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 There is currently a strong interest in cancer research to profile the tumor-

immune microenvironment to understand the complicated interplay of immune targeting 

and escape. With the recent developments of immune checkpoint inhibitors, which 

overcome the defenses cancer cells develop to prevent the immune system from 

targeting them, there has been an increasing importance in furthering our understanding 

of patients’ immune systems and the infiltration into tumors to lead to further 

breakthroughs in therapy. 

 Here, we develop and apply an analysis framework designed to characterize the 

tumor immune microenvironment through the identification of markers of T-cell infiltration 

in tumor tissue. This allows us to re-analyze a large public dataset of tumor sequencing 

data, The Cancer Genome Atlas, in order to evaluate and characterize markers of 

infiltrating T-cells across multiple cancer types. 



	

	xv 

 First, we use a targeted deep sequencing approach as a validation to prove the 

accuracy of extracting T-cell markers from genome-wide tumor data. Then, we use our 

approach to identify and analyze T-cell infiltration across breast cancer samples, and 

evaluate their correspondence with other makers of immune infiltration and prognostic 

value. Finally, we extend our analysis methodology to 10,084 tumors from 28 cancer 

types, in order to evaluate differences in molecular markers of immune infiltration 

between these cancer types. 

  This work adds to the set of methodologies that can be used to profile immune 

infiltration in tumor samples, and highlights a new molecular marker for T-cell infiltration. 

This framework can be used in future studies that use deeper sequencing and 

experimental designs that generate the data to evaluate more thoroughly questions of 

immune infiltration compared to cancer progression and treatment. Using the methods 

developed here, the profiling of molecular markers of T-cell infiltration will further our 

understanding of the interaction between the immune system and tumors. 
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Chapter 1: Introduction 

 In cancer research today, there is great interest in profiling and understanding 

the complexity of the interaction between the immune system and tumor [1]. While it has 

been well known that there is immune infiltration of tumors, recent developments in 

immunotherapy have increased the interest in furthering our understanding. In a general 

sense, it is important to examine the differing components of the immune system and 

their presence in the patient and tumor, in order to advance further breakthroughs in 

diagnostics and therapy [2]. 

 The current hypothesis of the interaction between cancer and the immune 

system is called immunoediting [3]. Three phases occur during this progression. The first 

phase is elimination, which involves the innate and adaptive immune response to 

eliminate tumor cells. However, with tumor heterogeneity, certain less immunogenic cells 

can escape this response. In the second phase, equilibrium, these non-immunogenic 

cells continue to be selected for their immune resistance. During the final phase, escape, 

the tumor can now continue growth without any immune destruction. 

 In a breakthrough for cancer therapy, it was discovered that inhibitory signals 

(immune checkpoints) for T-cells are overexpressed in tumors, and that antibodies 

against these signals (blockades) can restore immune function and lead to clinical 

responses [4]. These immune checkpoint inhibitors have shown great promise in certain 

cancer types. However, it is critical to further examine cases where they are ineffective, 

or even cause severe side effects. This has led to an increased interest in profiling the 

processes of the immune recognition of tumors, especially the T-cell response [5].  
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 A particular canonical interaction for immune recognition is antigen recognition by 

T-cells. Here, the antigen-receptor complex on the surface of cytotoxic T-cells, called the 

T-cell receptor (TCR), binds to a recognized antigen presented on the outside of a target 

cell by a class I MHC molecule, which leads to the destruction of the target cell by the T-

cell [6]. Alpha-beta T-cells, expressing TCRA and B receptors, make up the majority of 

T-cells. These cells express the surface molecule TCR, a heterodimer consisting of two 

chains (alpha and beta), which are formed through recombination of a variable (V), 

diversity (D), and joining (J) segment in the beta chain, and VJ in the alpha chain (Figure 

1.1a). Peptide specificity is primarily determined through the third complementarity 

determining regions (CDR3s) of the alpha and beta chains (Figure 1.1b). The multiple 

gene segments, as well as addition and deletion of nucleotides at the junctions, leads to 

the diversity of the TCRB repertoire [7]. In cancer, neoantigens, peptides resulting from 

somatic mutations, can be presented for recognition by T-cells [8]. We can use current 

methods to study both the presence (infiltration) and diversity (clonality) of T-cells, and 

the composition of tumor-infiltrating lymphocytes in general, to further our understanding 

of the tumor-immune microenvironment.  

Tumor-infiltrating lymphocytes (TILs) encompass a variety of mononuclear 

immune cells that are found in tumor tissues. We focus specifically on T-cells, being the 

most abundant immune cell type in this context. Studies have found prognostic value of 

T-cell infiltration in various cancer types, including colorectal [9], breast [10], melanoma 

[11], ovarian [12], and gastrointestinal [13] tumor types. Many methods have been 

developed to profile information about T-cell infiltration, ranging from 

immunohistochemistry and FACS analysis to molecular methods, including targeted 

deep sequencing of the T-cell repertoire [14], computation of gene expression signatures 

reflecting the presence of T-cells [15], and, as in this work, the identification of the  
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rearranged TCRB sequences in genome-wide sequencing experiments. 

Recent technical progress has enabled the characterization of T-cell repertoires 

by deep sequencing of the VDJ rearrangement at the CDR3 of TCRB [14], and has been 

used to observe, at an unprecedented resolution, the clonal diversity of T-cells during 

infection and in solid tumors [14], [16], [17]. Deep repertoire sequencing performed in 

tumors of the colon [17], ovary [18], kidney [19], pancreas [20], or lung [21] have 

addressed methodological challenges and have confirmed the diversity and specific 

landscape of TILs. However, the technical validity and clinical utility of TCR repertoire 

characterization in tumors remains to be established. In particular, it is not yet clear 

whether the quantity (fraction of T-cells) or the diversity (relative abundance of specific 

clones) is more important to predict disease progression and response to treatment. 

Similarly, we do not know the extent of clonotype sharing between patients or between 

tumor, lymph nodes, and metastasis of the same patient or whether any clinical 

association with these patterns can be determined. Overall, the understanding of the 

tumor immune environment remains fragmented, and a more comprehensive integrated 

approach is needed to characterize the tumor immune landscape, as recently suggested 

by the colorectal cancer anti-genome study [22]. Comprehensive profiling of the immune 

environment, including T-cell repertoire, needs to be expanded to larger, well-annotated 

cohorts to establish its potential utility. While this deep repertoire sequencing provides 

comprehensive profiling of the immune environment, it is cost prohibitive to do for large 

cohorts, with studies piloting the analyses only on small cohorts in individual cancer 

types. We would like to develop a methodology that allows us to leverage an existing, 

large public dataset to profile the T-cell repertoire, even with more shallow results, in 

order to evaluate the differences between cancer types and clinical utility of our 

molecular markers.  
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Gene expression signatures have been widely used as molecular markers to 

identify immune activity in cancers, including the relationship between T-cell activity and 

prognosis in breast cancer subtypes [23], [24]. In addition, studies have created or used 

transcriptional profiles of different cell types to infer the cellular composition of a sample 

using expression data. A notable recent study [25] has developed a method for 

estimating fractions of multiple cell types in heterogeneous samples with unknown 

content, such as in cancer. They designed gene sets for 22 leukocytes (LM22) [15], 

which we use for our own gene signature analyses. Such methods can provide 

information about immune activity in a tumor, but do not provide any specific information 

about the different clonotypes and clonal diversity of a sample.  

