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Abstract 

 

Immune checkpoint therapies, particularly monoclonal antibodies binding to the immune inhibitory 

molecules programmed death-1 (PD-1) and its ligand PD-L1 as well as cytotoxic T lymphocyte associated 

protein 4 (CTLA-4), have yielded impressive clinical benefits in a variety of cancer types by potentiating 

the anti-tumor immune response. However, not all patients respond to these therapies, and the tumor or 

patient characteristics that underlie robust responses to immune checkpoint therapy remain unknown. 

Advances in genetic sequencing technology and in silico analysis tools have provided a valuable toolbox 

for investigating the variation in patient tumor genotype and phenotype and how this impacts response to 

anti-cancer therapies. In this study, I analyze whole exome and whole transcriptome sequencing data 

from pre-treatment and post-treatment tumors of more than patients with annotated outcomes to immune 

checkpoint therapy to identify potential correlative markers of response and resistance to cancer 

immunotherapies. These studies vary from analysis of a large cohort of patients of a single cancer type 

focusing largely on whole exome characteristics to a longitudinal, in-depth, multi-dimensional view of 

multiple tumors obtained longitudinally through a single patient’s course of treatment to a meta-analysis 

combining multiple cancer histologies and immune checkpoint therapy types under a unified genetic 

analysis pipeline. Using these methods, I identify multiple biological pathways of interest, including 

formation of tumor-specific neoantigens, interferon-γ-related pathways, major histocompatibility complex 

(MHC) variability, phosphatase and tensin homology (PTEN) signaling, and ultraviolet-light and smoking-

related molecular signatures. These features likely interact in complex and intertwining ways to influence 

a patient tumor’s interactions with the immune system, and where possible, I pursue experimental studies 

with collaborating researchers to further delineate and validate these interactions. This study highlights 

potential genes and molecular mechanisms that may indicate promising avenues to better understand the 

cancer-immune interaction and thus improving patient selection for immune checkpoint and identifying 

areas of improvement for future immune checkpoint therapies.   
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Chapter 1: Introduction 

Immune checkpoint therapies are a class of monoclonal antibodies aimed at controlling tumor burden by 

enhancing anti-tumor immune responses. These drugs significantly benefit a subset of patients in a 

variety of cancer types, though serious side effects are also common (Pardoll, 2012). Thus, development 

for pre-treatment biomarkers of response to these drugs has been an area of great clinical interest. These 

studies could help ensure that patients likely to benefit from immune checkpoint therapies receive these 

drugs, guide patients who would experience no clinical benefit or life-threatening adverse effects towards 

other therapies, inform understanding of the tumor-immune interaction, and guide pharmaceutical 

development of more effective and well-tolerated drugs and rational combination therapies. In this study, I 

analyze molecular sequencing from tumors of patients treated with immune checkpoint therapies and 

large cohorts of untreated patients in multiple tumor types to describe genomic correlates and potential 

biological mechanisms of response and resistance to immune checkpoint therapies. To frame these 

studies, I will briefly describe the preclinical and clinical development of immune checkpoint therapies, 

which informs many of the current hypotheses surrounding genomic mechanisms of response and 

resistance. I will also summarize past work in genomic biomarker development, including discussion of 

past work pertaining to immune checkpoint therapies.  

 
Preclinical rationale for development of immune checkpoint therapies 
Immune checkpoint inhibitors are one class of cancer immunotherapies. These immunotherapies 

generally rely on the concept that tumors have immunosuppressive or immunoevasive qualities that 

prevent the host immune system from recognizing tumor-relevant antigens and danger signals, and that 

removing these immunosuppressive restraints can promote a sustained anti-tumor immune response. A 

connection between tumor control and the host immune system has been observed for centuries – rare 

observations of spontaneous cancer remission following systemic immune responses to bacterial 

infections in the late 1800s (Coley, 1893) or of localized radiation therapy leading to systemic tumor 

remission (known as the abscopal effect) (Mole, 1953) were thought to be linked to immunological 

activation against tumor-specific antigens (Mellman et al., 2011). However, only recently has 

understanding of tumor immunology progressed to a point that researchers can identify specific antigenic 

targets on tumor cells and manipulate biological pathways involved in tumor-immune interactions 

experimentally (Schreiber et al., 2011).  

These investigations in tumor immunology have led to increasing recognition of immune evasion 

as a key “hallmark” of tumor progression (Hanahan and Weinberg, 2011). The tumor-immune interaction 

involves a complex interplay of tumor-intrinsic and host factors, which can be understood as a “cancer-

immunity cycle” (Chen and Mellman, 2013). Thus, tumors intrinsically vary in immunogenicity; measurable 

proxies for the degree of immunologic activity in a tumor include presence of immune checkpoint 
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molecules on the cell surface, degree of T lymphocyte infiltration into the tumor, and concentration of 

inflammatory cytokines in circulating blood or in the tumor microenvironment .  

 Neoantigens, or tumor-specific mutant peptides, may be one component influencing the ability of 

a cancer to stimulate an anti-tumor response.  Genetic mutations are a major part of the pathogenesis of 

many human cancers. Certain genes behave as oncogenes and tumor suppressors, and mutations in 

these can promote tumorigenic behaviors. Other mutations known as “passenger mutations” do not have 

clear tumor-promoting functions, but may be present in the tumor as the result of carcinogenic exposures 

such as ultraviolet light or accumulated due to defective DNA repair mechanisms. Regardless of their 

etiology, these mutated genes can be translated into tumor-specific mutant peptides. Some of these may 

bind avidly to patient major histocompatibility complexes (MHCs), forming neoantigens that could be 

recognized by the host immune system and targeted for immune-mediated destruction of cancer cells. 

Indeed, tumors with high mutational burdens tend to also have high levels of tumor-infiltrating immune 

activity (Varn et al., 2017), and murine studies have found that immunotherapies tend to have higher 

efficacy in highly mutated tumor cell lines. Specific neoantigen targets have been identified in a subset of 

cases (Gubin et al., 2014).  

Thus, the development of cancer immunotherapies has often started in known immunogenic 

cancer types, and in the field of immune checkpoint therapy, monoclonal antibodies blocking the immune 

checkpoint cytotoxic T lymphocyte-associated protein-4 (CTLA-4) were first shown to mediate anti-tumor 

regression against immunogenic tumors as monotherapy in murine models (Leach et al., 1996). CTLA-4 

is expressed on T cells and promotes T regulatory cell immunosuppressive activity (Topalian et al., 2015). 

In normal physiology, this interaction is thought to stem the development of autoimmune inflammation, 

and Ctla4-/- mouse models experience early death from diffuse lymphoproliferative disease.  

Another immune checkpoint interaction is that between programmed cell death 1 (PD-1) and its 

ligands (PD-L1 and PD-L2). In contrast to CTLA-4 interactions, which are thought to occur largely at 

secondary lymphoid structures, PD-1 interactions occur within the tumor microenvironment. The binding 

of PD-1 on T cells to PD-L1/2 on tumor cells or tumor-infiltrating immune cells leads to inhibition of T cell 

effector functions, reduced interactions between T cell receptors and peptide-MHC complexes, and 

increased T regulatory cell proliferation (Topalian et al., 2015). PD-1 and PD-L1/2 are commonly highly 

expressed on tumor-infiltrating lymphocytes and on human tumor cells, respectively, suggesting that 

these immune inhibitory pathways may be central to maintaining the immunosuppressive tumor 

microenvironment. Elevated PD-L1 expression has been mechanistically linked to constitutive tumor 

driver mutations, including AKT pathway and STAT3 activation common in many tumor types and 

chromosome 9p amplification over the PD-L1/2 locus in Hodgkin’s lymphoma, as well as adaptive 

resistance in response to interferon-γ (IFN-γ) (Topalian et al., 2015). Many other stimulatory and 

inhibitory immune checkpoint interactions have also been described and are under active pre-clinical 

investigation (Pardoll, 2012). 
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Clinical use of immune checkpoint therapies  
Anti-CTLA-4 therapies were first used clinically in metastatic melanoma (Hodi et al., 2010), a cancer type 

previously known to be responsive to earlier cancer immunotherapies such as high-dose interleukin-2 (IL-

2) (Rosenberg et al., 1994). The phase III clinical trial of anti-CTLA-4 (ipilimumab) monotherapy in 

metastatic, treatment-refractory melanoma showed overall response rates of around 10% and 

significantly prolonged overall survival compared to the control arm. However, adverse events occurred in 

about 60% of patients, and serious immune-related adverse events occurred in 10-15% of patients (Hodi 

et al., 2010). Long-term follow-up of nearly 2000 patients treated with ipilimumab for metastatic melanoma 

in phase II or III clinical trials showed a plateau in overall survival after three years in about 20% of treated 

patients (Schadendorf et al., 2015). This demonstration of clinical benefit of immune checkpoint 

monotherapy represented the first newly approved treatment option for metastatic melanoma in more 

than twenty years and highlighted some clinical idiosyncrasies to cancer immunotherapies.  

The long-term overall survival benefits of ipilimumab monotherapy were impressive, and 

unexpectedly, exceeded the number of patients with objective tumor response (measured by decrease in 

tumor volume by radiographic imaging). While cytotoxic or targeted chemotherapies generally induce 

immediate decreases in tumor burden in responders, followed usually by acquired resistance and 

continued tumor growth after a period of time, the time period between the first dose of immune 

checkpoint therapy and decreases in objective tumor burden can be long, likely due to the need to active 

a systemic immune response. In a subset of patients, tumor control persists for an extremely long time 

(>3 years) after cessation of immune checkpoint therapy infusions, also potentially related to 

immunological memory. These unique immune-related response dynamics also pose a challenge for 

clinical biomarker development, as pre-existing metrics of response to anti-cancer agents such as 

Response Evaluation Criteria in Solid Tumors (v1.1) (Eisenhauer et al., 2009), which is the standard for 

many clinical trials, may not be appropriate for new immunotherapies. For example, patients who have 

long-term clinical benefit from immune checkpoint therapies may have early radiographic changes 

suggesting tumor progression  – termed “pseudo-progression” – perhaps due to small amounts of tumor 

growth while the immune response is activated or due to infiltration of tumor-reactive lymphocytes causing 

local inflammation. These patients would be classified as non-responders in traditional response 

classifications. While newer immunotherapy-specific response criteria have been proposed, these have 

not yet been widely adopted in clinical trials and can be difficult to apply retrospectively (Seymour et al., 

2017; Wolchok et al., 2009).  

Anti-PD-1 and anti-PD-L1 therapies were developed and applied clinically soon after the success 

of anti-CTLA-4 therapies in metastatic melanoma. In accordance with pre-clinical studies showing PD-

1/PD-L1 interactions mainly in the tumor microenvironment rather than more broadly during T cell 

activation in secondary lymphoid organs, anti-PD-1/PD-L1 therapies generally have more favorable 
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toxicity profiles compared to anti-CTLA-4 therapies (Pardoll, 2012). The first PD-1 inhibitor to gain FDA 

approval was pembrolizumab for treatment-refractory non-small cell lung cancer staining strongly for PD-

L1, followed by approval for another anti-PD-1 agent called nivolumab for treatment-refractory non-small 

cell lung cancer regardless of PD-L1 status. Additional approvals for anti-PD-1/PD-L1 therapies in the 

treatment-refractory setting have followed for melanoma, head and neck squamous cell carcinoma 

(HNSCC), urothelial carcinoma, Hodgkin lymphoma, Merkel cell carcinoma, and squamous cell 

carcinoma, with ongoing clinical trials in many other cancer types. However, not all tumor types seem to 

be immune-checkpoint-responsive at high rates; for example, clinical results in metastatic prostate cancer 

and sarcomas have thus far been disappointing (De Bono et al., 2018; Tawbi et al., 2017).  

 

Predictive biomarkers for anti-CTLA-4 and anti-PD-1/PD-L1 therapies  
Given the durable clinical benefit observed with immune checkpoint therapies in a subset of patients, 

identifying pre-treatment biomarkers of clinical benefit has become a clinical priority. Because of the role 

of CTLA-4 in regulating T effector and T regulatory cell activity, early biomarker studies for anti-CTLA-4 

therapies focused on characterizing global immune status in patients before and soon after initiating 

therapy. For example, increases in absolute lymphocyte counts in peripheral blood are associated with 

improved outcomes, with CD8+ T cells potentially playing an especially important role (Martens et al., 

2016). Increased expression of the co-stimulatory molecule inducible T cell co-stimulator (ICOS) on 

immune cells has also been shown to correlate with response to CTLA-4 blockade in multiple tumor types 

(Ng Tang et al., 2013).  

Meanwhile, because anti-PD-1/PD-L1 therapies are thought to act mostly within the tumor-

immune microenvironment, biomarker development has focused on characterizing intratumoral tumor-

immune interactions. Immunohistochemical staining for PD-L1 is an FDA-approved biomarker of 

response to anti-PD-1 therapies. In a meta-analysis of twenty phase I, II, and III clinical trials, patients 

with tumors that stained positively for PD-L1 had objective tumor responses following anti-PD-1 therapies 

at higher rates (34.1%) compared to those with negative staining (20%) (Carbognin et al., 2015). This 

trend was strongest in melanoma and non-small-cell lung cancer, while response to anti-PD-1 therapies 

in renal cell carcinoma was not clearly related to PD-L1 staining. However, a large proportion of patients 

with tumors staining strongly for PD-L1 fail to have clinical benefit from immune checkpoint therapies, and 

many patients with PD-L1- tumors experience responses. Further immunological profiling of pre-treatment 

tumors from immune-checkpoint-treated patients have found that CD8+ T cell activation (as measured by 

Ki67 and CD-8 co-staining), proximity of PD-1+ and PD-L1+ cells, and PD-L1 staining at the invasive tumor 

margin may be especially correlated with clinical outcomes to immunotherapy (Taube et al., 2014; Tumeh 

et al., 2014). However, the use of different companion anti-PD-1 and anti-PD-L1 antibodies for each anti-

PD-1/PD-L1 drug (e.g. atezolizumab, nivolumab, pembrolizumab) and differences in cut-offs for 

designating PD-L1+  vs. PD-L1-  tumors across studies have made comparing results across studies and 
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across cancer types difficult (Villaruz et al., 2019). Furthermore, PD-L1 staining has positive prognostic 

significance in some solid tumors, such that deconvolution of its role as a predictive versus prognostic 

biomarker in clinical studies is an additional challenge (Xiang et al., 2017).   

 

Genomic sequencing for precision cancer medicine   
Given the prominent role of cancer-specific mutations in both driving tumorigenesis and influencing 

immune phenotypes via generation of neoantigens, genetic sequencing of patient tumors has been an 

area of intense translational study. In the field of targeted therapies, the connection between pre-

treatment tumor genetics and likelihood of response to therapy is clear: the first targeted chemotherapy 

was imatinib, a Bcr-Abl tyrosine-kinase inhibitor approved specifically for use in chronic myelogenous 

leukemia, which commonly harbors a genetic translocation between chromosomes 9 and 22 leading to a 

fusion of the BCR and ABL genes, producing a constitutively active kinase (Druker et al., 2001). Other 

uses of targeted molecular sequencing to guide use of targeted chemotherapies include vemurafenib and 

dabrafenib for BRAF-mutant melanoma and erlotinib for EGFR-mutant non-small-cell lung cancer. 

However, the relationship between mutations in particular genes and response to non-targeted 

chemotherapies or immunotherapies is unclear. Whole exome sequencing of pre-treatment tumors from 

patients receiving neoadjuvant platinum-based therapy for muscle-invasive bladder cancer (MIBC) prior to 

cystectomy found that patients with tumors harboring inactivating mutations in ERCC2 had increased 

likelihood of complete response (no residual tumor at time of cystectomy) compared to those without 

ERCC2 mutations (N=50) (Van Allen et al., 2014). This finding was verified in a follow-up study in an 

independent cohort of 48 patients with MIBC (Liu et al., 2016), and has spurred interest in investigating 

the mechanism of this relationship. Cisplatin is known to generate DNA cross-links repaired by the 

nucleotide excision repair (NER) pathway, of which ERCC2 is a known member, suggesting that inability 

to repair DNA damage in bladder cancer tumors with ERCC2 mutations may underlie sensitivity to 

platinum-containing agents. ERCC2 mutations have been further associated with accumulation of 

mutations attributable to DNA damage in untreated bladder cancer tumors (Kim et al., 2016), again 

suggesting a global deficiency in DNA repair in these tumors. Thus, assessment of pre-treatment whole 

exome features of a tumor may provide a window into tumor biology and tumor-immune interactions with 

relevance to developing biomarkers of response to cancer therapies as well as informing research on 

mechanism of action of cancer therapies.  

 

Genomic predictors of response to immune checkpoint therapies  
Given that cancer neoantigens are thought to be a major source of tumor-intrinsic susceptibility to 

immunotherapies, another avenue of biomarker development has been characterizing the number of 

mutations and neoantigens (“mutation and neoantigen burden”) present in a pre-treatment tumor via 

molecular studies (whole exome and whole transcriptome sequencing). The first study to investigate this 
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hypothesis was done in metastatic melanoma; while metastatic melanoma has one of the highest median 

mutational burdens across all cancer types, mutational burden varies greatly, and tumors with a small 

number of mutations may have lower likelihood of harboring an immunogenic epitope capable of eliciting 

a strong anti-tumor response. In a study of 64 patients treated with anti-CTLA-4 therapies for metastatic 

melanoma, the investigators found higher numbers of mutations and neoantigens in patients with durable 

clinical benefit compared to those with no clinical benefit in training and validation cohorts (Snyder et al., 

2014). Neoantigens were predicted computationally using previously developed algorithms to infer patient 

HLA type from whole exome sequencing, translate called DNA mutations into their corresponding 9- and 

10-amino-acid mutant peptides, and then assess affinity of binding of those predicted tumor-specific 

mutant peptides to patient-specific HLA. They also described a “neoepitope signature” composed of 4-

amino-acid segments contained within these 9- or 10-amino-acid neoantigens, which was also response-

associated, arguing that this tetramer signature had homology to viral- or bacterial-associated peptides 

and thus would be expected to be especially immunogenic.  

Genomic studies of predictors of response to anti-PD-1/PD-L1 therapies in non-small-cell lung 

cancer (NSCLC) have also found that tumors with high mutational and neoantigen burdens tended to 

have better responses by whole exome sequencing (N=64) (Rizvi et al., 2015). This study also proposed 

that neoantigen-reactive T cells were present in circulating blood from two patients with durable clinical 

benefit to anti-PD-1 therapy using in vitro techniques. Mutations in NRAS have also been linked to 

increased likelihood of response to anti-PD-1 therapy in metastatic melanoma (N=229) using targeted 

sequencing panels, which was thought to be due to a higher proportion of PD-L1+ staining tumors in the 

NRAS-mutant compared to BRAF-mutant tumors (Johnson et al., 2015).  

 

Summary of planned investigations  
While past studies of predictive biomarkers of response to immune checkpoint therapy have linked 

immunohistochemical and genetic features to likelihood of clinical benefit, these features have not been 

able to clearly separate responders and non-responders, and the relationship between genetic and 

immune parameters has not been deeply explored. Furthermore, few studies have investigated genetic 

determinants of acquired resistance to immune checkpoint therapies. In this study, I aim to investigate 

predictive biomarkers of response to immune checkpoint therapy in a large cohort of metastatic 

melanoma treated with anti-CTLA-4 therapy (Chapter 2), explore molecular and immunohistochemical 

features of response and acquired resistance to immune checkpoint therapy in longitudinal tumor 

samples from one patient with metastatic uterine leiomyosarcoma (Chapter 3), discover genetic 

biomarkers in a cancer type that has not been previously studied for genetic predictors of response to 

immune checkpoint therapy - metastatic renal cell carcinoma (Chapter 4), explore genetic determinants 

of acquired resistance to immune checkpoint therapy in metastatic renal cell carcinoma (Chapter 5), and 

conduct a meta-analysis combining clinical and genetic information from immunotherapy-treated patients 
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from multiple clinical cohorts at my institution and other published studies (Chapter 6). In total, these 

investigations involved analysis of whole exome sequencing of more than three hundred clinically 

annotated patient tumors, with whole transcriptome analysis on a smaller subset (Table 1), and involves 

multiple computational workflows for accurate characterization of tumor DNA and RNA profiles. 

