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Abstract 

Checkpoint immunotherapy has become a pillar of cancer treatment over the past decade. Immune 

checkpoint inhibitors (ICIs) have been highly efficacious for many patients, but ultimately many patients 

do not achieve durable responses and response rates remain variable across cancers and indications. These 

remain significant challenges in the field, as the patterns of response and resistance and the factors that 

influence them remain incompletely understood. Here I describe two proteins associated with tumor-

immune interactions and response to ICIs. I identify that chorionic gonadotropin beta 7 (CGB7)  is 

expressed widely across cancers and is associated with hallmarks of immune evasion and decreased 

survival probability in advanced urothelial carcinoma patients undergoing treatment with ICIs. Random 

survival forest modeling reveals that CGB7 is predictive of decreased survival probability in the context 

of ICI treatment. This supports the clinical value of CGB7 as a biomarker of immune evasion and 

resistance to checkpoint immunotherapy. I also describe associations between Major Vault Protein (MVP) 

and increased response to ICIs in melanoma. In an immunocompetent model, MVP expression in both the 

host and in the tumor increases survival probability in vivo. Tumoral expression of MVP influences 

survival in an immune-dependent manner. Single cell RNA-sequencing of tumors from an 

immunocompetent model reveals that tumor MVP expression is associated with increased abundance of 

effector CD8+ T cells expressing hallmarks of exhaustion, suggesting a potential mechanism for MVP in 

protecting effector CD8+ T cells against dysfunction. Taken together, this work identifies both CGB7 and 

MVP as valuable biomarkers and/or therapeutic targets associated with blunted or augmented anti-tumor 

immunity in cancer, respectively. 
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Chapter 1 Introduction 

Figure 1-1 is reprinted with permission from AACR: License Number 5994060350022. Figure 1-

2 is reprinted from Elsevier publisher with License Number: 5994031180057. These figures are 

reprinted with permission as it was originally licensed under a Creative Commons Attribution 

4.0 International License, which permits unrestricted use, distribution, and reproduction in any 

medium, provided the original author and source are credited. 

1.1 Hallmarks of cancer: immune evasion 

Cancer, or the uncontrolled growth of cells, is driven by diverse but unifying 

mechanisms. First proposed in 2000, Hanahan and Weinberg described six core mechanisms of 

tumorigenesis that have been since updated and amended in 2011 and 2022: evading growth 

suppressors, enabling replicative immortality, tumor promoting inflammation, avoiding invasion 

and metastasis, inducing or accessing vasculature, genome instability and mutation, resisting cell 

death, sustaining proliferative signaling, deregulating cellular metabolism, and avoiding immune 

destruction (1, 2) . As such, the ability of cancer cells to evade immune detection is a relatively 

recently recognized hallmark of cancer. Emerging hallmarks added in 2022 include phenotypic 

plasticity, epigenetic reprogramming, senescence, and the microbiome (2). 
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 Figure 1-1. Hallmarks of cancer updated in 2022 From Hanahan D. Hallmarks of Cancer: New Dimensions. 
Cancer Discovery. 2022 Jan;12(1):31-46. doi: 10.1158/2159-8290.CD-21-1059. PMID: 35022204.  
 

Initial control of tumorigenesis is cell-intrinsic, where cells contain many protective 

mechanisms against uncontrolled growth, including growth checkpoints to carefully regulate cell 

proliferation (3), damage-induced apoptosis (4), and sensitive machinery to detect replication 

errors in DNA (5), erroneously mis-spliced mRNAs (6), and misfolded proteins (7).  

Immune cells can identify and eradicate cancer cells in a process referred to as immune 

surveillance. Immune surveillance is an important cell-extrinsic secondary line of defense against 

tumorigenesis. Early evidence of immune surveillance of tumors came from immunodeficient 

murine models that spontaneously developed tumors and developed tumors in response to 

carcinogens at higher rates than immunocompetent counterparts (9). Higher rates of malignancy 

are consistently observed in humans with immunodeficiency as well (8, 10, 11).  Immune 

effector cells eliminate detectable cancer cells, though in the process, this targeting of detectable  

tumor cells can select for cells that are able to evade detection or immune-mediated killing by a 

process referred to as “immunoediting” (12). These cells ultimately expand, uninhibited by anti-

tumor immune responses. This outgrowth can lead to progression, recurrence, and/or therapeutic 

resistance. 

There are many mechanisms through which cancer can ultimately escape immune 

surveillance at multiple stages of tumor recognition, activation of immune effectors, and 

initiation of tumor killing. Cancer cells can acquire the ability to shield themselves to evade 

immune detection, actively inhibit immune anti-tumor activity, and/or can protect themselves 

against anti-tumor activity. A common mechanism by which cancer cells can evade immune 

detection is loss of class 1 major histocompatibility complex molecules (MHC-I) on their 

surface. These MHC-I molecules display antigens to infiltrating immune cells such as effector 
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CD8+ T cells, and their loss enables evasion from detection. Loss of MHC-I can occur through 

regulation of pathways that induce MHC-I expression, such as IFNg, through epigenetic 

silencing of MHC-I genes, or through structural deletions of MHC-I genes (12, 13). Once 

detected by CD8+ and CD4+ T cells, cancer cells can inhibit anti-tumor killing. A notable 

example is through the upregulation and display of immune checkpoints (14). Targeting these 

immune checkpoints on tumor cells, CD8+ T cells, or CD4+ T cells is the foundation of the most 

widely utilized immunotherapy in cancer: checkpoint immunotherapy. As a final resort, some 

cancers have acquired the ability to shield themselves from cytolytic activity. This may manifest 

through modifications to the cancer cell membrane to make the membrane less permeable to 

perforin, disabling cellular entry of cytolytic granzymes (15, 16), or the expression of proteases 

to inhibit and degrade granzymes once inside the cell (17). 

 

1.2 Mechanisms of checkpoint immunotherapy response and resistance 

Immune checkpoint inhibition (ICI) has revolutionized the treatment of cancers. By 

restoring anti-tumor activity to T cell lymphocytes, over the past decade ICI has dramatically 

extended overall and progression-free survival for many advanced cancers that previously lacked 

treatment options. ICI has become the standard of care for increasing indications, including use 

as a first line agent in advanced disease, and is approved in some cancers for  neoadjuvant 

treatment, adjuvant treatment, and as a single agent or combination therapy with chemotherapy, 

targeted therapy, or a complementary checkpoint inhibitor (18,19). 

While ICIs have been highly efficacious for many patients, approximately half, or more, 

of patients do not achieve durable responses, and as such, response rates remain variable across 

indications. This remains a significant challenge in the field. Tumors that typically respond well 
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to immunotherapy are more immunogenic, with higher neoantigen burdens, greater infiltration of 

pro-inflammatory immune cells such as effector CD8+ T cells, and decreased infiltration of anti-

inflammatory immune cells such as T regulatory cells. Three biomarkers of ICI response are 

FDA-approved and utilized widely in clinical settings: tumor mutational burden (TMB), 

microsatellite instability/defective mismatch repair (MSI/dMMR), and expression of an immune 

checkpoint ligand: programmed death ligand 1 (PD-L1), which binds to programmed death 1 

(PD1) (20). Together, PD1 and PD-L1 constitute an immune checkpoint axis. Immune 

checkpoints are a part of healthy immune responses, and functionally damped T cell activation 

(21). The two most clinically notable immune checkpoints, programmed death 1 (PD1) and 

cytotoxic T-lymphocyte antigen-4 (CTLA-4), were discovered in 1992 by Tasuku Honjo (22) 

and in 1995 by James Allison, respectively (23). Both investigators have since received the 

Nobel Prize for these discoveries. Since these seminal discoveries, many more immune 

checkpoints have been characterized, including LAG-3 (24), TIGIT (25), and TIM-3 (26). 

Therapeutic antibodies have been developed against many immune checkpoint axes, with the 

most commonly clinically utilized antibodies targeting three immune checkpoint proteins: anti-

CTLA-4 (Ipilimumab), anti-PD-1 (Nivolumab, Pembrolizumab, Cemiplimab) and anti-PDL-1 

(Atezolizumab, Avelumab, Durvalumab), and most recently, anti-LAG-3 (Relatlimab) (18, 19). 



 5 

 

Figure 1-2 Mechanism of immune checkpoints and ICIs. Checkpoint inhibitors are monoclonal antibodies 
(shown in red) that target, bind, and block immune checkpoints such as CTLA-4 on T cells, PD-1 on T cells (shown 
in red), or PD-L1 on tumor cells (not shown). From  Sharma P, Goswami S, Raychaudhuri D, Siddiqui BA, Singh P, 
Nagarajan A, Liu J, Subudhi SK, Poon C, Gant KL, Herbrich SM, Anandhan S, Islam S, Amit M, Anandappa G, 
Allison JP. Immune checkpoint therapy-current perspectives and future directions. Cell. 2023 Apr 13;186(8):1652-
1669. doi: 10.1016/j.cell.2023.03.006. PMID: 37059068. 

 
CTLA-4 is induced on the surface of CD4+ T cells in response to engagement of the TCR 

and costimulatory receptor B7-1 (CD80) or B7-2 (CD86) by MHC-II and CD28 on antigen 

presenting cells. CTLA-4 then competes with CD28 for binding to B7-1 and B7-2 and inhibits 

activation, ultimately “putting the brakes” on CD4+ T cell function (Figure 1-2). Targeting the 

CTLA-4/CD80 axis with an antibody against CTLA-4 disrupts this inhibitory signal, restoring 

costimulation to CD4+ T cells to facilitate the activity of the main anti-tumor effectors: CD8+ T 

cells (27). Ipilimumab was first approved in metastatic melanoma, where patients achieve a 5-

year overall survival of 26% (28). 

Multiple therapeutic antibodies have been developed against the programmed death 1 

(PD-1)/ programmed death ligand 1 (PD-L1) checkpoint axis. Engagement of the TCR with 

antigens presented by MHC-I on the surface of tumor cells leads to CD8+ T cell activation and 
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subsequent upregulation of PD-L1. As a consequence of this antigen exposure and activation, 

inhibitory receptor PD-1 is induced on the surface of CD8+ T cells. In the context of cancer, this 

normal upregulation of PD-1 can be sustained chronically. In parallel, a particularly common 

mechanism of tumor immune evasion in tumors is the induction of inhibitory surface molecules 

such as PD-L1, the ligand for the PD-1 receptor, on the surface of tumors (Figure 1-2). There are 

many mechanisms that lead to PD-L1 surface expression on tumor cells, including 

transcriptional regulation by multiple signaling pathways, post-translational regulation, and 

genomic alterations (33). Engagement of PD-1 with PD-L1 on tumors inhibits CD8+ anti-tumor 

effector capacity. Targeting this axis with antibodies against PD-1 or PD-L1 restores tumor-

killing effector function. 

Several clinical trials have investigated and compared the efficacy of CTLA-4 and PD-1 

therapeutic antibodies in late-stage melanoma. In the CheckMate 066 randomized phase three 

trial, nivolumab exhibited a 1-year survival rate of 72.9% with an objective response rate of 

40%. A follow up revealed a 3-year overall survival rate of 51.2% (34, 35). The KEYNOTE-006 

phase III study enrolled patients with stage IV and unresectable stage III melanoma and 

compared response rates to pembrolizumab (11.9%)  and ipilimumab (33.7%) (36). A two year 

follow-up reported an overall response rate of 55% for pembrolizumab and 43% for ipilimumab 

(37). In addition to PD-1 antibodies exhibiting greater response and survival rates, it is 

meaningful to observe reduced incidence of severe immune-related adverse events (irAEs) in 

these patients (38). A 10-year follow up nivolumab monotherapy, ipilimumab monotherapy, and 

combination nivolumab and ipilimumab revealed similar trends, as well as improved overall 

survival over monotherapy with combination therapy. Here, the median overall survival was 71.9 
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months with nivolumab plus ipilimumab, 36.9 months with nivolumab, and 19.9 months with 

ipilimumab (38).  

Atezolizumab, an example of a therapeutic antibody against PD-L1, was first approved 

for metastatic melanoma, where overall survival ranges from about 11%- 25% at three years (29, 

30).  

Though melanoma is the first approved indication for checkpoint immunotherapy, and 

exhibits one of the highest response rates, checkpoint inhibitors are also efficacious in other 

cancers. In renal cell carcinoma, a heterogeneous group of kidney cancers, the Checkmate 025 

phase-III clinical trial evaluated the benefit of nivolumab in patients with  a treatment history. 

Here, nivolumab was associated with an objective response rate of 25% (39) . In the phase-III 

CheckMate 214 trial, with extended follow up, combination therapy of nivolumab plus 

ipilimumab exhibited greater survival than sunitinib (a tyrosine kinase inhibitor) (41). 

Combination nivolumab and ipilimumab therapy resulted in an objective response rate of 42% vs 

29% with sunitinib treatment (40, 41). These trials demonstrate that checkpoint immunotherapy 

outperforms standard of care therapeutics in RCC, and again shows improved response rate with 

combination checkpoint immunotherapy. 

In advanced urothelial carcinoma, the IMvigor210 and IMvigor211 clinical trials found 

that patients treated with Atezolizumab versus chemotherapy displayed similar differences in 

objective response rates: 23% objective response in the atezolizumab group compared with 22% 

in the chemotherapy group, though atezolizumab was better tolerated, in line with other clinical 

trials demonstrating that checkpoint inhibitors targeting the PD-1/PD-L1 axis are generally well 

tolerated (42, 43). Despite the fact that atezolizumab did not demonstrate improvement in overall 

survival when compared with chemotherapy, other applications of checkpoint inhibitors did 
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demonstrate benefit in urothelial carcinoma.  For example, avelumab, a therapeutic antibody 

against PD-L1, did extend overall survival for a subset of patients as a maintenance therapy. The 

JAVELIN Bladder 100 phase-II clinical trial reported that, for patients with unresectable locally 

advanced or metastatic urothelial cancer without disease progression and after first-line 

chemotherapy, avelumab maintenance therapy extended overall survival at 1 year (71.3% versus 

58.4%) (44).  

Taken together, the advent and clinical implementation of ICIs has transformed the 

landscape of cancer care and extended the overall survival of substantial percentages of patients, 

particularly with respect to advanced cancers that previously had minimal treatment options. 

However, even in cancers that exhibit higher rates of response to checkpoint inhibitors such as 

melanoma, approximately half of patients do not respond to treatment.  

Ultimately, the main contributors to a strong T cell-mediated anti-tumor immune 

response, and thus response to checkpoint immunotherapy, has been associated with several 

factors: the mutational burden of the tumor (TMB), and similarly, the status of microsatellite 

instability (MSI) and mismatch repair deficiency (MMR-D), which leads to increased diversity 

of neoantigens, PD-L1 expression level in some cancers, integrity of interferon gamma signaling 

response, degree of pre-treatment T cell infiltration in the tumor, baseline expression on 

immunosuppressive signaling, intestinal microbiome composition, presence of HLA molecules 

on the cell surface, and epigenetic modifications in the tumor (45-49). 

Tumors that do not respond to checkpoint immunotherapy may present with primary 

resistance while other tumors may initially respond, but eventually acquire resistance. Often, 

resistance is conferred through multiple, sometimes overlapping, mechanisms. Mechanisms that 

drive resistance to checkpoint immunotherapy can be tumor-intrinsic or tumor-extrinsic. Tumors 
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may possess defects in antigen production and presentation, express factors that facilitate 

exclusion of lymphocytes, or dysregulated signaling pathways rendering cells insensitive to 

infiltrating lymphocytes, including defects in interferon gamma signaling. Extrinsic factors arise 

from cells in the tumor microenvironment, and may manifest from a lack of tumor-antigen 

specific T cells, or T cells with increased expression of alternative immune checkpoints (such as 

HAVCR2, LAG-3, etc.), or an abundance of immunosuppressive immune cells such as 

immunosuppressive tumor-associated macrophages (TAMs) or T regulatory cells (T-regs) that 

secrete anti-inflammatory factors into the TME (46). 

Thus, while checkpoint immunotherapy has revolutionized and become a pillar of 

modern cancer care, improving survival for approximately 20-50% of eligible patients that 

otherwise would have access to minimal therapeutic options, achieving durable responses and 

overcoming the rates of resistance to checkpoint immunotherapy remains a substantial challenge 

in the field. Thus continued identification of patterns of response, discovery of factors that 

influence response, characterization of mechanisms of resistance, and elucidation of novel 

therapeutic targets is imperative. 