The third method to profile information on T-cell infiltration involves the 

identification of sequences originating from the rearranged TCR in genome-wide 

sequencing data. This can be done through the use of tools originally developed for use 

in the deep repertoire method, which work by aligning reads from sequencing 

experiments to a reference of the VDJ segments. These tools can be repurposed to 

identify CDR3 reads in genome-wide sequencing experiments, to reflect the presence of 

immune infiltration in tumor samples. A few studies have piloted this analysis to identify 

TCR sequences in a limited number of tumor exomes [26], as well as profile pan-cancer 

tumor RNA-seq data to identify TCR sequences [27] and compare to immunologic tumor 

markers [28]. In order to comprehensively study the relationship between TCR 

sequences in various data and cancer types, we need access to a dataset with sufficient 

information to conduct such studies. 

The Cancer Genome Atlas (TCGA) provides a large resource of molecular data 

that can be interrogated for the immune environment [29]. TCGA is a project with the 

goal of improving the diagnosis, treatment, and prevention of cancer through 
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comprehensive profiling of the molecular basis of cancer using genome analysis 

technologies. This includes the generation of DNA, RNA, protein, and epigenetic 

molecular profiles of 33 tumor types, and providing multiple levels of data to analyze the 

molecular characteristics and causes of cancer. Some of the accomplishments of TCGA 

include the identification of new cancer drivers, subtypes, and targets. In addition, the 

maturity of the dataset has paved the way for pan-cancer analysis, which allows for the 

analysis of molecular patterns across tumor types.  

Here, we describe the development and application of analytical frameworks to 

characterize the tumor immune environment from this large repository of tumor 

molecular data. We do this through the re-analysis of tumor exomes and transcriptomes 

from TCGA to quantify and characterize infiltrating T-cells, which is possible through the 

application of our methods to detect the rearranged CDR3 of the TCRB gene. In Chapter 

2, we first establish the feasibility of the approach by characterizing the rearranged TCR 

repertoire using deep sequencing of a breast cancer specimen and comparing the 

resulting clonotypes to the ones identified in the whole exome sequence of the same 

sample. In Chapter 3, we identify CDR3 reads in TCGA breast cancer tumors, and show 

their correlation with other markers of immune infiltration. We further evaluate their 

prognostic value in breast cancer subtypes and investigate clonotype diversity and 

sharing between patients and specimens. Finally, in Chapter 4, we extend the 

framework to characterize the T-cell infiltration and repertoire across 10,084 tumors of 

28 cancer types and evaluate differences in molecular markers of immune infiltration 

between these cancer types.
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Chapter 2: Deep and genome-wide T-cell sequencing 

2.1: Introduction 

 The current gold standard for analysis of the T-cell repertoire involves deep 

sequencing targeting the TCR region. With this, analysis tools have been developed to 

align the sequences to possible TCR rearrangements by using references of VDJ gene 

segments. However, some studies have repurposed these tools, or developed their own 

de-novo assembly of the TCR, for the purpose of identifying reads corresponding to TCR 

sequences in genome-wide sequencing data. 

Current deep T-cell sequencing methods involve the use of specially designed 

primers that target the rearranged region of the TCR, which can then be amplified and 

sequenced. In this chapter, we first use this methodology to create a gold standard 

dataset, which we interrogate to evaluate the performance of TCR alignment tools and 

feasibility of using whole-exome sequencing to capture a fraction of the immune 

repertoire. Specifically, we use the ImmunoSEQ assay by Adaptive Biotechnologies, 

which is a multiplexed PCR and sequencing approach that includes correction of PCR 

amplification bias for an accurate resulting measurement of the abundance of clones 

[30]. Adaptive created a synthetic repertoire of templates for 702 V/J combinations. By 

measuring the abundance in the template pool before and after amplification, the 

experimental results can be computationally normalized. This accuracy in the 

measurement of clones can be used for clinical application, allowing for analysis of the 

clonal diversity of the T-cell repertoire in different tumor types. 

On the analysis side, multiple software packages have been developed to extract 

and align CDR3 sequences from fastq files. These tools are able to identify clonotypes, 

correct for errors, and calculate the abundance of clones. While these tools were 
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developed for use with sequencing data enriched for the TCR region, such as the 

Adaptive ImmunoSEQ assay, a few studies have attempted to identify TCR sequences 

in genome-wide tumor samples.  

This is an important task, as it allows for repurposing of the wealth of genome-

wide data sets, such as in TCGA, for the profiling of T-cell infiltration across diverse 

tumor types, and correlation of extracted T-cell information with clinical outcomes. 

However, it also requires validation that applying these tools to a genome-wide tumor 

sample, such as a whole exome sequence, will provide real and accurate TCR 

sequences.  

Here, we compare the results of a deep T-cell sequencing experiment with 

whole-exome sequencing of the same breast cancer sample, in order to drive a careful 

tool comparison and validate the accuracy of the results gained by repurposing of the 

tools. We also evaluate the sensitivity and specificity of our selected tool compared to 

the output of a commercial analysis of the deep T-cell repertoire. Overall, we 

demonstrate that we are able to effectively use software designed to analyze deep T-cell 

sequencing to extract accurate CDR3 reads from genome-wide sequencing 

experiments. While the results from genome-wide sequencing experiments only capture 

a fraction of the T-cell repertoire, validating this framework will enable the later 

application of profiling T-cell infiltration in large genome-wide datasets. 

2.2: Methods 

2.2.1: Deep T-cell repertoire sequencing 

Matched frozen – formalin-fixed, paraffin-embedded (FFPE) tissue samples from 

three triple negative breast cancer (TNBC) tumors were obtained from Asterand 

Biosciences (Detroit, MI). These samples were selected for having mirrored specimens 
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from FFPE blocks and fresh frozen tissue. A pathology inspection of hematoxylin and 

eosin (H&E) stained sections indicates that two tumors have histological evidence of 

TILs greater than 40%, while one sample was devoid of TILs as estimated and used as 

a negative control. For each FFPE sample, we extracted DNA from ten 10 µM sections 

using the QIAamp DNA FFPE tissue kit (Qiagen, Venlo, Netherlands). The deep TCRB 

repertoire libraries were prepared using the ImmunoSEQ kit (Adaptive Biotechnologies, 

Seattle, WA) following the manufacturer’s instructions. Briefly, 10 µg of DNA from each 

sample was split into 2 replicate (survey depth) to perform the 1st PCR amplification (30 

cycles). The entire product was then purified using the magnetic beads, eluted in 10 µL 

and subjected to the 2nd PCR amplification (7 cycles). The resulting indexed libraries 

were pooled and sequenced in one run of a MiSeq using ImmunoSEQ custom read1 

and index primers and sequenced for 150bp (+6bp index read) using MiSeq reagents 

v3. The raw sequencing data was uploaded to Adaptive Biotechnologies’ server for 

analysis via the ImmunoSEQ analyzer web application.  