 Cancer Type Timing Samples analyzed 
(WES) 

Samples analyzed 
(RNA-seq) 

Chapters 3 
and 7 

Melanoma Pre-
treatment 

110 42 

Chapters 4 
and 7 

Uterine 
leiomyosarcoma 

Pre-
treatment 
and post-
resistance 

2 2 

Chapter 5 Renal cell 
carcinoma 

Pre-
treatment 

69 31 

Chapter 6 Renal cell 
carcinoma 

Pre-
treatment 
and post-
resistance 

6 2 

Chapter 7 Melanoma Pre-
treatment or 
early on-
treatment 

59 0 

Chapter 7 Non-small cell 
lung cancer 

Pre-
treatment 

57 0 

Chapter 7 Head and neck 
squamous cell 
carcinoma 

Pre-
treatment 

12 0 

Chapter 7 Anal squamous 
cell carcinoma 

Pre-
treatment  

1 0 

TOTAL   316 77 
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Chapter 2: Methods  

 

Clinical cohort consolidation  

For samples from the Dana-Farber Cancer Institute, patients with metastatic bladder cancer (Chapter 

7), head and neck squamous cell carcinoma (Chapter 7), renal cell carcinoma (Chapter 6), uterine 

leiomyosarcoma (Chapters 4 and 7), lung cancer (Chapter 7), and melanoma (Chapter 7) treated 

with anti-PD-1, anti-PD-L1, anti-CTLA-4, or a combination of these therapies were identified, and pre-

treatment tumor tissue and matched germline blood were obtained for genetic sequencing. These studies 

were conducted in accordance with the Declaration of Helsinki and approved by the Dana-Farber Cancer 

Institute Institutional Review Board (Protocols 11-104, 05-042, 02-180, 09-472, 02-021, 15-330). Patients 

treated with ipilimumab for metastatic melanoma in Chapter 3 were consented to an Institutional Review 

Board protocol that allows research molecular characterization of tumor and germline samples (University 

Hospital Essen 12-4961-BO). Patients with ocular melanoma were excluded from analysis in Chapter 3, 

but were considered in Chapter 7.   

Patients with renal cell carcinoma treated with anti-PD-1/L1 therapy in Chapter 5 were obtained 

from two separate cohorts (discovery and validation). The discovery cohort was gathered from patients 

enrolled in p-009 (NCT01358721), a study of nivolumab (BMS-936558) monotherapy in metastatic renal 

cell carcinoma (10). The validation cohort was gathered from patients at the Dana-Farber Cancer 

Institute, Memorial Sloan Kettering Cancer Institute, and Johns Hopkins University who received anti-PD-

(L)1 therapy as monotherapy or in combination with other immune checkpoint therapies and had banked 

adequate pre-treatment tumor tissue for molecular characterization. 14 samples with targeted panel 

genetic sequencing were used in the validation cohort. Panel sequencing data was acquired using 

standard pipelines from commercial molecular profiling laboratories: FoundationOne® (Foundation 

Medicine, Palo Alto, CA) and Caris Molecular Intelligence (Caris Life Sciences, Phoenix, AZ). A subset of 

these samples had PBRM1 immunohistochemical staining (IHC). All samples with canonical LOF 

mutations (frameshift insertions, frameshift deletions, splice site mutations) and available PBRM1 IHC 

had negative staining, indicating true PBRM1 LOF. One patient with missense mutation N258S also had 

negative IHC staining and was labeled a PBRM1-LOF mutant accordingly.  

All patients were consented on an Institutional Review Board protocol that allows research 

molecular characterization of tumor and germline samples. For patient samples from outside the Dana-

Farber, approval was obtained for 1) collection and analysis of samples, and 2) sending samples to the 

Dana-Farber Cancer Institute for genomic analysis. For all patients, electronic medical charts were 

reviewed to assess best response by RECIST (v1.1), duration of progression free survival (PFS), duration 

of overall survival (OS), patient demographic characteristics, and other relevant clinical details (e.g. 

smoking history). “Current/former” smokers were those who reported >5 pack-year (packs per day * years 

smoking) of tobacco use. “Never” smokers were those who reported ≤5 pack-years(Gettinger et al., 
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2016). Clinical information from studies conducted outside the Dana-Farber Cancer Institute were 

downloaded from online supplemental materials (Rizvi et al., 2015; Snyder et al., 2014) or by the 

collaborating authors.  Where OS was not reported in these studies, OS was censored at PFS.  

 

Response stratification 

Patients were divided into objective responder (OR) and non-responder (NR) groups utilizing best 

response by RECIST, duration of PFS, and duration of PFS. For patients in the MSKCC melanoma 

cohort, all non-responder patients were presumed to have PD as their best response by RECIST. Tumor 

samples from progressing lesions in the Snyder et al. 2014 dataset who had overall clinical benefit from 

immune checkpoint therapy were excluded from the main analysis. Tumors from patients with OS below 

14 days were excluded from analysis in Chapter 3. This was broadened to exclude patients with PFS or 

OS below 30 days in Chapter 7. The overall rationale for these decisions was that patients with 

extremely short progression-free or overall survival may have had disease that was too advanced to 

experience clinical benefit from immune checkpoint therapy.  

 

Sample processing 

After fixation and mounting, 5-10 10µm slices from formalin-fixed, paraffin-embedded (FFPE) tumor block 

were obtained and tumor-enriched tissue was macrodissected. Paraffin was removed from FFPE sections 

and cores using CitriSolv™ (Fisher Scientific) followed by ethanol washes, then tissue was lysed 

overnight at 56°C. Samples were then incubated at 90°C to remove DNA crosslinks, and DNA (and when 

possible, RNA) extraction was performed using Qiagen AllPrep DNA/RNA Mini Kit (#51306). Germline 

DNA was obtained from adjacent normal tissue or peripheral blood mononuclear cells. 

 

DNA extraction and sequencing 

Whole exome sequencing from FFPE tumor samples and matched germline DNA was performed as 

previously described (1). Library Construction:  DNA libraries for massively parallel sequencing were 

generated as previously described (2) with the following modifications: the initial genomic DNA input into 

the shearing step was reduced from 3µg to 10-100ng in 50µL of solution. For adapter ligation, Illumina 

paired-end adapters were replaced with palindromic forked adapters (purchased from Integrated DNA 

Technologies) with unique 8 base index molecular barcode sequences included in the adapter sequence 

to facilitate downstream pooling. With the exception of the palindromic forked adapters, all reagents used 

for end repair, A-base addition, adapter ligation, and library enrichment PCR were purchased from KAPA 

Biosciences in 96-reaction kits. In addition, during the post-enrichment solid phase reversible 

immobilization (SPRI) bead cleanup, elution volume was reduced to 20µL to maximize library 

concentration, and a vortexing step was added to maximize the amount of template eluted from the 
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beads. Libraries with concentrations above 40ng/µl, as measured by a PicoGreen assay automated on an 

Agilent Bravo instrument, were considered acceptable for hybrid selection and sequencing. 

Solution-phase hybrid selection: The exon capture procedure was performed as previously 

described(2) with the following modifications: prior to hybridization, any libraries with concentrations 

>60ng/µL (as determined by PicoGreen) were brought to 60ng/µL, and 8.3µL of library was combined with 

blocking agent, bait, and hybridization buffer. Libraries with concentrations between 50 and 60ng/µL were 

normalized to 50ng/µL, and 10.3µL of library was combined with blocking agent, bait, and hybridization 

buffer. Libraries with concentrations between 40 and 50ng/µL were normalized to 40ng/µL, and 12.3µL of 

library was combined with blocking agent, bait, and hybridization buffer. Finally, the hybridization reaction 

was reduced to 17 hours, with no changes to the downstream capture protocol. 

Preparation of libraries for cluster amplification and sequencing:  After post-capture enrichment, 

libraries were quantified using PicoGreen, normalized to equal concentration using a Perkin Elmer 

MiniJanus instrument, and pooled by equal volume on the Agilent Bravo platform. Library pools were then 

quantified using quantitative PCR (KAPA Biosystems) with probes specific to the ends of the adapters; 

this assay was automated using Agilent’s Bravo liquid handling platform. Based on qPCR quantification, 

libraries were brought to 2nM and denatured using 0.2 N NaOH on the Perkin-Elmer MiniJanus. After 

denaturation, libraries were diluted to 20pM using hybridization buffer purchased from Illumina.  

Cluster amplification and sequencing: Cluster amplification of denatured templates was performed 

according to the manufacturer’s protocol (Illumina). HiSeq v3 cluster chemistry and flowcells, as well as 

Illumina’s Multiplexing Sequencing Primer Kit. DNAs were added to flowcells and sequenced using the 

HiSeq 2000 v3 Sequencing-by-Synthesis method, then analyzed using RTA v.1.12.4.2 or later. Each pool 

of whole exome libraries was subjected to paired 76bp runs. An 8-base index-sequencing read was 

performed to read molecular indices, across the number of lanes needed to meet coverage for all libraries 

in the pool. 

 

Whole transcriptome sequencing 

RNA samples (Chapters 3, 4, 5, and 6) and two positive controls (K-562) were assessed for quality 

using Agilent's Bioanalyzer 2100. The percentage of fragments with a size greater than 200nt (DV200) 

was calculated using the Agilent software.  Samples with a DV200 score less than 30% were not 

included, as the likelihood of success is dramatically reduced with these more fragmented samples (see 

Illumina tech note: http://www.illumina.com/documents/products/technotes/technote-truseq-rna-

access.pdf). 100ng of RNA was used as the input for first strand cDNA synthesis using Superscript III 

reverse transcriptase (Life Technologies, Cat. #18080044) and Illumina’s TruSeq Stranded Total RNA 

Sample Prep Kit (Illumina, Cat. #RS-122-2201).  The fragmentation step prior to cDNA synthesis was 

omitted in the eight FFPE RNA samples, only the K-562 positive control samples were fragmented at 

94°C for 8 minutes.  Synthesis of the second strand of cDNA was followed by indexed adapter ligation. 
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Subsequent PCR amplification enriched for adapted fragments. The amplified libraries were quantified 

using a Qubit assay (Life Technologies, Cat. #Q3285) and assessed for quality on an Agilent 

Technologies 2100 Bioanalyzer (DNA 1000 chip).  200ng of each cDNA library, not including controls, 

were combined into two 4-plex pools.  Illumina’s Coding Exome Oligos (Illumina, Part #15034575) that 

target the exome were added, and hybridized on a thermacycler with the following conditions: 95°C for 10 

minutes, 18 cycles of 1 minute incubations starting at 94°C, then decreasing 2°C per cycle, then 58°C for 

90 minutes.  Following hybridization, streptavidin beads were used to capture the probes that were 

hybridized in the previous step.  Two wash steps effectively remove any non-specifically bound products.  

These same hybridization, capture and wash steps are repeated to assure high specificity. A second 

round of amplification enriches the captured libraries.  qPCR (Kapa Biosystems, Cat. #KK4600) was 

performed on the pooled libraries and normalized to 2nM. The normalized, pooled libraries were loaded 

onto HiSeq2500 for a target of 50 million 2x76bp paired reads per sample. 

 

DNA sequencing quality control 

In Chapter 7, these data were combined with raw sequencing data (BAM files) from previously published 

cohorts of tumor/normal sequencing from patients with metastatic melanoma (Snyder et al., 2014), lung 

cancer (Garofalo et al., 2016; Rizvi et al., 2015), and anal cancer (Mouw et al., 2016). All 314 samples 

with tumor and germline sequencing data and clinical annotations were processed through standard 

quality control pipelines.  

For all samples, samples with poor sequencing coverage or high sample contamination (Cibulskis 

et al., 2011) in tumor or normal tissue were excluded. Additionally, in Chapter 7, samples with germline 

sequencing from adjacent normal tissue were assessed for tumor-in-normal contamination using deTiN 

(https://github.com/broadinstitute/deTiN), and excluded if normal tissue contained ≥1% tumor nuclei. Also 

in Chapter 7, after mutation calling and somatic copy number alteration assessment, tumors with 

estimated purity below 10% were also excluded (Carter et al., 2012). These additional quality control 

measures were taken in Chapter 7 because high sample contamination and low tumor purity can lead to 

systematic under-calling of somatic SNPs and CNAs and interference with accurate assessment of tumor 

mutational burden and identification of response-associated molecular features (Cibulskis et al., 2013). 

 

Whole exome analysis 

Somatic nucleotide polymorphisms (SNPs) were identified by MuTect (Cibulskis et al., 2013), with 

computational filtering of artifacts introduced by DNA oxidation during sequencing (Costello et al., 2013) 

or FFPE-based DNA extraction using a filter-based method. Strelka (Saunders et al., 2012) and 

Indelocator (https://software.broadinstitute.org/cancer/cga/indelocator) were applied to detect small 

insertions and deletions (indels). Annotation of identified variants was done using Oncotator 

(http://www.broadinstitute.org/cancer/cga/oncotator). Mutational clonality was estimated by ABSOLUTE, 
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which uses allelic fraction of called mutations and allelic copy number information to determine mutational 

clonality and overall tumor purity and ploidy (Carter et al., 2012). Clonal mutations were defined as those 

with estimated cancer cell fraction (CCF) of 1 or those whose probability of being clonal exceeded the 

probability of being subclonal. Nonsynonymous mutational burden was normalized by megabases 

covered at adequate depth to detect variants with 80% power using MuTect given estimated tumor purity 

by ABSOLUTE. Number of bases covered at a given depth threshold in the tumor sample was determined 

using the GATK DepthOfCoverage module. Putative driver mutations were collected using cBioPortal 

standards(Cerami et al., 2012; Gao et al., 2013), including both 3D hotspots in tumor suppressors and 

oncogenes(Gao et al., 2017a) and any loss-of-function variant in a tumor suppressor.  

For copy number analysis, copy ratios were calculated for each captured target by dividing the 

tumor coverage by the median coverage obtained in a set of reference normal samples. The resulting 

copy ratios were segmented using the circular binary segmentation algorithm (Olshen et al., 2004). 

Segments were considered amplified or deleted if the |log2(copy ratio)| exceeded 0.5. For samples with 

uniform sample purity and ploidy, this definition of amplifications and deletions is adequate to detect copy 

number alterations. However, in this sample of tumors, called copy number alterations were heavily 

influenced by sample purity. The  |log2(copy ratio)| > 0.5 definition was insufficiently sensitive in low-purity 

samples, which have artificially depressed copy ratios due to a high proportion of sequencing reads from 

normal tissue.  Conversely, this definition may be excessively noisy in high-purity tumors.  

Thus, to correct segment copy ratios for sample purity, segment copy ratios were re-scaled by 

sample purity and ploidy with values derived from ABSOLUTE. Segments were considered amplified or 

deleted if the |log2(purity-corrected copy ratio)| exceeded 0.5. Specifically, the purity-corrected copy ratio 

was derived by dividing the purity-corrected (or rescaled) total copy number (rCN) for a given segment by 

the sample ploidy. This procedure yielded improved false-negative rates in low-purity tumors and false-

positive rates in high-purity tumors, such that the proportion of a tumor genome considered amplified or 

deleted was less closely associated with tumor purity.  

However, while using a |log2(purity-corrected copy ratio)| > 0.5 definition of deletions and 

amplifications was effective for detecting large CNAs with high sensitivity, it did not provide adequate 

specificity for detecting focal events that would be more likely to be genomic driver CNAs for a tumor. 

Thus, we applied a previously described concept called focality (Brastianos et al., 2015) to identify CNAs 

that were large outliers in copy ratio, representing either homozygous deletions expected to completely 

eliminate tumor expression of a given gene or amplifications expected to greatly over-express a gene. In 

this process, the rCN from ABSOLUTE was used as input. For each segment in a tumor genome, the 

focality was calculated by considering the fraction of a sample’s genome with lower rCN than that 

segment (for amplified regions) or higher rCN (for deleted regions). Segments were considered deleted if 

their rCN was < 0.25 and their focality was > 0.995. Segments were considered amplified if focality 

exceeded 0.98 - 0.2 × log2 (rCN / 5), and highly amplified if focality exceeded 0.98 – (1/7) × log2 (rCN / 
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7). Genes were considered amplified or deleted if all or part of the gene was in a segment with a called 

copy number alteration using this focality-based definition. For the interferon-gamma analysis, samples 

were defined as having a copy number alteration affecting interferon signaling if any of the regular 

interferon genes were deleted or any of the four interferon pathway inhibitors (SOCS1, SOCS3, PIAS1, 

and PIAS4) harbored high amplifications, as previously described (Gao et al., 2016). All gene-level CNAs 

of interest were manually reviewed. A similar focality procedure was applied to allelic copy number calls 

from ABSOLUTE to determine heterozygous deletions and amplifications to identify loss-of-heterozygosity 

events.  

Mutational signature deconvolution (Chapter 7) was conducted using a non-negative matrix 

factorization technique as previously described (Kim et al., 2016). Mutational signatures were chosen 

from those previously described in COSMIC (http://cancer.sanger.ac.uk/cosmic/signatures).  The vectors 

for the commonly observed mutational signatures for each cancer type were used as input for inference of 

their contribution to observed mutations. Thus, for example, the signatures selected for melanoma 

pertained to UV exposure, prior alkylating agents, and other exposures, while those used for mutational 

signature deconvolution in lung cancer included tobacco exposure.   

For neoantigen prediction, the 4-digit HLA type for each sample was inferred using Polysolver 

(Shukla et al., 2015). Putative neoantigens were predicted for each patient by defining all novel amino 

acid 9-mers and 10-mers resulting from each somatic nonsynonymous point mutation and determining 

whether the predicted binding rank—a proxy for predicted binding affinity to the patient’s germline HLA 

alleles—was < 2%. Strong binders had rank < 0.5%, while weak binders had rank between 0.5% and 2% 

using NetMHCpan (v3.0); strong binders had affinity <500 nM using NetMHCpan (v2.4) (Hoof et al., 2009; 

Nielsen and Andreatta, 2016; Nielsen et al., 2007).  

 

Whole transcriptome analysis 

For all patient samples, whole transcriptome sequencing from FFPE tissues were aligned using STAR 

(Dobin et al., 2012) and then quantified by reads per kilobase mapped reads (RPKM) or with RSEM (Li 

and Dewey, 2011) to yield gene-level expression in transcripts per million (TPM). Because patient 

samples came from two independent cohorts, I applied ComBat (Li and Dewey, 2011) prior to analyzing 

patient-derived RNA sequencing. Principal components analysis (PCA) was completed before and after 

implementing ComBat to ensure that batch effects were eliminated (Johnson et al., 2007).  

 

TCGA analysis 

For TCGA analyses in Chapter 4, copy number alterations were defined according to TCGA standards 

as follows: loss (-1 < log2(copy number ratio) < -0.42), gain (0.58 < log2(copy number ratio) < 1.3), 

amplification (log2(copy number ratio) ≥ 1.3), in accordance with TCGA standards. The presence of 

oncogenic mutations in PTEN was assessed in accordance OncoKB annotations from cBioPortal. The 
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four sarcoma samples considered to have biallelic loss of PTEN (oncogenic PTEN mutation with 

heterozygous PTEN deletion) were TCGA-3B-A9HZ-01, TCGA-IE-A4EK-01, TCGA-WK-A8XS-01, and 

TCGA-WK-A8XY-01. 

For the TCGA cohort in Chapter 5, whole exome mutation annotation files (MAFs) and whole 

transcriptome gene expression data were downloaded from the Firebrowse KIRC TCGA data release 

(2016_01_28). KIRC tumors were divided into those with truncating mutations in PBRM1 (nonsense, 

splice-site, frameshift) (N=102), those with intact PBRM1 function (no mutation or silent mutation) 

(N=288), and those with other mutations in PBRM1 (missense or inframe indel) (N=25). RNA-seq from 

germline samples was excluded. 

Also in Chapter 5, additional analysis was performed on an independent, previously published 

cohort (Sato et al. 2013). For the Sato cohort, whole exome mutation annotation files and gene 

expression data from the final analysis in the published paper were used . The MAFs were downloaded 

from the online supplemental materials from the published paper and gene expression data were kindly 

supplied by personal communication with the authors.  

 

Statistical analysis 

Assessment of enrichment of binary molecular features (e.g. wildtype or mutant gene; CNA present or 

absent) with response was done with Fisher’s exact tests. Assessment of difference in means or medians 

for a continuous variable between two response groups was done with the non-parametric Mann-Whitney 

U test unless otherwise specified. Correction for multiple hypothesis testing was done controlling for false 

discovery rate (FDR) by the Benjamini-Hochberg method, unless otherwise noted. Receiver operating 

characteristic (ROC) analyses were done using the pROC and Epi packages in R.  

For the power calculation analyses (Chapter 7), correction for multiple hypothesis testing was 

modeled with a Bonferroni correction over the 116 genes with known cancer driver status assessed 

previously. Response rates were set at 40% CR/PR vs. 60% PD, which is a generous estimate for 

response rate in an unselected population. P-values were calculated using Fisher’s exact tests comparing 

the prevalence of mutations in a given gene in CR/PR vs. PD.  