 

1.3 Oncofetal antigens are cancer biomarkers and potential therapeutic antigens 

The identification of targetable tumor antigens remains critical for the development of 

cancer-specific immunotherapies and establishment of cancer-specific biomarkers. Classes of 

targetable antigens include tumor-specific antigens, tumor-associated antigens, and oncofetal or 

cancer/testis antigens (CTAs). Oncofetal and cancer/testis antigens are typically expressed in 

germline cells and/or during development and become re-expressed in some adult cancers (51). 
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Oncofetal antigens have been studied for decades as cancer biomarkers and potential therapeutic 

targets or potential antigens for cancer vaccines (50). 

Two common and FDA-approved clinical-grade oncofetal biomarkers are 

carcinoembryonic antigen (CEA), alpha-fetoprotein (AFP), and human chorionic gonadotropin 

(hCG) (52-54). CEA is used as a main biomarker for colorectal cancer, as well as for lung, 

breast, ovarian, and prostate cancers (55). AFP is a biomarker for diagnosis and prognosis of 

hepatocellular carcinoma (56). hCG is a biomarker for germ cell tumors and trophoblastic 

disease (54).  

Several cancer/testis antigens have been explored as targets for cancer vaccines with 

limited success, including WT1 (Wilms tumor 1) and New York-esophageal cancer 1 (NY-ESO-

1) (57). Modern cancer vaccine development efforts have largely been unsuccessful, despite 

some vaccines showing limited benefit in some contexts, in part due to size limitations of clinical 

trial studies and due to other cancer immunotherapy approaches such as checkpoint inhibitors 

being significantly more successful. Despite many failed cancer vaccine attempts, interest in 

cancer vaccines has recently been renewed for their potential as combination therapies with 

checkpoint inhibitors to boost T cell priming (57). As such, how the efficacy of cancer vaccines 

is measured is shifting, with growing interest in exploring and revisiting potential vaccine 

antigens. 

CTAs and oncofetal antigens are also being utilized as targets for cell therapies. An 

example of this is MAGE-A4-directed autologous T cell immunotherapy, which was recently 

approved for unresectable or metastatic MAGE-4A expressing synovial sarcoma that meets 

several treatment criteria (58).  
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Ultimately, oncofetal and cancer-testis antigens exhibit predominantly cancer-specific 

expression profiles, making them clinically valuable as disease biomarkers, as well as promising 

antigens for cancer vaccine development and targets for cell therapies. 

 

Chapter 2 Chorionic Gonadotropin Beta 7 is a marker of immune evasion in 
cancer 
 

This chapter is currently in the process of initial submission to a peer reviewed journal. I am 

grateful for the contributions of Dr. Jose Mario Bello Pineda on the generation of a random 

survival forest model assessing predicative value of CGB7 (Plots in Figure 2-5 and Figure S2-5 

are credited to Jose), editing of the manuscript, and input on computational methodology. Thank 

you to Rohan Lattupally6 and Amy S. Codd for their contributions to mechanistic exploration 

experiments (data not shown), and for the contributions of Evan W. Newell, Sydney X. Lu, and 

of course Robert K. Bradley for their input on this project. 

2.1 Abstract 
Human chorionic gonadotropin beta (beta-hCG) is an oncofetal antigen expressed by 

trophoblast cells of the placenta, with minimal expression in adult somatic tissues. Numerous 

studies have demonstrated that genes encoding beta-hCG are expressed in various cancers, but 

expression of these genes (CGB3, CGB5, CGB7, and CGB8) across diverse cancers has not been 

systematically evaluated. Here we report that beta-hCG-encoding genes are more widely 

expressed across diverse cancer types than previously appreciated. In particular, genes encoding 

beta-hCG proteins are expressed in the majority of urothelial bladder cancers, with CGB7 most 

frequently expressed. CGB7 expression is significantly associated with hallmarks of an 

immunosuppressed tumor microenvironment, including decreased CD8+ T cell infiltration. 
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Multiple CGB genes are associated with failure to respond to immune checkpoint inhibitor (ICI) 

therapy, and CGB7 is particularly strongly predictive of poor prognosis. Overall, our findings 

indicate that beta-hCG may constitute a clinically useful biomarker for tumorigenesis and ICI 

response. 

2.2 Introduction 
Oncofetal antigens, or proteins that are canonically expressed in immune-permissive 

developmental contexts and are re-expressed in cancer, have garnered interest for decades as 

both tumor-specific biomarkers and attractive targets for anti-cancer therapeutics. Notable 

examples of clinically utilized oncofetal proteins include carcinoembryonic antigen (CEA) and 

alpha-fetoprotein (AFP). CEA is elevated in multiple malignancies and is commonly used as a 

biomarker of colorectal cancer, while AFP is a diagnostic marker of testicular cancer and 

hepatocellular carcinoma (59, 60). Due to the tumor specificity of these markers, they are both 

being actively investigated as a target antigen for cell therapies such as AFP-targeted CAR-T cell 

therapies (61, 62).  

Human Chorionic Gonadotropin Beta (beta-hCG), the beta subunit of essential 

heterodimeric developmental glycohormone human Chorionic Gonadotropin (hCG), is an 

oncofetal antigen expressed primarily in trophoblast cells during embryogenesis and reexpressed 

in multiple cancer types (63-65). Detection of beta-hCG immunoreactivity by enzyme linked 

immunosorbent assay (ELISA) is the basis of modern clinical tests for pregnancy and 

trophoblastic disease. Elevated beta-hCG has also been observed in both trophoblastic and non-

trophoblastic cancers including germ cell tumors such as choriocarcinoma, urothelial bladder 

cancer, lung cancer, head and neck cancer, breast cancer, cervical cancer, ovarian cancer, 

colorectal cancer, endometrial cancer, renal cancer, prostate cancer, and pancreatic cancer (64, 

65). Highlighting the extensive and cancer-specific expression pattern of genes encoding beta-
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hCG, Chew et al. developed a cancer-specificity scoring metric to screen for cancer-specific 

genes expressed across multiple cancer types and identified CGB5, one of the genes encoding 

beta-hCG proteins, as the gene exhibiting the strongest pan-cancer signal (66). 

Beta-hCG expression and the presence of trophoblast-like cells on histology are 

hallmarks of aberrant trophoblastic differentiation, which can occur in non-choriocarcinomas 

such as urothelial bladder cancer. Trophoblastic differentiation is associated with poor prognosis 

and therapeutic resistance (67,68). beta-hCG expression alone in many cancer types is associated 

with poor prognosis (65). 

hCG is a hormone composed of an alpha subunit encoded by CGA and a beta subunit 

encoded by one of four highly homologous genes: CGB3 (also known as CGB), CGB5, CGB7, 

and CGB8. Functioning at the maternal-fetal interface, it is essential in decidualization and the 

maintenance of early pregnancy via both endocrine and paracrine signaling mechanisms. hCG 

carries out endocrine effects as a driver of progesterone production and exerts paracrine effects 

that facilitate invasion (69, 70), angiogenesis (71-73), and maternal immunotolerance (73-78). 

hCG belongs to the gonadotropin family of hormones, which includes thyroid stimulating 

hormone (TSH), follicle stimulating hormone (FSH), and luteinizing hormone (LH). This 

hormone family shares a common alpha subunit, CGA. hCG, TSH, FSH, and LH have essential, 

but distinct, functions in pregnancy, metabolism, and in development and fertility respectively, 

with functional specificity conferred by unique beta subunits that possess varying degrees of 

homology. It is intriguing that upregulation of these specificity-conferring genes encoding beta-

hCG proteins is observed in cancer.  

Beta-hCG proteins are encoded by four highly homologous primate-specific coding genes 

arranged in tandem on chromosome 19: CGB3, CGB5, CGB7, and CGB8. This is in contrast 
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with CGB1 and CGB2, which have historically been classified as pseudogenes due to the 

presence of frameshifts that disrupt their open reading frames. CGB3, CGB5, and CGB8 encode 

identical proteins classified as type 2 CGB proteins. The CGB7 protein differs by three amino 

acids and encodes a type 1 CGB protein. CGB7 expression is also observed in some extra-

trophoblast tissues and is uniquely regulated (79-81). We refer to this collection of genes as CGB 

genes. 

As detection and level of CGB protein is currently clinically utilized for pregnancy 

testing and as a clinical-grade biomarker of trophoblastic disease and germ cell tumors, we 

sought to explore the potential of CGB proteins as cancer biomarkers. While numerous reports 

suggest that expression of CGB genes may be valuable cancer biomarkers and prognostic factors, 

the extent to which each CGB gene is expressed in diverse cancers has not yet been 

systematically evaluated using the large cohorts of cancer patients available today. Furthermore, 

the quantitative prognostic utility of CGB expression and the specific cancer phenotypes with 

which CGB expression is associated remain incompletely understood, particularly across diverse 

cancer types.  

Here, we systematically assess expression of CGB genes across diverse cancer types and 

reveal that all CGB genes are pervasively expressed across many cancer types, including 

urothelial cancer, with CGB7 most frequently expressed. We confirm that CGB genes are 

transcribed and proteins are detectable as secreted proteins from cancer cells by isoform-specific 

qRT-PCR and bulk CGB ELISA. We determine that CGB7 expression is strongly associated 

with hallmarks of an immunosuppressed tumor microenvironment by re-analyzing RNA-

sequencing data, CD8+ T cell infiltration data as measured by immunohistochemistry (IHC), and 

tumor subtyping data from a cohort of advanced urothelial carcinoma patients. Kaplan-Meier 
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survival analyses elucidate an association between CGB7 expression and decreased survival 

probability in a cohort of advanced urothelial carcinoma patients treated with PD-L1 inhibition 

immunotherapy, which is supported by an association between CGB7 expression and progressive 

disease in this cohort. Finally, we propose CGB7 as a prognostic marker with strong predictive 

value for response to immune checkpoint inhibition via a random survival forest machine 

learning model of patient survival. 

 

2.3 CGB genes are expressed in multiple cancer types 
 

We sought to systematically evaluate the expression patterns of each functional CGB 

gene (CGB3, CGB5, CGB7, and CGB8) across 20 distinct cancer types utilizing gene expression 

data from The Cancer Genome Atlas (TCGA) (Figure 2-1A). We confined this analysis to the 20 

tumor types with at least one peritumoral control tissue sample in order to be able to accurately 

assess cancer specificity of CGB expression. Comparing expression of each CGB gene in tumor 

and matched normal peritumoral tissues across these datasets elucidated extensive cancer-

specific expression of CGB3, CGB5, CGB7, and CGB8 across cancer types (Figure 2-1B, 2-1C, 

Figure S2-1D – 2-1K). 

Our results both confirm and notably extend previous reports of CGB expression in 

cancers as well as identify CGB expression in tumor types in which it has not been previously 

reported. For example, Cook et al. reports mRNA expression of CGB genes in 30% (n=70) of 

bladder cancers (84). Hotakainen et al. reports mRNA expression of CGB genes in 50% (n=84) 

of the transitional cell carcinoma cases and in none of the healthy controls assayed (n=15) (82). 

Our new analyses reveal that nearly 68% of such tumors express one or more CGB genes at the 

mRNA level, while our analyses also reveal common CGB expression in tumor types such as 
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thymoma, which has not been previously reported to our knowledge. Conversely, though CGA is 

expressed across numerous cancers, it is also expressed more frequently in numerous normal 

tissues, and thus expression of CGA does not share a cancer specific expression profile (Figure 

S2-1A – S2-1B). This is consistent with the pleiotropy of CGA, where CGA is a subunit of all 

gonadotropin hormones, including thyroid stimulating hormone (TSH), follicle stimulating 

hormone (FSH), and luteinizing hormone (LH), which are expressed outside of development in 

healthy somatic tissues. Together, these data highlight the specific upregulation of CGB genes in 

cancer. We conclude that CGB genes are specifically and pervasively expressed in cancers and 

hypothesize that this specific upregulation reflects a potential novel function of CGB proteins in 

cancer. 

We next identified cancer types that exhibited particularly high frequencies of expression 

of at least one CGB gene. The three cancer types with highest expression of any CGB are 

thymoma, pancreatic adenocarcinoma, and urothelial carcinoma (Figure 2-1D). Trophoblastic 

differentiation and beta-hCG expression in urothelial cancer have been recognized for decades 

(86-88). As urothelial cancer exhibits low frequency of CGA expression in our analyses despite 

the high frequency of expression of CGB genes–highlighting the specificity of CGB gene 

expression in this cancer type–we selected urothelial cancer as a model to further explore the 

effects of CGB expression on cancer (Figure 2-1D, S2-1A). 

Of the four CGB genes, CGB7 is expressed most frequently across cancer types and in 

urothelial cancer (Figure S2-2, Figure S2-1J, Figure S2-1K, Figure S2-1L, Figure S2-1M). 

We therefore sought to further explore the expression pattern of CGB7 in urothelial carcinoma. 

We first wondered how frequently CGB7 is coexpressed with CGB3, CGB5, CGB8, and CGA in 

urothelial carcinoma. Further evaluation of expression of these genes in the TCGA urothelial 
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carcinoma cohort revealed that while tumors tend to co-express CGB3, CGB5, and CGB8, 

CGB7-expressing tumors cluster independently, suggesting that CGB7 is less frequently co-

expressed with CGB3, CGB5, and CGB8 (Figure 2-1E). We conclude that CGB7 exhibits a 

unique expression pattern in urothelial cancer and is expressed more frequently than CGB3, 

CGB5, and CGB8 in this dataset (Figure 2-1E). This is consistent with a previous report of type-

I CGBs being the predominantly expressed type at the mRNA level in renal cell carcinoma 

samples (86). Furthermore, CGB7 is frequently expressed independently of CGA, suggesting a 

potential beta-subunit specific effect independent of the hCG heterodimer (Figure 2-1E). These 

findings regarding the unique expression pattern  of CGB7 are particularly notable as CGB7 

differs from CGB3, CGB5, and CGB8 in sequence, tissue expression profile, and the sequences 

of its untranslated regulatory regions (79-81). 
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Figure 2-1. CGB is expressed in multiple cancer types TPM = transcripts per million. Data re-analyzed from the 
TCGA. (A) selection of 20 unique cancer mRNA sequencing datasets from The Cancer Genome Atlas 
(TCGA). CGB7 mRNA expression in healthy peritumoral tissue samples (B), and matched tumor tissue samples (C) 
across 20 cancer types. Cancer type reflects the site of the primary tumor. (D) Fraction of tumors across 20 cancer 
types expressing at least one CGB gene with TPM >1. Percent positive is annotated above each cancer type. (E) 
Expression status of CGB3, CGB5, CGB7, CGB8, and CGA in tumors from the TCGA bladder cancer (BLCA) 
dataset. Expressed genes are defined as TPM > 1, non-expressed genes are defined as TPM < 1.  

 

2.4 CGB proteins are secreted by urothelial cancer cells 
The comprehensive RNA-seq data provided by the TCGA allows for systematic analysis 

of CGB gene expression, but these data do not directly address the question of whether expressed 

CGB mRNA is translated into protein. We therefore directly tested whether CGB protein is 

produced and secreted by urothelial cancer. We focused on urothelial cancer given the 

particularly high and frequent expression of CGB that we observed in this tumor type. 

We first sought to validate that CGB genes are expressed in human urothelial cancer cells 

with an orthogonal assay and confirmed that this expression can be reversed by gene silencing. 

We utilized gene expression data from the Cancer Cell Line Encyclopedia (CCLE) to stratify 

human urothelial cancer cell lines by CGB expression (Supplemental Table 2-1). As in human 

tumor samples, urothelial cancer cell lines exhibit a range of expression of CGB genes (Table 2-

1). Interestingly, CGB3, CGB5, and CGB8 frequently exhibited markedly higher expression than 

did CGB7 in these cell lines – in contrast to the primary tumor mRNA expression data from the 

TCGA, where all CGB genes were expressed at a similar level (Table 2-1). However, this 

observation is consistent with prior findings that type II CGBs (CGB3, CGB5, and CGB8) 

exhibited higher expression than type I CGBs (CGB7) in urothelial cancer (86). CGA expression 

was low or absent from the majority of these cell lines (Table 2-1). 

We selected seven urothelial cancer cell lines with high summed CGB expression and one cell 

line with undetectable CGB expression as examples of CGB-positive and CGB-negative tumors 

to validate CGB gene expression and protein levels in vitro. All cell lines selected are negative 
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for CGA expression at the mRNA level. We observed expression of CGB3, CGB5, and CGB8 

across the seven positive cell lines surveyed, but not in the negative cell line (Figure 2-2A). 