2.2.2: Breast tumor exome sequencing 

The sequencing libraries were prepared and captured using the SureSelect 

Human All Exon V4 kit (Agilent Technologies, Santa Clara, CA) following the 

manufacturer’s instructions. Briefly, 500 ng DNA was fragmented by Adaptive Focused 

Acoustics (E220 Focused Ultrasonicator, Covaris, Woburn, MA) to produce an average 

fragment size of ~175 bp and purified using the Agencourt AMPure XP beads (Beckman 

Coulter, Fullerton, CA). The quality of the fragmentation and purification was assessed 

with the Agilent 2100 Bioanalyzer. The fragment ends were repaired and adaptors were 

ligated to the fragments. The resulting DNA library was amplified by using the 

manufacturer’s recommended PCR conditions: 2’ at 98°C followed by 6 cycles of (98°C 
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30”; 65°C 30”; 72°C 1’) finished by 10’ at 72°C. 500 ng of each library was captured by 

solution hybridization to biotinylated RNA library baits for 48 hours at 65ºC. Bound 

genomic DNA was purified with streptavidin coated magnetic Dynabeads (Invitrogen, 

Carlsbad, CA) and further amplified to add barcoding adapters using manufacturer’s 

recommended PCR conditions: 2’ at 98°C followed by 12 cycles of (98°C 30”; 57°C 30”; 

72°C 1’) finished by 10’ at 72°C. The library was sequenced on one lane of HiSeq 2500 

(PE 100pb reads). The resulting reads were mapped to hg19 using bwa-mem [31] and 

duplicate reads were removed using Picard MarkDuplicates [32]. 

2.2.3: CDR3 read alignment tools 

 We tested three tools designed to analyze sequencing data to identify rearranged 

TCR sequences: ClonotypeR [33], MiTCR [34], and IMSEQ [35]. All three have similar 

underlying strategies, where sequencing reads are aligned to a reference of gene 

segments for the V, D, and J components of the CDR3. Since the recombination process 

of CDR3 can also include the insertion or deletion of nucleotides at the segment 

junctions, these alignment strategies rely on conserved motifs to anchor the annotated 

segments. The CDR3 is flanked by two structural motifs: the conserved cysteine and 

phenylalanine residues [36]. As long as a read covers these positions, the tools are able 

to align the read to a reference of VDJ segments to annotate the clonotype. All three 

tools have been designed to be efficient in analyzing data from current high-throughput 

sequencing experiments. This includes computational optimization of the algorithms and 

processes of the tools, and parallelization to allow multi-threading. 

 In addition, the tools offer differing strategies for filtering results. ClonotypeR 

provides an R package to load results for the user to apply quality filters. MiTCR and 

IMSEQ incorporate clonotype assembly, filtering of low-quality reads, and correction of 



	

	

11 

PCR and sequencing errors. Both ClonotypeR and MiTCR report non-productive 

rearrangements (clonotypes that include a stop codon), while IMSEQ automatically 

filters them out of the main results. 

 Finally, all three tools report back identified clonotypes in similar tab-delimited 

output files. These outputs include the positions and annotations for the V and J exon 

matches, as well as the CDR3 nucleotide and translated amino acid sequences. To test 

these three tools for the identification of CDR3 reads in a whole-exome dataset, we 

developed a strategy to efficiently process sequencing data before inputting reads into 

the tools.  

2.2.4: Identification of CDR3 reads 

The reads mapped to the human TCRB region (hg19: chr7:142,000,817-

142,510,993) and the unmapped reads were extracted from the BAM files, and 

converted to fastq using SAMtools [37] and BEDtools [38]. The tools ClonotypeR [33], 

MiTCR [34], and IMSEQ [35] were used to identify rearranged TCR regions from the 

resulting files. Human TCR references were provided by MiTCR and IMSEQ. We 

created our own reference for ClonotypeR as specified in the documentation. In short, 

we downloaded reference sequences for TCRA, TCRB, and TCRG from GenBank [39], 

manually aligned the V and J segments on the conserved motifs using SeaView [40], 

and separated out the segments from before or after the conserved motifs. We 

compared the performance of the three tools, matching on read ID. When the read ID 

was not available from the results (MiTCR), we retrieved it by aligning all reads (BWA) to 

a reference consisting of MiTCR output reads. For each tool, the number of CDR3 reads 

detected was normalized by the total number of reads sequenced for that sample. 
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2.2.5: Comparison of deep TCR repertoire analysis 

 The raw sequencing data used in Adaptive’s ImmunoSEQ analysis was run as-is 

through IMSEQ to align and annotate the TCRB sequences. This single fastq file 

contains the sequencing reads from seven samples (two libraries per sample), as well as 

the control spike-in TCRB sequences included in the Adaptive kit. The samples were 

sequenced with proprietary barcodes for the Adaptive ImmunoSEQ Analyzer program, 

so it is impossible to separate the reads from each of the samples in the pooled file. 

However, we can still gain information about the sensitivity of IMSEQ by comparing the 

annotated sequences and abundances to the combined outputs of the ImmunoSEQ 

Analyzer results for the seven samples. The ImmunoSEQ Analyzer results consist of 

clonotype annotations and abundances for each of the tumor samples. To test the 

sensitivity of IMSEQ, we checked for the presence of each productive clone identified in 

the ImmunoSEQ Analyzer output for presence in the IMSEQ output. To further test the 

ability of IMSEQ to accurately measure clonal abundance, we compared the frequency 

of each clonotype identified in IMSEQ with the overall abundance for each clonotype 

found in the pooled ImmunoSEQ Analyzer results, calculated as the ratio of the sum of 

the number of reads for that clonotype by the number of reads for all productive 

sequences. 

2.2.5: Simulations of CDR3 read detection  

The ratio of the length of the CDR3 VDJ region (50 bp) to the total length of a 

captured exome (50M bp) can be used to estimate the sensitivity to detect CDR3 reads 

in an exome sequencing experiment. The parameters used were 1) off target ratio of 

20% (fraction of reads mapped outside of the exome) and 2) a CDR3 detection 

sensitivity of 50%. This latter parameter is derived from the fraction of TCRB exons 
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captured by the Agilent SureSelect v4 (69/107 based on Gencode v19 annotation [61], 

as well as imperfect mapping (fraction of reads spanning CDR3 detectable by IMSEQ 

depends on the length of the reads and the position of CDR3 reads across the VDJ 

junction).  

2.3: Results 

2.3.1: Deep TCR repertoire sequencing 

We sequenced the repertoire of three triple negative breast cancer (TNBC) 

samples selected for their variable TIL contents. Two samples had a high amount of 

infiltration (45% and 40%), and one sample was chosen as a negative control (0%). 

Starting from 5 µg of DNA (~8x105 total cells), we identified between 15x103 and 30x103 

CDR3 rearrangements per tumor (Figure 2.1a). Interestingly, even the tumor sample 

with no histological evidence of TILs shows multiple rearrangements, suggesting a 

limitation of histological evaluation using a selected tissue section. The assay developed 

by Adaptive Biotechnologies includes a synthetic repertoire of 858 rearranged TCRB loci 

spiked into the PCR reaction, allowing for correction of PCR amplification bias by 

measuring this reference pool before and after amplification [30]. Thanks to these 

internal standards, the assay was able to precisely estimate the abundance of each 

clone and the overall clonality of each sample. The most clonal sample (OX1285: 

clonality=0.22) contained the most abundant clone at 8% prevalence. In contrast, the 

two other samples had clonalities of 0.15 and 0.09, and the most abundant clone at 

1.7% each. The abundance of each clone was highly reproducible between two adjacent 

tissue sections (r=0.99), suggesting a local homogeneity of the T-cell population (Figure 

2.2a). In complement to this data generation, we also evaluated the feasibility of using 

archival formalin-fixed, paraffin-embedded (FFPE) specimens for deep TCRB amplicon 
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sequencing. Two samples showing the most fragmented DNA (average size <1.1 kb) 

had poor overall TCRB representation when compared to the matched frozen samples. 