Alpha level for all comparisons was 0.05 unless indicated otherwise. All statistical analyses were 

done in R (v.3.3.2).  

 

Histology studies 

For Chapter 4, tumor sections were de-paraffinized and immunohistochemically stained using 

antibodies against PD-L1, PD-L2, and PD-1 with standard protocols (Callea et al., 2015; Shi et al., 2014). 

InForm analysis software was used to quantify marker positivity in the pre-treatment and treatment-

resistant conditions using six representative images. 
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Uterine leiomyosarcoma in vitro peptide studies 

Experimental studies were performed in Chapter 4 by Kwok-Kin Wong, MD, PhD and Dennis Adeegbe, 

PhD. Peripheral blood mononuclear cells (PBMCs) were isolated by Ficoll gradient from a blood sample 

obtained from the patient following resection of the treatment-resistant tumor under Institutional Review 

Board-approved protocols. These evaluated for reactivity to 7 synthetic in silico predicted neoantigens 

and their wildtype analogs (Biomatik) using standard protocols (Lin et al., 2009; Maeda et al., 2014; Rizvi 

et al., 2015). 

CD14+ monocytes were then purified from PBMCs using CD14 Microbeads (Miltenyi Biotec), 

cultured with 20 ng/ml GM-CSF (Peprotech) and 20 ng/ml IL-4 (Peprotech, Rocky Hill, NJ) in RPMI1640 

with 10% pooled human serum, with supplementation with fresh medium containing the cytokines 3 days 

later, and harvested on day 7 for subsequent experiments. To prepare mature dendritic cells, 50ng/ml 

TNF-α (Peprotech) were added into immature dendritic cell cultures for 48 hours after which cells were 

washed, pulsed with 10ug/ml of wildtype or mutant peptide for 12 hours at 37 degree incubator and then 

used for stimulation.  

Frozen PBMCs were thawed and rested in 10% complete media in a 37 degree incubator 

overnight. Twelve hours later, each mutant peptide was added to individual wells and cultures were 

supplemented with recombinant human IL-2 (10ng/mL) and IL-15 (10ng/mL) for 10 or 12 days with culture 

media change and cytokine supplementation every 3 days. On the last day of cultures, cells were 

harvested, washed twice, and re-stimulated with either PMA (50ng/mL) and Ionomycin (1μg/mL) or 

peptides. For PMA/Ionomycin stimulation, cells were incubated with these reagents for 6 hours. For 

peptide stimulation, cells were cultured with monocyte-derived dendritic cells pulsed with individual 

wildtype or mutant peptide for 24 hours. Golgi plug/stop cocktail (eBioscience) was added at 1X 

concentration in the last 5 hours of culture in both assays. After culture, cells were washed and analyzed 

by FACS. This involved surface staining for T cells followed by fixation and permeabilization according to 

manufacturer’s instructions prior to intracellular staining for interferon-γ. Healthy donor PBMCs were 

cultured in parallel with patient's PBMCs in the PMA and Ionomycin protocol as controls.  

Recombinant human IL-2 and IL-7 were obtained from Peprotech. Fluorescein isothiocyanate 

(FITC)-conjugated monoclonal antibodies (mAbs) to CD45RA (HI100), Phycoerythrin (PE)-conjugated 

mAbs to IFN-gamma (XMG1.2), PerCP-conjugated mAbs to CD8 (RPA-T8), allophycocyanin (APC)-

conjugated mAbs to IL-2 (MQ1- 17H12), CD45RO (UCHL1), FOXP3 (FJK-16S), APC-Cy7-conjugated 

anti-CD4 (RPA-T4), PE-Cy7-conjugated anti-CD-3 (HIT39), Am-Cyan-conjugated anti-CD-3 (145-2C11), 

and CD8 (53-6.7) were purchased from Biolegend or eBioscience.  

 

Renal cell carcinoma cell line analyses 

Whole transcriptome sequencing from PBAF-deficient and PBAF-proficient A704 cell lines was produced 

as previously described and is available on Gene Expression Omnibus (GEO), Accession PRJNA371283 
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(Gao et al., 2017b). Differential gene expression analysis was conducted using the Bioconductor software 

package Empirical Analysis of Digital Gene Expression Data in R (edgeR). This package is optimized for 

differential expression analysis of RNA-seq data with biological replication. Raw read count data from 

RNA-seq analysis of two PBRM1-null cell lines, two BRG1-null cell lines, and two PBRM1- and BRG1-wild 

type cell lines were analyzed for differential expression between PBRM1-null (A704) and wildtype 

(A704BAF180wt), and BRG1-null (A704BAF180wt, BRG1-/-) and wild type cell lines (A704BAF180wt). In 

order to assess PBAF complex functionality as a whole, the top 100 positively differentially expressed 

genes by quasi-likelihood F test in mutants vs. wild type from both PBRM1 and BRG1 analyses were 

intersected to get a final list of 48 genes significantly up-regulated in PBAF null cell lines. The same 

analysis was performed for the top 100 negatively differentially expressed genes, and the resulting list 

was 43 genes significantly up-regulated in PBAF wild type cell lines. 

GSEA (http://software.broadinstitute.org/gsea/index.jsp) was performed to test whether any 

biologically-relevant gene sets were differentially expressed between PBAF-null vs. wildtype and BRG1 

null vs. wildtype cell lines. In accordance with previously proposed methods (Liberzon et al., 2015), the 

Hallmark gene sets (N = 50) were used for an initial GSEA run, and subsequent GSEA analyses were 

conducted using the Founders gene sets for any Hallmark gene set significantly enriched in both PBRM1 

and BRG1 null cell lines (N = 5). A false discovery rate (FDR) q-value of 0.25 was used as a significance 

threshold for all analyses. This process resulted in a list of gene sets significantly enriched in PBAF-null 

vs. wildtype cell lines. GSEA analyses were repeated for RNA-Seq from untreated patient tumors from the 

TCGA. Gene Ontology (GO, http://www.geneontology.org/) term analysis was performed to identify 

pathways or functional associations of the core enriched genes in A704BAF180-/- versus A704BAF180wt 

from the Kegg Cytokine-Cytokine Receptor Interaction gene set. Core enriched genes for A704BAF180-/- 

(N = 53) were defined as those with a GSEA enrichment score greater than the prior gene, starting from 

the top of the GSEA ranked gene list (i.e., all genes until the peak of the GSEA enrichment plot). Core 

enriched genes for A704BAF180wt (N = 18) were those whose enrichment score was less than the prior 

gene, starting from the bottom of the GSEA ranked list (i.e., all genes after the trough of the GSEA 

enrichment plot).   
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Chapter 3: Genomic correlates of response to anti-CTLA-4 therapy in metastatic 

melanoma 

Abstract 
Monoclonal antibodies directed against cytotoxic T lymphocyte–associated antigen-4 (CTLA-4), such as 

ipilimumab, yield considerable clinical benefit for patients with metastatic melanoma by inhibiting immune 

checkpoint activity, but clinical predictors of response to these therapies remain incompletely 

characterized. To investigate the roles of tumor-specific neoantigens and alterations in the tumor 

microenvironment in the response to ipilimumab, we analyzed whole exomes from pretreatment 

melanoma tumor biopsies and matching germline tissue samples from 110 patients. For 40 of these 

patients, we also obtained and analyzed transcriptome data from the pretreatment tumor samples. Overall 

mutational load, neoantigen load, and expression of cytolytic markers in the immune microenvironment 

were significantly associated with clinical benefit. However, no recurrent neoantigen peptide sequences 

predicted responder patient populations. Thus, detailed integrated molecular characterization of large 

patient cohorts may be needed to identify robust determinants of response and resistance to immune 

checkpoint inhibitors.  
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Introduction 
Blockade of the T-cell inhibitory receptor cytotoxic T-lymphocyte antigen-4 (CTLA-4) with the monoclonal 

antibody ipilimumab yields improvements in overall survival in patients with metastatic melanoma as a 

monotherapy (Hodi et al., 2010; Robert et al., 2011) or in combination with other T-cell immune 

checkpoint inhibitors (Larkin et al., 2015; Postow et al., 2015). Although overall single-agent response 

rates are low, a long-term clinical benefit is consistently observed for approximately 20% of treated 

patients (Maio et al., 2015; Schadendorf et al., 2015b). Preclinical and clinical studies have suggested 

that tumor-specific missense mutations may generate individual neoantigens that mediate response to 

ipilimumab and other immune checkpoint inhibitors (Carreno et al., 2015; Gubin et al., 2014; Schumacher 

and Schreiber, 2015; Yadav et al., 2014). Clinical studies of exceptional responders (van Rooij et al., 

2013) and of small melanoma patient cohorts have highlighted NRAS mutation status, total neoantigen 

load, and a neoantigen-derived tetrapeptide signature as possible correlates of response to ipilimumab in 

metastatic melanoma (Johnson et al., 2015; Snyder et al., 2014). RNA-based studies have also identified 

gene expression signatures linked to immune infiltration within the tumor microenvironment that correlate 

with overall survival, neoantigen load (Brown et al., 2014; Rooney et al., 2015), and resistance to 

immunotherapy (Spranger et al., 2015). To date, however, comprehensive genomic studies of tumor- and 

immune-related factors in larger (i.e., >100 patients) immune-blockade-therapy-treated clinical cohorts 

have not yet been reported.  

 

Results 
We hypothesized that both tumor-specific neoantigens and the tumor immune microenvironment might 

influence clinical benefit from ipilimumab. To test this, we performed whole exome sequencing on a cohort 

of 110 patients with metastatic melanoma from whom pre-treatment tumor biopsies were available for 

study (Fig. 1A). Tumor whole transcriptome sequencing was performed in 42 patients, of whom 40 had 

matched whole exome sequencing. This cohort included 92 cutaneous, 4 mucosal, and 14 occult 

melanomas. After whole exome sequencing (WES) of matched tumor and germline samples (Van Allen et 

al., 2014), quality control metrics were applied to ensure sensitive mutation detection (see Chapter 2). 

Average exome-wide target coverage was 183.7-fold for tumor samples and 157.2-fold for germline 

samples. Somatic mutation identification and germline HLA typing were performed using established 

methods (Cibulskis et al., 2013; Rooney et al., 2015). The median nonsynonymous mutational load was 

197 per sample (range: 7 – 5854), which is consistent with the known high mutational loads in cutaneous 

melanoma (Hodis et al., 2012; Snyder et al., 2014).  

To stratify our cohort, “clinical benefit” was defined using a composite endpoint of complete 

response or partial response to ipilimumab by RECIST criteria (Eisenhauer et al., 2009); or stable disease 

by RECIST criteria with overall survival greater than 1 year (n = 27). “No clinical benefit” was defined as 

progressive disease by RECIST criteria or stable disease with overall survival less than 1 year (n = 73). 
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The basis for these designations stems from clinical trials demonstrating that ipilimumab significantly 

improves median overall survival (OS), with a subset of patients surviving beyond 2 years (~20%), but 

does not impact progression-free survival (PFS) (Schadendorf et al., 2015a; Schadendorf et al., 2015b). A 

separate group of 10 patients showed early progression on ipilimumab (PFS < 6 months) but their overall 

survival patterns exceeded 2 years; these patients were considered as a separate patient subgroup (Fig. 

1B).  

 

Fig. 1. Study design and cl inical 
strat i f ication. (A) Patients who received 
ipilimumab monotherapy for metastatic 
melanoma had DNA and RNA extracted 
from pre-treatment tumor biopsies and 
sequenced. (B) Patients were grouped by 
response to ipilimumab monotherapy by 
radiographic change in tumor burden by 
RECIST and duration of overall survival.  
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Fig. 2. Mutational burden and 
neoantigen burden as predictors 
of response to ipi l imumab (A) 
Boxplots of mutational burden and 
neoantigen burden by response group 
in N=110 patients with WES. (B) 
Boxplots of neoantigen burden by 
affinity cut-off by predicted IC50 of tumor-
specific peptide binding to patient HLA. 
nM = nanomolar. (C) Boxplots of 
neoantigen burden in N=40 patients 
with matched WES and RNA-seq, 
filtering for gene expression in TCGA 
melanoma or patient-specific RNA-seq. 
(D) Barplot of predicted neoantigen 
burden when filtering by TCGA vs. 
patient-specific RNA-seq for N=40 
patients. *p<0.05 (Mann-Whitney U 
test).  

 
Overall, nonsynonymous mutational load was significantly associated with clinical benefit from 

ipilimumab (p = 0.0076; Mann-Whitney) (Fig. 2A). This result confirms previous findings for ipilimumab in 

melanoma (Snyder et al., 2014) and is consistent with observations regarding response to other immune 

checkpoint inhibitors in cancer (Le et al., 2015; Rizvi et al., 2015). Clinical metrics such as patient age, 

gender, tumor histology, primary tumor site, number of therapies received prior to ipilimumab, and lactate 

dehydrogenase (LDH) levels at initiation of ipilimumab monotherapy showed no significant correlation with 

clinical response to ipilimumab in this cohort (p > 0.05 for all). The long-term survival subset tracked with 

the no clinical benefit subset in terms of mutational load, but the sample size in this group was too small 

to draw definitive conclusions (Fig. 2A). No genes were enriched for nonsynonymous mutations in the 

clinical benefit or no clinical benefit subgroups, including BRAF and NRAS (Fig. 3). 

 

Fig. 3. Nonsynonymous mutations in 
metastatic melanoma in cl inical benefit  
vs. no cl inical benefit .  Scatterplot 
showing significance of enrichment of 
nonsynonymous mutations in a given gene in 
patients with clinical benefit vs. no clinical 
benefit from ipilimumab on x-axis with total 
number of patients with gene mutated on y-
axis. No genes passed statistical significance 
after correcting for multiple hypothesis testing.  
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Next, we sought to determine the relationship between neoantigen load and clinical benefit to 

ipilimumab. First, we identified putative immunogenic 9- and 10-amino acid neoantigens with ≤ 500 nM 

binding affinity for HLA class I molecules across the cohort using patient-specific nonsynonymous 

mutations and HLA types (Shukla et al., 2015). The median predicted neoantigen load was 369 

neoantigens per sample (range: 9-14,880). Overall, neoantigen load was significantly associated with 

clinical benefit (p = 0.027; Mann-Whitney) (Fig. 2A), although high neoantigen load outliers among 

nonresponders and low neoantigen load outliers among responders were observed. Neoantigen load was 

strongly correlated with mutational load (Spearman’s rho = 0.97, p < 0.0001), as expected given that 

neoantigens often arise from nonsynonymous mutations. The association between neoantigen load and 

clinical benefit remained significant when randomly re-distributed HLA types were used to infer putative 

neoantigen binders (p = 0.0096; Mann-Whitney) (Fig. 4).  

 

 

Fig. 4. Patient neoantigen burden using 
matched vs. randomly-permuted HLA types. 
*p<0.05 (Mann-Whitney U).   

 

We then sought to determine the association between aggregate neoantigen properties and 

clinical benefit. The correlation between neoantigen load and clinical benefit diminished when applying 

increasingly stringent thresholds for affinity of binding (p = 0.034, 0.039, and 0.042 for affinity thresholds 

of < 250 nM, 100 nM, and 50 nM, respectively; Mann-Whitney) (Fig. 2B). We also applied multivariate 

models that controlled for prior RAF inhibitor treatment and M class at start of therapy. These analyses 

confirmed that patients with high neoantigen or mutational loads (>100) were significantly more likely to 

have clinical benefit from ipilimumab (p = 0.0371 and p = 0.0169, respectively).  

We then investigated whether any recurrent neoantigens or neoantigen epitopes might predict 

ipilimumab response. Of the 75,179 unique neoantigens in our cohort, 28 (~0.04%) were found in >1 

clinical benefit patient but were absent in all no clinical benefit or long term survival patients. Examination 

of these recurrent neoantigens did not reveal any shared features or features exclusive to responders. 

Previously described immunogenic nonamers identified in patients who achieved clinical benefit from 

immune checkpoint blockade were not observed in any patient within this cohort, including several that 

have undergone experimental validation (Carreno et al., 2015; Rizvi et al., 2015; Snyder et al., 2014; van 
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Rooij et al., 2013). Furthermore, a tetrapeptide signature (Snyder et al., 2014) previously associated with 

ipilimumab response was not enriched in the clinical benefit cohort relative to the no clinical benefit cohort 

(Fig.5) (Schumacher et al., 2015). Thus, the vast majority of clinical benefit-associated neoantigens and 

neoantigen epitopes identified through DNA sequencing appear to be private events without obvious 

recurrent features. 

 

Fig. 5. Tetrapeptide 
signature by response 
group. Response-
associated tetrapeptides 
from Snyder et al. 2014 are 
listed on the y-axis. Patients 
are organized by response 
group on the x-axis.  

To evaluate neoantigens most likely to engender an immune response, we next examined 

whether predicted immunogenic neoantigens were expressed in mutated tumors. Here, we leveraged 

paired DNA and RNA sequencing data obtained for 40 patients (13 clinical benefit, 22 no clinical benefit, 5 

long term survival) from whom high-quality archival formalin-fixed, paraffin-embedded (FFPE) tumor 

tissue was available. Among these patients, the median number of predicted neoantigens using 

nonsynonymous mutations and HLA-typing alone was 395/patient (range: 12 – 6984). Filtering these 

putative neoantigens using patient-matched transcriptome data decreased the median neoantigen load to 

198/patient (range: 4 – 4622). A similar filtering approach that utilized unmatched melanoma gene 

expression data from the Cancer Genome Atlas (Cancer Genome Atlas Network, 2015) also eliminated 

neoantigens unlikely to be expressed (in this case, the median neoantigen load was 347/patient, range: 

12 – 6159); however, the remaining neoantigens only partially overlapped those that were inferred using 

patient-matched RNA (Fig. 2C-D).  
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Fig. 6. HLA expression in 
patients with metastatic 
melanoma. (A) HLA type by 
response group.  (B) 
Expression of HLA alleles per 
patient by response group.  
RNA expression is in reads 
per kilobase mapped reads 
(RPKM).  

 

Conceivably, an inadequate immune response to tumor neoantigens could also be explained by 

aberrant HLA class I expression, which has been previously observed in melanoma (Hofbauer et al., 

2004). However, we found that HLA class I genes were expressed in all patients and at similar levels 

across response groups (Fig. 6A-B). Moreover, somatic mutations in HLA class I genes were rare in this 

cohort and did not segregate by response group. Therefore, matched genome and transcriptome 

sequencing appeared to improve the identification of patient-specific neoantigens, which were not 

impacted by aberrant HLA expression or mutation status. 

 

Fig. 7. Whole transcriptome 
analysis. (A) Boxplots of cytolytic 
activity by clinical benefit group. (B) 
Boxplots of immune checkpoint 
expression by clinical benefit group. 
(C) Boxplots of HLA allele expression 
by clinical benefit group. *p<0.05 
(Mann-Whitney U).  

 

Finally, we leveraged the total transcriptome data from this cohort (42 patients total) to 

characterize an RNA expression profile in the tumor microenvironment previously associated with immune 

infiltrate. Specifically, the geometric mean of expression of granzyme A (GZMA) and perforin (PRF1) has 

been shown to correlate with both the cytolytic activity of local immune infiltrates and the neoantigen load 

(Brown et al., 2014; Rooney et al., 2015). Both genes were significantly enriched in the ipilimumab clinical 

benefit cohort compared to the no clinical benefit cohort (p = 0.042; Mann-Whitney) (Fig. 7A).  Also, the 
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long-term survival cohort expressed these cytolytic genes at levels similar to the clinical benefit group. 

Interestingly, the expression of CTLA-4 itself and the peripheral T-cell inhibitory protein programmed cell 

death 1 ligand 2 (PD-L2) were also significantly elevated in the clinical benefit compared to the no clinical 

benefit cohort (p = 0.033 and p=0.041; Mann-Whitney) (Fig. 7B). Levels of expression of HLA class I 

were similar across clinical response groups (p > 0.05 for all; Mann-Whitney) (Fig. 7C). Together, these 

findings suggest that expression of immune checkpoint molecules themselves may correlate with 

immunotherapy response in some cases.  

 

Discussion 

Overall, our findings imply that both DNA- and RNA-level genomic information may have predictive value 

for ipilimumab-based therapy. In contrast, recurrent neoantigens (e.g., those occurring in more than one 

ipilimumab responder) were rare in our cohort—and those that were observed were not necessarily 

matched by HLA type. These results suggest that the discovery of specific or recurrent neoantigens that 

mediate response to immunotherapy may require patient cohorts of sizes magnitudes higher than that 

currently available, especially given the importance of HLA restriction in mediating neoantigen recognition 

(Schumacher and Schreiber, 2015). Incorporation of patient-matched RNA-level information may help 

prioritize putative neoantigens and elucidate possible tumor immune microenvironmental effects, including 

interferon-related genes and additional immune checkpoint molecules that are relevant in melanoma 

(Sharma and Allison, 2015). Additionally, prediction of neoantigens originating from fusion products and 

class II neoantigens may further inform genomic correlates of response (Kreiter et al., 2015; Linnemann 

et al., 2015; Wang et al., 1999).  