Treatment of J82 cells with a pan-CGB targeting siRNA pool depleted signal from the 

CGB3/5/8-specific probe in J82 cells (Figure 2-2B), confirming that the detected mRNA signal 

arises from expression of CGB genes. We observed clear but low CGB7 expression in one of the 

seven assayed cell lines (SCaBER cells; Figure 2-2C). CGB7 expression is too low to be reliably 

detected in the remaining cell lines not shown. This is supported by the lower expression of 

CGB7 relative to other CGB genes that we observed in gene expression data from CCLE data 

(Table 1).  

 
Figure 2-2. CGB is expressed in multiple human urothelial carcinoma cell lines. All experiments run in 
biological and technical triplicate; all error bars represent SE; *p < 0.5; **p < 0.01; ****p < 0.0001. (A) Expression 
of bulk CGB3, CGB5, and CGB8 mRNA normalized to GAPDH quantified by RT-qPCR in human urothelial 
carcinoma cell lines. Expression is relative to the cell line with the highest expression. Data in Figure 2A–Source 
Data 2A file. (B) Expression of CGB3, CGB5, and CGB8 mRNA normalized to GAPDH quantified by RT-qPCR in 
J82 cells treated with a non-targeting siRNA pool or an siRNA pool targeting all CGB genes. Expression is relative 
to the cell line with the highest expression. P-value calculated via welch two sample t-test. Data in Figure 2B–
Source Data 2B file. (C) Expression of CGB7 mRNA normalized to GAPDH quantified by RT-qPCR in human 
urothelial carcinoma cell lines. Expression is relative to the cell line with the highest expression. (D) Secretion of 
total CGB protein quantified by ELISA in human urothelial carcinoma cell lines treated with a non-targeting siRNA 
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pool or an siRNA pool targeting all CGB genes. pg/mL CGB protein shown per 10,000 cells. P-value calculated via 
welch two sample t-test. Data in Figure 2D–Source Data 2D file. (E) Secretion of total CGB protein quantified by 
ELISA in KU-19-19 cells treated with a non-targeting siRNA pool or an siRNA pool targeting all CGB genes. 
pg/mL CGB protein shown per 10,000 cells. P-value calculated via welch two sample t-test. 

 

We next validated that CGB proteins are translated and secreted as free beta subunits and 

that the signal arises from CGB mRNA. Previously, secretion of CGB proteins from several 

urothelial cancer cell lines was shown (90). Iles et al. did not confirm reversibility of signal with 

knockdown of CGB genes, so we sought to confirm specificity of detection with pan-CGB gene 

knockdown. We selected J82, SCaBER, RT-112, UM-UC-1, UM-UC-3, and KU-19-19 cells 

given both their high expression of CGB genes and absent CGA expression by mRNA analysis 

and performed ELISA to detect total CGB protein from supernatant (Figure 2-2D, 2-2E). These 

data confirmed that CGB protein is readily produced and detectable as a secreted protein from all 

cell lines, with KU-19-19 cells producing particularly notable amounts. As CGA is not 

appreciably expressed in these cell lines (Table 2-1), we infer that CGB proteins are stable and 

secreted unbound to CGA. Specificity of the assay was further supported by targeted knock 

down of bulk CGB genes, resulting in a significant decrease in detected CGB protein (Figure 2-

2D, 2-2E). 

We conclude that both type-I-encoding (CGB7) and type-II-encoding (CGB3, CGB5, and 

CGB8) CGB genes are expressed in human urothelial cancer cells and that CGB proteins are 

stable as free beta subunits and are secreted from cancer cells. 
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Table 1. Expression of Chorionic Gonadotropin genes in cell lines from the Cancer Cell Line Encyclopedia 

Cell Line CGB3 CGB5 CGB7 CGB8 CGA 
Sum of CGB 
genes 

KU-19-19 0.56 229.23 2.45 14.12 0.00 246.35 
J82 2.50 25.04 4.17 36.35 0.75 68.06 
UM-UC-3 0.36 0.71 0.41 28.27 0.00 29.76 
SCaBER 1.42 2.63 2.20 16.69 0.45 22.93 
RT-112 0.28 3.11 3.79 10.81 0.33 18.00 
UM-UC-1 0.25 2.19 1.81 11.97 0.42 16.22 
639-V 0.75 7.79 1.66 3.78 0.26 13.98 
VM-CUBl 0.50 3.23 7.22 1.81 0.00 12.75 
JMSU-1 0.14 1.36 1.33 4.37 0.23 7.19 
5637 0.11 1.41 2.10 2.63 0.39 6.25 
HT-1197 0.62 0.45 2.45 1.98 1.06 5.50 
SW-1710 0.12 0.15 1.95 2.74 0.32 4.96 
KMBC-2 0.10 1.56 1.93 1.35 0.76 4.95 
647-V 0.11 1.22 0.37 1.89 0.00 3.59 
CAL-29 0.18 1.29 1.04 0.64 0.42 3.14 
HT-1376 0.38 0.74 1.00 0.29 9.73 2.41 
RT4 0.08 0.33 1.91 0.05 0.22 2.38 
BFTC-905 0.10 0.41 1.46 0.14 0.32 2.11 
BC-3C 0.11 0.21 0.11 0.79 0.34 1.22 
T24 0.05 0.09 0.53 0.05 0.00 0.72 
TCCSUP 0.06 0.08 0.39 0.08 0.27 0.62 
       
Values in Transcripts 
Per Million (TPM).    
 

2.5 CGB7 expression is associated with reduced anti-tumor immune activity 

As CGB7 is the most frequently expressed of the CGB genes in our analyses of the 

TCGA urothelial carcinoma cohort, we elected to focus on CGB7. To interrogate the possible 

functional effects of CGB7 expression in cancer, we re-analyzed RNA-sequencing data from the 

TCGA primary urothelial carcinoma cohort by comparing the gene expression profiles of CGB7-
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positive and CGB7-negative tumors. Gene Ontology (GO) enrichment analysis revealed that 

downregulated genes in CGB7-positive tumors are enriched for diverse biological processes 

(Figure S2-3A). Interestingly, one of the highest-ranked enriched GO terms was related to 

immune response, which we found to be particularly intriguing given previous literature 

demonstrating a functional role for hCG in immune tolerance in pregnancy (74-78). Further 

probing of associated GO terms revealed that CGB7 expression was specifically associated with 

downregulation of genes involved in the adaptive immune response, lymphocyte activation, and 

positive immune system regulation, indicating that CGB7 expression is inversely associated with 

inflammation (Figure 2-3A) in a manner reminiscent of hCG’s documented role in maternal 

immunotolerance. 

To confirm this finding in an orthogonal dataset, we analyzed mRNA-sequencing data 

from the IMVigor 210 multicenter, single-arm, phase II clinical trial (94). This cohort is 

composed of patients with advanced urothelial carcinoma that received Atezolizumab, an anti-

PD-L1 checkpoint inhibitor, and is ideally suited for our investigation given that pre-treatment 

samples were characterized by both RNA-seq and immunohistochemistry (94). We again found 

that genes downregulated with CGB7 expression were strongly associated with inflammatory 

processes (Figure 2-3A). Notably, in genes that are downregulated in CGB7-positive tumors, at 

least 17 of the 20 highest ranked enriched GO terms are robustly associated with inflammation 

and immunity, reinforcing a negative association between CGB7 and inflammation (Figure S2-

3B). The association between CGB7 expression and regulation of immune response in this 

dataset is further supported by pronounced downregulation of genes involved in interferon 

gamma response in CGB7+ tumors identified by gene set enrichment analysis via GSEA 

software (82). (Figure 2-3B).  
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Interferon gamma signaling is strongly associated with response to immune checkpoint 

inhibition, and indeed, disruption of interferon gamma signaling remains a mechanism of 

resistance to ICI (47, 95). Exploring this CGB7-associated downregulation of interferon gamma 

response genes in both the IMVigor210 cohort dataset and in the TCGA urothelial carcinoma 

cohort dataset reveals downregulation of numerous genes encoding inflammatory cytokines and 

chemokines, immune checkpoints such as PD-L1, and HLA proteins involved in antigen 

presentation; all features of immune evasion in cancer (Figure 2-3C, 2-3D). As hCG is well-

established as a facilitator of maternal immunosuppression (74-78), we hypothesize that CGB7 

may similarly exhibit immunosuppressive functions that ultimately promote immune escape of 

tumors. 

As interferon gamma facilitates tumor infiltration of CD8+ T cells and is ultimately a 

marker of CD8+ T cell activity, we next investigated whether CGB7 expression affects CD8+ T 

cell infiltration using immune phenotype classification data for tumor samples from the IMVigor 

210 cohort. Here, immunophenotype is determined by CD8a IHC staining of FFPE tumor 

sections (94). Tumors were scored on the basis of CD8a staining frequency and pattern as 

exhibiting an immune infiltrated, immune excluded, or immune desert phenotype (94). We 

stratified tumors by CGB7 expression and binned samples according to negative-low (<25%), 

moderate (25%-75%), or high (>75%) CGB7 expression. Comparing the distribution of 

immunophenotypes between CGB7-low and CGB7-high tumors elucidates a significantly 

distinct distribution of inflamed tumors (p=6.89x10-5) (Figure 2-3E). We observed no 

statistically significant differences in the distributions of immune excluded or immune desert 

phenotypes between CGB7-low and CGB7-high tumors, though there is a trend toward higher 

incidence of immune exclusion in CGB7-high tumors (p= 0.062,  p= 0.32). These findings that 
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CGB7-high tumors exhibit decreased immune infiltration is consistent with our findings that 

CGB7 expression is associated with downregulated IFNg signaling, as IFNg is predominantly 

secreted by activated lymphocytes, promotes tumor infiltration of immune cells such as CD8+ T 

cells, and is a marker of ICI response (47).  

Furthermore, when we compare CGA-low and CGA-high tumors, there is no significant 

difference in the distribution of inflamed tumors (p=0.35), supporting a possible CGB7-specific 

effect on CD8+ T cell exclusion (Figure 2-3F).  

Additionally, when we explored associations between CGB7 expression and subtype as 

scored by Mariathasan et al. according to the Lund classification system, an established system 

for urothelial cancer classification (96,97), we observe a significantly decreased fraction of 

immune-infiltrated tumors in CGB7-high tumors compared with CGB7-low tumors (p=2.65x10-8) 

(Figure 2-3G). This infiltrated class of tumors is described as enriched for immune system 

processes and lymphocyte activation, including an enrichment of activated T cell markers and 

cytotoxic T cell effector genes (96). There was no association between the immune infiltrated 

subtype and CGA expression, further supporting an association between CGB7 expression and 

reduced immune infiltration (p=0.53) (Figure 2-3H).  
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Figure 2-3. CGB expression correlates with altered immune infiltrate. Med = medium. (A) Immune-associated 
Gene Ontology terms associated with genes downregulated in CGB7+ tumors in metastatic urothelial cancer (data 
re-analyzed from Mariathasan et al., 2018) and in primary urothelial cancer (data re-analyzed from TCGA BLCA 
cohort). CGB7+: >1 TPM. CGB7-: <0.25 TPM. (B) Interferon Gamma response genes are negatively correlated 
with CGB7 expression in metastatic urothelial tumors (data re-analyzed from Mariathasan et al., 2018). GSEA 
normalized Enrichment Score (NES): -2.20. FWER p-Value: 0.004. (C) Differentially expressed genes in CGB7+ vs 
CGB7- metastatic urothelial tumors (data re-analyzed from Mariathasan et al., 2018) as determined by Mann-
Whitney U Test. Interferon gamma response genes that are significantly differentially expressed are in red 
(upregulated) or blue (downregulated) and reach p-value < 0.05 and log fold change > 1.5. CGB7+: >1 TPM. 
CGB7-: <0.25 TPM. (D) Differentially expressed genes in CGB7+ vs CGB7- primary urothelial tumors (data re-
analyzed from TCGA) as determined by Mann-Whitney U Test. Interferon gamma response genes that are 
significantly differentially expressed are in red (upregulated) or blue (downregulated) and reach p-value < 0.05 and 
log fold change > 1.5. CGB7+: >1 TPM. CGB7-: <0.25 TPM. (E) Immunophenotype data in tumors stratified by 
CGB7 expression: immune desert, immune excluded, or inflamed. P-values determined by proportions test with 
continuity correction. Chi-squared = 15.84, p-value = 6.89x10-5. (F) As in (E), but stratified by CGA expression. 
Chi-squared = 0.88, p-value = 0.35. (G) Tumor subtype data in tumors stratified by CGB7 expression: basal/SCC-
like, genomically unstable, immune infiltrated, urothelial type A, or urothelial type B. P-values determined by 
proportions test with continuity correction. Chi-squared = 30.95, p-value = 2.65x10-8. (H) As in (G), but stratified 
by CGA expression. Chi-squared = 0.40, p-value = 0.53. 
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We focused these and prior analyses on CGB7 because CGB7 is more commonly 

expressed than other CGB genes in this cancer type (Figure 2-1E). Because some CGB-positive 

samples express only genes encoding type I CGBs (CGB7), others express only genes encoding 

type II CGBs (CGB3, CGB5, and CGB8), and others both type I and type II, we sought to test 

whether the functional association between CGB gene expression and immunophenotypes was 

likely driven by genes encoding type I or type II CGBs (or both). We used a patient stratification 

approach to address this question. 

We first tested whether the associations between CGB7 and CD8+ T cell infiltration and 

tumor subtype are upheld independently of CGB3, CGB5, and CGB8 expression. We selected 

samples negative for CGB3, CGB5, and CGB8 expression, and to ensure sufficient samples for 

analysis, we lowered the threshold for negative expression from 0.25 to 1 TPM to increase 

sample size. We then stratified samples by negative-low, moderate, or high CGB7 expression as 

described. Consistent with our prior findings, CGB7-high tumors exhibit significantly decreased 

CD8+ T cell infiltration (incidence of inflamed tumors) compared with CGB7-low tumors 

(p=1.60x10-6) (Figure S2-3C). Similarly, CGB7-high tumors exhibit a significantly decreased 

fraction of immune infiltrated tumors compared with CGB7-low tumors (p=0.00450) (Figure 

S2-3D). Both of these findings are independent of CGB3, CGB5, and CGB8 expression. 

Conversely, selecting CGB7-negative samples and stratifying by summed CGB3, CGB5, and 

CGB8 expression, we find no association between CGB3, CGB5, and CGB8 expression and 

CD8+ T cell infiltration (p=0.730) or incidence of immune-infiltrated tumors (p=1) independent 

of CGB7 expression (Figure S2-3E, S2-3F). It is important to note, however, that our statistical 

power for these analyses was not equal for type I and type II CGB analyses due to CGB7 being 

the most commonly expressed CGB gene (Figure 2-1E). 
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Overall, these findings reinforce our hypothesis that CGB7 is consistently associated with 

an immunosuppressive tumor microenvironment and hallmarks of immune escape. We conclude 

that CGB7 is significantly associated with blunted interferon gamma signaling and is specifically 

and significantly associated with decreased CD8+T cell infiltration in the urothelial carcinoma 

cohorts investigated. 

 

2.6 CGB expression is associated with decreased response to ICI therapy  
As interferon gamma release and CD8+ T cell infiltration are associated with response to 

ICI therapy, we next wondered whether CGB7 expression had implications for overall survival 

and response to anti-PD-L1 checkpoint inhibition. To investigate this the effect of CGB7 on 

survival, we selected CGB7-positive (TPM >1) and CGB7-negative (TPM < 0.25) tumors and 

performed Kaplan Meier survival analysis. We found that CGB7 expression is indeed associated 

with significantly decreased overall survival probability (p= 6.87x10-3) (Figure 4A). Though this 

decrease in survival probability associated with CGB7 expression is strongest, CGB3 and CGB5, 

but not CGB8, are also associated with significantly decreased survival probability (Figure S4A-

C). In contrast, CGA expression had no effect on overall survival (Figure 4B).  