The least fragmented sample had the most reproducible results when compared to a 

matched frozen sample with an overall underestimate of the absolute clonotype 

frequency (Figure 2.1b-d). This demonstrates that by using stringent DNA sample quality 

control, archival samples may be used for deep repertoire sequencing, albeit resulting in 

reduced accuracy. 

2.3.2: Identification of CDR3 reads in tumor exomes 

Sequencing a full, deep repertoire of TILs is costly and requires large amounts of 

DNA to ensure that sufficient clonal diversity is being captured. We thus sought to 

determine whether any of the TCRB clonotypes could be identified in exome sequencing 

data, which would permit the use of public cancer genomic data. Indeed, most exome 

capture kits contain probes overlapping the V and J genes of the TCRB locus. While 

such probes have been designed to capture the naïve TCR region, it is likely that a 

rearranged DNA fragment can be captured if it has sufficient overlap with the reference 

sequence to allow probe hybridization. To test this hypothesis, we sequenced 205x106 

reads from the exome of sample OX1285, for which we obtained deep repertoire data. 

Of these, 784x103 reads did not map to the reference genome and 241x103 mapped to 

the reference TCRB locus. In order to identify reads mapping to a rearranged CDR3 

domain of TCRB (referred to as CDR3 reads), we benchmarked three different tools: 

ClonotypeR [33], IM-SEQ [35] and MiTCR [34] (Figure 2.2b), each originally designed to 

analyze deep repertoire sequencing experiments. Each tool identified between 10 and 

38 reads assigned to a CDR3 (Table 1.1). Across all three methods, we identified a total 

of 26 clonotypes, 15 of which were present in the deep repertoire dataset (Figure 2.2c). 
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Interestingly, 60% of the CDR3 reads mapped imperfectly (clipped reads) to the 

reference TCRB locus (Figure 2.2d), consistent with their mature TCRB origin and 

suboptimal alignment to the naïve TCRB genes. Fourteen clonotypes were identified by 

two or more methods. ClonotypeR was the most stringent, only finding 6 clonotypes, all 

identified by the other tools. In contrast, MiTCR was the most lenient, with 7 unique 

clonotypes, 2 of which were present in the deep repertoire. Overall, IMSEQ offered the 

best compromise between sensitivity – 72% present in deep sequencing – and 

specificity – 94% shared with another tool – and was used for the rest of the analysis. 

The fraction of CDR3 reads detected by IMSEQ was 0.09 reads per million reads 

(RPM) sequenced. Interestingly, assuming that this tumor had 20-40% of infiltrating T-

cells, this value was consistent with the order of magnitude estimated by simulations 

(~10-1 – Figure 2.3 and Methods). The simulation also suggested that, at typical exome 

sequencing coverage depth (100 fold), CDR3 reads could be detected in tumors with 

more than 3% T-cell infiltration. These results provide evidence that genuine CDR3 

reads can be identified in exome sequencing data from a genome-wide tumor. 

2.2.4: Comparison of deep TCR repertoire analysis 

 Though IMSEQ performed well in the specificity of the tool comparison, 

measured as identifying 94% of reads shared with another tool, there is a potential issue 

with the sensitivity, as only 72% of reads identified were present in the deep sequencing. 

In order to eliminate any potential issue with IMSEQ’s ability to identify CDR3 reads, we 

analyzed the performance of IMSEQ on a deep repertoire dataset. We ran IMSEQ on 

the raw sequencing reads pooled from the 3 breast tumors (7 samples) used in the 

Adaptive analysis. IMSEQ identified 6.2 million CDR3 reads, with 416,684 unique 

clonotypes. The ImmunoSEQ Analyzer does report non-productive clonotypes, that is,  
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ones with a stop codon, while they are automatically filtered out in IMSEQ. By 

comparison, the ImmunoSEQ Analyzer results for the seven samples contained 90,875 

unique productive clonotypes overall. This highlights the presence of controls in the 

pooled dataset, as the ImmunoSEQ assay contains spike-in synthetic sequences that 

the Analyzer uses to correct for PCR bias. However, we are unable to separate out 

these cases because of Adaptive’s proprietary barcoding, resulting in the use of the 

pooled dataset.  

Of the 90,875 productive clonotypes identified in at least one of the ImmunoSEQ 

sample results, 99.5% were identified in the IMSEQ results. This indicates that IMSEQ 

has strong sensitivity for identifying real CDR3 sequences in deep repertoire sequencing 

data, assuming that the ImmunoSEQ Analyzer is the gold standard. 

 In order to further compare how well IMSEQ is able to estimate clonal 

abundance, we compared the frequency of each clonotype identified in the IMSEQ 

results with overall read frequency amongst the pooled ImmunoSEQ results (Figure 2.4). 

The abundances were significantly correlated (r=0.91). We do observe a more scattered 

distribution at the lower abundances, possibly due to the lack of correction of PCR bias 

with control sequences in the IMSEQ results, highlighting an advantage of the 

ImmunoSEQ method. 

 We also characterize further the 326,282 clonotypes identified in the IMSEQ 

results, but not the ImmunoSEQ Analyzer results. Although some of these clonotypes 

originate from the 702 synthetic spike-in sequences used to correct PCR bias, the vast 

majority may be sequences filtered out by the ImmunoSEQ Analyzer because of quality 

control standards. For example, 74% of these false positive (IMSEQ only) clonotypes 

are supported by only one read, in contrast to 2% of the true positive clonotypes 

(identified in both IMSEQ and Adaptive ImmunoSEQ Analyzer). Indeed, we find that the 
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overall distribution of clonotype frequencies is significantly lower for the clonotypes 

identified in the IMSEQ results and not the ImmunoSEQ Analyzer, as opposed to those 

identified in both (p~0, Mann-Whitney U Test). This suggests that many low-frequency 

clonotypes are present in the IMSEQ results are likely filtered out in the ImmunoSEQ 

Analyzer process. We therefore find that IMSEQ has 66% precision for clonotypes 

identified with 10 or more supporting reads (CDR3 read abundance of 1.6x10-6), in 

contrast to 1% for clonotypes identified by 1 read only. The additional stringent quality 

controls of this commercial assay, including the presence of synthetic spike-ins and 

additional computational quality filtering, might explain the loss of specificity in IMSEQ 

compared to the Adaptive ImmunoSEQ Analyzer. 

 Overall, we find that although IMSEQ does not include a correction of PCR bias 

or the additional filtering present in the ImmunoSEQ Analyzer, it does have a very high 

sensitivity for identifying real CDR3 reads, demonstrating that it is well-suited for 

identifying the rare CDR3 reads in heterogeneous tumor samples. 

2.2.5: CCLE control analysis 

 In order to further analyze the specificity of IMSEQ, that is, the ability for IMSEQ 

to reject true negative reads, we profiled 200 sets of sequencing reads from cancer cell 

lines from TCGA (Table 2.1). As these cases are cell lines, there should be no T-cells, 

and thus no reads originating from the rearranged TCR. Any reads found in this analysis 

can then be classified as false positives. 