In this study, we observed a distinct set of patients who experienced long survival following 

treatment despite early progression of disease. Patterns of initial increases in tumor mass or delayed 

responses to therapy have been observed following cancer immunotherapy in the past (Wolchok et al., 

2009). Thus, these observations raise the possibility that neoantigen loads or tumor cytolytic and immune 

checkpoint expression may play meaningful functional roles in this context, although these findings 

require further exploration in larger clinical cohorts. Additional studies of clinical response and resistance 

to immune checkpoint inhibitors may benefit from integrating exome and transcriptome sequencing data 

to inform the relative contributions of tumor immunogenicity and host immune infiltration in determining 

clinical benefit.  

 

Further Discussion 

Since the publication of this work, a number of additional studies re-analyzing data from this 

cohort in conjunction with newly sequenced or other previously described cohorts (Rizvi et al., 2015; 

Snyder et al., 2014) have been published, and results from these will be summarized here briefly to 

provide context for further investigations in this thesis. A follow-up study combining exome sequencing 



	

 32 

from three published cohorts (Rizvi et al., 2015; Snyder et al., 2014; Van Allen et al., 2015) found that 

mutational clonality, meaning whether a given somatic mutation was found in all versus a subset of tumor 

cells, influenced response to immune checkpoint therapy (McGranahan et al., 2016). The authors 

hypothesized that subclonal mutations would generate weaker neoantigen targets than clonal mutations, 

as subclonal mutations may generate a smaller total peptide load and be less likely to generate a T cell 

response and T cells reactive to a subclonal neoantigen would fail to eliminate all tumor cells. Indeed, 

clonal mutational burden predicted response to immune checkpoint therapy significantly more strongly 

than total mutational burden in two of the cohorts studied, though not in the cohort of 110 patients 

described here.  Additionally, another group found that mutations in the serine protease (serpin) inhibitor-

encoding genes SERPINB3 and SERPINB4 were correlated with response to anti-CTLA-4 therapy in 

melanoma in two independent cohorts (Snyder et al., 2014; Van Allen et al., 2015). The authors 

speculated that this observation may be due to the formation of misfolded protein aggregates by mutant 

serpins, which have homology to the known immunogenic ovalbumin peptides. Other groups have also 

found that copy number alterations leading to global tumor aneuploidy (Davoli et al., 2017; Roh et al., 

2017) or conferring loss of interferon-γ signaling (Gao et al., 2016) are related to response to anti-CTLA-4 

in these 110 patients. Thus, future efforts in my work attempted to address these hypotheses in 

independent validation cohorts.  

Furthermore, additional work involved applying new quality control and computational methods. 

For example, applying deTiN (Taylor-Weiner et al., 2018), a computational method for inferring tumor-in-

normal contamination in matched tumor/normal sequencing where the normal sample is from adjacent 

normal tissue susceptible to contamination by tumor nuclei, revealed quality issues in a subset of samples 

from this and other published cohorts that interferes with high-quality mutation-calling. Additionally, given 

the increased understanding of clonal vs. subclonal mutational architecture in understanding tumor 

biology and response to immune checkpoint therapy, future analyses applied ABSOLUTE (Carter et al., 

2012) to infer tumor purity and mutational clonality. Copy number analysis techniques were also improved 

to allow for sensitive and specific detection of alterations affecting HLA alleles, interferon-γ signaling, and 

other driver variants (Brastianos et al., 2015). Also, while many early studies focused on large cohorts of 

pre-treatment tumor samples from patients who went on to receive immune checkpoint therapy, few 

studies had characterized treatment-resistant tumors, which may offer orthogonal insights on 

understanding intrinsic and acquired resistance to therapy (Zaretsky et al., 2016). These methodological 

improvements and new hypotheses will be further explored in the subsequent chapters.  
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Chapter 4: Whole exome, whole transcriptome, and in vitro analysis of response and 

acquired resistance to anti-PD-1 therapy in metastatic uterine leiomyosarcoma 

Abstract 
We identified a treatment-naïve patient with metastatic uterine leiomyosarcoma, generally considered 

intrinsically resistant to immunotherapy, with complete tumor remission for >2 years on anti-PD1 

(pembrolizumab) monotherapy. We gathered a trio of samples (primary tumor, sole treatment-resistant 

metastasis, and germline tissue) to explore mechanisms of immunotherapy sensitivity and resistance. 

Both tumors stained diffusely for PD-L2, with sparse PD-L1 staining; PD-1+ T lymphocyte infiltration 

significantly decreased in the resistant tumor (p=0.02). No alterations conferring microsatellite instability, 

DNA damage repair deficits, or β2-microglobulin loss were detected. Rather, both tumors shared clonal 

alterations in MYC and TP53, while the treatment-resistant tumor uniquely harbored biallelic PTEN loss. 

Furthermore, in vitro testing confirmed patient T cell immunoreactivity to predicted patient-specific 

neoantigens, suggesting long-lasting immune recognition of tumor-specific antigens. In this near-complete 

response to PD-1 blockade in a mesenchymal tumor, we identified mutations and neoantigens of interest 

in mediating response and resistance to immune checkpoint therapy. 
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Introduction 
Immune checkpoint blockade therapies, including monoclonal antibodies targeting programmed death 1 

(PD-1) and cytotoxic T lymphocyte associated antigen-4 (CTLA-4), yield durable clinical benefit in multiple 

tumor types (Sharma and Allison, 2015), but response in some cancers, including mesenchymal tumors 

(Maki et al., 2013), is rare. Developing predictive biomarkers of clinical benefit from immune checkpoint 

therapy is an ongoing challenge, and could help identify patients with immune checkpoint-responsive 

disease in largely immunotherapy-resistant tumor types.  

Immunohistochemical staining for PD-1 ligands (PD-L1 and PD-L2) has positive prognostic value 

for response, but patients with PD-L1-negative tumors can still respond (Philips and Atkins, 2015). In 

genomic analyses of pre-treatment tumors from immune-checkpoint-treated patients in non-small cell lung 

cancer (NSCLC) and melanoma, total tumor burden of nonsynonymous mutations, as well as burden of 

tumor-specific immunogenic peptides generated from these mutations (neoantigens), are associated with 

patient benefit (McGranahan et al., 2016; Rizvi et al., 2015; Snyder et al., 2014; Van Allen et al., 2015), 

though identification of the specific neoantigens mediating a strong anti-tumor response occurs in only a 

subset of cases (Rizvi et al., 2015; Snyder et al., 2014; van Rooij et al., 2013). Certain tumor-immune 

microenvironment gene expression signatures developed from whole transcriptome sequencing (RNA-

seq) on pre-treatment patient tumors also correlate with response (Hugo et al., 2016; Van Allen et al., 

2015). However, all of these factors imperfectly stratify responders and nonresponders prospectively, and 

additional studies in independent patient cohorts are needed.  

Furthermore, acquired tumor resistance mechanisms important in determining overall patient 

benefit have yet to be deeply explored. In case reports and case series, genetic alterations that delete 

genes encoding tumor-specific neoantigens, disrupt neoantigen presentation on major histocompatibility 

(MHC) class I alleles, or interfere with downstream interferon-γ signaling have been associated with 

acquired resistance to cancer immunotherapies (Anagnostou et al., 2017; Tran et al., 2016; Verdegaal et 

al., 2016; Zaretsky et al., 2016). In the preclinical space, loss of the tumor suppressor PTEN in melanoma 

models leads to immunoresistance via induction of VEGF and other immunosuppressive cytokines (Peng 

et al., 2016), and Pten-null prostate tumors similarly suppress anti-tumor immune activity by activating the 

Jak2/Stat3 pathway (Toso et al., 2014). Thus, preclinical and clinical studies suggest tumor immune 

evasion via alteration of antigen presentation machinery, loss of neoantigens, and disruption of immune-

related signaling are all potential mechanisms of acquired resistance to cancer immunotherapies.  

Analysis of immune checkpoint blockade response and resistance mediators has predominantly 

focused on tumor types with established clinical benefit to these agents, such as melanoma and NSCLC. 

In this study, we report a case of a treatment-naïve patient with uterine leiomyosarcoma (ULMS) who 

received anti-PD-1 monotherapy (pembrolizumab) for metastatic disease and experienced complete 

disease remission following resection of one treatment-resistant tumor. Sarcoma generally harbors few 

targetable genetic alterations (Barretina et al., 2010), and while the first reported results on anti-CTLA-4 
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therapy in synovial sarcoma have been disappointing (Maki et al., 2013), multiple clinical trials are 

ongoing to explore whether anti-PD-1 or anti-PD-L1 agents may be more promising (e.g. NCT02609984). 

We hypothesized that a combination of tumor-intrinsic genomic alterations and changes in neoantigen-

immune microenvironment interactions mediated response and selective resistance in this case. Thus, we 

analyzed immunohistochemistry, RNA-seq, and whole exome sequencing (WES) to examine this patient’s 

changing tumor-immune dynamics over time.  

 

Results  
Clinical course and immunohistochemistry 

A treatment-naïve woman with uterine leiomyosarcoma was enrolled in a multi-disease phase II study of 

pembrolizumab monotherapy (10 mg/kg every 2 weeks) (KEYNOTE-028) (Fig. 1A). After four doses of 

pembrolizumab, marked tumor regression was observed at numerous locations, with continued, albeit 

slowed, growth of a single tumor (Fig. 1B), which was removed after 9 months of treatment. More than 2 

years after resection of the sole treatment-resistant metastasis, the patient remains disease-free on anti-

PD-1 monotherapy. 

 

 
Fig. 1. Histologic and radiographic f indings in a treatment-naïve patient with metastatic 
uterine leiomyosarcoma receiving anti-PD-1 monotherapy.  (A) Clinical course and tissue 
collection for molecular characterization. (B) Computerized tomography (CT) imaging of patient tumors. 
(C) Immunohistochemical staining for PD-1, PD-L1, and PD-L2. (D) Quantification from representative 
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tumor sections showing decrease in PD-1+ cell infiltration in the treatment-resistant lesion. *p < 0.05. 
 

The pre-treatment tumor stained weakly for PD-L1 in infiltrating mast cells (<5% of overall 

cellularity) and demonstrated diffuse cytoplasmic staining for PD-L2, with about 25% infiltration of PD-1+ 

cells (Fig. 1C). Patterns of PD-L1 and PD-L2 staining persisted in the treatment-resistant tumor, but PD-

1 positivity diminished significantly to <1% of overall cellularity (p=0.02; Student’s t test) (Fig. 1C,D). 

Thus, WES and RNA-seq were pursued on pre-treatment and treatment-resistant tumors, along with WES 

on whole blood for germline comparison, to assess genomic explanations for the diminished PD-1+ cell 

infiltration and associated treatment-resistance, as well as to explore genomic features associated with 

otherwise exceptional sensitivity to anti-PD-1 therapy in this patient (Fig. 2A).  

 

 
Fig. 2. Pre-treatment and post-treatment exomic features in uterine leiomyosarcoma in comparison to 
TCGA. (A) Computational workflow for whole exome and transcriptome analysis and neoantigen 
prediction. (B) Pre-treatment and resistant tumors had similar neoantigen and mutational loads. (C) 
Integrated Genomics Viewer (IGV_2.3.57) (Thorvaldsdottir et al., 2013) and lollipop plots showing the 
TP53 S166* and PTEN T131N mutations in pre-treatment and treatment-resistant tumors. (D) 
Comparison of the estimated proportion of cancer cells harboring specific mutations in the pre-treatment 
(x-axis) versus resistant (y-axis) biopsy samples, with shared clonal mutations in the upper right (grey), 
mutations exclusive to the pre-treatment tumor in the lower right (blue), and mutations exclusive to the 
treatment-resistant tumor in the upper left (red). Lighter shading indicates mutations with cancer cell 
fraction distributions with high uncertainty. (E) Copy number plots show amplification of chromosome 8 
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and deletion of chromosome 10 affecting MYC and PTEN, respectively, in both tumors. (F) Expression of 
genes related to JAK/STAT and immune inhibitory signaling in untreated sarcoma tumors from the TCGA 
by PTEN (top) and MYC (bottom) mutational and copy number status.. *p<0.05; **p<0.005 

 
Genomic features of the pre-treatment and treatment-resistant tumors 

Pre-treatment and treatment-resistant tumors had modest overall mutational loads (50 and 54 

nonsynonymous mutations per exome, respectively) (Fig. 2B). No mutations conferring microsatellite 

instability or DNA repair defects were detected, and no events were observed in JAK1, JAK2, JAK3, or 

B2M (encoding β2-microglobulin), despite adequate sequencing coverage to detect these events. 

Phylogenetic analysis of both tumors for events in genes implicated in oncogenesis (Brastianos et al., 

2015; Futreal et al., 2004) revealed a shared clonal nonsense mutation in TP53 (S166*; Fig. 2C-D), a 

focal amplification in chromosome 8q containing the oncogene MYC, and a heterozygous large deletion in 

chromosome 10q containing the tumor suppressor PTEN (Fig. 2E).  

Most mutations (n = 38) were shared between the pre-treatment and treatment-resistant tumors, 

though 12 nonsynonymous mutations were lost from the primary tumor (not seen in the treatment-

resistant tumor) and 16 (all missense) were exclusive to the resistant tumor (Fig. 2D). Of these 16, the 

only nonsynonymous alteration in a gene previously associated with oncogenic signaling (Brastianos et 

al., 2015; Futreal et al., 2004) was a clonal missense mutation in PTEN, with evidence of heterozygous 

loss of the wild-type copy (81 variant reads out of 101 total reads) (Fig. 2C). This alteration occurred 

within a 3D hotspot (Gao et al., 2017) in the tyrosine phosphatase domain of PTEN (Fig. 2C) at the 

same locus as mutations observed in glioblastoma (Brennan et al., 2013) and colorectal cancer 

(Giannakis et al., 2016), suggesting a functional role. It was not detected in the pre-treatment tumor 

despite 165 reads at this locus (Fig. 2C). Though differences in degree of stromal admixture from nearby 

normal tissue between the two tumor samples precluded drawing strong conclusions about tumor-specific 

gene expression alterations, we observed an increase in expression of VEGFA in the treatment-resistant 

tumor (353 to 1103 transcripts per million (TPM), consistent with a previously described role of PTEN loss 

in immune resistance in a murine model (Peng et al., 2016) (Fig. 3). Transcripts encoding all three HLA 

alleles and β2-microglobulin were expressed at high levels in both tumor samples (Fig. 3).  
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Fig. 3. mRNA expression of al l  genes in 
pre-treatment and treatment-resistant 
tumors. Genes previously implicated in response 
or resistance to immune checkpoint blockade (Van 
Allen et al., 2015; Zaretsky et al., 2016) or PTEN 
loss (Peng et al., 2016) are labeled in purple and 
green, respectively. Expression of genes containing 
neoantigens of interest from Figure 3 is indicated in 
yellow. RNA expression in transcripts per million 
(TPM) (Li and Dewey, 2011) is displayed on a log 
scale on both axes. Dotted line indicates pre-
treatment tumor expression equal to post-treatment 
tumor expression for a given gene. 

 

Immune gene expression by MYC and PTEN copy number status in mesenchymal tumors 

To further investigate possible phenotypic consequences of MYC amplification and PTEN loss in this 

patient, we drew on matched mutation, copy number, and RNA-seq data from 241 untreated primary 

sarcomas available through The Cancer Genome Atlas (TCGA). Compared to tumors that were wildtype 

and copy number neutral at the PTEN locus on chromosome 10q23.1, sarcomas that harbored both 

heterozygous deletion and oncogenic mutation of PTEN – similar to the genotype observed in this patient 

– had significantly higher levels of STAT3 expression, consistent with activation of the Jak2/Stat3 

pathway in the Pten-null state (Toso et al., 2014) (p < 0.005; Student’s t test), while tumors with either 

mutation of PTEN or copy-number loss over chromosome 10q23.1 but not both did not differ significantly 

from wildtype (Fig. 2F). In addition, tumors with biallelic PTEN loss had significantly lower levels of 

mRNA expression of PDCD1, CD8A, IFNG, PRF1, and GZMA compared to PTEN-wildtype tumors (p < 

0.05 for all) (Fig. 2F). Tumors harboring high MYC amplifications trended towards increased mRNA 

expression of MYC (p=0.06), but did not differ in expression of any of the previously mentioned immune 

genes (Fig. 2F).  

 

Predicted neoantigen presentation in pre-treatment and treatment-resistant tumors 
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Fig. 4. Predicted and expressed neoantigens in pre-treatment and treatment-resistant 
tumors. (A) Workflow of neoantigen analysis, with Venn diagram showing prioritization of putatively 
response-associated neoantigens. (B) Line plot showing expression of genes containing predicted 
neoantigens over time. Each line represents a unique neoantigen, with those synthesized for in vitro 
testing in green, neoantigens in MB21D2 and QKI in dark green, and all other neoantigens in gray. (C) 
IGV showing mRNA transcripts of mutations generating neoantigens in QKI and MB21D2 in the pre-
treatment and treatment-resistant tumors.  
 
To identify tumor-specific peptides that mediate immune recognition of malignant cells in the context of 

immune checkpoint therapy, we predicted neoantigens from WES with in silico techniques (Hoof et al., 

2009; Shukla et al., 2015; Van Allen et al., 2015).  As observed with mutational loads, neoantigen loads 

were moderate in both pre-treatment and treatment-resistant tumors (82 and 107, respectively) (Fig. 2B, 

4A).  

None of the predicted neoantigens was previously described as clinically T cell-reactive (Fritsch 

et al., 2014; Robbins et al., 2013; Snyder et al., 2014; van Rooij et al., 2013; Verdegaal et al., 2016; 

Walter et al., 2012), nor were they seen in HLA-matched responders to immune checkpoint therapy (Hugo 

et al., 2016; Rizvi et al., 2015; Snyder et al., 2014; Van Allen et al., 2015). Thus, predicted neoantigens 

were prioritized using matched gene expression (RNA-seq) data (Fig. 4A). Four putative neoantigens 

were predicted to be unique to the pre-treatment sample, but none of these occurred in expressed genes. 

Two predicted neoantigens derived from clonal somatic mutations in MB21D2 and QKI were expressed at 

low levels in the resistant compared to pre-treatment sample (Fig. 4A-C).  
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Fig. 5. In vitro val idation of patient T 
cel l  reactivi ty to predicted 
immunogenic tumor-specif ic 
peptides. (A) Representative CD4+ 
versus CD8+ dot plot from viable CD3+ T 
cells after cell culture. (B) Representative 
dot plots showing proportions of interferon 
γ-producing CD8+ T cells following peptide 
incubation. (C) Bar chart showing 
proportions of interferon-γ-secreting CD8+ 
T cells following incubation with tumor-
specific mutant peptides (dark orange) or 
corresponding wildtype control peptides 
(light orange). Error bars show standard 
error (SE) above and below the mean. (D) 
Comparison of reactivity of healthy donor 
PBMCs (light blue) to patient PBMCs (dark 
blue) to tumor-specific mutant peptides. 
*p<0.05; **p<0.005 

 

To evaluate the immunogenicity of these neoantigens, peripheral blood mononuclear cells (PBMCs) 

obtained from the patient following resection of the treatment-resistant tumor were incubated in vitro with 

neoantigens of interest from MB21D2 and QKI. Five other neoantigens that demonstrated more constant 

expression throughout the clinical course or were present only in the treatment-resistant setting, and thus 

not expected to be involved in mediating treatment response, were also evaluated (Fig. 4B). In these 

experiments, patient CD8+ T cells were analyzed for interferon-γ release following exposure to tumor-

specific peptides versus wildtype peptide analogs (Fig. 5A-B). Secretion of interferon-γ was substantially 

higher following incubation with tumor-specific compared to wildtype peptides, with significant differences 

noted for neoantigens in QKI and MB21D2 (p=0.004 and p=0.05, respectively; Student’s t test) (Figure 

5C). In addition, patient CD8+ T cells exhibited a stronger interferon-γ response to mutant peptides than 

CD8+ T cells from an unrelated healthy donor, again with the most drastic differences in QKI and MB21D2 
(Fig. 5D). Thus, circulating T cells were able to recognize tumor-specific antigens months after surgical 

removal of metastatic disease, suggesting involvement of immunological memory in durable responses to 

cancer immunotherapy, while acquired resistance to cancer immunotherapies may occur via decreased 

expression of genes encoding immunogenic clonal tumor-specific mutations.   

