells from 

immunocompetent mice compared to malignant epithelial cells from immunodeficient mice, our 

data suggest that immune selection pressure plays an important role in regulating this 

phenomenon.  

 

Whole tumor analysis using global proteomics profiling and multiparametric flow cytometry 

analysis revealed selective induction of the myeloid cell-associated proteins S100a8 and S100a9, 

and the infiltration of PD-L1+ myeloid cells in the WT as compared to SCID tumors, 

respectively, potentially via CCL9/ C-C motif chemokine receptor 1 (CCR1) signaling. In line 

with our findings, in several murine cancer models, CCL9 induction by cancer cells was shown 
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to be associated with the recruitment of CCR1-expressing immunosuppressive myeloid cells, and 

targeting that CCL9/CCR1 interaction limited tumor growth in mice. However, the phenotype of 

these CCR1-expressing myeloid populations varies between cancer models23–27. Together, our 

findings suggest that immune selection pressure, potentially through myeloid mimicry, was 

associated with the infiltration of PD-L1-expressing myeloid cells that is likely to help 

establishing an immunosuppressive pancreatic tumor microenvironment. 

 

Furthermore, whole tumor analysis consistently indicated upregulation of signal transducer and 

activator of transcription (STAT) 1 protein in WT whole tumors compared to SCID whole 

tumors. However, other STAT proteins are less notably different between the two groups. Also, 

unlike other STAT genes, STAT1 is a significant unfavorable prognostic factor in pancreatic 

cancer. In addition to whole tumor analysis, STAT1 signaling was upregulated selectively in 

epithelial cells isolated from WT tumors, suggesting a role for STAT1 as an orchestrator of this 

myeloid mimicry phenomenon. Interestingly, a recent study has identified an interferon (IFN) 

stimulated genes (ISGs) resistance signature (ISG.RS) that was predominantly expressed in 

human cancer cells, and was associated with resistance to immune checkpoint blockade. Only 

Stat1, but not any other Stat genes, is a component of this ISG.RS signature28. Hence, I 

hypothesized that STAT1 plays a role in the immune evasion phenotypes I had identified. Using 

ruxolitinib, I determined that JAK/STAT signaling regulates the expression of CCL9 and ARG1. 

Although ruxolitinib is not a specific target for STAT1 protein, this observation suggests that the 

ruxolitinib effect is likely to be driven by inhibiting STAT1 signaling. Additionally, although in 

vivo ruxolitinib treatment targets malignant cells as well as the tumor stroma, the remarkable 
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reduction of at least CCL9 in tumors from ruxolitinib-treated mice in comparison to control 

tumors suggests that the ruxolitinib effect targets the malignant cells, too. To determine if 

STAT1 is specifically regulating CCL9 and ARG1, and that STAT1 in cancer cells is sufficient 

to induce immune evasion, future studies will employ STAT1 CRISPR-Cas9 knockout KPC cell 

lines. Together, these data suggest that CCL9 and ARG1 expression in cancer cells, which 

potentially have immunosuppressive activity, were elicited in response to immune selection 

pressure through JAK/STAT signaling. 

 

In addition, ruxolitinib treatment improves anti-PD1 therapeutic effects in immunocompetent 

mice bearing mT3-2D subcutaneous tumors. A similar observation was reported in a recent study 

by Lu et al using the PANC02 orthotopic murine pancreatic cancer model. This study also 

reported that ruxolitinib induced cytotoxic T cell frequency and activity in the tumor 

microenvironment29. Hence, our findings are likely not limited to the mT3-2D cell line nor to 

subcutaneous models.   

 

Unlike GEMM, subcutaneous and orthotopic models do not allow for the study of early stage 

disease. Hence, it is still unclear if JAK/STAT signaling only regulates the already established 

myeloid traits in cancer cells or also drives the initiation of this phenomenon. To address this 

limitation, future studies will employ GEMM KPC pancreatic cancer murine models. If the 

ruxolitinib effect is specifically caused by inhibiting STAT1 signaling, this work will be 

accompanied by either conditional STAT1 gene deletion in the pancreas or systematic 

conditional STAT1 gene deletion. These in vivo approaches will determine at which stage of 
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tumor development STAT1 drives immune escape, and will evaluate early concurrent changes.  

Also, these in vivo experiments will further elucidate the respective contributions of cancer cell-

based STAT1 and stromal STAT1 signaling. Moreover, using in vivo and in vitro experiments as 

well as computational methods, we will investigate how the STAT1 transcription factor regulates 

the expression of myeloid-associated genes in pancreatic cancer cells.  

 

Using single cell-RNAseq analysis of human pancreatic cancer datasets, additional future studies 

will explore the relevance of the STAT1 signature and the myeloid mimicry phenomenon to 

pancreatic cancer. This analysis may allow us to identify PDAC patients that are more likely to 

benefit from therapeutically targeting the JAK/STAT signaling pathway. Because there are 

several JAK/STAT inhibitors that are either already available in the clinic, including ruxolitinib, 

or currently being tested, our observations have clinical potential.  

 

Collectively, in this study, we have shown that, despite the induction of tumor-directed T cell 

immunity in immunocompetent mice bearing mT3-2D tumors, T cell immunity incompletely 

regulated tumor growth. Further analysis revealed that immune selection pressure, via 

JAK/STAT signaling, stimulated a myeloid mimicry phenomenon and was associated with the 

intratumoral infiltration of PD-L1-expressing myeloid cells that are likely to play an important 

role in immune evasion. These observations could be relevant to human pancreatic cancer and 

potentially other malignancies.  
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