 In the 200 cancer cell line encyclopedia (CCLE) samples, only 32 total CDR3 

reads were found, in a total of 24 samples and 32.6 billion total reads analyzed. 23 of 

these samples were RNA-seq, with one exome, and they came from multiple different 

cancer types (Table 2.1). These reads corresponded to 12 different clonotypes, and 2  
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were identified in the pan-cancer analysis (described in Chapter 4), one in the tumor 

DNA of one patient and blood DNA of another, and one in the tumor RNA of 9 patients. 

Neither of these appears to be false positives due to sequence length, and both were 

only found in one CCLE sample each. Overall, even though we cannot conclude the 

source of these false-positive CDR3 reads identified in CCLE samples, we do observe 

that few overall reads are found, and that they have very little overlap with the 

clonotypes identified in our pan-cancer analysis. This gives us additional assurance that 

IMSEQ has adequate specificity to be applied to genome-wide sequencing data in our 

work. 

2.4: Discussion 

Here, we provided a proof-of-concept for the use of TCR sequencing tools to 

analyze genome-wide datasets. While tools, such as IMSEQ [35], were developed for 

use with sequencing data originating from TCR enrichment protocols, we show that it 

has sufficient sensitivity to identify real TCR sequences in genome-wide tumor data. By 

comparing the results of a gold standard deep T-cell repertoire sequencing, we have 

compared three TCR identification tools, and selected one that can be used for profiling 

of T-cell reads in diverse genome-wide datasets. We have shown both that IMSEQ [35] 

can be used to accurately identify reads and clonotype abundances from deep T-cell 

data, and that using it on the same tumor whole-exome sequence identifies real CDR3 

sequences matching those in the deep T-cell repertoire. 

Our approach has a high specificity, since 72% of the CDR3 reads detected in 

the exome were present in the deep TCR repertoire, which was generated using an 

independent PCR based method. This outperformed other tools, which either had no 

identified sequences unique to themselves, or had too many potential false-positive 
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sequences that were not present in the deep TCR repertoire. In addition, we were able 

to characterize the sensitivity of IMSEQ as our selected tool, as it was able to identify 

99.5% of sequences annotated in the Adaptive immunoSEQ Analyzer results. We were 

able to further evaluate the specificity of IMSEQ with another method, using a negative 

control dataset of cell lines from TCGA, where IMSEQ identified a low number of CDR3 

reads across 200 cell line samples.  

The differences in alignment and filtering approaches of the tools are responsible 

for the differences in performance evaluated here, and further improvements in tool 

design can possibly lead to greater sensitivity and specificity of CDR3 read identification. 

Optimization of the ways in which low-quality reads are filtered or retained, as well as the 

tolerance of editing and parameters of alignment against the V and J sequences of the 

CDR3 can lead to further improvements in tool performance.  

With the approach validated, we were able to leverage the resource of TCGA for 

the identification of T-cell sequences across different cohorts, and correlate this 

information with other markers of immune activity and clinical outcomes. 

Immunohistochemistry and flow cytometry are traditionally used to characterize the 

tumor immune compartment and develop immune biomarkers [41]. However, these 

measurements typically lack necessary information about the clonal identity and diversity 

of the adaptive immune cells. By developing a framework which allows us to profile 

genome-wide sequencing samples for reads originating from the rearranged TCR, we 

are able to extract information about both the levels of infiltration and clonality of 

infiltrating T-cells, as we apply in the following chapters. 
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Chapter 3: Immune DNA signatures of T-cell infiltration in TCGA 
BRCA patients 

3.1: Introduction 

In breast cancer, the presence of tumor infiltrating lymphocytes (TILs), and more 

specifically T-lymphocytes, is associated with good survival [42], [43] and response to 

neo-adjuvant treatment [44], [45]. The different breast cancer subtypes do not 

significantly differ in fraction of TILs, which is relatively low [46], but this metric has 

prognostic or predictive value in triple negative breast cancer (TNBC) and Her2+ breast 

cancer [45], [47], [48]. In order to further distinguish the different cell type populations, 

other studies have used immunohistochemistry to detect cell surface markers (e.g. CD3, 

CD8, CD20), demonstrating, for example, that the predictive value of B-cell infiltration is 

independent of cancer subtype or other clinical factors [49], or that CD8+ T-cell 

infiltration is of good prognosis in basal TNBC [46]. A related clinical-grade assay, the 

immunoscore, is being proposed for colorectal cancer [41], but requires further 

evaluation in breast cancer [44].  

Analysis of gene expression signatures can also be used to infer the presence of 

immune cells and their role in immune signaling within the tumor microenvironment. High 

levels of a TIL-associated signature is associated with good prognosis in ER- breast 

cancer [50]. Gene expression signatures specific to T-cells [24], [46] and B-cells [51] 

also have prognostic or predictive value in specific cancer subtypes. Interestingly, while 

the expression of metagenes (combination of gene expression for multiple genes) is not 

different between breast cancer subtypes, their prognostic significance varies. For 

example, the expression of a T-cell metagene is associated with good prognosis in ER- 

or Her2+ tumors [24]. More recently, the gene expression measurements in 
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heterogeneous tumor samples have been deconvolved using machine learning to 

determine the relative abundance of up to 22 immune cell types [25]. This association 

revealed that plasma cells and neutrophils had an adverse association with survival [15].  

Correlations have been observed between the extent of T-cell infiltration and 

clinical prognosis in breast cancer subtypes. However, this effect is indirect, and is 

related to the T-cells’ role in tumor control and is dependent on their tumor reactivity. 

Thus a deeper characterization of the T-cell repertoire can provide more information 

about its diversity, the associated tumor reactivity, and antigen specificity. 

3.2: Methods 

3.2.1: TCGA sample selection and data access 

We retrieved the complete genomic data and clinical data from TCGA [52]. We 

selected patients with both: 1) primary tumor (no metastases) exome BAM files aligned 

to GRCh37-lite (for multiple versions, the latest was kept), and 2) known fraction of TILs. 

There were a total of 1078 breast cancer patients following these criteria. We also 

retrieved, for the same patients, when available: 3) blood exome BAM files aligned to 

GRCh37-lite, 4) RNA-seq tumor BAM files aligned to hg19, 5) known ER, PR, and Her2 

status, 6) vital status/know days to last contact/days to death. The clinical data was 

retrieved from TCGA data portal [52] for BRCA on 4/27/15. Survival analysis was done 

using the R “survival” package [53], [54]. The sequencing data was accessed from the 

CGHub [55]. The normalized tumor gene expression values and the gene mutational 

status were retrieved from Broad Institute Firebrowse [56]. TCRB expression was 

missing from the FireBrowse datasets. In order to evaluate expression from TCRB, we 

retrieved reads mapped to the TCRB gene region from RNA-seq data for each patient 
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from CGHub. We extracted the number of reads mapped to this region, and normalized 

by the total number of reads to calculate a TCRB expression value. 

3.2.2: Gene set enrichment analysis 

We used the LM22 gene signature matrix [25], which defines gene sets for 22 

immune cell types, totaling 547 genes. We used Gene Set Variation Analysis 

(GSVA)[57] to evaluate enrichment of these signatures in each sample using the 

Firebrowse expression data. This analysis was performed in R using the “gsva” package 

[57]. Clusters were defined by hierarchical clustering of the patients by their LM22 

enrichment scores. 