 

Discussion 
This report of a chemotherapy-naïve patient with rapidly-progressive metastatic uterine leiomyosarcoma 

who had an exceptional clinical response to pembrolizumab supports the need for biologically 

comprehensive investigation of immune checkpoint inhibitors in sarcoma. Oncogenic alterations in this 
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patient’s cancer included MYC amplification and TP53 loss-of-function mutation in both tumors; 

meanwhile, biallelic PTEN loss and changes in neoantigen presentation exclusive to treatment-resistant 

tumor may have contributed to acquired immune resistance.  

In melanoma cell lines, PTEN loss increases production of immunosuppressive cytokines, 

especially VEGF, which decrease cytolytic activity and T cell infiltration in the tumor microenvironment in 

a PD-L1-independent manner (Peng et al., 2016). In melanoma clinical samples, negative PTEN 
immunohistochemical staining is associated with reduced efficacy of adoptive cell transfer and anti-PD-1 

therapies (Peng et al., 2016). Pten-deficient prostate tumors similarly induce an immunosuppressive 

tumor microenvironment by upregulating PTPN11 and inducing activity of the Jak2/Stat3 pathway (Toso 

et al., 2014), but genetic alterations in PTEN have not yet been linked to intrinsic or acquired resistance to 

immune checkpoint therapies in melanoma or NSCLC (Rizvi and Chan, 2016).  

One major role of JAK/STAT signaling is controlling the interferon-γ response, which is commonly 

disrupted in melanoma tumors intrinsically resistant to immune checkpoint therapy targeting CTLA-4 (Gao 

et al., 2016). Our observations of increased VEGFA expression accompanied by reduced PD-1+ T cell 

infiltration in a treatment-resistant mesenchymal tumor with biallelic PTEN loss, as well as increased 

STAT3 expression in untreated sarcomas with similar PTEN genotypes, tie together these preclinical and 

clinical findings in support of a PTEN-mediated mechanism of immune resistance to anti-PD-1 therapy in 

this patient. These findings suggest that addition of JAK/STAT or VEGF inhibitors in clinical cases of 

PTEN-mediated acquired resistance to immune checkpoint monotherapy could help further control tumor 

growth (Peng et al., 2016; Toso et al., 2014). 

We additionally identified two neoantigens with reduced expression in the treatment-resistant 

compared to pre-treatment tumor and high patient T cell reactivity in vitro, indicating that a subset of 

neoantigens encoded by tumor-specific mutations were capable of stimulating a T cell-mediated anti-

tumor response, and their reduced expression in the treatment-resistant tumor may have contributed to 

immune escape. Other patient-specific neoantigens also stimulated T cell effector cytokine release, 

though not significantly more than non-mutated normal peptides, and whether an effective cytotoxic T cell 

response, presumably induced by PD-1 blockade, relies on the presence of a small number of highly 

immunogenic tumor antigens or a large array of moderately reactive peptides deserves further study.  

Prior studies in immune checkpoint therapy-treated patients show disruptions in genes involved in 

neoantigen presentation are key in tumor immune evasion. For example, loss of expression of MHC class 

I molecules necessary for neoantigen presentation via frameshift deletion of β2-microglobulin (Zaretsky et 

al., 2016) or deletion of HLA alleles (Tran et al., 2016) is associated with acquired resistance to cancer 

immuunotherapies, as is loss of neoantigens themselves via DNA-level loss-of-heterozygosity events that 

eliminate neoantigen-producing mutations (Anagnostou et al., 2017; Verdegaal et al., 2016). By 

combining whole exome-based mutation calls with RNA-seq, this study adds loss of neoantigens via 
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reduced of expression of mutated genes as an additional mechanism contributing to acquired resistance 

to immune checkpoint therapy.   

In summary, immunohistochemical, whole exome, and whole transcriptome analyses of pre-

treatment and treatment-resistant tumors from one patient identified PTEN loss and changes in 

neoantigen expression as potential clinical mechanisms of acquired resistance to immune checkpoint 

therapy, though further experimental work in mesenchymal tumors is needed. Prospective integrated 

assessment of large immunotherapy-treated cohorts in tumor types not typically considered responsive to 

immune checkpoint blockade may further inform recurrent features associated with response and 

resistance. 

 

Further Discussion 

Concurrently with this study, a cohort of whole exome sequencing of pre-treatment tumors from patients 

treated with anti-PD-1 or anti-PD-L1 therapies for metastatic renal cell carcinoma, including three patients 

with pre-treatment and post-treatment tumors, was developed at the Dana-Farber Cancer Center Institute 

and partnering organizations. Methods from the melanoma cohort study and uterine leiomyosarcoma N-

of-1 acquired resistance study were applied to this new cohort in metastatic renal cell carcinoma, which 

has distinct tumor biology to previously studied cohorts in melanoma and non-small cell lung cancer, for 

Chapters 4 and 5.  
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Chapter 5: Whole exome and whole transcriptome analysis of response to anti-PD-1/PD-

L1 therapy in clear-cel l  renal cel l  carcinoma 

Abstract 
Immune checkpoint inhibitors targeting programmed cell death-1 (PD-1) substantially improve patient 

survival in clear-cell renal cell carcinoma (ccRCC). While high mutational and neoantigen burdens 

correlate with response to immune checkpoint therapies in multiple tumor types, ccRCC generally harbors 

few somatic mutations, and genomic predictors of response in ccRCC remain unknown. In whole exome 

sequencing of a discovery cohort of 34 ccRCC patients treated with anti-PD1 monotherapy, we found 

loss-of-function (LOF) somatic mutations in PBRM1, encoding the SWI/SNF chromatin-remodeling 

subunit PBAF, associated with response (p=0.0064), and confirmed this finding in a validation cohort 

(N=35, p=0.025). PBRM1-deficient ccRCC cell lines had significantly increased expression of immune-

related gene sets relative to isogenic wildtype lines. Furthermore, in untreated ccRCC (N=412), PBRM1-

mutant tumors featured distinct infiltrating immune cell composition compared to PBRM1-wildtype tumors. 

PBRM1 LOF correlates with response to immune checkpoint therapy in ccRCC, and the role of the 

SWI/SNF complex in conferring sensitivity to immune checkpoint therapies merits further study across 

cancer types.  
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Introduction 
Clear cell renal cell carcinoma (ccRCC) has been known to be immunotherapy-responsive for decades 

(Fyfe et al., 1996), and immune checkpoint therapies have recently demonstrated clinical benefit to 

ccRCC patients (Motzer et al., 2015). However, genomic predictive biomarkers of response to immune 

checkpoint blockade in this setting have yet to be deeply explored. The success of immune checkpoint 

inhibitors in non-small cell lung cancer (NSCLC), melanoma, and microsatellite-unstable colorectal 

adenocarcinoma has been partially attributed to high mutational burdens – from 10 to 400 mutations per 

megabase (Mb) – in these tumor types, which generate tumor-specific antigens (neoantigens) that 

stimulate a strong anti-tumor immune response (Le et al., 2015; Rizvi et al., 2015; Snyder et al., 2014; 

Van Allen et al., 2015). Meanwhile, ccRCC has an average of 1.1 mutations/Mb, without significant 

outliers (Cancer Genome Atlas Research, 2013; de Velasco et al., 2016), while ranking among the 

highest across tumor types in tumor microenvironment cytolytic activity (Rooney et al., 2015), immune 

infiltration score, and T cell infiltration score (Şenbabaoğlu et al., 2016). This observation led us to 

hypothesize that distinct molecular mechanisms underlie its immunologically active tumor 

microenvironment and responsiveness to immune checkpoint therapy. 

 

Results 
As part of a prospective clinical trial (Choueiri et al., 2016), we analyzed whole exome sequencing (WES) 

of pre-treatment tumors from 34 patients who received anti-PD-1 therapy (nivolumab) for metastatic 

ccRCC to discover genetic predictors of response, and then validated our findings in 35 patients (Fig. 

1A). Baseline clinical and demographic features in the training cohort have been previously described 

(Choueiri et al., 2016). Given evidence suggesting refined clinical stratifications are necessary to assess 

clinical benefit to immune checkpoint blockade (Wolchok et al., 2009), we applied a composite response 

end point incorporating RECIST criteria (Eisenhauer et al., 2009), tumor shrinkage, and progression-free 

survival (PFS) (Fig. 1B) for use in both the discovery and validation cohorts.  
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Fig. 1. Cohort consolidation and cl inical characterist ics of the training cohort. (A) Sample 
inclusion/exclusion criteria and computational workflow. (B) Clinical stratification by degree of objective 
decrease in tumor burden (y-axis) and duration of progression-free survival (x-axis). (C) Mutational and 
neoantigen burden in the training cohort by response group. (D) Ratio of subclonal to clonal mutations, as 
estimated by ABSOLUTE, by response group. ns = not significant (α=0.05). 
 

Clinical benefit (CB) included all patients with complete response (CR) or partial response (PR) 

by RECIST (i.e. tumor shrinkage >30% from baseline), while no clinical benefit (NCB) experienced early 

tumor growth: progressive disease (PD) by RECIST (i.e. tumor growth >20%) in less than 3 months. 

Patients with stable disease (SD) by RECIST were also considered CB if they had objective reduction in 

tumor burden lasting at least 6 months. This separated SD patients with naturally indolent disease (i.e. 

slow tumor growth not surpassing 20%) from those with objective tumor response to immune checkpoint 
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therapy (i.e. tumor shrinkage 1-29%) (Gofrit et al., 2015). All other patients were termed “intermediate 

benefit” (IB).  One patient (5_50) was classified as CB despite minor early tumor progression due to 

subsequent continued tumor shrinkage (Fig. 2A-B). Dose of nivolumab, patient gender, and baseline 

PD-L1 immunohistochemical staining from a metastatic site did not predict patient overall survival (OS) 

(p>0.05 for all; log-rank test) (Fig. 3). 

 

Fig. 2. Spider plots by 
responses to anti-PD-
monotherapy. (A) 
Objective change in tumor 
burden over time, with 
colors indicating (A) best 
response by RECIST (v1.1) 
or (B) response group as 
defined in this study. 
*Patient with continued 
decrease in tumor burden 
after early tumor growth 
(possible pseudo-
progression), determined to 
be a responder to anti-PD-1 
monotherapy. 
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Fig. 3. Kaplan-Meier curves showing relat ionship between cl inical covariates or 
immunohistochemical (IHC) staining for PD-L1 and duration of overal l  survival.   
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Fig. 4. Whole exome features of training cohort. (A) Mutations in the training cohort. Patients are 
ordered by response category, with tumor mutational burden in decreasing order within each response 
category. The seven shown genes are the six genes identified by MutSig2CV, plus BAP1, which has 
negative prognostic significance in ccRCC (Kapur et al., 2013). (B) Enrichment of truncating mutations in 
individual genes in CB vs. NCB. Red dashed line denotes p=0.01. (C) Kaplan-Meier curve comparing 
progression-free survival in patients with PBRM1-wildtype vs. PBRM1-mutant tumors. (D) Spider plot 
showing objective decrease in tumor burden in PBRM1-mutant vs. PBRM1–wildtype tumors. Three 
patients with early progression on immune checkpoint therapy and truncating mutations in PBRM1 (dark 
blue) had long and/or censored OS.  
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burdens and intratumoral heterogeneity did not differ significantly by response group (Fig. 4A). Thus, we 

sought to investigate the role of mutations in particular genes in mediating response. To focus our 

analysis on events most likely to be biologically meaningful, we applied MutSig2CV (Lawrence et al., 

2013) to identify genes recurrently mutated in this cohort, and limited our search to known hotspot or 

putative truncating (frameshift insertion or deletion, nonsense mutation, or splice-site) mutations. 

MutSig2CV analysis identified 6 significantly mutated genes (Fig. 4B) (Cancer Genome Atlas Research, 

2013), and truncating PBRM1 mutations were enriched in CB vs, NCB (9/11 vs. 3/12; p=0.0064, q=0.039) 

(Fig. 4C). All truncating PBRM1 alterations occurred with chromosome 3p deletion (Fig. 4B), resulting 

in complete loss-of-function (LOF) of PBRM1, and most were predicted to be clonal (present in all tumor 

cells). Patients with biallelic PBRM1 loss had significantly prolonged PFS and OS compared to those 

without (p=0.042 and p=0.014, respectively) (Fig. 4D), and experienced sustained reductions in tumor 

burden (Fig. 4E). We then examined an independent validation cohort of WES from pre-treatment 

tumors from 35 patients treated with anti-PD-1 or anti-PD-L1 therapies alone or in combination with anti-

CTLA-4 therapies (Fig. 5A-B), and confirmed that pre-treatment tumors from CB patients were more 

likely to harbor truncating alterations in PBRM1 (11/17 vs. 2/10, p=0.025) (Fig. 5C-D).  

 

 
Fig. 5. Association between PBRM1 alterations and cl inical benefit  from immune 
checkpoint therapies in a val idation cohort. (A) Selection of the validation cohort. (B) Clinical 
outcomes in the validation cohort (see Fig. 1B). (C) Proportion of tumors harboring PBRM1 truncating 
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alterations in CB vs. NCB. Error bars show standard error above and below the mean. *p<0.05 (D) 
Truncating alterations in PBRM1 and response to immune checkpoint therapy by sample. Colored boxes 
indicate samples with truncating mutations in PBRM1, while gray denotes wildtype samples.  
 

PBRM1 (encoding BAF180) is a subunit of the PBAF subtype of SWI/SNF chromatin remodelers 

and has known functions in regulating hypoxia response (Gao et al., 2017), but effect on tumor-immune 

interactions has not been well-studied.  We analyzed whole transcriptome sequencing (RNA-seq) from 

previously described A704 ccRCC cell lines (Gao et al., 2017), comparing PBAF-proficient (A704BAF180wt) 

vs. PBAF-deficient (A704BAF180-/- and A704BAF180wt, BRG1-/-) states to assess the role of the intact PBAF 

complex in regulating gene expression. We first used EdgeR (Robinson et al., 2010) to assess differential 

gene expression, finding substantial overlaps (~50%) between the top 100 genes differentially expressed 

in A704BAF180wt, BRG1-/- and A704BAF180-/- cell lines vs. A704BAF180wt cell lines. We then implemented gene set 

enrichment analysis (GSEA) (Subramanian et al., 2005) with 50 hallmark gene sets (Liberzon et al., 

2015), finding an overlap of 5 gene sets significantly enriched in the two PBAF-deficient vs. PBAF-

proficient settings, including gene sets linked to IL6/JAK/STAT3 signaling, TNF-α signaling via NF-κB, 

and IL2/STAT5 signaling (Fig. 6A).  

We next employed GSEA using founder gene sets that describe the hallmark gene sets with more 

granularity (Liberzon et al., 2015). Across founder gene sets from all 5 hallmark gene sets assessed, 

PBAF-deficient vs. PBAF-proficient cell lines were most strongly enriched in the KEGG cytokine-cytokine 

receptor interaction gene set in PBAF-deficient vs. PBAF-proficient cell lines (FWER q=0.0020 for 

A704BAF180-/- vs. A704BAF180wt and 0.023 for A704BAF180wt vs. A704BAF180wt, BRG1-/-) (Fig. 6A). This gene set 

includes genes that are immune-stimulatory (e.g. IFNG) and immune-inhibitory (e.g. IL10), but the genes 

most strongly enriched in A704BAF180-/- vs. A704BAF180wt cells are annotated as being involved in 

upregulation of immune activity (e.g. GO:0002684), and very few of the genes strongly enriched in 

A704BAF180wt vs. A704BAF180-/- were annotated by the same GO terms (Fig. 6B). We also found 

upregulation of the hallmark hypoxia gene set in A704BAF180-/- vs. A704BAF180wt (FWER q=0.071), which has 

previously been described in this context (Gao et al., 2017). GSEA analyses of untreated ccRCC tumors 

from the TCGA (KIRC) and of a murine model of PBRM1 loss also showed amplified transcriptional 

outputs of HIF1 and STAT3 in PBRM1-mutant vs. PBRM1-wildtype states, above that incurred by VHL 

deficiency alone (Nargund et al., 2017). GSEA analysis from patients in the training and validation cohorts 

who had matched whole exome and whole transcriptome sequencing (N=18 PBRM1 truncating mutant 

vs. N=13 PBRM1 wildtype) also showed increased hypoxia and JAK/STAT gene set expression in 

PBRM1-mutant vs. PBRM1-wildtype pre-treatment tumors.  
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Fig. 6. PBRM1  mutational status inf luences tumor-immune interactions. (A) Schematic of 
RNA-seq analysis of PBAF-deficient (A704BAF180-/- and A704BAF180wt, BRG1-/-) vs. PBAF-proficient 
(A704BAF180wt) cell lines, with integration of results. (B) Hallmark GSEA analysis on PBAF-deficient vs. 
PBAF-proficient A704 kidney cancer cell lines. Venn diagrams show number of significantly differentially 
expressed founder gene sets of those tested (in parentheses) from a given hallmark gene set in 
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A704BAF180-/- vs. A704BAF180wt (left) and A704BAF180wt,BRG1-/- vs. A704BAF180wt (right). (C) GO analysis of genes 
in the KEGG cytokine-cytokine receptor gene set most strongly upregulated in A704BAF180-/- vs. 
A704BAF180wt cell lines. **p<0.01. (D-E) CIBERSORT on PBRM1-mutant and PBRM1-wildtype TCGA KIRC 
(N=330) (D) and untreated ccRCC from the Sato cohort (E). Dotted red line indicates p=0.05. 
 

To characterize the quality of the tumor-immune microenvironment in PBRM1-wildtype vs. 

PBRM1-mutant ccRCC, we then assessed differential expression of immune inhibitory ligands (Ramsay, 

2013) and immune cell markers and applied CIBERSORT (Newman et al., 2015) in three cohorts: 

untreated ccRCC patient tumors from the TCGA (KIRC) (Cancer Genome Atlas Research, 2013), an 

independent cohort of untreated ccRCC tumors (Sato) (Sato et al., 2013), and patient tumors from this 

study. In all three cohorts, PBRM1-truncated tumors had significantly lower expression of PBRM1 than 

PBRM1-wildtype tumors (p=0.0027, 0.048, and 0.020, respectively), while tumors with missense 

mutations or inframe indels in PBRM1 more closely resembled wildtype (Fig. 7). PBRM1-truncated 

tumors in TCGA KIRC generally had lower expression of immune inhibitory ligands than PBRM1-wildtype 

tumors (p<0.05), except for CD200, which was higher, with similar trends in the Sato and patient cohorts, 

though the magnitudes of these differences between groups was small. Similar trends were not seen in 

VHL-mutant vs. VHL-wildtype KIRC, suggesting that this effect may be specific to PBRM1.  

 
Fig. 7. Immune-related gene expression in bulk RNA-seq from the TCGA KIRC cohort.  

 

CIBERSORT allowed for estimation of relative proportions of different types of immune cells out 

of the total immune infiltrate in the sequenced bulk tumor. In TCGA KIRC, PBRM1-truncated tumors were 

significantly enriched in monocytes and CD4+ memory resting T cells relative to PBRM1-wildtype tumors 

(q=0.040 and 0.033, respectively) and somewhat depleted in CD8+ T cells (p=0.031, q=0.22) (Fig. 6D), 

with similar trends in the Sato and patient cohorts (Fig. 6E). CD8+ T cell infiltration was strongly 

negatively correlated with CD4+ memory resting T cell infiltration (r = -0.66, p<0.00001; Pearson’s 
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correlation) but not CD4+ memory activated T cell infiltration. CD8+ T cell infiltration was also strongly 

positively correlated with T regulatory cell (r=0.33, p<0.00001), NK cell, and M1 macrophage infiltration 

(r=0.33, 0.64 and 0.17, respectively; p<0.0005 for all,). VHL mutational status in TCGA KIRC did not 

correlate with CD4+ memory resting or CD8+ T cell infiltration. No association was observed between PD-

L1 immunohistochemical staining and PBRM1 status in the training cohort at 1% and 5% cut-offs (p>0.05 

for both). These whole transcriptome results agree with a previously described orthogonal method for 

inferring immune cell infiltrates (single-sample gene set enrichment analysis or ssGSEA), where PBRM1-

mutant tumors in TCGA KIRC were seen more frequently in non-T-cell-enriched and heterogeneous vs. 

T-cell-enriched tumors (Şenbabaoğlu et al., 2016). Therefore, PBRM1-mutant vs. PBRM1-wildtype tumors 

may have distinct immunologic properties, though the generalizability of these analyses in cell line models 

and untreated patient tumors to tumor behavior in vivo in response to immune checkpoint therapy merits 

further study.  