We wondered whether these associations between CGB gene expression and survival 

persist when controlling for common potential covariates tumor mutational burden (TMB) and 

sex. TMB is a known predictor of response to immune checkpoint inhibition (98-101). Sex is 

associated with differential survival outcomes in some checkpoint immunotherapy cohorts (102-

103) and in this specific dataset (Figure S4I).  Even when survival probabilities are adjusted for 

the contributions of TMB and sex using Cox proportional hazards modeling, the adjusted 

survival probability of patients with CGB7-positive cancers remains significantly decreased 

while CGA has no effect on adjusted overall survival probability (p= 0.009, p= 0.70) (Figure 2-
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4C, 2-4D). Similarly, the adjusted survival probabilities of patients with CGB3-positive and 

CGB5-positive tumors remains significantly decreased (Figure S2-4D – S2-F). We conclude that 

CGB3, CGB5, and CGB7 expression are associated with a significant reduction in survival 

probability in metastatic urothelial carcinoma patients receiving immune checkpoint blockade, 

with CGB7 expression exhibiting the most robust association. 

We next wondered whether CGB7 expression impacts response to checkpoint 

immunotherapy. Each patient in the IMvigor 210 clinical trial was evaluated for response to anti-

PD-L1 therapy by the Response Evaluation Criteria in Solid Tumors (RECIST) and scored as 

exhibiting progressive disease (PD), stable disease (SD), partial response (PR), or complete 

response (CR) (42). Again binning patients by CGB7 expression corresponding to negative-low, 

moderate, or high expression levels, we compared the proportion of each clinical response 

classification in CGB7-high vs CGB7-low tumors to determine patterns of response associated 

with CGB7 expression. CGB7-high tumors exhibited a significantly higher incidence of PD 

(p=0.0021), but no significant difference in incidence of CR (p = 0.25), PR (p = 0.051), or SD (p 

= 0.25) (Figure 2-4E). Conversely, comparing incidence of PD between CGA-high vs CGA-low 

tumors demonstrated no significant differences (p=0.71). Similarly, we observed no significant 

differences in incidence of CR (p = 0.074), PR (p =0.53), or SD (p = 0.12) between CGA-high vs 

CGA-low tumors (Figure 2-4F), highlighting a potential beta-subunit-specific effect on overall 

survival.  

Repeating these analyses to parse CGB7-specific effects independent of CGB3, CGB5, 

and CGB8 expression as described above, we determined that high CGB7 expression is still 

associated with significantly increased incidence of progressive disease compared with low 

CGB7 expression independently of CGB3, CGB5, and CGB8 expression (p=0.0016) (Figure S2-
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4G). Interestingly, when CGB7-high samples are filtered out to facilitate bulk CGB3, CGB5, and 

CGB8 analyses independent of CGB7 expression, we observe that CGB3, CGB5, and CGB8 are 

also significantly associated with increased incidence of progressive disease (p=0.0027) 

independently of CGB7, indicating that general CGB expression is associated with progressive 

disease and thus resistance to ICIs (Figure S2-4H).  

Taken together, we conclude that CGB7 expression is strongly associated with an 

immunosuppressive tumor microenvironment and decreased overall survival probability, 

suggesting a role of CGB7 in immune escape of tumors. We additionally conclude that CGB3 

and CGB5 are associated with decreased survival probability. Ultimately, expression of genes 

encoding both type I and type II CGB genes are associated with resistance to ICIs in advanced 

urothelial carcinoma 
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Figure 2-4. CGB expression is associated with decreased response to ICI therapy. Response Evaluation Criteria 
in Solid Tumors (RECIST) scoring: CR = complete response, PR = partial response, SD = stable disease, PD = 
progressive disease. Med = medium. (A) Kaplan Meier overall survival curves comparing patients with CGB7+ 
(gold) and CGB7- (gray) advanced urothelial tumors undergoing treatment with Atezolizumab (anti-PD-L1). Data 
re-analyzed from Mariathasan et al., 2018. P-value determined by log rank test. The estimated survival functions 
(solid), censored events (crosses), and 95% confidence intervals (shaded regions) are shown. (B) As in (A), but 
patients stratified by CGA expression. (C) Kaplan Meier overall survival curves as shown in (A) adjusted for 
confounding effects of sex and tumor mutational burden covariates by Cox Proportional Hazards modeling. Hazard 
ratio (HR) and p-value obtained from fitting a Cox Proportional Hazards model. (D) Kaplan Meier overall survival 
curves as shown in (B) adjusted as described in (C). (E) Response determined by RECIST criteria (data re-analyzed 
from Balar et al., 2017). P-values determined by proportions test with continuity correction. Chi-squared = 9.44, p-
value = 0.0021. (F) As in (A), but stratified by CGA expression. Chi-squared = 0.14, p-value = 0.71. 

 

2.7 CGB expression predicts response to ICI therapy 
We next sought to analyze the effect of CGB7 expression on survival probability by 

further evaluating our Cox Proportional Hazards model. We first considered the effects of 

clinical variables collected in the IMVigor 210 trial, including CGB7 expression, on overall 
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survival using univariate Cox Proportional Hazards modeling, where variables are assessed 

separately, and in the multivariate setting, where confounding effects of all variables are 

controlled for (Figure S5A). In both approaches, tumor mutational burden (TMB), Eastern 

Cooperative Oncology Group (ECOG) status, and CGB7 expression, which we treat as a 

continuous variable, were statistically significant prognostic variables associated with overall 

survival. Consistent with this notion, our analyses show that TMB is associated with a decreased 

risk of death (HR = 0.32, p = 1.10 x 10-6) after controlling for all other covariates. Similarly, 

ECOG status negatively impacts patient survival during ICI therapy as demonstrated in the 

original Phase II trial of the IMvigor210 study (98), which is reflected in our own analyses 

(ECOG 1: HR 2.62, p = 6.07 x 10-8; ECOG 2: HR 3.32, p = 2.30 x 10-3). Accordingly, increased 

CGB7 expression is correlated with increased risk of death (HR = 1.48, p = 0.026) after 

controlling for possible confounding (Figure S5B).  

We next aimed to quantify the predictive value of CGB7 as a prognostic marker over 

time using inferences from a Random Survival Forest (RSF) model, a machine learning 

ensemble consisting of multiple survival trees (104). RSF modeling enables us to predict the 

time-to-death in our patient cohort, and has been used widely in the literature to predict the 

prognosis of patients in various disease and interventional contexts (105-111). To grow the RSF, 

we randomly selected 70% of the patients in the cohort, utilized 1000 base learners, and included 

the following covariates as input: ECOG status, TMB, CGB7 expression, platinum chemotherapy 

history, stage, tobacco use, sex, tumor cell PD-L1 level, and intravesical BCG administration. 

The resultant model had an Out-of-Bag (OOB) error of 38.9%. The OOB error is calculated from 

predictions for unsampled patients from each bootstrapping iteration, and represents an unbiased 

estimate of the test error. We also directly measured model performance using the remaining 

https://projecteuclid.org/journals/annals-of-applied-statistics/volume-2/issue-3/Random-survival-forests/10.1214/08-AOAS169.full


 32 

30% of patients excluded from model training, this test error measuring 35.6% (Figure S5B). 

The RSF survival curve estimates closely mirror those generated by Kaplan Meier survival 

analysis, lending confidence to our model (Figure 5A). 

 
Figure 2-5. CGB7 expression is a prognostic variable associated with decreased survival (A) Survival estimates 
from the Random Survival Forest (RSF) model (median prediction, solid lines) and the Kaplan–Meier estimate 
(dashed lines) from the training (OOB) and test sets. Patients are stratified into terciles based on CGB7 expression. 
(B) RSF feature importance quantified via the mean absolute Shapley values. Error bars denote the 95% confidence 
intervals. (C) Time-dependent Shapley values, corresponding to survival estimates at specific timepoints. The 95% 
confidence interval of the mean (transparent ribbon) is shown. (D) Adjusted survival probability measured via 
partial dependence, as a function of time and CGB7 expression. 

 
The survival probability predictions produced by the RSF model suggest that increasing 

CGB7 expression is correlated with a decrease in median survival time, and conform with the 

aforementioned findings from the Cox Proportional Hazards regression (Fig 5A, Fig S5C). To 

quantify the contributions of CGB7 expression to the predictions of time-to-death generated by 

the RSF model, we calculated the Shapley values corresponding to each variable utilized in our 

model (112-115). Shapley values associated with the RSF prediction for mortality, the number of 

expected deaths over the observation window, were calculated which showed the expected 
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protective effect of high TMB and the increased risk of death conferred by increased CGB7 

expression (Figure S5D-E). Ranking Shapley values by the mean magnitude calculated over the 

entire cohort allows quantification of a feature’s importance to the model prediction relative to 

the other model covariates. In these analyses, CGB7 expression scored highly behind ECOG 

performance status and equivalently to TMB (Figure 5B). We extended these analyses to a time-

dependent implementation. First, we verified the time frame upon which inferences from the 

RSF model are valid, through time-dependent Receiver Operating Characteristic (ROC) 

analyses. We calculated the cumulative/dynamic area under the ROC curve (AUCC/D) which 

quantifies the model’s accuracy at differentiating patient deaths occurring before a particular 

time point, versus those who survive beyond this time. Our analyses suggest a time horizon up to 

~ 15 months (Figure S5F). Second, we calculated Shapley values associated with time point-

specific survival probability, which suggest that CGB7 expression has a dynamic relative 

contribution over time but preserved high importance throughout the observation window. 

Interestingly, CGB7 expression is linked to greater prediction contributions compared to TMB at 

earlier times, up to ~ 6 months (Figure 5C). To obtain the adjusted or marginal effects of CGB7 

expression on overall survival, we implemented time-dependent partial dependence analyses 

which show a clear negative correlation between CGB7 expression and survival probability 

(Figure 5D). Ultimately, we observe a robust association between CGB7 expression and 

predicted survival probability, in which CGB7 expression is associated with reduced time to 

death in advanced urothelial cancer in the context of immune checkpoint inhibition. 
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Table 2. Cox Proportional Hazards Regression for Overall Survival 

     
  Univariate Multivariatea,b 

Characteristic HR 95% CI p-value q-valuec HR 95%CI p-value q-valuec 
Tumor mutational burdend 0.43 0.28 - 0.66  1.10 x 10-4  7.72 x 10-4 0.32 0.19 - 0.50  1.10 x 10-6 7.73 x 10-6 
CGB7 expressione 1.44 1.09 - 1.89 9.05 x 10-3 0.04 1.48 1.05 - 2.11 0.026 0.093 
ECOG Performance Statusf:         

0 (reference) - - - - - - - - 
1 2.1 1.58 - 2.79 2.95 x 10-7 4.14 x 10-6 2.62 1.85 - 3.71 6.07 x 10-8 8.50 x 10-7 
2 1.97 1.04 - 3.73 0.036 0.13 3.32 1.53 - 7.17 2.30 x 10-3 0.011 

Received platinum:         
No (reference) - - - - - - - - 

Yes 1.41 1.01 - 1.98 0.047 0.13 1.54 1.03 - 2.30 0.037 0.1 
Tumor cell PD-L1g:         

< 1% (reference) - - - - - - - - 
≥ 1% but < 50% 1.12 0.66 - 1.90 0.66 0.99 1.14 0.64 - 2.02 0.65 0.83 

≥ 50% 1 0.70 - 1.44 0.99 0.99 0.77 0.49 - 1.23 0.27 0.54 
Intravesical BCG administered:         

No (reference) - - - - - - - - 
Yes 0.98 0.73 - 1.32 0.89 0.99 0.92 0.63 - 1.33 0.65 0.83 

Tobacco use history:         
Never (reference) - - - - - - - - 

Previous 0.9 0.68 - 1.19 0.45 0.78 1.01 0.72 - 1.42 0.95 0.95 
Current 1.02 0.65 - 1.61 0.92 0.99 1.09 0.63 - 1.90 0.75 0.87 

Stage:         
I (reference) - - - - - - - - 

II 0.96 0.69 - 1.35 0.83 0.99 1.25 0.80 - 1.95 0.33 0.57 
III 1.23 0.86 - 1.75 0.25 0.51 1.4 0.90 - 2.19 0.14 0.32 
IV 0.98 0.68 - 1.42 0.92 0.99 0.89 0.54 - 1.46 0.65 0.83 

Sex:         
Male (reference) - - - - - - - - 

Female 1.23 0.91 - 1.66  0.18 0.42 1.05 0.72 - 1.53  0.81 0.87 
aLog-rank test: p-value = 1.05 x 10-7       
bAkaike Information Criterion =1736.51; Bayesian Information Criterion = 1780.66; Harrell’s Concordance Index = 
0.67 
cBenjamini-Hochberg FDR correction       
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dlog10(number of missense mutations)       
elog10[CGB7 expression (TPM)]       
fEastern Oncology Cooperative Group Performance Status      
gFraction of tumor cells with positive PD-L1 staining      

 

2.8 Discussion 
We identify CGB genes as biomarkers of immune evasion in cancer and as prognostic 

factors for response to immune checkpoint inhibition. We find that all CGB genes are 

extensively expressed across cancer types, with CGB7 being most frequently expressed. We 

confirm that CGB genes are expressed and the resultant proteins secreted from urothelial 

carcinoma cells in vitro. In a cohort of advanced urothelial carcinoma patients, CGB7 expression 

is associated with reduced CD8+ T cell infiltration. CGB7 and bulk expression of CGB3, CGB5, 

and CGB8 are associated with reduced response to anti-PD-L1 checkpoint immunotherapy by 

RECIST criteria. We subsequently identify that tumors expressing CGB7, CGB3, or CGB5 are 

significantly associated with decreased survival probability via Kaplan-Meier survival analyses, 

and this association is upheld with correction for TMB and sex via Cox Proportional Hazards 

modeling. As CGB7 expression is most frequently observed in urothelial carcinoma and is 

associated with markers of immune evasion, we focused on investigating the predictive value of 

CGB7 and ultimately demonstrate the prognostic value of CGB7 as a marker of poor prognosis 

in urothelial carcinoma in the context of immune checkpoint inhibition using Random Survival 

Forest modeling. In fact, CGB7 is the second most important variable in survival predictions, 

behind TMB, early in cancer progression. Taken together, our data suggest that CGB7 may 

facilitate the conversion of the tumor microenvironment to an immunosuppressive state.  

One limitation of this study is the lack of functional characterization of CGB proteins in 

cancer, as functional immunology efforts are made challenging by the primate-specific nature of 
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CGB genes and lack of murine orthologs. These functional studies, however, will be necessary to 

establish the immunosuppressive mechanism of action of CGB7. Our findings here demonstrate 

that, with careful experimental design and immune competent models, the study of CGB7 as an 

immunomodulator is ripe for further functional exploration. The primate-specificity of CGB 

gene expression further reinforces the value of analyzing high quality patient data, and the value 

of extending our analyses of CGB7 to additional patient datasets.  

A second limitation is the limited power of our current analyses dissecting isolated 

phenotypic associations with CGB7 expression and with bulk summed CGB3, CGB5, and CGB8 

expression due to study size. In the analyses that we present here, it is interesting that, while 

CGB7 is the only CGB gene associated with markers of immune evasion, multiple CGB genes 

are associated with ICI resistance and decreased survival. This might reflect a unique mechanism 

of action of CGB7, or perhaps suggest that the potential immunosuppressive functions of CGB 

genes are only one part of the mechanism underlying their association with poor prognosis. For 

example, hCG facilitates many pro-decidualization and pro-tumorigenic processes such as 

invasion, angiogenesis, in addition to immunosuppression. Our preliminary analyses suggest that 

these associations with CGB7 are independent of CGB3, CGB5 and CGB8. CGB7 and bulk 

CGB3, CGB5, and CGB8 are each independently associated with ICI resistance. Additional 

analyses to tease apart the isolated contributions of each gene will be required, and larger cohorts 

and study sizes will facilitate this. We hypothesize that, based on our findings in this study, while 

CGB7 may uniquely be a marker of immune suppression and has great value as a marker or poor 

prognosis based on our analyses, that expression of any CGB gene has value as a marker of ICI 

resistance and worsened survival probability. 



 37 

As primary and acquired resistance to checkpoint inhibitor immunotherapies remains a 

significant barrier to long-term remission for the majority of patients, further validation of CGB7 

as a biomarker and characterization of the mechanism by which CGB7 suppresses the anti-cancer 

effects of ICIs may help us predict patient response, inform treatment, and perhaps even identify 

CGB7 as a potential therapeutic target. As CGB proteins are predominantly cancer-specific and 

readily detectable analytes in urine and plasma as the basis of modern pregnancy tests, this 

highlights the feasibility of CGB as a cancer biomarker. Further work will be required to validate 

CGB7 as a pan-cancer biomarker by confirming associations between CGB7 expression and 

immunosuppressive signatures in other cancer types, and ultimately by validating this association 

between CGB7 expression and ICI response in patient samples.  