3.2.3: HLA haplotype calling 

Blood normal whole-exome sequencing data was downloaded from TCGA for the 

BRCA cohort. HLA class I types were identified through a consensus approach of three 

tools: optitype [58], athlates [59], and snp2hla [60]. Allele assignments were selected for 

cases when two or three tools agreed, and when the tools did not agree, alleles were 

assigned by optitype, as it has the highest reported accuracy [58]. HLA class II types 

were identified by merging the results of athlates and snp2hla, since each covered a 

different subset of the genes. 

3.3: Results 

3.3.1: Identification of CDR3 reads in the TCGA breast cancer exomes 

Using the approach described above, we analyzed the exome sequences of 

1078 breast cancer tumors characterized through TCGA. We identified CDR3 reads in 

473/1,078 (44%) tumors. For some of the downstream analysis, we smoothed the 

normalized CDR3 read content of each tumor into an immune DNA (iDNA) score: 0 for 
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absence of CDR3 reads, and 1-10 for the increasing deciles of the distribution of 

normalized CDR3 read count (CDR3 RPM). CDR3 RPM was associated with high TILs 

(p<3x10-7 - Wilcoxon test). Indeed, only 19% of the tumors with no CDR3 reads 

(iDNA=0) had more than 5% TILs, in contrast to 49% of the tumors with an iDNA score 

of 10 (Figure 3.1a). Importantly, TIL measurements refers to total TILs, not only T-cells, 

and this measurement may vary between sample collection sites and pathologists, 

despite efforts to standardize it [44]. For a more quantitative evaluation, we chose to 

compare the fraction of tumor CDR3 reads to the tumor molecular purity [62]. 

Specifically, we used the consensus purity estimate (CPE) measurement, which was 

calculated in the study as the median of the results of four purity estimation methods, 

after normalization [62]. We observed that the fraction of CDR3 reads was inversely 

correlated (r=-0.39) with tumor purity, with 43% of tumors without CDR3 reads having 

purity higher than 80%, in contrast to only 4% of the tumors with an iDNA score of 10 

(Figure 3.1b). These results suggest that the CDR3 reads identified in the tumor exome 

truly originate from T-cells, and that their relative abundance is directly associated with 

the fraction of infiltrating lymphocytes. 

3.3.2: iDNA score correlates with adaptive immunity expression signatures 

In order to further explore the variation in iDNA scores, we used the level of gene 

expression to measure the relative enrichment for 22 immune cells signatures in each 

tumor[25]. We performed unsupervised hierarchical clustering according to GSVA 

scores. While expression signatures of different immune cells are often correlated, the 

top four branches of the clustering dendrogram represent 4 distinct groups of tumors: 

immune low (n=458), mixed-adaptive (n=159), mixed-innate (n=149) and high (n=307) 

(Figure 3.1c). Seventy-five percent of the tumors in the immune-low group did not have 
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CDR3 reads (iDNA score=0, Figure 3.1d). In contrast, 65% of the immune-high tumors 

had CDR3 reads (iDNA score>0). The immune-high group showed high levels of both 

adaptive and innate signatures. In contrast, the immune-mixed groups showed a clear 

distinction in activity levels of adaptive and innate immune cells. For tumor with iDNA 

scores greater than 0, the CDR3 RPM was higher in mixed-adaptive than mixed-innate 

groups, and the latter was not different from the immune-low group (Figure 3.1e). These 

results indicate that the abundance of CDR3 reads in exomes is correlated with known 

expression signatures of adaptive immunity.  

3.3.3: CDR3 read content associates with survival 

The fraction of tumors positive for iDNA was not different between breast cancer 

subtypes (Figure 3.2a). We show, however, that a positive iDNA score was associated 

with better overall survival (HR=3.17 [1.18-8.51], p=0.022) in Her2+ breast cancer, but 

not in hormone positive, Her2 negative (HR+/Her2-) or TNBC (Figure 3.2b and Figure 

3.3). Test conclusions are the same using log-rank tests, with better overall survival in 

Her2+ breast cancer with positive iDNA score (p=0.016). Most Her2+ patients in the 

TCGA cohort were likely treated with anti-Her2 antibody therapy. Therefore, the iDNA 

score is predictive for the Her2+ subtype. Interestingly, the fraction of TILs alone was not 

predictive of response in Her2+ tumors (Figure 3.2c), suggesting the superiority of a 

DNA based measurement of mature T-cell content over the histological estimate of 

lymphocyte content.  

3.3.4: TCRB expression and clonal diversity and sharing 

We then asked whether the CDR3 sequences identified in the tumor exome were 

expressed and how they relate to the overall expression of the TCRB gene. Of the 1,074  
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tumor specimens with available transcriptome data, we were able to identify CDR3 reads 

in 906 (84%) of them. The fraction of CDR3 reads in the RNA is correlated with the 

overall TCRB expression level (including non-CDR3 reads - r=0.40 p<10-16 – Figure 

3.4a). There were 435 tumors with evidence of CDR3 reads in both tumor DNA and 

RNA, and the fraction of CDR3 reads in the RNA and DNA was correlated (r=0.33, p= 

6.304x10-13, Figure 3.4b). Interestingly, the overall expression of the TCRB gene 

increased from tumors with no CDR3 in RNA nor in DNA (N=132), CDR3 reads in DNA 

only (N=36), in RNA only (N=471) or in both (N=435 Figure 3.4c p<0.001 - ANOVA). 

This observation suggests that some tumors may have few infiltrating T-cells (exome 

CDR3 negative), but these T-cells express sufficient levels of TCRB for the CDR3 to be 

detected in the transcriptome. Conversely, a few tumors display unambiguous T-cell 

infiltration (exome CDR3 positive), but expression of the TCRB gene is too low to detect 

CDR3 sequences in the transcriptome. This result underscores the importance of 

studying T-cell infiltration by DNA or histology based methods for a more quantitative 

assessment of their level of infiltration, in contrast to RNA-based methods, which can be 

confounded by the regulation of the TCRB gene expression.  

The majority (54%) of tumors with CDR3 reads in the exome displayed only one 

clonotype sequence and the number of clonotypes identified increased with the fraction 

of CDR3 reads identified (Figure 3.4d). Indeed, in contrast to deep repertoire 

sequencing, our approach is not deep enough to saturate the T-cell clonal diversity and 

thus provides only a shallow view of the repertoire. Similarly, the number of clonotypes 

identified in the transcriptome data increased with the fraction of CDR3 reads (Figure 

3.4e). Importantly, the ratio of clonotypes to the normalized CDR3 read count could be 

used to approximate clonal diversity. This measurement had a large variance but was 

consistent between DNA and RNA (Figure 3.4f, r=0.11, p=0.02). We observed a total of 
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839 and 7,130 different clonotypes across all tumors using the exome and transcriptome 

data, respectively, and eleven patients shared at least one clonotype between their 

tumor RNA and DNA. Oligo-clonality of the TCR repertoire could increase the chances 

of observing shared clonotypes between RNA and DNA of the same tumor, especially at 

shallow depth. However, none of these 11 tumors had noticeably low clonotype diversity 

(Figure 3.4f), in agreement with the substantial under-sampling of the TCRB repertoire.  