 

Discussion 
In summary, patients with metastatic ccRCC harboring truncating mutations in PBRM1 in independent 

training and validation cohorts totaling 69 patients had increased responsiveness to immune checkpoint 

therapy targeting the PD-1/PD-L1 interaction. Untreated tumors with truncating mutations in PBRM1 and 

PBAF-deficient ccRCC cell lines had distinct immune-related properties compared to PBRM1-wildtype 

counterparts. Thus, loss of PBRM1 in ccRCC may alter chromatin structure and deregulate gene 

expression in a way that affects tumor-immune interactions, though further in vivo studies will be needed 

to further explore these findings.  

Clinically, PBRM1 mutation and LOF have alternately been associated with favorable (Kapur et 

al., 2013), unfavorable (Nam et al., 2015; Pawłowski et al., 2013), or neutral (Hakimi et al., 2013) effects 

on cancer-specific survival in ccRCC. PBRM1 mutational status may also influence response to mTOR 

inhibitors (Hsieh et al., 2017) and tyrosine kinase inhibitors (Fay et al., 2016). However, two other studies 

failed to validate these response associations (Beuselinck et al., 2015; Kwiatkowski et al., 2016), and not 

all studies distinguish between missense and inframe mutations in PBRM1 and true truncating LOF 

variants. Thus, the observed association between PBRM1 bialellic loss and CB from immune checkpoint 

therapy may not be fully explained by generally decreased tumor aggressiveness or increased 

responsiveness to therapy. In addition, all CB patients were required to have objective decreases in tumor 

burden on immune checkpoint therapy, making it unlikely that the prognostic benefit of PBRM1 mutation 

alone, if real, could explain these results. Given the potential roles of PBRM1 in regulating both immune 

activity, as shown in this study, and hypoxia response (Gao et al., 2017), it is possible that PBRM1 LOF 

has both prognostic importance in general and predictive relevance for immunotherapies and 

angiogenesis-targeted therapies in particular. Finally, up to 41% of patients with ccRCC have PBRM1 
LOF (Varela et al., 2011), commonly occurring as truncal events present in all or nearly all tumor cells 
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(Gerlinger et al., 2014), and more than 20% of human cancers contain a mutation in at least one 

SWI/SNF subunit (Kadoch et al., 2013). Thus, the generalizability of the observed relationship between 

PBAF loss and response to anti-PD-1 and anti-PD-L1 therapies in ccRCC to other cancer types merits 

further preclinical and clinical investigation.   
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Chapter 6: Whole exome and whole transcriptome analysis of response and resistance to 

anti-PD-1 therapy in renal cel l  carcinoma 

Abstract 
Blockade of the PD1/PD-L1 T cell immune checkpoint yields survival benefits in metastatic renal cell 

carcinoma (mRCC), but molecular biomarkers of response and acquired resistance to anti-PD1/PD-L1 

therapy in this cancer type are mostly unknown. In this study, we undertook whole exome sequencing of 

matched “trios” (primary tumor resection, immune-checkpoint-refractory metastasis, and germline tissue) 

from 3 patients who experienced mixed responses to anti-PD1 or anti-PD-L1 therapy for mRCC. 

Nonsynonymous mutation burdens were low in all 3 patients. One patient had nonsense mutations of 

TAP1 in both pre-treatment and resistant tumors. Mutations found in resistant but not primary tissues 

included a frameshift deletion in MR1, involved in MHC I antigen presentation; a missense mutations in 

TJP1, implicated in JAK/STAT signaling; and a missense mutation in PIAS2, implicated in STAT2 and 

PTEN regulation. Matched whole exome and whole transcriptome sequencing in one patient showed that 

5 neoantigens that were found exclusively in the primary tumor (lost in the treatment-resistant tumor). 

This could represent immune evasion via deletion of immunogenic mutations, cytotoxic killing of 

immunogenic tumor clones, or intrinsic resistance to immune checkpoint therapy in heterogenous tumors. 

Ongoing in vitro analysis of reactivity of predicted neoantigens from all 3 samples with patient-derived T 

cells will further clarify the biological significance these putative tumor antigens.  
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Introduction 

As introduced in Chapter 5, immune checkpoint inhibitors, including monoclonal antibodies targeting 

programmed death-1 (PD-1) and its ligand PD-L1, can improve clinical outcomes in metastatic renal cell 

carcinoma (RCC) compared to targeted therapies alone, but the tumor biology and molecular 

characteristics of RCC seem to differ from that of other immunotherapy-responsive cancer types (e.g. 

melanoma, non-small-cell lung cancer). Additionally, mechanisms of acquired resistance to immune 

checkpoint therapies in RCC are completely unknown. Thus, we gathered a cohort of three patients with 

metastatic RCC treated with anti-PD-1 or anti-PD-L1 therapies who experienced partial tumor response at 

the majority of tumor sites with continued tumor growth at one lesion, which was resected. Whole exome 

and whole transcriptome characterization of these tumors offered a unique opportunity to study both 

response and resistance in three patients.  

 

Results 

 

 
 
 
 
 
Fig. 1. Whole 
exome and 
whole 
transcriptome 
analysis pipel ine 
for three 
patients with 
RCC.  

 

Details of the clinical course of all three patients were gathered from their medical records. Pat01 was 

diagnosed with clear-cell RCC with sarcomatoid features, Pat02 was diagnosed with clear-cell RCC 

without sarcomatoid features, and Pat03 was diagnosed with non-clear-cell RCC with sarcomatoid 

features. Pat01 and Pat02 underwent first-line treatment with tyrosine kinase inhibitors prior to treatment 

with anti-PD-1/anti-PD-L1 immune checkpoint therapies. Pat03 received immune checkpoint monotherapy 

as a first-line therapy. All patients had objective tumor response to immune checkpoint therapy, ranging 

from 14-40% tumor regression. Tumor samples from the primary nephrectomy and new tumors emerging 

after initiation of immune checkpoint therapy were collected for whole exome sequencing, whole 

transcriptome sequencing, as described in Chapter 3 and 4.  
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Fig. 2. Mutational burden and 
mutational clonali ty in pre-
treatment and post-resistance 
tumors 

 

 

Fig. 3. Estimated tumor purity in pre-treatment 
and post-resistance tumors  

 

 

Fig. 4. Copy number 
alterations in renal cel l  
carcinoma. Tumor samples from 
the higher-purity tumor from each 
patient are shown for visualization 
purposes. Y-axis shows copy ratio 
of copy number alteration. X-axis 
shows chromosomal location.   
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Mean target coverage ranged from 60-175x across the six sequenced tumor samples, and 80-170x in 

matched normal tissue. Tumor mutational burdens in these patients were low overall (~70 / exome), with 

no substantial change in mutational burden after immune checkpoint therapy (Fig. 2). Estimated tumor 

purity ranged from 19-60% tumor nuclei in the sequenced sample by ABSOLUTE (Carter et al., 2012) 

(Fig. 3), consistent with previously described high stromal and endothelial cell contributions and 

substantial tumor heterogeneity in RCC (Cancer Genome Atlas Research, 2013). Pat01 had a large 

proportion of mutations predicted to be subclonal in both the pre-treatment and post-resistance tumors 

(>50% in both) (Fig. 2). Two of the tumors (from Pat01 and Pat02) harbored copy number loss over 

chromosome 3p, which is characteristic of ccRCC (Cancer Genome Atlas Research, 2013), while the third 

non-clear-cell tumor (from Pat03) did not (Fig. 4).  

Both pre-treatment and post-treatment tumors from Pat01 harbored clonal alterations in the 

known clear-cell RCC driver genes VHL, BAP1, and SETD2, while Pat02 had no clonal mutations in 

common clear-cell RCC drivers, falling into the group of ~20% of clear-cell RCC tumors driven by copy 

number alterations alone (Cancer Genome Atlas Research, 2013). Pat03 also did not harbor mutations in 

any canonical RCC driver genes, though it did have a small homozygous deletion in chromosome 9 

containing the tumor suppressor PTCH1 and large amplifications in chromosome 8q containing the 

oncogene MYC and in chromosome 3q26-28, which contains multiple candidate oncogenes including 

PIK3CA and MECOM (Fig. 4).  
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Fig. 5. Tumor evolut ion in 3 cases of acquired resistance to immune checkpoint 
therapy. Mutations in known cancer drivers and in genes involved in antigen presentation 
(GO:0019882) are shown. Size of density is inversely proportional to confidence in alteration, 
while shading is directly proportion, such that high-confidence variants occupy less space and 
have more saturated coloring.  
 

Modeling of tumor evolution (Brastianos et al., 2015) in pre-treatment vs. post-resistance tumors 

from all three patients revealed a small number of acquired tumor mutations. No acquired mutations in 

JAK/STAT pathway genes or β2-microglobulin were observed (Zaretsky et al., 2016). The post-resistance 

tumor in Pat02 harbored a nonstop frameshift mutation in MR1, which is involved in non-classical MHC 

class I interactions with mucosal-associated invariant T-cells for presentation of microbial-associated 

peptides, as well as missense mutations in PIAS2 and TJP1, which are inolved in the JAK/STAT and 

PTEN signaling pathways, respectively. Pat03 had a nonsense mutation in one of the functional domains 

of TAP1, which encodes a protein necessary for MHC class I antigen presentation, in both pre-treatment 
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and post-resistance tumors. This mutation occurred in a region of chromosome 6 that harbored loss-of-

heterozygosity in both tumors, leading to expected complete loss of functional TAP1 protein in the tumor 

(Fig. 6).  Unfortunately, due to low tumor purity in either the pre-treatment or post-resistance tumor in all 

three cases, inference of lost or acquired copy number alterations was more difficult. 

 
Fig. 6. TAP1 loss-of-function in pre-treatment and post-resistance tumors from Pat03. 
IGV screenshot over the p.Q665* locus demonstrating nonsense mutation in both tumors but not in the 
matched normal tissue appears on the right. Allelic copy number plot showing loss of heterozygosity over 
the TAP1 locus on chromosome 6 is shown on the left.  

 

Given the ambiguous results from examination of acquired mutations and copy number 

alterations in post-resistance tumors from these patients, I next inferred neoantigens using in silico 
methods (Shukla et al., 2015). Predicted neoantigen burden resembled predicted mutation burden. One 

patient (Pat03) had matched RNA-seq available for assessment of whether these predicted neoantigens 

occurred in expressed genes, and a number of neoantigens were present in DNA but were not in 

expressed genes, making it possible that these predicted neoantigens were not biologically significant. No 

predicted neoantigens were shared among the three patients in this study.  
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Fig. 7. Predicted neoantigens in al l  three patients. Scatterplots show allelic fraction of 
neoantigen in pre-treatment (x-axis) vs. post-resistance (y-axis) tumors. Colors indicate predicted 
clonality of neoantigen, with gray representing mutations on chromosome X where clonality could not be 
estimated by ABSOLUTE. Venn diagrams indicate overlap between neoantigens in pre-treatment vs. 
post-resistance neoantigens per patient. Line graph on right shows expression level of genes encoding 
neoantigens in Pat03 over time.  
 

Discussion 

In this study, we used whole exome sequencing of pre-treatment and post-resistance tumors from three 

patients treated with anti-PD-1 therapies for metastatic renal cell carcinoma to discover genomic 

predictors of response and resistance to immune checkpoint therapies. As seen in other cases of 

response to immune checkpoint therapy in RCC, high mutational burdens were not a prerequisite for 

response, as has been proposed in melanoma and NSCLC (Rizvi et al., 2015; Snyder et al., 2014). 

Evaluation of resistance-associated features revealed acquired mutations in genes (MR1, TJP1, and 

PIAS2) that interact with antigen presentation, JAK/STAT signaling, and PTEN signaling, which have 

previously been described in relationship to acquired resistance to immune checkpoint therapies (George 

et al., 2017; Zaretsky et al., 2016), though none of these specific genes have been annotated in depth in 

relation to immune activity in cancer cells. These results suggest more detailed experimental inquiry into 

the phenotypic effects of these mutations may help further delineate acquired resistance mechanisms for 

immune checkpoint therapy.  

Unexpectedly, the pre-treatment tumor from Pat03 harbored a nonsense mutation in TAP1, which 

is thought to be essential to MHC class I antigen presentation. This result could suggest that the response 

to immune checkpoint therapy in this case is mediated by non-MHC-class-I-associated mechanisms. For 

example, some studies have suggested that MHC class II epitopes can mediate therapeutic immune 

responses in cancer (Kreiter et al., 2015). Additionally, RCC is known to be highly heterogeneous 

(Gerlinger et al., 2014), such that mutations that appear to be clonal within the sequenced sample studied 

may be subclonal within the entire tumor population. Thus, it is possible that tumor metastases that 
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responded to anti-PD-1 therapy in this patient did not harbor the biallelic TAP1 loss observed in the pre-

treatment and post-resistance tumors sequenced. Furthermore, changes in neoantigen repertoire 

occurred in all three patients, and past works have suggested that down-regulation of neoantigen 

expression by reducing mutant gene expression, deleting mutant alleles, or suppressing immunogenic 

subclonal variants (Anagnostou et al., 2017; George et al., 2017) can all confer acquired resistance to 

immune checkpoint therapies.  

However, in silico analysis of whole exome sequencing and whole transcriptome sequencing in 

these three patients was inadequate to fully describe the acquired resistance landscape. In the absence 

of previously described genomic resistance mechanisms in these three patients, further dissection of the 

tumor-immune landscape such as epigenetic profiling, immunophenotyping of tumor-reactive T cells, or 

multi-focal tumor sequencing to evaluate intratumoral heterogeneity could have revealed novel 

mechanisms of resistance to immune checkpoint therapy in these three patients. Despite some 

suggestive findings using whole exome and whole transcriptome sequencing in these three patients, 

multimodal analysis of tumor-immune interactions in much larger patient cohorts will be necessary to form 

high-confidence judgments about necessary and sufficient features of the tumor exome and transcriptome 

for response to immune checkpoint therapy. 
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Chapter 7: Genomic correlates of response to immune checkpoint blockade in 

microsatel l i te-stable sol id tumors 

Abstract
Tumor mutational burden has been associated with response to immune checkpoint blockade, but this 

correlation is weak and confounded. In this study, we analyzed whole exome sequencing (WES) of 249 

tumors and matched normal tissue from patients with clinically annotated outcomes to immune checkpoint 

therapy across six cancer types. Mutational burden was correlated with response to immune checkpoint 

therapies, but global mutational signatures and certain driver genes and pathways – including chromatin 

remodeling and RAS signaling – were strongly correlated with mutational burden and had additional 

predictive value for clinical benefit to immune checkpoint blockade in multiple solid tumors. A multivariate 

response classifier had superior performance to mutational burden alone. Multi-modal analysis of WES 

from patients treated with immune checkpoint blockade can enhance understanding of genomic features 

that may impact selective response beyond mutational or copy number burden, identify candidate 

combination strategies, and prioritize candidate genes for functional analysis.  
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Introduction 

Immune checkpoint inhibitors, including monoclonal antibodies targeting the immune inhibitory proteins 

programmed cell death protein 1 (PD-1) and cytotoxic T lymphocyte associated antigen 4 (CTLA-4), 

significantly extend patient survival across many cancer types (Topalian et al., 2016), but pre-treatment 

predictive biomarkers of response remain unclear. Immunohistochemical (IHC) assessment of tumor 

immune activity, including staining for the ligand to PD-1 (PD-L1) and the presence of CD8+ T cells, may 

help predict response to anti-PD-1 therapies (Brahmer et al., 2015; Topalian et al., 2016; Tumeh et al., 

2014), but these histological snapshots may not fully represent a dynamic tumor-immune 

microenvironment (Sharma, 2016), have variable sensitivity and specificity by tumor type (Carbognin et 

al., 2015), and lack predictive value for anti-CTLA-4 therapies. Molecular analysis of patient tumors may 

provide a more robust view of tumor-immune biology and yield more accurate predictors of tumor-specific 

mediators of response to immune checkpoint therapy.  

A high burden of tumor-specific mutant peptides (neoantigens) generated from somatic 

nonsynonymous coding mutations may increase tumor immunogenicity and the likelihood of patient 

benefit from immune checkpoint therapy (Le et al., 2015; Rizvi et al., 2015; Rosenberg et al., 2016; 

Snyder et al., 2014; Van Allen et al., 2015b). However, not all studies of immunotherapy-treated cohorts 

have found a strong relationship between mutational burden and response (Hugo et al., 2016; Roh et al., 

2017), and even in studies finding a statistically significant association, the distributions of mutational 

burdens between responders and nonresponders overlap substantially (Van Allen et al., 2015b), limiting 

the utility of using mutational burden alone as a clinical biomarker for individual patients.  

Given the major limitations of mutational burden as a predictive biomarker, further genomic 

studies have suggested that clonal mutations and neoantigens (McGranahan et al., 2016), mutations and 

copy number alterations affecting particular genes and signaling pathways (Gao et al., 2016; Johnson et 

al., 2015; Kato et al., 2017; Riaz et al., 2016), and overall tumor aneuploidy (Davoli et al., 2017; Roh et 

al., 2017) may have additional predictive value for response or resistance to immune checkpoint 

therapies. However, existing studies have focused on a limited sample set of genomic sequencing of 

clinically annotated tumors, largely in metastatic melanoma and NSCLC, and no large cohort studies 

have yet evaluated response predictors in bladder cancer and head and neck squamous cell carcinoma 

(HNSCC) using whole exome techniques. Furthermore, computational methods have been inconsistent 

across studies, and attempts to validate findings in independent prospective patient cohorts have not 

always been successful (Sucker et al., 2017).  

We hypothesized that an expanded cohort of clinically annotated patient samples would provide 

greater power to detect significant associations between pre-treatment tumor characteristics and 

response to immune checkpoint therapies. Thus, we gathered raw sequencing data of tumors from 

immune-checkpoint-treated patients from seven published studies (N=171) (Garofalo et al., 2016; George 

et al., 2017; Mouw et al., 2016; Rizvi et al., 2015; Snyder et al., 2014; Van Allen et al., 2015a; Van Allen 

et al., 2015b) and combined it with 78 newly sequenced pre-treatment tumors. By harmonizing clinical 
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annotations and whole exome analyses across 249 samples and six cancer types, we aimed to 1) 

validate prior hypotheses regarding response to immune checkpoint blockade and assess their 

generalizability to other histological or drug settings; 2) apply new computational techniques for inference 

of tumor biology and immunogenicity; and 3) utilize machine learning techniques to form a more sensitive 

and specific model of response to immune checkpoint therapy from whole exome features.   

 

Results 

Consolidation of a clinically-annotated cohort of whole exome sequencing of tumors from patients treated 

with immune checkpoint blockade 
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Fig. 1. Clinical cohort consolidation and response stratification. (A) Data quality control for 249 
samples included in final analysis. (B) Comparison of three published response metrics for determining 
CB vs. NCB. (C) Comparison of mutational burden (synonymous and nonsynonymous), nonsynonymous 
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mutational burden, and clonal nonsynonymous mutational burden among response groups. Outlying 
points from patients with mutations/Mb > 101 are not shown (2 CR/PR, 1 SD, 3 PD). (D) Comparison of 
intratumoral heterogeneity across response groups. (E) Pie chart showing clinical response to immune 
checkpoint therapy by intratumoral heterogeneity. *p<0.05, **p<0.005, ns = not significant.  
 

Whole exome sequencing (WES) from clinically annotated tumor samples with matched germline blood or 

adjacent normal tissue were available for 314 patients. Standard quality control measures were taken to 

ensure adequate power to detect tumor-specific mutations. Following quality control, final analysis 

included 249 patient tumors across six cancer types: melanoma (N=151), lung cancer (N=57), bladder 

cancer (N=27), HNSCC (N=12), anal cancer (N=1), and sarcoma (N=1) (Fig. 1A). These patients were 

treated with anti-PD-1 (N=74), anti-PD-L1 (N=20), anti-CTLA-4 (N=145), or a combination of anti-CTLA-4 

and anti-PD-1/L1 therapies (N=10). A minority of patients received anti-PD-1, anti-PD-L1, or anti-CTLA-4 

therapy in combination with another immunotherapy, targeted therapy, or cytotoxic chemotherapy (N=7). 

To stratify patients by clinical benefit, we referenced previously described immunotherapy-treated 

cohorts, which have defined clinical benefit (CB) and no clinical benefit (NCB) groups using radiographic 

tumor response by RECIST (Eisenhauer et al., 2009; Hugo et al., 2016), duration of progression-free 

survival (PFS), duration of overall survival (OS), or a combination of these (Roh et al., 2017; Van Allen et 

al., 2015b). Substantial differences in patient classification between response metrics existed (Fig. 1B), 

and given the complicated nature of determining response to immune checkpoint therapy (Wolchok et al., 

2009), we applied the most conservative definition of CB (CR/PR) vs. NCB (PD) for the main analyses, 

acknowledging that no response metric may be able to adequately capture the complexity of response to 

immunotherapy. Analyses were repeated using two other response definitions (Roh et al., 2017; Van 

Allen et al., 2015b) for comparison.  