Ultimately, targeting CGB genes could present a promising approach for combination 

therapy with immunotherapies such as immune checkpoint inhibitors. As CGB proteins are 

secreted, there is substantial potential for development of an inhibitory anti-pan-CGB or anti-

CGB7 antibody. There is precedent for potential therapeutic value of antibody neutralization of 

CGB proteins in the form of anti-cancer vaccines (127), and an anti-CGB therapeutic antibody 

could potentially provide therapeutic value on its own, or to provide specificity to a coupled anti-

cancer therapeutic.  
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2.9 Supplementary Figures 

 
 
Supplemental Figure S2- 1. CGB is expressed in multiple cancer types. TPM = transcripts per million. CGA 
mRNA expression in healthy peritumoral tissue samples (A) and matched tumor tissue samples (B) across 20 cancer 
types from the TCGA. Cancer type reflects the site of the primary tumor. CGB3 mRNA expression in healthy 
peritumoral tissue samples (C) and matched tumor tissue samples (D) across 20 cancer types from the TCGA. 
Cancer type reflects the site of the primary tumor. CGB5 mRNA expression in healthy peritumoral tissue samples 
(E) and matched tumor tissue samples (F) across 20 cancer types from the TCGA. Cancer type reflects the site of 
the primary tumor. CGB8 mRNA expression in healthy peritumoral tissue samples (G) and matched tumor tissue 
samples (H) across 20 cancer types from the TCGA. Cancer type reflects the site of the primary tumor. (I, J, K, L, 
M) Fraction of tumors across 20 cancer types expressing CGA, CGB3, CGB5, CGB8, or CGB7, gene expression 
with TPM >1, respectively. Percent positive is annotated above each cancer type.  
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Supplemental Figure S2- 2 Supplemental Figure S2 -2. CGB expression is upregulated across cancer types. 
Violin plots of CGA (A), CGB3 (B), CGB5 (C), CGB7 (D), or CGB8 (E) expression in tumors and matched healthy 
peritumoral tissue samples across cancer type datasets from The Cancer Genome Atlas. Expression is in transcripts 
per million (TPM). P-values determined by wilcox signed rank test. 
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Supplemental Figure S2-3. CGB expression is associated with altered immune infiltrate. Med = medium. (A) 
The top 20 Gene Ontology terms associated with CGB7 expression in primary urothelial cancers in the TCGA 
BLCA dataset. (B) The top 20 Gene Ontology terms associated with CGB7 expression in metastatic urothelial 
cancers in the IMVigor 210 clinical trial dataset (data re-analyzed from Mariathasan et al., 2018). (C) 
Immunophenotype data: immune desert, immune excluded, or inflamed. Tumors with expression of CGB3, CGB5, 
or CGB8 > 1 TPM were removed, and remaining samples stratified by CGB7 expression. P-values determined by 
proportions test with continuity correction. Chi-squared = 8.072, p-value = 0.0045.  (D) Tumor subtype data: 
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basal/SCC-like, genomically unstable, immune infiltrated, urothelial type A, or urothelial type B. Tumors with 
expression of CGB3, CGB5, or CGB8 > 1 TPM were removed, and remaining samples stratified by CGB7 
expression. P-values determined by proportions test with continuity correction. Chi-squared = 23.025, p-value = 
1.60x10-6. (E) Immunophenotype data: immune desert, immune excluded, or inflamed. Tumors with expression of 
CGB3, CGB5, or CGB8 > 1 TPM were removed, and remaining samples stratified by CGB7 expression. P-values 
determined by proportions test with continuity correction. Chi-squared = 0.119p-value = 0.730. (F) Tumor subtype 
data: basal/SCC-like, genomically unstable, immune infiltrated, urothelial type A, or urothelial type B. Tumors with 
expression of CGB7 > 1 TPM were removed, and remaining samples stratified by summed CGB3, CGB5, and CGB8 
expression. P-values determined by proportions test with continuity correction. Chi-squared = 0, p-value = 1. 
 
 

 
 

Supplemental Figure S2-4. CGB expression is associated with decreased response to ICI therapy. Response 
Evaluation Criteria in Solid Tumors (RECIST) scoring: CR = complete response, PR = partial response, SD = stable 
disease, PD = progressive disease. Med = medium. (A) Kaplan Meier overall survival curves comparing patients 
with CGB3+ (gold) and CGB3- (gray) advanced urothelial cancer tumors (data re-analyzed from Mariathasan et al., 
2018). All patients received Atezolizumab (anti-PD-L1). P-value determined by log rank test. (B) As in (A), but 
comparing patients with CGB5 positive (gold) and negative (gray) tumors. (C) As in (A), but comparing patients 
with CGB8 positive (gold) and negative (gray) tumors. (D) Kaplan Meier overall survival curves as shown in (A) 
adjusted for confounding effects of sex and tumor mutational burden covariates by cox proportional hazards 
modeling. Hazard ratio (HR) and p-value obtained from fitting a cox proportional hazards model. (E) Kaplan Meier 
overall survival curves as shown in (B) adjusted as described in (D). (F) Kaplan Meier overall survival curves as 
shown in (C) adjusted as described in (D). (G) Response determined by RECIST (Mariathasan 2018). Tumors with 
expression of CGB3, CGB5, or CGB8 > 1 TPM were removed, and remaining samples stratified by CGB7 
expression. P-values determined by proportions test with continuity correction. Chi-squared = 9.954, df = 1, p-value 
= 0.00161. (H) Response determined by RECIST (Mariathasan et al., 2018). Tumors with expression of CGB7 > 1 
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TPM were removed, and remaining samples stratified by summed CGB3, CGB5, and CGB8 expression. P-values 
determined by proportions test with continuity correction. Chi-squared = 8.979, df = 1, p-value = 0.00273. 
(I) Kaplan Meier overall survival curves comparing male (blue) and female (red) patients with advanced urothelial 
carcinoma tumors. All patients received Atezolizumab (anti-PD-L1). P-value determined by log rank test. 
 

 
 

Figure S2-5. Statistical and machine learning models exhibit the negative effects of CGB7 expression on 
overall survival. (A) Hazard ratios estimated by Cox Proportional Hazards Regression in the univariate (left) and 
multivariate (right) contexts. Error bars denote the 95% confidence interval of the hazard ratio. (B) The training out-
of-bag error (OOB error, solid gray line) and the test error (solid purple line) as a function of the number of trees in 
the Random Survival Forest (RSF) model. Error is defined as 1 − Harrell’s concordance index. (C) RSF predicted 
overall survival for individual patients (thin lines) stratified into terciles, by CGB7 expression. OOB survival 
predictions are shown for the patients in the training set. The median survival function across the cohort is shown 
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(thick line). (D) Shapley dependence plot correlating tumor mutational burden (TMB, number of missense 
mutations) and RSF mortality. Each patient is represented by a single point. (E) As in (D), but showing CGB7 
expression. (F) Time-dependent receiver operating characteristic (ROC) analyses. The cumulative/dynamic area 
under the ROC curve (AUCC/D) (solid line) and associated 95% confidence interval (transparent ribbon) are 
calculated for the training and test sets. The training set AUCC/D was calculated using the RSF OOB mortality 
predictions. 
 
 

2.10 Materials and Methods 
Cell lines 

All cell lines utilized are human urothelial cancer cell lines cultured at 37°C and 5% CO2. 

SCaBER, T24, TCCSUP, J82, UM-UC-3, cell lines were purchased from ATCC (ATCC, 

Manassas, VA). RT-112 and KU-19-19 cell lines were purchased from DSMZ (DSMZ, 

Braunschweig, Germany). UM-UC-1 cell line was purchased from Sigma-Aldrich (St. Louis, 

MO). SCaBER, RT-112, UM-UC-1, UM-UC-3, TCCSUP and J82 cells were cultured in Eagle's 

Minimum Essential Medium (ATCC) supplemented with 10% FBS (Gibco, Waltham, MA) and 

1% Pen Strep (Gibco). T24 cells were cultured in McCoy’s 5A medium supplemented with 10% 

FBS and 1% Pen Strep. KU-19-19 cells were cultured in RPMI 1640 (Gibco) medium 

supplemented with 10% FBS and 1% Pen Strep.  

 

CGB knockdown experiments 

siRNA pools targeted all CGB genes (Horizon Discovery, Cambridge, Cambridgeshire, UK) or 

were a non-targeting control pool (Horizon Discovery). siRNAs transfected into cells of 

approximately 70% confluence with Lipofectamine™ RNAiMAX Transfection Reagent 

(Thermo Fisher Scientific, Waltham, MA) per the manufacturer’s instructions. 

 

ELISA 
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Conditioned medium: conditioned medium was collected from each indicated cell line after 72 

hours of subculture in the medium described above. Bulk beta-hCG protein levels were measured 

and quantified using a Human CG beta (HCG beta) DuoSet ELISA kit (R&D Systems, 

Minneapolis, MN) DuoSet ELISA Ancillary Reagent Kit 2 (R&D Systems) according to the 

manufacturer’s instructions. Media was diluted 1:10 from all cell lines with the exception of KU-

19-19, which was diluted 1:100 prior to assay input due to high CGB protein levels. Cells were 

counted at collection to approximate concentration of CGB per 10,000 cells. Experiments were 

run in biological and technical triplicate. Raw O.D. values of standards were fit to a 4PL curve 

using MyAssays software. 

  

qRT-PCR 

Total RNA was extracted using a Qiagen RNeasy plus mini kit according to the manufacturer's 

instructions (Qiagen, Hilden, Germany). RNA was reverse transcribed to cDNA using a Verso 

cDNA synthesis kit (Thermo Scientific). CGB7 transcripts detected with Applied Biosystems 

TaqMan Fast Advanced Master Mix (Fisher Scientific), CGB7-specific Taqman Probe (Thermo 

Scientific), CGB3/CGB5/CGB8-specific Taqman Probe (Thermo Scientific), and GAPDH 

Taqman Probe (Thermo Scientific). Experiments were run in biological and technical triplicate. 

Experiments were run on a ABI QuantStudio 5 Real-Time PCR System (Thermo Fisher 

Scientific). Data was analyzed using the ΔΔCt method. 

 

RNA sequencing analysis, genome annotations and differential gene expression 

RNA-sequencing data was analyzed as previously described (106). RNA-seq reads were mapped 

to an annotated transcriptome created using Ensembl 71 (116), UCSC knownGene (117), and 
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MISO v2.0 (118) annotations for the hg19/GRCh37 assembly using RSEM version 1.2.4 (119) 

modified to call Bowtie v1.0.0 with option ‘-v 2’ (121). Unaligned reads were then mapped to 

the hg19/GRCh37 genome assembly using TopHat version 20.8b (121). Gene expression values 

in TPM (transcripts per million) were normalized via the trimmed mean of M values (TMM) 

method (122). For TCGA studies, we analyzed all available samples across 20 distinct cancer 

types that included at least one matched non-tumor tissue sample. Differential gene expression to 

compare positive and negative samples for expression of CGB genes in both the TCGA datasets 

and the dataset from the IMvigor210 clinical trial cohort (94, 42) was calculated via Mann-

Whitney U Test and using several thresholds: the absolute value of log-fold-change threshold of 

1.5 or greater, a maximum p-value of 0.05, a minimum bayes factor of 100, and maximum FDR 

of 0.01. We defined positive expression of CGB genes as TPM >1 and negative expression as 

TPM < 0.25 unless otherwise noted. 

 

Clinical variable analyses 

Clinical variables were reported for patients enrolled in the IMVigor210 clinical trial (94, 42). 

Patient response to Atezolizumab was scored according to the Response Evaluation Criteria for 

Solid Tumors (RECIST) (42). Tumor subtype was determined according to Lund 2 taxonomy for 

bladder cancer classification (94). Immunophenotype was determined based on the level and 

pattern of CD8+ T cell infiltration by CD8a IHC staining (94). For each analysis, patients were 

first stratified by expression of each CGB gene, or by summed expression of multiple CGBs 

where indicated. NAs were filtered out for each response, immunophenotype, and subtype 

analysis individually after CGB gene stratification. We determined the proportions of each 

RECIST score, immunophenotype, and subtype in CGB-high (>75%) and CGB-low/negative 
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(<25%) tumors, and quantified the difference in proportions via 1-sample proportions test with 

continuity correction. 

 

Survival analyses 

Survival analyses were performed with the Kaplan–Meier estimator and statistical tests were 

performed with a logrank test (R package survival) (123). Samples were stratified by expression 

of individual genes, where positive expression was defined as exhibiting TPM >1, and negative 

expression was defined as exhibiting TPM <0.25. Adjusted survival probabilities were calculated 

by fitting a Cox Proportional Hazards model to adjust for the covariates sex and tumor 

mutational burden. 

 

Random Survival Forest and Feature Importance computation 

The Random Survival Forest Model, Shapley value estimation, and partial dependence 

analyses  was implemented as previously described (106). In brief, we randomly assigned 

patients into training (70%) and test (30%) datasets. We determined optimal hyperparameters via 

a grid search. That is, we evaluated 10,608 RSF models representing various values and 

combinations of the RSF hyperparameters: number of trees, minimum terminal node size, 

number of randomly selected splitting variables, handling of missing data, splitting rule, and 

bootstrapping method. The model which minimized both the OOB training and the test errors 

(defined as 1 − concordance index) was selected: ntree = 1000, nodesize = 6, mtry = 3, na.action 

= "na.impute", splitrule = "logrank", and samptype = "swr". We set the hyperparameter nsplit = 0 

to evaluate all possible split points. The predictions associated with the test cohort were handled 

using na.action = "na.omit" which excluded patients with missing data. Shapley values were 



 47 

calculated using the fastshap package (124). We used 1000 Monte Carlo repetitions and set the 

parameter adjust = TRUE to correct the estimated Shapley values such that local accuracy was 

satisfied. Shapley values associated with mortality and per time point overall survival predictions 

from the RSF model were used to quantify overall feature importance and time-dependent 

importance, respectively. The marginal effect of CGB7 expression on survival probability was 

assessed using partial dependence, implemented using the partial() function from the 

randomForestSRC package. Visualizations were created in the R programming environment 

using the dplyr (125), ggplot2 (126), pammtools (127), and plotly (128) packages. 

 

Measuring survival model predictive accuracy 

We evaluated the RSF model’s accuracy over time using time-dependent ROC curve analyses. 

For each timepoint, we calculated the cumulative/dynamic area under the ROC curve (AUCC/D) 

and 95% confidence interval using the timeROC package, which additionally corrects for bias 

due to right-censoring (129). The training (OOB) or the test predictions for mortality were used 

as input.  
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Chapter 3 Major vault protein is a critical regulator of tumor-immune 
interactions 
 

Please note that this chapter reflects work in progress. I greatly appreciate the 

collaboration of Tracy Yang and Dominik Otto in the lab of Manu Setty for their work 

processing the single cell RNA-seq data that was generated by me, and applying their novel 

methodology to quantify abundance in single cell data to our dataset (Kompot). They contributed 

several of the plots shown in Figure 3-3, supplemental Figure S3-3, and Supplemental Figure S3-

4. We collaborated to devise a plan for analysis and annotated cell types with consultation from 

Dr. Susan De Wolf and Dr. Erik Kimble. Andrea Belleville worked with the preclinical modeling 

facility to develop the MVP-/- mouse model utilized in this chapter. We worked collaboratively 

to conduct some of the work described in this chapter, including several allograft cohorts and 

optimization of efficient CRISPR/Cas9 genome editing of Mvp in B16-OVA cells. 

 

3.1 Abstract 

The major vault protein (MVP) is the main component of the vault complex, an organelle 

found ubiquitously in cells and involved in immune regulation in the numerous contexts, 

including host-pathogen interactions and metabolic disease. While numerous studies have 

demonstrated roles of MVP in immune modulation, MVP has not yet been studied as a regulator 

of anti-tumor immunity. We identify that Mvp expression is associated with adaptive immune 

response across multiple cohorts of advanced melanoma patients. We demonstrate that Mvp 

expression in both the host and in the tumor each separately promote survival, and notably 

tumor-intrinsic expression of Mvp exerts this survival effect in an immune-dependent manner, by 

utilizing a series of in vivo allograft experiments. Single cell RNA-sequencing reveals that MVP 
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knockout (KO) tumors exhibit higher abundance of exhausted CD8+ T cells compared with 

control tumors. Finally, we demonstrate that Mvp expression is associated with increased overall 

survival probability and decreased incidence of progressive disease in cohorts of patients treated 

with immune checkpoint inhibitors, suggesting that therapeutically augmenting Mvp expression 

may be a strategy to enhance response to checkpoint immunotherapy. 