We next identified clonotypes shared between patients’ exomes. Two DNA clonotypes 

were shared between in 2 and 66 tumors, respectively. The most shared clonotype (66 

tumors, referred to as c66) was also identified in the blood DNA of 36 of these patients 

and of an additional 40 patients. This suggests that the c66 clone was not tumor-

specific, and may be directed against an antigen present relatively frequently in the 

population. Importantly, we did not find any significant association between the presence 

of the c66 clone and the patient HLA type, indicating that this TCR clone is likely reacting 

to a promiscuous antigen. Similarly, we did not identify a specific association of the c66 

clone in patients with mutations in PIK3CA, GATA3, or TP53, the most common breast 

cancer driver genes (Table 3.1).  

3.4: Discussion 

The study of the tumor immune-environment is particularly challenging given the 

complexity of the immune response and of the variety of host-tumor interactions. 

Furthermore, there is a critical lack of immune-specific molecular and histological 

observations in large cohorts of human samples. While the immune response is highly 

patient-specific, large cohort studies can nevertheless inform on the global dynamics 

and diversity of the immune response. In this report, we used the breast cancer cohort  
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from TCGA, which is the most comprehensive molecularly annotated breast cancer 

cohort, to further characterize their immune-microenvironment. 

We show an association of survival and iDNA score in Her2+ breast cancer. This 

result is consistent with previous reports [24] and is likely due to the use of anti-Her2 

therapy in most patients [63], making the iDNA score a predictive marker. Our analysis 

also suggests that it has higher value over global histological measurement of TILs in 

Her2+ patients. We did not find any prognostic value of TILs or iDNA score for TNBC or 

HR+/Her2- tumors with our analysis. Other studies of TNBC have shown that TIL 

infiltration is associated with a decreased rate of distant recurrence [63], or with better 

survival after neo-adjuvant treatment [64]. Unfortunately, the TCGA cohort does not 

have sufficient information about distant recurrence and the patients were not treated 

with neo-adjuvant therapy, therefore limiting our ability to replicate previous 

observations. The survival association obtained in Her2+ patients highlights the overall 

predictive value of infiltrating T-cells. A similar approach could be used to interrogate 

TCGA data for the predictive value of immune profiles and T-cell infiltration for other 

monoclonal antibody therapies such as cetuximab in EGFR-mutated non-small cell lung 

cancer patients [65]. Therefore, the iDNA score, or other genomic-derived measures of 

immune infiltration, can enrich the collection of biomarkers available on public datasets 

and that can be tested for clinical associations. However, to establish their clinical utility, 

these associations would have to be validated using assays dedicated to the evaluation 

of the immune-cell infiltration such as qPCR or immunohistochemistry.  

The tumor TCR repertoire identified in our study is shallow – 79% of tumors with 

fewer than 10 clonotypes from RNA or DNA – but broad – 7,954 clonotypes (RNA or 

DNA) identified in 944 patients. Importantly, we identify only 2 clonotypes in common 
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between patients, suggesting the absence of a dominant public T-cell clonotype and 

underscoring the exquisite patient specific immune response in breast cancer. A 

previous deep repertoire study reported 29 out of 32,000 clonotypes shared between 2 

of 15 colorectal cancer patients [17], a proportion consistent with our observations in a 

shallow TCGA repertoire. Furthermore, it has been proposed that the clonal composition 

of lymphocytes differs between tumor, lymph nodes, and in the circulation, the repertoire 

being locally shaped by the presence of tumor specific antigens [19]. Additional studies 

are needed to fully understand the regional variation of the repertoire and its 

consequences on cancer progression and response. Nevertheless, the value of TCR 

repertoire sequencing may be in monitoring the clonal evolution within a patient or tumor 

rather than in the identification of a broad-spectrum tumor specific antigen or its 

corresponding T-cell clone. 
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Chapter 4: Pan-cancer molecular profiling of T-cell infiltration 

and clonal diversity 

4.1: Introduction 

In order to further study the diversity of the immune repertoire and its impact on 

cancer progression, we have extended our T-cell molecular profiling methodology to 28 

cancer types that are part of TCGA, as a pan-cancer analysis. We have previously 

shown the ability to identify real CDR3 reads from whole-exome sequencing data, and 

demonstrated the clinical utility of our iDNA score for Her2+ breast cancer patients.  

Previous studies have analyzed immune infiltration in specific cancer types. For 

example, patients with increased TILs were observed to have better survival in 

cutaneous melanoma [11], and high CD3+ tumor-infiltrating T-cells predicted 

progression-free survival in gastrointestinal stromal tumors [13], and delayed recurrence 

and delayed death in ovarian cancer [12]. However, recruitment of regulatory T-cells, 

which suppress T-cell immunity, is associated with reduced survival in ovarian 

carcinoma [66]. In addition, studies have analyzed how molecular markers related to T-

cell reactivity are associated with sensitivity to immune checkpoint inhibitors. In non-

small cell lung cancer, higher non-synonymous mutational burden, indicating enhanced 

neoantigen-specific T-cell reactivity, was associated with improved clinical response 

[67]. Similarly, in non-small cell lung cancer, sensitivity to therapy was enhanced in 

tumors enriched for clonal neoantigens [68].  

Few other studies have attempted to systemically compare the immune 

environment across different cancer types using molecular data. A notable related set of 

analyses includes methods to molecularly characterize tumor purity, as immune cells are
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 a major component of the non-cancerous cells in a tumor. One method, ESTIMATE, 

uses gene expression profiles of immune and stromal cells to infer the fraction in a tumor 

sample [69]. Another method, LUMP, uses non-methylated immune-specific CpG sites 

[62]. A notable recent study developed a method to infer cellular fractions in a tissue 

from gene expression profiles [25], and applied it to infer leukocyte composition in tumor 

samples [15]. A few studies have analyzed the pan-cancer immune environment through 

extraction of CDR3 reads in RNA-seq data. One study applied MiTCR to 6,738 TCGA 

RNA-seq tumor samples, and evaluated the expected yield of TCR reads [27]. This 

study highlighted the level of sharing of CDR3 sequences, correlation with MHC Class II 

expression, and high prevalence of public T-cells. Another study developed its own de-

novo method of inferring CDR3 sequences, and applied it to 9,142 TCGA RNA-seq 

tumor samples [28]. This study also evaluated the prevalence of public T-cells, as well 

as predicted putative immunogenic cancer antigens and somatic mutations based on 

associations with specific CDR3 sequences. However, both studies did very little 

comparison of infiltration between cancer types, and neither compared the additional 

information possible through analysis of tumor and blood DNA sequences also available 

in TCGA. This is critical, as we are able to leverage additional data types to more 

comprehensively analyze the immune repertoire, and examine additional factors of 

immune infiltration in tumors. 

In this chapter, we propose to use the method developed in Chapter 2 and 

validated in breast cancer in Chapter 3, to explore the immune infiltration across 10,084 

tumors and 28 cancer types from TCGA. In particular, we propose that the identification 

of CDR3 reads from DNA and RNA can produce a simple, reliable measurement of the 

presence of T-cells in a tumor sample, as well as information about the clonal diversity of 

the immune repertoire. Here, we examine the differences in immune infiltration between 
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cancer types based on CDR3 reads, model the factors that can predict immune activity, 

analyze the relationship with immune activity in blood normal data, and compare the 

clonality of patients from different data sources. 