 

Mutational burden and response to immune checkpoint therapy  

Across all samples, average mean target coverage was 150-fold for tumor tissue and 119-fold for 

matched germline tissue, and mean estimated tumor purity was 58% (range 10-97%). Overall tumor 

mutational burden was significantly associated with CB, regardless of the response metric used (p<0.001 

for all; Mann-Whitney U), though the ranges of mutational burdens between response groups overlapped 

considerably (Fig. 1C). For example, in melanoma, the difference in mutational burden between CR/PR 

and PD barely reached statistically significance (IQR 7.2-27.9 nonsynonymous mutations/Mb vs. 3.4-

18.8; p=0.026). Considering patients with SD as best response to RECIST, patients with OS>1 year (CB 

in Van Allen metric) tended to have mutation burdens more similar to the CR/PR group, while those with 

OS<1 year resembled the PD group (Fig. 1C). A similar trend was not observed when subsetting SD 

patients by PFS greater or less than 6 months (CB vs. NCB in Roh metric) (Fig. 2).  
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Fig. 2. Boxplot of response to immune 
checkpoint therapy by response group. 
Patients with SD are divided into those 
with PFS >6 months or <6 months.  

Given the importance of intratumoral heterogeneity and subclonal tumor architecture in tumor-

immune dynamics reported in lung adenocarcinomas and some melanomas (McGranahan et al., 2016), 

we then inferred mutational clonality using ABSOLUTE (Carter et al., 2012) (Supplemental Methods). 

Indeed, clonal nonsynonymous mutational burden more strongly predicted CB than nonsynonymous 

mutational burden (Fig. 1D), and patients with a large proportion of subclonal mutations (>50%) were 

significantly more likely to have NCB vs. CB across all solid tumors described herein (Fig. 1E) (3/70 

CR/PR vs. 26/123 PD, p=0.0014; Fisher’s exact).  

 

Mutations in specific genes associated with response or resistance to immune checkpoint therapy 
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Fig. 3. Enrichment of nonsynonymous mutations in all mutated genes in cohort by response 
category. y-axis shows –log10(p-value) for enrichment of mutations in CB (above dashed line) or in NCB 
(below dashed line) by Fisher’s exact test. x-axis shows prevalence of mutation across cohort. Colors 
denote significance of enrichment, with dark gray points representing genes that are significantly mutated 
across the entire cohort (MutSig2CV q<0.1), blue representing genes that are mutated significantly more 
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frequently in either CB or NCB but not mutated at significant levels across the entire cohort (p<0.05), and 
red representing genes that were significantly enriched in mutations in either CB or NCB and mutated 
frequently across the cohort by MutSig2CV. All other genes are shown in light gray. Size of circle is 
proportional to number of patients with mutation 
 

Because tumor mutational burden alone poorly stratifies CB vs. NCB, we next investigated whether 

mutations in specific genes were associated with response. Given that response rates were similar 

across all cancer types, we first compared nonsynonymous mutations in CR/PR vs. PD across all 249 

samples. SLAMF7, SCAND3, and KRAS were significantly mutated in this cohort (Lawrence et al., 2013) 

and altered more commonly in CB (p<0.05; Fisher’s exact) by at least one response metric (Fig. 3), 

though these associations did not pass multiple hypothesis testing (false discovery rate – FDR<0.1) and 

were confounded by overall mutational burden. Thus, we analyzed mutations occurring at known cancer 

hotspots (Gao et al., 2017) or with described oncogenic functions (Cerami et al., 2012; Gao et al., 2013) 

as these may have particular relevance in mediating tumor-immune interactions. We found that clonal 

driver alterations in PIK3CA, KRAS, and PBRM1 were enriched in CR/PR, while clonal driver mutations in 

EGFR were enriched in PD (FDR q<0.1 for KRAS and PIK3CA) (Fig. 4A). After correcting for tumor 

mutational burden, KRAS and PIK3CA remained statistically significant (p<0.05; logistic regression) (Fig. 

4B). Similar results were seen using other response metrics.  
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Fig. 4. Mutations in specific genes associated with response to immune checkpoint therapy (A) 
Enrichment of clonal driver mutations in specific genes in CR/PR vs. PD. Color of points indicates 
significant enrichment in CR/PR vs. PD by Fisher’s exact test (blue for p≤0.05; gray for p>0.05) and 
whether gene was significantly mutated within cohort by MutSig2CV (saturated color for significantly 
mutated; pale color for not significantly mutated). Dashed red line indicates p=0.05. (B) Logistic 
regressions of association between clonal driver mutations in specific genes and response, correcting for 
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nonsynonymous mutational burden. Dashed red lines indicate p=0.05. (C-D) Tile plot showing known 
hotspot and non-hotspot mutations in (C) PIK3CA and (D) KRAS by response group (bottom). Top four 
rows of (C) represent mutations arising in APOBEC-associated mutational context. (E) Prevalence and 
response association of truncating alterations in genes encoding SWI/SNF subunits. Frequency of 
truncating alterations across N=249 tumors is shown at the top. Presence of subunit in PBAF, BAF, or 
both SWI/SNF subtypes is indicated in middle (Hodges et al., 2016). Proportion of patients in clinical 
response groups is at bottom. Only genes encoding SWI/SNF subunits harboring truncating mutations in 
at least two patients are shown.  (F) Truncating mutations in KDM6A. Unique mutations are shown on y-
axis, ranked by purity-corrected allelic fraction (y-axis). Symbols represent patient gender (male = 
triangles, female = circles). 
 

Patients with clonal driver mutations in PIK3CA with PD all had lung cancer, while those with 

CR/PR had melanoma, HSNCC, or bladder cancer (Fig. 4C). Additionally, 3 clonal mutations in PIK3CB 

all occurred in CR/PR (1 lung, 1 melanoma, and 1 anal cancer). One patient (anal cancer) harbored both 

PIK3CA and PIK3CB mutations and had CR to anti-PD-1 therapy. Meanwhile, clonal driver mutations in 

KRAS were seen predominantly in lung cancer, but also in melanoma (2 CR/PR, 1 PD) and bladder 

cancer (1 CR/PR) (Fig. 4A-B, D). Thus, cancer-type-specific effects relevant to PI3K and RAS signaling 

may be important in determining association between these driver mutations and response to immune 

checkpoint therapy, though singleton genetic events in kinase signaling genes were too infrequent to 

clarify this effect.   

 

Mutations and copy number alterations in genes encoding chromatin-remodeling subunits and clinical 

benefit from immune checkpoint therapy  

While not passing FDR, the identification of PBRM1 mutations and other truncating mutations in 

epigenetic genes associated with response (Fig. 4A-B, E) was notable given the independent association 

between biallelic PBRM1 loss and response to anti-PD-1/L1 therapy in clear-cell renal cell carcinoma 

(ccRCC) (see Chapter 5). Chromatin remodeling genes function as tumor suppressors that epigenetically 

regulate gene expression (Roy et al., 2014), and pharmacologic inhibition of DNA methyltransferases 

alters the type I interferon response (Chiappinelli et al., 2015). Given the known tumor suppressor 

functions of SWI/SNF mutations, we additionally queried heterozygous copy number events that would 

lead to biallelic loss of SWI/SNF components. 3/12 ARID2 (3 CR/PR in melanoma) and 4/4 PBRM1 (2 

melanoma, 2 lung: all CR/PR) truncating mutations occurred in the context of heterozygous deletions. 

Two additional patients (both CR/PR) harbored multiple distinct truncating mutations in ARID2; though we 

could not distinguish whether these events occurred in cis or trans, these patients potentially also had 

biallelic loss of ARID2. Homozygous deletion of SWI/SNF components also occurred in three patients, 

though the biological significance of these events is unclear.   

KDM6A (encoding UTX) alterations were also found to be associated with CB, and this protein 

has both an epigenetic role as a histone demethylase and a histone demethylation-independent role 

interacting with SWI/SNF complexes to modulate T cell development (Miller et al., 2010). This gene is 

located on chromosome X, so mutational clonality could not be computationally inferred by ABSOLUTE, 

but dividing allelic fraction by estimated tumor purity yielded a rough estimate of cancer cell fraction (not 
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accounting for possible CNAs affecting chromosome X itself) (Fig. 4F) and suggested that most 

mutations were clonal (corrected allelic fraction ~1 in males and 0.5 in females). Thus, genetic alterations 

affecting chromatin remodeling may have relevance to tumor response to immune checkpoint therapies.  

 

Integrated analysis of response- and resistance-associated mutations with mutational signatures 

In summary, molecular features of pre-treatment tumors - including intratumoral heterogeneity, tumor 

mutational burden, and mutations affecting particular genes or pathways - can help predict patient 

outcomes to immune checkpoint therapy. However, these features may be correlated with one another as 

molecular markers of biologically distinct cancer subtypes, or may reflect underlying mutational processes 

unrelated to the biological functions of the mutations themselves. Mutational signature deconvolution can 

yield insights into biologic processes associated with cancer driver activity, so we used a previously 

described non-negative matrix factorization technique to identify known mutagenic processes in lung 

cancer, melanoma, bladder cancer, and HNSCC (Alexandrov et al., 2013) 
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Fig. 5. Integrated analysis of EGFR mutational status, intratumoral heterogeneity, and mutational 
signatures in lung cancer. (A) Stacked plot showing mutational burden (histogram, top), estimated 
tumor purity (tile plot, top), mutations in EGFR (tile plot, middle), mutational signatures (filled histogram, 
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middle), and clinical response and clinical covariates (bottom). (B) Boxplots showing interaction between 
smoking-related mutational signatures and mutational burden. (C) Pie charts showing proportion of 
patients with a given dominant mutational signature by clonal mutation composition. (D) Boxplots showing 
relationship between mutational burden and response in tumors with a large burden of smoking-
associated mutations. (E) Boxplot showing proportion of subclonal mutations in EGFR-mutant vs. EGFR-
wildtype tumors. *p <0.05, **p<0.005, ns = not significant.  
 

For example, combining information on mutational signature, EGFR mutation status, tumor 

histology, and patient outcomes in lung cancer helped elucidate the significance of the strong association 

between EGFR hotspot mutations and nonresponse to immune checkpoint therapy. Previously described 

mutation signatures in lung cancer include S4 (tobacco smoking), S2 and S13 (APOBEC cytidine 

deaminase activity), S1 (aging) and S5 (unknown) (Alexandrov et al., 2016). Patient self-reported 

smoking history was highly correlated with S4 or S2/S13 signatures, which are both related to tobacco 

exposure (de Bruin et al., 2014), though APOBEC-associated mutations can arise from processes 

unrelated to smoking as well (Alexandrov et al., 2016). Patients with S4 as the most highly represented 

mutational signature in their sequenced tumor had higher mutational burdens and higher proportions of 

clonal mutations, which are both related to increased likelihood of clinical benefit from immune checkpoint 

therapies, compared to those with another dominant mutational process (Fig. 5A-C). However, even 

when controlling for smoking history, mutational burden remained a significant predictor of response (Fig. 

5D). Meanwhile, EGFR-mutant tumors were enriched in subclonal mutations (p=0.035) (Fig. 5E), had low 

nonsynonymous mutational burdens, and were over-represented in never-smokers (7/16 vs. 1/41, 

p=0.0003) (Fig. 5A). The three EGFR-mutant tumors with low subclonal mutational burden also had 

relatively low tumor purity, highlighting the importance of deep tumor sequencing to provide adequate 

power to detect subclonal variants (Fig. 6). While intratumoral heterogeneity, EGFR mutational status, 

and mutational signature all were related to mutational burden and response, nonsynonymous mutational 

burden remained the most statistically significant predictor of response in a multivariate logistic regression 

incorporating all these features (p=0.071).  
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Fig. 6. Tumor sequencing quality control. (A) Boxplots showing number of called mutations per exome 
(y-axis) by tumor purity (x-axis). (B) Histogram showing pre-treatment tumors by estimated tumor purity. 
(C) Scatterplot of subclonal mutational proportion by estimated tumor purity. No tumor with estimated 
purity <20% had >50% of mutations predicted to be subclonal.  
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Fig. 7. Integrated analysis of mutational burden, intratumor heterogeneity, and mutational 
signatures in melanoma. (A) Boxplot showing significantly higher nonsynonymous mutation burden in 
alkylating dominant (red) vs. UV-dominant (yellow) vs. non-alkylating-non-UV-dominant melanomas 
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(p<0.005 for all; Mann-Whitney). Clonal nonsynonymous mutational burden was similar in alkylating-
dominant- and non-alkylating-dominant tumors, but significantly lower in the third group (p<0.005) (B) 
Boxplots showing lack of relationship between response and mutational burden within mutational 
signature groups. (C) Pie charts showing likelihood of CR/PR, SD, or PD by mutational signature group. 
(C-D) Stacked plots showing mutation burden (histogram, top), tumor purity (tile plot, top) mutational 
signatures (filled histogram, middle), and histology and clinical response to immune checkpoint therapy 
(tile plots, bottom) for HNSCC (C) and bladder cancer (D). (E) Scatterplot showing direct correlation 
between proportion of mutations attributable to S2 or S13 (APOBEC) mutational signatures (x-axis) and 
nonsynonymous mutational burden (y-axis). Predicted nonsynonymous mutational burden = 
18.5*(proportion of mutations attributable to S2 or S13) + 0.26 (p<0.0001 for slope; p=ns for intercept). 
Symbols indicate cancer type (triangles = HNSCC, circles = bladder cancer). (F) Boxplot showing 
significant enrichment of representation of APOBEC-associated mutational signatures in CR/PR vs. PD 
(p=0.019; Student’s t-test). *p<0.05, **p<0.005, ns = not significant. 
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Fig. 8. Mutational burden, mutational signatures, tumor purity, histological subtype, and response 
to immune checkpoint therapy in melanoma. (A) Stacked plots showing tumor mutational burden 
(histogram, top, blue and purple), estimated tumor purity by ABSOLUTE (tile plot, top, purple), presence 
of BRAF p.V600E mutation (tile plot, top, red), response to immune checkpoint therapy (tile plot, middle), 
mutational signatures (filled histogram, bottom), and tumor subtype (bottom). UV-dominant, alklylating-
dominant, and non-UV-non-alkylating-dominant tumors are shown separately. (B) Pie charts showing 
most-represented mutational signature by tumor subtype. Cutaneous melanomas were largely UV-
associated, while acral lentiginous melanomas and non-cutaneous melanomas generally had few UV-
associated mutations, though exceptions occurred.  
 

We also examined mutational signatures in melanoma, which are dominated by exposure to 

ultraviolet (UV) light (S7), prior chemotherapeutic treatment with alkylating agents such as dacarbazine or 
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temozolomide (S11), or other signatures less clearly associated with specific environmental exposures 

(S1, S4). Dominant mutational signature explained a large proportion of the variance in mutational burden 

and was highly correlated with intratumoral heterogeneity (Fig. 7A-8A). In general, alkylating-dominant 

tumors were high in both overall mutations and proportion of subclonal mutations, UV-dominant tumors 

had high mutational burden and low subclonality, and the third group had low mutational burden and high 

subclonality. After stratifying by dominant mutational signature, no significant difference in mutational 

burdens was observed between response groups (p=ns for all) (Fig. 7B). The non-UV-non-alkylating 

group had a higher proportion of patients with PD compared to the other two groups (77% vs. 50-54%; 

p=0.065, Fisher’s exact) (Fig. 7C), and was composed largely of mucosal, uveal, and the acral 

lentiginous melanomas, though histology did not perfectly predict dominant mutational signature (Fig. 

8B). Thus, in melanoma, consideration of mutational signatures removes significance of overall 

mutational load. 

 In bladder cancer and HNSCC, similar analyses of mutational clonality, tumor purity, and 

mutational signatures demonstrated association of APOBEC-associated signatures (S2 and S13) with 

higher mutational burdens (p=0.0082) and greater likelihood of CR/PR (p=0.019) (Fig. 7C-F). APOBEC 

signatures have been linked with tobacco exposure (de Bruin et al., 2014), but viral infection and PIK3CA 

hotspot mutations also can generate APOBEC-associated mutations (Henderson et al., 2014), potentially 

relating to the observed correlation between PIK3CA hotspot mutations and CB described previously 

(Fig. 4C). Thus, mutational burden, intratumoral heterogeneity, tumor histology, cancer driver genes, and 

mutational signatures require concomitant consideration for genomic correlates of response.  

 

Copy number alterations associated with response or resistance to immune checkpoint therapy 



	

 94 

 
Fig. 9. Tumor copy number alterations associated with response to immune checkpoint therapy. 
(A-C) Amplifications and deletions of genes in the interferon-γ signaling pathway in CR/PR vs. PD across 
all samples, by (B) drug class and (C) cancer type. Error bars denote proportion of PD or CR/PR with 
CNA +/- SEM. **p<0.005, *p<0.05. (D) Arm-level copy number events in CR/PR vs. PD. Red denotes 
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amplifications while blue denotes deletions. Events affecting p and q arms were considered separately, 
with p shown by circles and q shown by triangles. Size of circles is proportional to number of patients with 
arm-level gain or loss of a given chromosome arm. Chromosomes are listed in order along the x-axis. y-
axis denotes log10(p-value) (Fisher’s exact test), with alterations enriched in CR/PR above y = 0 and 
those enriched in PD below y = 0. (E) Scatterplot representing difference in CB vs. NCB harboring focal 
deletions or high amplifications of 63 cancer driver genes. –log10(p-value) for a Fisher’s exact test for 
enrichment of a gene-level CNA in CR/PR vs. PD is shown on the y-axis. Genes more commonly affected 
by CNAs in CR/PR are shown on the right, while those more commonly deleted or amplified in PD are 
shown on the left. Horizontal dashed red line indicates p=0.05. (F) Truncating mutations in PTEN by 
response group. 
 

 

Fig. 10. Copy number alterations affecting interferon 
signaling by drug class. (A) Proportion of samples harboring 
a CNA disrupting interferon signaling by drug class using a 
definition of clinical benefit from Roh et al. 2017. (B) 
Proportion of samples harboring a CNA disrupting interferon 
signaling by drug class using a definition of clinical benefit 
from Van Allen et al. 2015. *p<0.05. **p<0.005. Error bars 
represent standard error above and below the group 
proportion. 
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Fig. 11. Copy number alterations affecting interferon 
signaling by cancer type. (A) Proportion of samples 
harboring a CNA disrupting interferon signaling by cancer type 
using a definition of clinical benefit from Roh et al. 2017. (B) 
Proportion of samples harboring a CNA disrupting interferon 
signaling by cancer type using a definition of clinical benefit 
from Van Allen et al. 2015. *p<0.05. **p<0.005. Error bars 
represent standard error above and below the group 
proportion. 
 

CNAs affecting the interferon-γ pathway have been implicated in intrinsic resistance to immune 

checkpoint therapies in melanoma (Gao et al., 2016). In this cohort, we assessed the presence of biallelic 

loss events or high amplifications expected to interfere with interferon-γ signaling after correcting for 

tumor purity (Brastianos et al., 2015). Consistent with prior studies, these events were enriched in PD vs. 

CR/PR (17/123 vs. 3/70, p=0.048; Fisher’s exact) across six tumor types (Fig. 9A). While the relationship 

between interferon-related CNAs was first discovered in melanoma patients treated with anti-CTLA-4 

therapies, interferon-related CNAs were also significantly associated with NCB in considering only 

patients treated with anti-PD-1/PD-L1 agents (Fig. 9B, 10A-B). When subsetting by cancer type, all 

histologies trended towards more interferon-associated CNAs in NCB vs. CB, though this cohort was only 

powered to detect significant differences in melanoma (Fig. 9C, 11A-B). Assessment of other 

mechanisms of interfering with tumor-intrinsic immune signaling revealed truncating mutations in genes 

involved in JAK/STAT signaling leading to biallelic loss in eight cases, mostly in NCB, though loss-of-

function alterations were also seen in CB (e.g. biallelic JAK2 loss in patients with PR and SD). Thus, 

identification of necessary and sufficient components of the interferon-signaling pathway for response to 

immune checkpoint therapy merits further experimental work.  