 

3.2 Introduction 

Since its discovery in 1986, the vault complex organelle has been shrouded in mystery. 

The striking hollow barrel-like structure of the vault is composed primarily of the major vault 

protein (MVP), which accounts for > 70% of the complex, along with two additional associated 

proteins, Telomerase-associated protein 1 (TEP1) and vault ADP-ribose polymerase (VPARP), 

and varying numbers of short untranslated vtRNAs; three in humans (131-133). MVP, however, 

is sufficient for vault assembly, with minor changes noted in vault structure (134,136). Though 

the vault has been linked to and implicated in many biological processes, the core function of the 

vault, however, remains a mystery.  

Consistent with varied and diverse functions, vaults are found and Mvp is expressed 

ubiquitously across almost all cell types. Mvp can be upregulated in epithelium, in professional 

antigen presenting cells such as differentiated macrophages and dendritic cells, and in some 

cancer cells including lung, colon, thyroid, and melanoma, supporting a functional role of MVP 

in barrier epithelium, antigen presenting immune cells, and cancer (137-143) .  

MVP was first discovered as the lung resistance-related protein (LRP), and was initially 

studied as a multidrug and chemoresistance protein (144,146). In addition to being implicated in 

multidrug resistance in cancer, MVP has demonstrated critical function in numerous cellular 
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processes across a range of biological contexts. MVP has been shown to function as a potential 

scaffold for signaling pathway transduction (136), facilitate the formation and function of lipid 

raft microdomains in the plasma membrane (146-147), facilitate nucleocytoplasmic transport 

(148-149), in exocytosis (150), in cell survival (151), in dendritic cell maturation (138,139), in 

macrophage polarity (152,153), inflammatory signaling in disease and normal biology (136, 154, 

159), and in host-protective anti-pathogen immune responses (138, 146,148,154). MVP is 

recognized as an interferon gamma stimulated gene in cancer that may additionally regulate 

interferon response and induction by regulating STAT1- and STAT3- directed transcription (158,  

154, 137). As Vaults are highly evolutionarily conserved, this suggests a critical function of 

vaults in host response to infection, disease, and general stress (157). Thus, the described roles of 

MVP are broad, and the involvement of MVP in inflammatory signaling is particularly 

extensive. 

Development of the first MVP-/- mouse enabled further study of several of these 

functions and elucidated a role of MVP on host-pathogen interactions. Intriguingly, no function 

of MVP in drug resistance or as a regulator of dendritic cell maturation was identified under the 

conditions tested (155,156)  In fact, MVP-/- mice appear to display no distinct phenotype unless 

challenged by disease or infection, as in the case of host-pathogen interactions. Here, MVP aids 

in maximizing P. aeruginosa internalization and clearance via translocation to and stabilization 

of lipid rafts (146). In influenza A infection, MVP is also host protective, and is shown to 

enhance expression of inflammatory cytokines by facilitating AP-1 nuclear translocation in 

multiple cell types, including host macrophages and lung epithelium (148). In both of these 

infectious contexts, P. aeruginosa and Influenza A, MVP-/- mice clear significantly less 
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pathogens than WT counterparts, and ultimately succumb faster to infection than WT mice (146, 

148). These data solidify a clear involvement of MVP in anti-pathogen immune responses.  

From these data, we wondered whether MVP may be involved in host-protective anti-

tumor immunity by regulating inflammatory signaling either in host cells, such as dendritic cells 

and macrophages, or in tumor cells. There is some evidence that MVP could protect against 

immunoediting, and thus immune escape, by attenuating apoptotic signaling (147). Consistent 

with a potential role of MVP in inflammation are suggestions of a positive association between 

MVP expression and immune cell infiltration gene expression signatures in cancer (141,160). 

Should MVP augment anti-tumor immune responses, MVP may additionally have farther-

reaching implications for response to checkpoint immunotherapy. 

Here we examine a previously unexplored role of MVP in anti-cancer immunity. We 

identify that elevated Mvp expression is associated with upregulated adaptive immune response 

across four cohorts of patients with cutaneous melanoma. This elevated Mvp expression is 

associated with increased CYT score, a measure of cytolytic activity, in all four cohorts. We 

generate a novel MVP-/- murine model and validate that, as in infectious contexts, host Mvp 

expression increases survival probability in a syngeneic melanoma allograft model. We 

additionally identify that Mvp expression in the tumor similarly increases survival probability in 

an immune-dependent manner. Mvp expressing tumors exhibit decreased abundance of 

exhausted CD8+ T cells. Finally, we determine that Mvp expression is associated with increased 

survival probability and decreased incidence of progressive disease in multiple cohorts of 

patients treated with immune checkpoint inhibitors. Taken together, our findings suggest that 

augmenting Mvp expression may ultimately improve immunotherapy response in cancer.  
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3.3 MVP expression is associated with inflammation and cytotoxic T cell activity in patient 

cohorts  

 
 
 
Figure 3-1. MVP expression is associated with increased inflammatory response in patient cohorts MVP -high 
tumors: MVP expression > 66th percentile, MVP -med tumors: >33rd percentile and <66th percentile, MVP -low 
tumors: MVP expression < 33th percentile. (A) Selection of 4 melanoma patient cohort datasets for analysis. (B) 
Heatmap of log fold change of differentially expressed genes that overlap across all four cohorts. (C) Gene 
expression comparison in MVP -high vs MVP -low tumors. Labeled genes correspond to overlapping differentially 
expressed genes across all four cohorts. Differentially expressed genes: log fold change > 1 and p-value <0.05. 
Upregulated genes in red, downregulated in blue. (D) The top 12 biological process and molecular function gene 
ontology terms enriched in genes upregulated in MVP MVP -high tumors in a representative dataset: Liu et al., 
2019. (E-H) CYT score for tumors with low, medium, or high MVP expression.  
 

As MVP is an established regulator of immune response in inflammatory diseases and in 

host response to viral and bacterial infections, we sought to determine whether Mvp expression is 

associated with immune activity in tumors. We selected four cutaneous melanoma patient 
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cohorts, all of which had RNA-sequencing data available from pretreatment biopsies: Van Allen 

et al., Liu et al., Gide et al., and the TCGA SKCM datasets (163-165) (Figure 3-1A). 

We compared gene expression profiles in MVP -high (>66th percentile) vs MVP-low 

tumors (<33rd percentile) in each dataset, enabling us to survey unbiased gene expression 

changes associated with MVP expression. Upregulated genes that overlap between all four 

datasets is extensive and includes numerous HLA proteins, other genes involved in antigen 

processing by HLA class II proteins such as CD74 and CTSS, and checkpoints that are 

upregulated with T cell activation such as TIGIT and CTLA-4 (Figure 3-1B, 3-1C). Here we 

utilized a threshold of log fold change > 1. In each dataset, Gene Ontology analysis of 

differentially expressed genes revealed remarkably similar expression profiles based on the top 

12 enriched molecular functions and biological processes (Figure 3-1D, S3-1A - S3-1C). Genes 

upregulated (log fold change > 1.5 and p <0.05) in MVP-high tumors compared with MVP -low 

tumors in each dataset are involved in antigen display, immune receptor activity, leukocyte or T 

cell activation, suggesting an association between MVP expression and adaptive immunity 

(Figure S3-1D – S3-1F). This led us to hypothesize that MVP expression may be associated with 

CD8+ T cell activity. Indeed, MVP -high tumors exhibit a significantly higher CYT score, a 

metric to quantify cytotoxic activity of CD8+ cytotoxic T cells, in all four cohorts (Figure 3-1E - 

3-1H). We conclude that MVP is associated with inflammation, and specifically adaptive 

immune response, and CD8+ T cell activity in multiple patient cohorts. 

3.4 Tumoral MVP expression and host MVP expression individually increase survival 

probability in vivo 

MVP is an established interferon-stimulated gene (ISG) (158). This leads to the question 

of whether MVP expression is merely a consequence of anti-tumor immune activation, such as 



 54 

retained sensitivity to interferon gamma signaling, or whether MVP is an active driver of anti-

tumor immunity. Furthermore, an additional question remained: if indeed MVP is a driver of 

anti-tumor immunity, does expression in the tumor, or in the host drive this phenotype? MVP is 

expressed across cell types, and has been previously studied in the context of dendritic cell 

maturation and macrophage polarization. Our prior re-analyses of bulk RNA-seq data do not 

provide information at a cell-type or compartment resolution. To investigate these questions, we 

designed two parallel in vivo survival studies using an immune competent syngeneic B16-F10 

and C57BL/6 murine tumor allograft model.  

To investigate the effect of host Mvp expression on survival, we developed a novel MVP-

/- mouse model. For our syngeneic studies, we elected to engineer an updated model by targeting 

Mvp with CRISPR/Cas9 gene editing technology in a C57BL/6 background. We targeted exon 4 

of Mvp with paired guides that were injected along with purified Cas9 into one-cell C57BL/6 

embryos. Generation of indels at this locus was identified for each F0 mouse by PCR with 

primers flanking a region of exon 4 (Figure S3-2A). Heterozygous MVP+/- F1 mice were 

obtained by backcrossing to C57BL/6 mice, and MVP-/-, MVP-/+, and MVP+/+  mice were 

obtained from heterozygous intercrosses. MVP protein in liver lysate appeared completely 

depleted in MVP-/- mice, partially depleted in MVP-/+ as expected, and intact in MVP+/+ mice 

by western blot (Figure S3-2B). MVP-/- mice were ultimately backcrossed four generations. 
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Figure 3-2: Host MVP and tumoral MVP individually increase survival probability in vivo (A) Design of host 
MVP knockout allograft experiment. (B) Kaplan-Meier survival curves for each strain. Significance determined by 
log-rank test. (C) Design of tumor MVP knockout allograft experiment. (D) Kaplan-Meier survival curves for each 
tumor genotype. Significance determined by log-rank test. (E) Design of tumor MVP knockout xenograft 
experiment. (F) Kaplan-Meier survival curves for each tumor genotype. Significance determined by log-rank test. 

 

We had previously engineered polyclonal MVP knockout and control (NTC) cells with 

CRISPR/Cas9 and MVP-targeting or non-targeting control guide RNAs. Because B16-F10 cells 

have rapid doubling time and are extremely aggressive, it is challenging to detect and quantify 

increases in growth and aggressiveness. To increase the immunogenicity of these cells, we 

overexpressed transgenic chicken ovalbumin in each cell line. Depletion of MVP protein in the 

MVP KO line and expression of OVA in both cell lines were validated by western blot (Figure 

S3-2C). We engrafted the NTC cell line into the flanks of age- and sex-matched MVP-/- and WT 
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C57BL/6 mice and sacrificed animals once tumor burden met standard endpoint criteria as 

defined by IACUC (Figure 3-2A). MVP-/- mice had a significantly decreased survival 

probability compared with WT C57BL/6 mice (log rank test, p=0.04) (Figure 3-2B). While we 

detected no significant difference in tumor volumes prior to initiation of the survival study, there 

is an observable impact of host MVP on tumor growth (Figure S3-2D,E). Though this finding is 

in a single model, this result suggests for the first time that host MVP expression impacts 

survival probability in cancer. 

As MVP is also expressed, and sometimes upregulated, in some tumor cells (137), we 

next wondered whether tumoral MVP expression may similarly impact survival. To test this, we 

performed a similar survival study, this time knocking out MVP expression in the tumor. We 

engrafted the MVP KO and NTC cell lines expressing transgenic Ova into the flanks of age and 

sex-matched C57BL/6 mice and performed a survival study as described (Figure 3-2C). Mice 

bearing MVP KO tumors exhibited decreased survival probability (log rank test, p=0.07) (Figure 

3-2D). Though this survival phenotype does not reach significance, this is an exciting finding 

due to the challenging nature of identifying a growth-enhancing phenotype in the B16-F10 tumor 

model. 

While this result was intriguing, we next sought to confirm that the pro-survival 

phenotype observed in mice bearing Mvp -expressing tumors was immune-dependent. Here we 

performed the same survival study with the same two MVP knockout and MVP expressing cell 

lines in a xenograft model with the immunodeficient strain of NSG mice (Figure 3-2E). We 

observed no significant difference in survival probability, suggesting that this effect on survival 

is immune-dependent (p=0.7) (Figure 3-2F). Again, though we detected no significant 

difference in volumes of MVP KO vs WT (NTC) tumors prior to initiation of the survival study, 
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there is an observable difference in the growth of MVP KO tumors in an immunocompetent 

model than in our immunodeficient model (Figure S3-2F, Figure S3-2I). These results suggest 

that tumoral MVP expression influences survival in an immune-dependent manner.   

We conclude that in our studies in murine melanoma, knocking out MVP in both the 

tumor and in the host results in decreased survival probability, suggesting multiple potential anti-

tumor MVP-driven mechanisms across distinct cell types. Repeating these studies in additional 

models and perhaps with increased cohort sizes would be critical to generalize and solidify these 

findings. As our discovery that tumoral Mvp expression leads to greater survival probability was 

a more surprising finding, we next sought to explore the function of tumoral MVP at a molecular 

and cellular level with our syngeneic B16-F10 murine allograft model. 

 

3.5 MVP KO tumors display increased abundance of exhausted CD8+ T cells in vivo 

Here we utilized single cell RNA-sequencing (scRNA-seq) to profile cellular changes 

associated with tumoral Mvp expression. To investigate this, we performed a limited-size fixed-

endpoint study with our syngeneic tumor MVP KO model to enable direct comparisons between 

tumors of both genotypes at the same stage. We collected tumor tissue from n=10 tumors and 

processed samples for scRNA-seq library generation using the 10X Genomics Flex protocol. We 

prepared tumor tissue samples and generated libraries with 5 MVP KO tumor samples and 5 

NTC tumor samples. 

We obtained a minimum of 4,200 cells with a mitochondrial fraction < 0.8, molecule 

count between the 3rd and 98th percentiles, and with expression of > 50 genes (Figure S3-3A). 

Nineteen clusters were identified by Leiden clustering with standard parameters that organized 

into four compartments encompassing tumor, lymphoid, myeloid, and fibroblast (Figure 3-3A). 
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We annotated clusters based on gene expression profiles consistent with previous scRNA-seq 

studies. Cells from each sample can be found in each cluster (Figure S3-3B).  Samples from 

mice of both genotypes clustered together, highlighting our ability to isolate similar cell 

populations in tumors of both genotypes (Figure 3-3B). 

To determine which compartments changed most with Mvp expression, we quantified the 

abundance of each cell type per genotype with a methodology based on Mellon, a continuous 

density function to compare densities across genotypes in single cell data (161). This method 

provides statistical measures of differential abundance at single-cell resolution (citation to come). 

We visualized this abundance distribution across clusters on the full dataset UMAP and 

identified significantly altered abundance between genotypes in the lymphoid compartment, as 

well as in the myeloid compartment and fibroblast compartment (Figure 3-3C). As we 

hypothesized that Mvp may impact CD8+ T cell infiltration or cytolytic activity based on our 

prior analysis of patient cohorts, we sought to focus on the lymphoid compartment. 

We re-clustered the lymphoid compartment to increase the resolution of lymphoid cell 

types identified, and again, cells from both genotypes could be found in each region of the 

UMAP (Figure 3-3D) though here it was noticeable that some samples clustered more similarly 

across the UMAP than did others (Figure S3-3C).  We annotated these clusters based on 

consistency of gene expression profile with established cell type annotations. Higher-resolution 

clustering revealed NK cells, NK T cells, conventional CD4+ T cells, T regulatory cells, naïve or 

central memory T cells, intermediate CD8+ T cells, and two clusters of effector CD8+ T cells 

(Figure 3-3E). We identified two clusters of effector CD8+ T cells expressing multiple 

inhibitory receptors, which is a hallmark of T cell exhaustion (Figure 3-3F, Figure S3-4A). The 

first cluster of cytotoxic CD8+ T cells expresses moderate levels of cytotoxic and exhaustion 
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markers: Gzmbmid, Prf1mid, Pdcd1mid, Lag-3mid, Havcr2mid, Ifngmid. Thes second cluster of effector 

CD8+ T cells exhibited high levels of cytotoxic markers, interferon gamma, and exhaustion 

markers, including the addition of Tox: Gzmbhi, Prf1hi, Pdcd1hi, Lag-3hi, Havcr2hi, Tox, Ifnghi. 