In addition, tumors with large burdens of focal, arm-level, and chromosomal CNAs (high 

aneuploidy) have elevated expression of cell cycle and proliferation markers and reduced expression of 

cytotoxic immune infiltrates (Davoli et al., 2017). Thus, we investigated whether specific arm-level CNAs 

may be associated with response to immune checkpoint therapies, and then assessed the differential 
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presence of these events in CB vs. NCB (Fig. 9D). The most significant finding across all three response 

metrics was an association between chromosome 18q deletion and NCB (p=0.0034), which was 

correlated with tumor aneuploidy (Fig. 12).  

 

Fig. 12. Chromosome 18q loss is associated with overall tumor 
aneuploidy. Tumors with arm-level chromosome 18q loss have 
substantially higher proportions of their overall exomes affected by 
CNAs compared to those that are copy-neutral at chromosome 18q or 
have an arm-level deletion. **p<0.005 (two-sample Student’s t test). 

Beyond extending prior observations regarding interferon-γ pathway genes and aneuploidy to 

non-melanoma cancer types, we analyzed homozygous deletions and high amplifications affecting 63 

tumor suppressors and oncogenes known to have cancer driver activity via CNAs (Cerami et al., 2012) to 

nominate additional candidate mediators of selective response or resistance to immune checkpoint 

blockade. While these events were rare and no gene achieved statistical significance alone, 

amplifications of PAK1, YAP1, and CCND1 on chromosome 11q and amplifications of CDK4 and MDM2 

on chromosome 12q were seen almost exclusively in PD vs. CR/PR (Fig. 9E). Homozygous PTEN 

deletion was observed exclusively in NCB (N=4; p=0.30) (Fig. 9E) in this cohort and in resistant tumors 

from patients with overall benefit from anti-CTLA-4 therapy at other sites (Fig. 13). Clonal biallelic loss of 

PTEN via truncating mutation combined with heterozygous deletion of the wildtype allele was not as 

clearly associated with NCB (Fig. 9F), although 3/4 PTEN putative truncating variants in CR/PR were 

splice-site mutations of uncertain biological significance.  
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Fig. 13. Putative biallelic PTEN loss in progressing lesions from two patients with CB to anti-
CTLA-4 therapy. (A) PTEN nonsense mutation in a tumor with low purity, leading to lack of ability to 
detect whether heterozygous loss of the wildtype allele occurred. (B) PTEN truncating mutation in the 
context of copy-neutral loss-of-heterozygosity over chromosome 10, leading to biallelic loss of wildtype 
PTEN. 
 

Neoantigens associated with response to immune checkpoint therapy  

Nonsynonymous tumor mutations and CNAs can influence tumor biology by activating or suppressing 

signaling pathways, but “passenger” mutations in genes without known oncogenic or tumor suppressor 

functions may also influence tumor-immune interactions by generating tumor-specific neoantigens that 

can induce a T-cell-mediated anti-tumor response (Gubin et al., 2014). We inferred neoantigens in silico 

from nonsynonymous mutations and patient-specific HLA type (Nielsen and Andreatta, 2016; Shukla et 

al., 2015). On average, each nonsynonymous mutation generated 2.24 neoantigens, with extremely high 

correlation (R2=0.99; p<0.00001) (Fig. 14A), making it difficult to disentangle the effects of mutational 

burden and neoantigen burden on response.  
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Fig. 14. Response-associated in silico predicted neoantigens. (A) Scatterplot showing predicted 
neoantigen burden (y-axis) by nonsynonymous mutational burden (x-axis). Nonsynonymous mutational 
burden strongly predicted neoantigen burden. Linear regression was done after removing one outlier 
(Pat110) with highest mutational burden across entire cohort and lower-than-expected neoantigen 
burden. (B) Prioritization of clinically actionable neoantigens by presence in cancer driver genes 
(expected to be clonal, truncal, and shared across many tumors) and exclusive presence in CR/PR. (C) 
Table showing distribution of neoantigens generated by cancer driver mutations, with annotation of 



	

 100 

cancer type, HLA restriction, and response association (D) Schematic showing in silico prediction and 
prioritization of response-associated neoantigens. 
 

The vast majority (>99%) of neoantigens were predicted to arise from passenger mutations, 

though predicted neoantigens generated by driver mutations (Gao et al., 2013; Gao et al., 2017) did occur 

(Fig. 14B). Eight neoantigens arising from driver mutations occurred recurrently in CR/PR but not in PD, 

in an HLA-dependent manner (Fig. 14C-D). As expected due to the cancer driver nature of these 

mutations, these eight neoantigens were clonal in all samples. We detected >300 additional recurrent 

response-associated neoantigens in passenger genes, but the biological significance of these requires 

further experimental study.   

 

Additional genomic correlates of response 

While not detected via unbiased analysis in this cohort, prior preclinical and clinical studies in metastatic 

melanoma have also highlighted rarer somatic events that can influence CB, such as mutations that affect 

tumor antigen presentation (Zaretsky et al., 2016), upregulate β-catenin signaling (Spranger et al., 2015), 

or generate misfolded protein aggregates (Riaz et al., 2016). Using this expanded dataset, we detected 

trends consistent with these previous studies in both melanoma and non-melanoma cancer types, though 

exceptions occurred. For example, a patient with CR to anti-PD-1 therapy in melanoma had biallelic loss 

of β2 microglobulin, which is necessary for HLA class I-mediated antigen presentation, and has 

previously been associated with acquired resistance to anti-PD-1 therapy in melanoma (Zaretsky et al., 

2016). As noted with the more common events in KRAS and PIK3CA, much larger clinical cohorts and 

detailed experimental study will be required to dissect the context-dependent aspects of these 

relationships in response to immune checkpoint therapy.  

 

Multivariable modeling of response predictors for whole exome sequencing 
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Fig. 15. Multivariate modeling and power calculations for response predictors for immune 
checkpoint therapy. (A) Significance of univariate predictors of response to immune checkpoint therapy 
in a Kaplan-Meier analysis for duration of progression-free survival. Points indicate estimate of risk, with 
points right of the dashed line indicating features increasing risk of disease progression, and points left of 
the dashed line indicating features decreasing risk of disease progression. Width of horizontal line 
indicates 95% confidence interval for estimate. Significance of variable in predicting PFS is shown in 
histogram. (B) ROC analysis of univariate vs. multivariate whole-exome-based response predictor. Blue 
line represents accuracy of prediction of CR/PR vs. PD using nonsynonymous mutational burden as a 
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continuous variable alone (area under the curve (AUC) = 0.64). Red line describes sensitivity (x-axis) and 
specificity (x-axis) using the 13 binary variables shown in part (A) (AUC = 0.79). (C) Power calculations 
for detection of response-associated genes. Significance of association between response and presence 
of mutation in gene (Fisher’s exact test) is shown on the y-axis, for varying samples sizes (x-axis). Colors 
represent different proportions of clinical benefit and no clinical benefit patients harboring mutations in a 
given response-associated gene. Dashed horizontal line represents alpha level for correcting for multiple 
comparisons over the 116 genes harboring at least one cancer driver mutation assessed in this study. All 
simulations are done assuming overall patient cohort consists for 40% CB and 60% NCB patients. 
 

After elucidating these singleton associations between whole exome features and immune checkpoint 

therapy response, we sought to assess utility of combining these metrics into a multivariate model 

compared to mutational burden alone. We first verified the ability of each of 13 features to predict PFS as 

a continuous variable using a Cox proportional-hazards model, finding that trends agreed with those seen 

in the discovery analyses using CR/PR vs. PD (Fig. 15A). A multivariate model containing all 13 features 

had an overall r2 of 0.249, with features being highly co-linear, such that no one variable significantly 

predicted response after controlling for all others.  

We next compared the ability to predict CR/PR vs. PD using nonsynonymous mutational burden 

alone versus the 13-feature model, finding that addition of these additional features substantially 

increased predictive power (AUC = 0.78 vs. 0.66) (Fig. 15B). By multivariate logistic regression for 

predictors of CR/PR vs. PD, biallelic loss of ARID2 or PBRM1, having predominantly subclonal mutations, 

harboring a truncating mutation in KDM6A, and having a focal amplification in YAP1, CDK4, or PAK1 

were the strongest predictors of CR/PR (p<0.1 for all). This model was cancer-type-agnostic, though 

some features were substantially more common in certain histologies (e.g. EGFR hotspot mutations in 

lung cancer). Adding cancer type as a feature to the multivariate logistic regression did not substantially 

change results. Thus, considering multiple features when evaluating tumor whole exome sequencing - 

including mutational signatures, intratumoral heterogeneity, global copy number profile, amplifications, 

deletions, and mutations in particular genes, and mutational burden - may aid in stratifying patients by 

likelihood of response to immune checkpoint therapies. 

 

Consolidation of clinical cohorts orders of magnitude larger than those currently existing may be required 

to detect single-gene correlates of response  

Acknowledging that despite combining data from multiple studies and cancer types, we were still 

underpowered to detect important relationships, we sought to estimate the sample sizes needed for 

discovery of single-gene correlates of response with appropriate corrections for multiple hypothesis 

testing. We modeled significance values for common (~10% of samples) or rare (~1%) variants 

associated with CB vs. NCB, controlling for mutational rate (Fig. 15C). In the best case scenario, where a 

variant is both common and relatively specific to responders (resembling ARID2 or PBRM1 biallelic loss 

in this study), sample sizes of around 300 would be adequate to detect significant associations. 

Meanwhile, detection of rare response-associated variants (~1% frequency) (e.g. PTEN biallelic deletion), 

even if fairly specific, would require sample sizes above 3000 (Fig. 15C). These results highlight the 
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importance of combining independent cohorts to increase statistical power, and also applying insights 

from experimental work to identify likely molecular targets for hypothesis-driven validation in sequenced 

patient tumors.  

 

Discussion 

Given the need for validated predictive biomarkers to guide patient selection for immune checkpoint 

therapies, we analyzed WES of tumor samples from 249 cancer patients with clinically annotated 

outcomes to immune checkpoint therapy, allowing us to refine hypotheses about known genomic 

predictors of response to immune checkpoint therapies, expand generalizability about prior observations 

made in one cancer type or drug class to others, and discover new relationships. Our results suggest that 

multiple tumor molecular features influence response to immune checkpoint therapy in a complex and 

interrelated fashion, and suggest areas for further experimental investigation.  

We found that mutational clonality and mutational signatures are central to understanding the 

relationship of mutational burden to response to immune checkpoint therapy. In melanoma, the 

correlation between mutational burden and response to immune checkpoint therapies may be driven by 

the existence of multiple subtypes of melanoma, which can be distinguished by mutational signature 

analysis and are related to tumor histology. Meanwhile, in lung cancer, mutational burden is correlated 

with mutational signature and patient smoking history, but is also an independent predictor of response. 

Intratumoral heterogeneity, as measured by subclonal versus clonal mutation composition, is also 

inextricably related to mutational signatures, which can yield insights into prior therapies and carcinogen 

exposure, as well as mutational burden. Thus, a previously described role of clonal mutations as 

predictors of response to immune checkpoint therapy could be due to the production of clonal 

neoantigens (McGranahan et al., 2016), or could be serving as a marker of particular biological subtypes 

with intrinsic immune properties not entirely explained by mutational burden.   

In both this cohort and an independent cohort of WES of tumors from patients receiving anti-PD-

1 or anti-PD-L1 therapies for metastatic ccRCC, mutations in genes involved in epigenetic regulation of 

gene expression, including ARID2 and KDM6A in this cohort and PBRM1 in the ccRCC cohort, were 

statistically significantly associated with response. Four truncating mutations in PBRM1 in the context of 

loss-of-heterozygosity of chromosome 3p were also observed in this cohort, suggesting that these 

alterations may have pan-cancer predictive value for immune checkpoint therapy, despite their rarity in 

non-ccRCC cancer types. While pre-clinical studies have suggested that alterations in chromatin 

remodeling subunits may be related to JAK/STAT signaling and immune cell maturation (Nargund et al., 

2017), these clinical observations underscore the need for more detailed experimental characterization of 

immune regulatory roles of the SWI/SNF complex.  

In addition to observing new whole exome features associated with response to immune 

checkpoint therapy, we were also able to validate and expand the generalizability of previously observed 

associations to additional cancer types and treatment contexts. Whole exome analysis has previously 



	

 104 

shown that biallelic PTEN loss may be associated with acquired resistance to anti-PD-1 treatment in a 

patient with uterine leiomyosarcoma (George et al., 2017), and low PTEN immunohistochemical staining 

is associated with poor response to anti-PD-1 therapies in melanoma (Peng et al., 2016). In this study, 

PTEN homozygous deletion was observed in pre-treatment tumors from four patients with poor 

responses to immune checkpoint therapy, and in progressing lesions from two patients with objective 

tumor regression at other sites. Thus biallelic PTEN deletion was confirmed as both a mechanism of 

intrinsic and acquired resistance to immune checkpoint therapies in metastatic melanoma.  

Meanwhile, other mechanisms of PI3K pathway activation had more unclear relationships with 

response. Past studies of cell lines with PTEN loss of function vs. activating PIK3CA mutation have found 

that only those with activating PIK3CA mutations are sensitive to mTOR inhibitors (Weigelt et al., 2011), 

and even specific PIK3CA hotspot mutations may have differing effects on treatment-responsiveness with 

PI3K/AKT/mTOR inhibitors (Janku et al., 2013). Our results suggest that the biology of PI3K-activating 

events and RAS alterations may differ by biological context in influencing likelihood of response to 

immune checkpoint blockade as well, though sample sizes were too small in this cohort to address this 

question directly, and further experimental characterization is necessary.  

By combining data from multiple patient populations, we were able to suggest clinically relevant 

genetic features across therapeutic modalities (anti-PD-1/L1 and anti-CTLA-4) and across cancer types 

(melanoma, bladder cancer, lung cancer, HNSCC, etc.), though it is possible that some drug-class- or 

cancer-type-specific relationships were obscured by the heterogeneous cohort composition. Additionally, 

variations in tumor purity and sequencing coverage affected ability to detect copy number alterations and 

subclonal mutations in some cases. Intra- and inter-tumor heterogeneity pose significant challenges in 

discovering reproducible response predictors, which can be addressed by increasing sample size. Further 

work characterizing RNA expression, circulating biomarkers, immunohistochemical staining for immune 

checkpoints and immune cell markers, epigenetic features, and other attributes of the pre-treatment 

tumor will supplement the whole exome analyses described here. For example, APOBEC mRNA 

expression has been previously associated with increased PD-L1 IHC staining (Mullane et al., 2016) and 

high tumor mutational burden (Cancer Genome Atlas Network, 2014) in urothelial carcinoma, and this 

study additionally links APOBEC mutational signatures to clinical response to immune checkpoint 

therapies. 

Power calculations suggest that combining hundreds or even thousands of clinically annotated 

patient samples will be necessary to reliably detect specific predictors of response to immune checkpoint 

therapies. However, applying biologically-guided insights can help bypass the need for unrealistically 

large datasets in a purely unbiased analysis, and pooling data from multiple studies can contribute to 

gathering adequate statistical power to detect clinically significant relationships. Using an integrated, 

standardized genomic analysis combining multiple clinically annotated cohorts, this study refines 

biomarkers of response and intrinsic resistance to immune checkpoint therapies. While further work 
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needs to be done, this advances hypotheses of both biological mechanisms and clinically relevant 

biomarkers.   
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Chapter 8: Discussion and Future Directions 

Since the publications of the works contained within this thesis, additional threads of computational and 

experimental evidence have developed in attempting to further explicate the biological mechanisms of 

response and resistance to immune checkpoint therapy. In addition to works evaluating the predictive 

value of PD-L1 immunohistochemistry (Topalian et al., 2012), immunohistochemical assessment of 

tumor-infiltrating lymphocytes (Hamid et al., 2011), next-generation sequencing to determine T-cell 

receptor clonality (Tumeh et al., 2014), whole exome sequencing for estimation of tumor mutational 

burden and neoantigen burden (Snyder et al., 2014) and subclonal mutational architecture (McGranahan 

et al., 2016), RNA-sequencing to evaluate immune gene signatures (Ji et al., 2012), and copy number 

analyses to evaluate loss of key immune-related genes (Gao et al., 2016; Shin et al., 2016; Zaretsky et 

al., 2016) that have been discussed within this text in the context of our group’s efforts, new ideas 

continue to arise. Multiparameter flow cytometry has been applied to profile distinct pre-treatment 

peripheral blood immune markers correlated with response to anti-CTLA-4 and anti-PD-1 therapy (Daud 

et al., 2016; Subrahmanyam et al., 2018). Loss of MHC as measured by immunohistochemistry or allele-

specific loss-of-heterozygosity has been shown to correlate with an immune escape phenotype 

(McGranahan et al., 2017; Rodig et al., 2018). Ex vivo characterization of response to various forms of 

immune checkpoint therapy in lymph nodes derived from patients has identified further biomarkers that 

could be predictive of favorable outcomes following ipilimumab and nivolumab (Jacquelot et al., 2017). 

Experimental approaches using CRISPR-Cas9 genome editing in in vivo murine models have been able 

to recover known immune evasion pathways such as loss of PD-L1 or interferon-γ signaling while also 

discovering new sensitizing mutations such as PTPN2 deletion (Manguso et al., 2017) and loss-of-

function of ADAR1(Ishizuka et al., 2019). This latter example was shown to overcome resistance 

mediated by B2M loss, previously shown clinically to occur with acquired resistance to immune 

checkpoint blockade (Zaretsky et al., 2016), and again highlights the complex interplay of factors 

influencing tumor-immune relationships. The more comprehensively profile a tumor’s genetic and 

phenotypic characteristics with next-generation sequencing, mass flow cytometry (e.g. CyTOF), multiplex 

immunohistochemistry, and single-cell technologies and correlate this with experimental protocols that 

represent both a cancer and its immune environs holds great promise for continued discovery in this 

arena, and a multifaceted approach to analyzing pre-treatment tumor characteristics to start to attempt to 

approximate the complex in vivo interactions at play in clinical disease is likely the most promising path 

forward.  
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Glossary: Abbreviations 

• Amp: amplification  

• APOBEC: apolipoprotein B mRNA editing enzyme, catalytic polypeptide-like 

• BAF: BRG1- or HBRM- associated factors 

• BLCA: bladder cancer  

• ccRCC: clear-cell renal cell carcinoma  

• CTLA-4: cytotoxic T-lymphocyte-associated protein 4 

• CB: clinical benefit 

• CD: cluster of differentiation  

• chr: chromosome   

• CNA: copy number alteration  

• CR: complete response 

• CT: Computerized tomography 

• Del: Deletion  

• DFCI: Dana-Farber Cancer Institute 

• DNA: deoxyribonucleic acid 

• EGFR: epithelial growth factor receptor  

• FDR: false discovery rate 

• FFPE: formalin-fixed, paraffin-embedded 

• fs: frame-shift 

• GSEA: gene set enrichment analysis 

• HLA: human leukocyte antigen  

• HNSCC: head and neck squamous cell carcinoma 

• IB: intermediate benefit 

• ICOS: inducible T-cell costimulator 

• IHC: immunohistochemistry 

• IFN: interferon  

• IGV: intergrated genomics viewer  

• ISH: in situ hybridization  

• JAK/STAT: Janus kinase/signal transducers and activators of transcription 

• KEGG: Kyoto encyclopedia of genes and genomes  

• KIRC: clear-cell renal cell carcinoma (TCGA)  

• LOF: loss-of-function  

• LOH: loss-of-heterozygosity 

• Mb: megabase  
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• MHC: major histocompatibility complex  

• mRNA: messenger RNA  

• NCB: no clinical benefit  

• NK: natural killer 

• ns: not significant  

• NSCLC: non-small-cell lung cancer 

• OS: overall survival  

• PBAF: polybromo-associated BAF 

• PBMC: peripheral blood mononuclear cell 

• PD: progressive disease  

• PD-1: programmed cell death protein-1  

• PD-L1: programmed death-ligand 1 

• PD-L1: programmed death-ligand 2 

• PFS: progression-free survival  

• PIK3CA: phosphatidylinositol-4,5-bisphosphate 3-kinase, catalytic subunit alpha 

• PR: partial response  

• PTEN: phosphatase and tensin homology 

• RCC: renal cell carcinoma  

• RECIST: response evaluation criteria in solid tumors 

• RPKM: reads per kilobase mapped reads  

• RNA: ribonucleic acid  

• RNA-seq: whole transcriptome sequencing 

• ROS: receiver operating characteristic  

• SD: stable disease 

• ssGSEA: single-sample gene set enrichment analysis  

• SU2C: Stand Up to Cancer  

• SWI/SNF: switch/sucrose non-fermentable 

• TAP: transporter associated with antigen processing 

• TCGA: the cancer genome atlas  

• TPM: transcripts per million 

• TiN: tumor-in-normal  

• UV: ultraviolet  

• VEGF: vascular endothelial growth factor 

• WES: whole exome sequencing  

 