Despite expressing high levels of multiple exhaustion markers, these cells also express higher 

levels of Mki67, suggesting that these cells are proliferating despite appearing fated for the 

exhaustion pathway. 

We performed differential abundance analysis within the lymphoid compartment and 

observed enrichment of two subtypes of exhausted cytotoxic CD8+ T cells in MVP KO tumors: 

Gzmbmid, Prf1mid, Pdcd1mid, Lag3mid, Havcr2mid, Ifnglo cells and Gzmbhi, Prf1hi, Pdcd1hi, Lag3hi, 

Havcr2hi, Tox, Ifngmid (Figure 3-3G). T cell exhaustion encompasses a spectrum of functional 

and dysfunctional states. Indeed, subsets of exhausted cells with high exhaustion markers that 

paradoxically retain high expression of granzymes and interferon gamma are observed in 

myeloma and in a previous report of the syngeneic B16-F10 tumor model (166-168). In 

myeloma, these cells retain some tumor-killing ability despite being their exhausted phenotype 

(166,167). In B16-F10 melanoma, these cells are similarly characterized as a terminally 

exhausted population with superior cytotoxicity, but ultimately reduced long-term survival, 

suggesting that these cells in our dataset may have limited functional capacity that would need to 

be confirmed functionally (168).  

We next validated that this increased abundance of highly cytotoxic terminally exhausted 

cells was not due to increased CD8+ T cell infiltration into MVP KO tumors. To investigate 

whether this difference in abundance of exhausted CD8+ T cells reflected an overall difference 

in CD8+ T cell infiltration, or increased incidence of exhaustion, we analyzed overall CD8+ T 

cell infiltration by fluorescent IHC in the same tumors we assayed by single cell RNA-seq, as 
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well as in three additional tumors harvested from the same cohort (n=13). We identified that 

while there was no significant difference in CD8+ infiltration between MVP KO and WT 

tumors, there was a trend toward increased infiltration in NTC tumors, all together suggesting 

that the increased abundance of exhausted cells in MVP KO tumors was not a reflection of 

increased overall CD8+ infiltration (Figure 3-3H). We conclude that MVP KO tumors exhibit 

increased abundance of cytotoxic CD8+ T cells that appear to be fated for the exhaustion 

pathway. 
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Figure 3-3: MVP KO tumors display increased abundance of exhausted CD8+ T cells in vivo. (A) UMAP 
visualization colored by low resolution leiden clustering of all ten scRNA-seq samples. (B) UMAP visualization 
colored by genotype of each scRNA-seq sample. (C) UMAP visualization of leiden clusters as described above. 
Color reflects differential abundance between tumor genotypes. Red = increased abundance in MVP KO tumors, 
blue = increased abundance in WT (non-targeting control; NTC) tumors. (D) UMAP visualization of re-clustered 
lymphoid cell types colored by genotype of each scRNA-seq sample. (E) UMAP visualization of re-clustered 
lymphoid cell types colored by higher resolution lymphoid cell type. (F) Feature plots showing expression patterns 
of inhibitory receptors in lymphoid cells. (G) Differential abundance per higher-resolution lymphoid cluster in MVP 
KO vs WT (NTC)  tumors. Positive log fold change indicates increased abundance in MVP KO tumors, while 
negative log fold change indicates increased abundance in MVP WT tumors. Cells with absolute value of log fold 
change > 0.75 reach significance. (H) Quantification and representative images of CD8a+ immune cell infiltration 
per tumor area, determined by CD8a IHC staining. n=6-7 samples per genotype (MVP KO, WT) (I) Gene set 
enrichment analysis of differentially expressed genes reveals enrichment of genes involved in cholesterol 
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homeostasis. Normalized Enrichment Score (NES) 1.29, FDR q-value 0.035. Data subset by cell cycle phase; 
representative plot shown. 
 

How tumoral Mvp expression influences tumor-immune interactions remains a question. 

To explore the effect of intratumoral Mvp expression on gene expression in the tumor, we 

isolated the entire tumor cell compartment of each sample, which accounts for the majority of 

cells in the dataset. Number of molecules per cell was identified to be a source of variation in the 

gene expression data and variation in molecule counts was adjusted for (Figure 3-3A). We also 

observed that cell cycle phase was a substantial source of variability (Figure S3-4B).  

We first computed differential gene expression in the tumor compartment, comparing 

expression in MVP KO tumors to expression in WT tumors as reference and observed modest 

gene expression changes in MVP KO tumors as determined by Mahalanobis distance and 

weighted log fold change (Figure S3-4C). Mahalanobis distance is a quantification of distance 

between expression of each gene and average gene expression across samples, ultimately 

incorporating correlation between expression of genes in the dataset. The observation of modest 

gene expression changes between genotypes, which was expected due to the intrinsic 

heterogeneity of MVP expression in these tumors. 

Re-clustering the tumor cell compartment revealed that the cell cycle was a major source 

of variation in the gene expression data, so we computed differential gene expression per phase 

of the cell cycle (Figure S3-4D - S3-4F). Given the subtlety of shifts in gene expression between 

tumor genotypes, we defined significantly upregulated genes (Mahalanobis distance > 50, 

weighted log fold change > 1) and significantly downregulated genes (Mahalanobis distance > 

50 and a weighted log fold change < 1). Notably more genes are upregulated in MVP KO tumors 

than are downregulated. 
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We performed Gene Set Enrichment Analysis (GSEA) and were surprised to find that 

genes upregulated in MVP KO tumors were significantly enriched for genes involved in 

cholesterol homeostasis (FDR q-value 0.035) (Figure 3-3I). Differentially expressed genes 

between WT and MVP KO tumors that are involved in cholesterol homeostasis are similar in 

each phase of the cell cycle (Figure S4-3D-F). MVP has been linked to lipid and cholesterol 

metabolism previously in the context of an atherosclerosis model. Here Ben et al. identified that 

MVP-/-  mice bear higher plasma levels of fatty acids, triglycerides, and total cholesterol than 

WT mice on a high fat diet (139). Ben et al. ultimately demonstrates that MVP macrophage 

expression is protective against atherosclerosis. With a precedent for MVP regulation of 

cholesterol in a disease context in a distinct MVP-/- murine model, MVP regulation of 

cholesterol in melanoma could be an interesting model of MVP-driven tumorigenesis and 

modulation of the tumor microenvironment.  

 

3.6 MVP expression is associated with response to immune checkpoint inhibition in clinical 

human cancer  

Given our observation that MVP KO tumors are associated with increased CD8+ T cell 

exhaustion, we hypothesized that MVP expression may have implications for response to 

checkpoint immunotherapy. Returning to the large-scale melanoma patient cohorts we analyzed 

previously, we selected the three patient cohorts treated with immune checkpoint inhibitors: anti-

PD-1 (166), anti-PD-1 or combination anti-PD-1/anti-CTLA-4 (167), and anti-CTLA-4 (168). 

Higher MVP expression, as hypothesized, is significantly associated with increased survival 

probably in two of these three cohorts (Figure 3-4A, 3-4B). In the third cohort, some patients 

were treated with anti-PD-1 monotherapy, and others were treated with anti-PD-1 and anti-
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CTLA-4 combination therapy. As patients treated with combination therapy exhibited much 

higher response rates overall, and for consistency with our prior analyses, we selected patients 

treated with monotherapy for analysis.  

 
Figure 3-4: MVP expression is associated with response to immune checkpoint inhibition MVP -high tumors: 
MVP expression > 66th percentile; MVP -low tumors: MVP expression < 33rd percentile. RECIST: CR = complete 
response, PR = partial response, MR = mixed response, SD = stable disease, PD = progressive disease. (A-C) 
Kaplan Meier survival curves comparing MVP -high and MVP -low tumors across Van Allen et al. 2015, Liu et al., 
2019, and Gide et al., 2019 patient cohorts, respectively. (D-F) Response determined by RECIST criteria (data re-
analyzed from Van Allen et al. 2015, Liu et al., 2019, and Gide et al., 2019, respectively).  
 

Here we observed a trend toward increased survival probability in patients with MVP -

high tumors (Figure 3-4C). This may be influenced by the smaller sample size present in this 

cohort. We stratified each cohort into terciles by MVP expression, computed Kaplan Meier 

survival curves comparing MVP -low tumors (< 33 percentile) and MVP-high tumors ( >66 

percentile), and determined significance by log-rank test (Van Allen et al., p= 9.04E-04; Liu et 

al., p=1.6E-3; Gide et al., p=1.4E-1). Even when survival probabilities are adjusted for the 
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contributions of common covariates such as TMB and sex using Cox proportional hazards 

modeling, the adjusted survival probabilities are highly similar (Figure S5-4A – S5-4C).  

Patients in the three melanoma cohorts treated with immune checkpoint inhibitors (Liu et 

al., Van Allen et al., and Gide et al.) were evaluated for response with the Response Evaluation 

Criteria in Solid Tumors (RECIST) in solid tumors. To test the effect of MVP expression on 

response to immune checkpoint blockade therapeutics, we again compared MVP -high and MVP 

-low tumors, this time comparing the proportion of tumors scored as complete response (CR), 

partial response (PR), mixed response (MR), stable disease (SD), or progressive disease (PD). In 

the cohort described in Liu et al., we observe decreased incidence of progressive disease 

(p=0.040) in patients with MVP-high tumors (Figure 3-4D). We observe no significant 

difference in incidence of PD between MVP -high and MVP -low tumors, however there is 

significantly increased incidence of stable disease in MVP -low tumors (p=0.0012) and increased 

incidence of PR (p=0.003) in MVP -high tumors in the cohort described by Gide et al. (Figure 3-

4E). In the cohort described by Van Allen et al., patients with MVP -high tumors exhibit 

decreased incidence of progressive disease (p=0.0078) (Figure 3-4F). 

Taken together, we conclude that high MVP expression is associated with increased 

survival probability and improved response to checkpoint immunotherapy in multiple melanoma 

patient cohorts. We further describe associations between high MVP expression in the tumor, 

dendritic cells, and macrophages and ICB response in an additional cancer type; renal cell 

carcinoma. 

 

3.7 Discussion 

For the diversity and breadth of cellular and molecular functions linked to MVP 

expression, a function of MVP in anti-tumor immunity has not yet been elucidated. Here we 
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make progress toward characterizing a novel role of MVP in anti-tumor immunity. We identify 

that MVP expression is associated with adaptive immune response across multiple melanoma 

patient cohorts. We find that immune-related gene expression changes associated with MVP are 

consistent across all four cohorts of patients surveyed. As this analysis is associative, and does 

not differentiate MVP expression from the tumor vs from the host, we designed a series of in vivo 

tumor allograft and xenograft experiments with an immunocompetent host MVP knockout 

model, an immunocompetent tumor MVP knockout model, and an immunodeficient tumor MVP 

knockout model. For the first time, we suggest that MVP in both the host and in the tumor each 

separately impact survival, and this tumoral-expression driven effect on survival is immune-

dependent. We identify that MVP KO tumors exhibit higher abundance of exhausted CD8+ T 

cells compared with control tumors by scRNA-seq profiling. MVP KO tumors upregulate genes 

involved in multiple signaling pathways as well as cholesterol homeostasis. Finally, we 

demonstrate that high Mvp expression is associated with significantly increased survival 

probability in multiple melanoma patient cohorts, as well as decreased incidence of progressive 

disease.  

Though functional studies would be essential to demonstrate this, we hypothesize that 

this protection against exhaustion may underlie the positive effects of MVP expression on 

overall survival and response to immune checkpoint blockade, as CD8+ T cell exhaustion is an 

established barrier to immune control of tumors and checkpoint immunotherapy response. 

Our studies, however, do not explain how tumoral Mvp  expression influences tumor-

immune interactions. Mvp may influence immune cells in the tumor microenvironment by 

regulating genes involved in cholesterol homeostasis. Accumulation of cholesterol within the 

plasma membrane of cells enhances the formation of lipid rafts, which are plasma membrane 
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domains rich in cholesterol that are critical for transduction of many different signaling 

pathways. Of note, MVP is important for lipid raft formation in response to P. aeruginosa 

infection (149). It is possible that the effects of lipid raft stabilization are amplified in an immune 

checkpoint inhibitor treatment context. Upregulated LDLR expression in tumor cells, which we 

observe in MVP KO tumors, can lead not only to the accumulation of cholesterol in tumor cells, 

but also the accumulation of cholesterol in the tumor microenvironment and thus contribute to 

CD8+ T cell dysfunction (171, 172). 

There are several limitations to this study. First is the use of a single cohort per in vivo 

experiment. Second is our use of a single tumor model to test our hypotheses in vivo. Extending 

these experiments to an additional tumor model would inform whether these results are 

generalizable across cancer types. Third, while our study lays the foundation for future 

investigation of MVP as a regulator of anti-tumor immunity, further mechanistic validation is 

required to confirm the effects on infiltrating cytotoxic CD8+ T cell function as well as validate 

the effect of Mvp expression on the tumor. 

As a positive regulator of anti-tumor immunity and potential protector from CD8+ T cell 

exhaustion, MVP expression may have potential as a previously unrecognized therapeutic target 

to augment response to checkpoint immunotherapies. Augmenting MVP expression in tumors in 

combination with checkpoint immunotherapy may protect against terminal and irreversible 

CD8+ T cell exhaustion to enable sustained checkpoint immunotherapy response.  
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3.8 Supplemental Figures 
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Supplemental figure S3-1: MVP expression is associated with increased inflammatory response in patient 
cohorts MVP -high tumors: MVP expression > 66th percentile, MVP -med tumors: >33rd percentile and <66th 
percentile, MVP -low tumors: MVP expression < 33th percentile. (A) The top 12 biological process and molecular 
function gene ontology terms enriched in genes upregulated in MVP-high tumors in the TCGA SKCM dataset (C) 
As in A, but in the Van Allen et al., 2015 dataset (E) As in A, but in the Gide et al., 2019 dataset (B,D,F,G) Gene 
expression comparison in MVP -high vs MVP -low tumors. Labeled genes correspond to overlapping differentially 
expressed genes across all four cohorts. Differentially expressed genes: log fold change > 1.5 and p-value <0.05. 
Upregulated genes in red, downregulated in blue. Volcano plots of differentially expressed genes in each dataset: 
TCGA SKCM; Van Allen et al., 2015; Gide et al., 2019; Liu et al., 2019 
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Supplemental figure S3-2: Tumoral MVP expression and host MVP expression uniquely increase survival 
probability in vivo. (A) Depletion of MVP protein is observed in liver lysate from an MVP-/- founder mouse. MVP 
signal is reduced in a MVP+/- littermate. (B) Validation of depletion of MVP protein in MVP KO B16-F10 cells and 
OVA expression in MVP KO and NTC B16-OVA cells. (C) Total tumor burden per animal; host MVP KO allograft 
model. n=10 mice per condition. (D) Mean volume of tumors per genotype; host MVP KO allograft model. n=20 
tumors per condition. (E) Total tumor burden per animal; tumor MVP KO allograft model. n=10 mice per condition. 
(F) Mean volume of tumors per genotype; tumor MVP KO allograft model. n=20 tumors per condition. (G) Total 
tumor burden per animal; tumor MVP KO xenograft model. n=9-10 mice per condition. (H) Mean volume of tumors 
per genotype; tumor MVP KO xenograft model. n=19-20 tumors per condition. 
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Supplemental Figure S3-3: Sample-level validation of single cell RNA-sequencing data. (A) Molecule counts vs 
gene counts per sample (B) UMAP visualization of all cells colored by each sample. (C) UMAP visualization of 
lymphoid cells colored by each sample. 
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Supplemental Figure S3-4: MVP KO tumors display increased abundance of exhausted CD8+ T cells in vivo. 
(A) Expression of markers of effector CD8 T cells visualized on UMAP of lymphoid cells. (B) UMAP visualization 
of tumor cells colored by genotype, cell cycle phase, or sample. (C) Differentially expressed genes between WT and 
MVP KO tumors determined by Mahalanobis distance and log fold change > 0.75. The top 50 differentially 
expressed genes are labeled. Reference: WT. (D-F) Differentially expressed genes between WT and MVP KO 
tumors determined by Mahalanobis distance corresponding to cells in G2M, S, and G1 phases of the cell cycle 
respectively. Points colored in red are involved in cholesterol homeostasis. Labeled points in red are significantly 
differentially expressed. Points in blue are other significantly differentially expressed genes. 
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Supplemental Figure S3-5: MVP expression is associated with response to immune checkpoint inhibition. 
MVP-high tumors: MVP expression > 66th percentile; MVP -low tumors: MVP expression < 33rd percentile. Kaplan 
Meier survival curves comparing MVP -high and MVP -low tumors adjusted for confounding effects of sex and 
tumor mutational burden covariates by Cox Proportional Hazards modeling. Hazard ratio (HR) and p-value obtained 
from fitting a Cox Proportional Hazards model. (A) Data re-analyzed from Van Allen et al. 2015. (B) Data re-
analyzed from Liu et al., 2019. (C) Data re-analyzed from Gide et al., 2019. 
 
 

3.9 Materials and Methods 

Cell lines 

B16-F10 mouse melanoma cell line derivatives were cultured at 37°C and 5% CO2. B16-F10 

parental cell line was purchased from ATCC (ATCC, Manassas, VA) and cultured in Debeco’s 

Minimum Essential Medium (Gibco, Waltham, MA) supplemented with 10% FBS (Gibco) and 

1% Pen Strep (Gibco). MVP KO cells were generated using an alt-R genome editing kit (IDT, 

Coralville, Iowa) with two predesigned csRNAs from IDT: Mm.Cas9.MVP.1.AA MVP and 

Mm.Cas9.MVP.1.AC MVP. RNP complexes were electroporated into B16-F10 cells. Knockout 
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of MVP was validated with the alt-R Genome Editing Detection Kit and by western blot. MVP 

KO and NTC B16-OVA were generated by lentiviral transduction of pLVX-puro-cOVA 

(Plasmid #135073, Addgene, Watertown, Massachusetts) 

 

Generation of MVP-/- mouse model 

We designed paired guide RNAs to target the 3’ splice site of exon 4: guides = MVP_KO3 and 

MVP_KO4 = CCAAGTATCAGGTTTGAGCT and GGGCAGAACCACCTGCAGCG. The 

resulting deletion allele contains an indel in intron 3 and indel in exon 4. As a result of this 

frameshift mutation, a premature termination codon is introduced in exon 4. These guide RNAs 

and Cas9 were delivered into one-cell C57BL/6J embryos by pronuclear microinjection. DNA 

was isolated from tail clips and used to genotype F0 mice. Mice were genotyped with forward 

and reverse primers, where wildtype tissue yields in a 478 bp product. Primer sequences: MVP 

Geno 5F- GAGGAGGAGACAGCTGATGC, MVP Geno 5R- AGTTCTTCAGACCTGGTGGC. 

F0 mice with presence of a non-WT band on PCR were crossed with WT C57BL/6 mice to 

assess the transmission of the mutant allele. Recovered mutant alleles in the MVP exon 4 locus 

were propagated by backcrossing F0 mice and intercrossing heterozygous F1 mice to generate 

MVP-/-, MVP+/-, and MVP+/+ progeny.  MVP-/- mice were backcrossed four generations.  

 

Tumor allograft and xenograft experiments 

For the host MVP KO experiment, all mice used were in the C57BL/6 background, with age- and 

sex-matched WT controls purchased from Jackson Labs as we required more mice than we could 

produce as littermates. All mice used in the immunocompetent tumor MVP KO experiments 

were age- and sex-matched WT C57BL/6 mice purchased from Jackson Labs. All mice used in 



 75 

the immunodeficient tumor MVP KO experiments were age- and sex-matched NOD scid gamma 

(NSG) mice purchased from Jackson Labs. For all experiments, we infected 500,000 cells 

subcutaneously into each flank and monitored tumors for growth daily. Once palpable or visible, 

we began measuring tumors to track changes in volume. Survival studies utilized endpoint 

criteria defined by Fred Hutchinson Cancer Center IACUC. Tumor size criteria: tumors to not 

exceed 1.5cm in either direction nor combined total tumor burden of 2000mm^3.  

 

Single cell RNA-sequencing data processing and expression analysis 

Data underwent initial processing in CellRanger (173) by the Fred Hutch Genomics Shared 

Resource core facility, where samples were demultiplexed. Quality control and downstream 

analyses were performed in python by Tracy Yang and Dominik Otto. Individual samples 

underwent quality control, where cells with mitochondrial reads exceeding 20% were removed. 

Thresholds for RNA content were >3rd and <98th percentiles of molecule counts and expression 

of greater than 50 genes. Data were then combined and normalized per cell and log transformed. 

Using CellRanger, the top 2500 highly variable genes were selected and informed cell-cell 

variability. PCA analysis was used to reduce dimensionality in the data, and the data were 

ultimately visualized by UMAP, with Leiden clustering used with standard parameters to 

determine groups of similar and different cells. Cell type annotations were determined by 

expression of defined cell type phenotypic markers. 

 

Differential abundance analysis 

Method to be described in new manuscript in process by the Setty Lab: Otto D, Yang R, Arriaga-

Gomez E, Thieme E, Lee SC, Setty M. kompot statistical framework for single-cell resolution 
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differential abundance and differential expression testing. In preparation (2025) . This 

methodology builds upon methodology published previously (164). 

 

Immunohistochemistry 

Tissues from tumors were processed, embedded and stained through the Fred Hutch 

Experimental Histopathology core. Mouse CD8A and SOX10/S100 (cocktail to stain for mouse 

melanoma cells). Staining was performed with a BOND RX autostainer (Leica Biosystems) and 

images were then acquired with an Aperio ImageScope at 40x magnification (Leica Biosystems). 

Image analysis was completed using HALO Image Analysis software. 

 

Survival analyses 

Survival analyses were performed with the Kaplan–Meier estimator and statistical tests were 

performed with a log rank test (R package survival) (123). Samples were stratified by expression 

of Mvp, where high and low expressing samples were defined by tercile > 66th percentile or < 

33rd percentile respectively, and compared. Adjusted survival probabilities were calculated by 

fitting a Cox Proportional Hazards model to adjust for the covariates sex and tumor mutational 

burden. 

 

Chapter 4 Perspectives and future directions 
 

Here we explore the contributions of two candidate modulators of tumor-immune 

interactions. In the case of CGB7, we characterize a biomarker of reduced anti-tumor immunity 

and in the case of MVP, we describe a positive regulator of anti-tumor immunity. 
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4.1 Validation of CGB as a biomarker of immune evasion and resistance to ICI in cancer 

Our investigation describes the potential value of the expression of CGB genes as cancer 

biomarkers, and ultimately suggests that CGB7 expression in particular may be a biomarker of 

tumor immune escape, and may have prognostic value to predict poor response to immune 

checkpoint inhibitor therapies. Further validation of CGB is required to facilitate use of CGB 

expression as a clinical-grade biomarker.  

Potential modalities for CGB biomarker detection might be qRT-PCR based biomarker 

assay to detect transcripts of CGB genes, or an Enzyme Linked Immunosorbent Assay (ELISA) 

to detect secreted protein. We, and others as described in chapter 2, have validated that detection 

of CGB is possible at a gene expression level, where we can parse expression of individual CGB 

genes, as well as at the protein level, where CGB proteins are secreted, and perhaps more 

challenging to detect as individual type-I vs type-II CGB proteins due to the three amino acid 

difference between type-I and type-II proteins.  

 Interestingly, as described in our data, it appears that detection of bulk, or any, CGB 

transcripts may have value as biomarkers of poor response or resistance to immune checkpoint 

inhibition. This affords the possibility of utilizing an ELISA assay that detects bulk CGB 

secreted protein from patient sera or plasma. A bulk CGB ELISA assay is already FDA approved 

and widely clinically utilized for use in pregnancy testing, making this assay an attractive 

candidate assay to apply widely for cancer detection and prognosis. 

As CGB7 appears to be the only CGB gene associated with a suppressed tumor immune 

microenvironment, it is possible that CGB7 uniquely impacts tumor-immune interactions 

through mechanisms not conferred by type-I CGBs. It is possible that there could be utility in 

development of a CGB7-specific biomarker assay to be used in parallel with a bulk/any CGB 
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detection assay if indeed it is validated that CGB7 expression uniquely impacts prognosis in 

certain disease or therapeutic contexts. ELISA with a highly CGB7-specific antibody, or qRT-

PCR for CGB7 transcripts could have potential as biomarker assays. Another interesting 

potential biomarker assay to explore to detect CGB protein is immunohistochemistry (IHC) 

detection of CGB. 

Final critical consideration for validation of CGB as a cancer biomarker are a need to 1) 

measure CGB expression or secretion in a prospective study to determine whether CGB 

accurately predicts response to checkpoint immunotherapy and 2) the need to extend these 

predictive analyses to additional patient cohorts, larger patient cohorts, and ultimately to 

additional cancer types, as CGB is expressed in many cancers. 

 

4.2 Perspectives for determining CGB7 mechanism of immune evasion in cancer  

Our work elucidated an exciting association between expression of CGB genes and 

prediction of response to immune checkpoint inhibition in advanced bladder cancer. It also 

revealed an association between CGB7 and markers of immune evasion. Thus, characterizing the 

molecular mechanism of CGB7 and other CGB proteins in cancer would be a critical next step. 

A major limitation of studying primate-specific CGBs is the challenge of 

immunocompetent murine modeling. In any context, CGB proteins would be foreign proteins in 

mice not exposed to hCG during development, likely masking any potential immunosuppressive 

effect of CGB. A potential way around this would be through generation of CGB centrally 

tolerized mouse model inspired by Grzelak et al. (180). 

Pilot experiments not described in chapter 2 were performed to explore potential 

molecular and cellular mechanisms of CGB proteins in tumor-immune interactions. A role of 
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CGB proteins as regulators of T regulatory cell recruitment was explored by co-culturing CD4+ 

T cells isolated from PBMCs with conditioned media from CGB-expressing cancer cell lines or 

supplemented with recombinant CGB protein. The effect of CGB on immune cell phenotype and 

function was investigated with a pilot assay where donor-derived whole blood was treated with 

recombinant CGB protein or conditioned media from CGB+ tumor cell lines as well as 

stimulatory positive controls and negative vehicle control. As CGB proteins are hypothesized to 

be immunosuppressive, future investigation may be more informative performed under immune-

stimulating conditions, such as with IFNg or TNFa stimulation. Tumor-intrinsic effects of CGB 

expression were also investigated, such as an effect on proliferation, or expression of genes in 

inflammatory signaling, were largely negative, again suggesting the value of investigating the 

mechanisms of action of CGB7 and other CGB proteins in an immune-activating context.  

 

4.3 Functional characterization of MVP-associated effector CD8+ T cells 

Our work in chapter three identified a previously uncharacterized function of MVP in 

tumor-immune interactions. We have shown that MVP KO tumors are associated with increased 

abundance of effector CD8+ T cells that, while expressing high levels of Gzmb, Prf1, and Ifng, 

appear fated for the exhaustion pathway with high expression of multiple immune checkpoints or 

markers of exhaustion: Pdcd1, Tim-3 (Havcr2), Lag-3, Tox. Previously, cells of a similar 

phenotype have been characterized in myeloma  by Minnie et al. (167) and a highly similar B16-

OVA melanoma by Miller et al. (168). Minnie et al. suggest that these cells retain effector 

function and may be able to be functionally rescued by immunotherapy (167). Miller et al. 

describes these cells as retaining some effector function, but ultimately these effectors are short 

lived and do not contribute to durable anti-tumor effects. Miller et al. goes on to demonstrate that 

anti-PD-1 therapy does not act on these cells (168). Ultimately, there are multiple reports of 



 80 

highly cytotoxic CD8+ T cells with features of exhaustion that appear phenotypically similar to a 

population of cells significantly more present in MVP KO tumors than in control (NTC) tumors. 

As there are variable findings surrounding the function of these highly cytotoxic cells with 

features of exhaustion, and their sensitivity to checkpoint immunotherapy, it is clear that 

functional follow up studies would be essential to functionally characterize this population of 

cells in our model.    

 A next step that could be taken toward functionally characterizing these cells in our 

model would be a co-culture assay with CD8+ T cells isolated from OT-1 mice and MVP KO or 

NTC B16-OVA cells. Here, tumor killing could be measured, as could surface marker expression 

on CD8+ T cells after co-culture, by flow cytometry. After co-culture, levels of cytokines in the 

supernatant could be measured by ELISA. These data would provide a snapshot of the effector 

function of CD8+ T cells cultured with MVP KO or NTC control tumor cells coupled with 

profiling of CD8+ phenotypes present in the co-culture, and could guide future functional 

studies. 

 To determine whether the positive survival effect of tumor MVP expression is dependent 

on CD8+ T cells, the same survival cohort we performed in our study could be performed in the 

presence of a CD8+ T cell antibody. If CD8+ T cells are necessary for the MVP-driven pro-

survival phenotype, it would be expected that the survival curves would be highly similar for 

mice bearing MVP KO and NTC tumors in this context. 

 Additional experimentation to better understand functional implications of MVP-

associated CD8+ T cell exhaustion in the context of immune checkpoint inhibitors would be 

valuable. Here, tumor allograft studies could be performed by engrafting MVP KO or NTC B16-

OVA cells into C57BL/6 mice and treating them with PD-1 or CTLA-4 monotherapy. A survival 
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study would inform the effect of MVP expression on response to immune checkpoint inhibition. 

A parallel fixed-endpoint study would enable collection of tumors for subsequent analysis 

(scRNA-seq, flow cytometry, etc.).  

 

4.4 Concluding perspectives 
 

This work characterizes two novel therapeutic targets and/or biomarkers of resistance or 

response to immune checkpoint inhibitors and contributes to our overall understanding of the 

multifaceted landscape of factors that influence immunotherapy response and tumor-immune 

interactions. Many patients upwards of 50% do not ultimately achieve a durable response to ICI 

therapy, and in this context, we propose that targeting of MVP or CGB7 (or CGB proteins 

broadly) may be valuable in combination with ICI to enhance response rates for subsets of 

patients.   

CGB proteins have been studied as oncofetal antigens and subsequently cancer 

biomarkers for decades. This work further expands our understanding of CGB proteins in cancer 

by establishing previously unrecognized associations between CGB7 and markers of immune 

evasion, decreased survival probability in the context of immune checkpoint inhibition, and lack 

of response to immune checkpoint inhibition in urothelial carcinoma. We go on to extend this 

association by demonstrating that CGB7 expression can predict this decreased survival 

probability with a similar predictive value as established and widely used biomarker tumor 

mutational burden (TMB). This reinforces that CGB proteins are valuable biomarkers not just of 

cancer in general, but can actually be utilized to predict checkpoint immunotherapy outcomes.  

As CGB7, and other CGB genes, are expressed widely across cancers, they may be 

widely valuable as clinical biomarkers in this setting. With additional validation of associations 
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between CGB protein levels in blood or urine and survival in checkpoint immunotherapy 

treatment, it may be possible to rapidly repurpose pre-existing clinical CGB tests for cancer, as 

clinical tests already exist to detect CGB proteins in pregnancy and testicular cancer. As CGB 

proteins are secreted, they are excellent candidates for inhibitory targeting with CGB-specific 

therapeutic antibodies. This is one strategy for developing an anti-CGB therapeutic to be used in 

combination with checkpoint immunotherapy. 

This work additionally expands our understanding of the vault complex, which has been 

shrouded in mystery for decades. Though the vault, and expression of the main component of the 

vault MVP, have since been linked to diverse biological processes and molecular functions, 

fundamentally we lack complete understanding of the functions of the vault complex. Here we 

contribute to this understanding by describing a previously unappreciated role of MVP in tumor-

immune interactions, with both host and tumor-derived Mvp enhancing survival probability in 

melanoma. We further identify associations between MVP and increased survival probability in 

the context of immune checkpoint inhibition, which may be explained by our finding that MVP 

KO tumors exhibit increased abundance of effector CD8+ T cells that express high levels of 

multiple markers of exhaustion and therefore may exist along the spectrum of dysfunction.  

As MVP is expressed widely across healthy cells, augmenting MVP expression or MVP 

protein levels in cancer cells may offer protection against exhaustion of effector CD8+ T cells. 

Indeed, therapeutic vault nanoparticle shells have been developed to delivery targeted 

therapeutics to cancers, and here we suggest that delivery of the vault shell—composed largely 

of MVP-- alone may afford some therapeutic benefit in both within the context of melanoma 

cancers treated with checkpoint immunotherapy and perhaps even in those untreated with 

checkpoint immunotherapy. 
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Taken together, this work advances our understanding of factors that influence tumor-immune 

interactions and survival in checkpoint immunotherapy treated cancers in multiple types.  
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