 4.2: Methods 

4.2.1: Retrieval and processing of sequencing data 

We retrieved all TCGA analysis IDs from the CGBrowse query interface [55] from 

tumor exome (DNA), blood exome (DNA), and tumor RNA-seq with the following filters: 

(1) primary tumor, (2) sequenced on Illumina platform, and (3) aligned to the 

GRCh37/hg19 version of the human reference gnome assembly.  

The data processing is described in more details in Chapter 3 and our previous 

report [70]. In brief, we downloaded reads mapping to the human TCRB region, as well 

as unmapped reads, from CGHub, and processed them for use with IMSEQ. We then 

used IMSEQ to identify rearranged TCR regions from the sequencing reads from these 

files. 

We retrieved the normalized gene expression levels from the Broad Institute 

Firebrowse. Gene expression enrichment was calculated as Chapter 3 and in Levy et al. 

[70], and clusters were defined by using hierarchical clustering of the patients based on 

their enrichment scores. 

4.2.2: Additional tumor and patient information 

The information related to the tumor specimen (histology, percent TILs) and to 

the patient (sex, age) was retrieved from the processed clinical data from the FireBrowse 

interface at the Broad Institute. Mutational burden was retrieved from the processed 
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mutational data from the FireBrowse interface. The Consensus Purity Estimate (CPE) 

score was obtained from Aran et al. [62]. 

4.3: Results 

4.3.1: Extracting CDR3 signatures from pan-cancer datasets 

The presence of sequencing reads originating from the rearranged CDR3 region 

of the T-cell receptor beta gene or transcript is indicative of the presence of T-cell in a 

biological sample [70]. To allow for multi-sample and data-type comparison, we 

processed all the aligned sequencing reads from TCGA pan-cancer tumor exomes 

(tumor DNA), transcriptomes (tumor RNA), and matched blood exomes (blood DNA) in a 

uniform manner (as in Chapter 3). The pan-cancer samples analyzed here are derived 

from 10,084 subjects from 28 different cancer types (Table 4.1). For 7109/10084 (70%) 

of these subjects, all three types of data were available. Similar to Chapter 3 and our 

previous study [70], we realigned reads that were unaligned or partially aligned the 

TCRB gene interval to a set of all possible VDJ rearrangements using IMSEQ [35], and 

normalized for each dataset to the total number of reads sequenced (see methods and 

Figure 4.1).  

We identified CDR3 reads in 33% of tumor DNA, 75% of tumor RNA, and 60% of 

blood DNA datasets. For the datasets containing CDR3 reads, the average content of 

the DNA is low, with averages of 2.39 (max=29) and 3.14 (max=92) CDR3 reads for 

tumor and blood, respectively, in contrast with the tumor RNA, which has an average of 

17.14 (max=1231). In the tumor, the number of CDR3 reads identified in RNA is higher 

than in DNA, mostly due to: 1) three times more reads per analyzed base pair, and 2) a 

higher CDR3 detection sensitivity from mature transcript reverse transcription than from 

the partial annealing of a rearranged exome, where the exome is limited by probes  
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designed for the germline TCRB segments. Despite this difference in sensitivity, we 

identified 273 tumors with CDR3 reads in the tumor DNA, but not RNA, referred to as 

D+R- cases. In order to determine whether this observation reflects a true biological 

difference - repression of TCRB expression - or a more technical artifact, we 

investigated these samples further. The D+R- cases are enriched in LGG, LIHC, PCPG, 

and UCS cancer types (p<0.01, chi-squared test - Figure 4.2a) representing 43%-55% of 

samples. This suggests that the specific microenvironment of these specific cancer 

types may be more prone to the repression of TCRB. These CDR3 RNA negative cases 

(R-) had significantly lower normalized tumor DNA CDR3 abundance as well as TCRB 

gene expression (p~0, Wilcoxon rank sum test) (Figure 4.2b,c) than the CDR3 RNA 

positive cases (R+). This indicates that that these cases are likely ones with fewer TILs, 

and the lack of identifying CDR3 RNA is stochastic with the shallow nature of this 

identification method, not due to repression of TCRB.  

CDR3 reads are also more prevalent in the blood than in the tumor DNA. A 

simulation predicts that the DNA of a sample containing 20%-40% infiltrating 

lymphocytes (with 7-24% being T-cells) and sequenced at 100x depth would lead to 0.1 

CDR3 reads per million reads sequenced [70]. Thus, the observed higher normalized 

CDR3 read abundance in blood DNA is consistent with a nucleated normal blood 

composition of all lymphocytes (of which 7-24% are T-cells), which is predicted to lead to 

~2x as many CDR3 reads. 

Similar to our observation in breast cancer, the normalized abundance of CDR3 

reads identified in a tumor DNA and RNA datasets is correlated with the percent of 

tumor infiltrating lymphocytes – rho=0.18 (p<0.001) and 0.23 (p<0.001), respectively. 

Furthermore, the normalized abundance of CDR3 reads is anti-correlated with molecular  
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estimates of tumor purity (rho=-0.36, -0.46, respectively, p<0.001 - Figure 4.3a). Finally, 

there is a significant correlation between the overall CDR3 abundance of the tumor DNA 

and RNA (rho=0.2, p<0.001) (Figure 4.3b), indicating that many tumors with sufficient 

infiltration to detect the rearranged CDR3 in the DNA are expressing TCRB, and that we 

can additionally detect the rearranged CDR3 in the RNA.  

4.3.2: Variation in CDR3 signatures between cancer types 

In order to increase the specificity of our subsequent analysis and eliminate low 

powered cancer types, we restricted the analysis to 18 cancer types where CDR3 reads 

were identified in more than 30 patients in each data type. We then determined whether 

the relative abundance of CDR3 reads significantly varies between cancer types. For 

both the normalized CDR3 abundance in tumor DNA and RNA, we observed significant 

differences between cancer types (p<0.001, Kurskal-Wallis test). In order to identify 

which cancer types would display significantly higher or lower TILs, based on CDR3 

read detection, we calculated differences between the distribution of DNA and RNA 

normalized CDR3 abundances of each cancer type compared to the rest (Figure 4.3b). 

We observe cancer types with a significantly higher (LUAD, HNSC, p<0.001) or lower 

(GBM, COAD, p<0.001) normalized abundances of CDR3 reads in the DNA. There is 

also significant variation in the RNA, with higher (STAD, OV, p<0.001) or lower (KIRP, 

PRAD, SKCM, BLCA, p<0.001) normalized read abundance. This suggests a cancer–

type specific immune-environment. Interestingly, although there is an overall correlation 

between the normalized CDR3 abundance in the tumor DNA and RNA, these extreme 

cancer types are different when looking at the DNA or RNA. This may be due to differing 

technical reasons, for example, higher sequencing depth leading to higher normalized  
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CDR3 reads in STAD and OV in the RNA-seq (Figure 4.4b). Interestingly, we observe 

the opposite trend in the DNA, where GBM and COAD have higher sequencing depth 

(Figure 4.4a) but lower normalized abundances of CDR3 reads. In addition, differences 

in the expression of TCRB add an additional factor in detection of the RNA, while the 

DNA reflects only the presence of T-cells in the sample. 

We can classify each tumor based on the expression signature related to 22 

immune cell types and determine their expressed immune activity quantitatively (high, 

low) and qualitatively (adaptive or innate). Of the cancer types with sufficient samples in 

all immune activity groupings, most have a higher normalized abundance of CDR3 

present in the DNA of tumors from the mixed adaptive and high immune activity 

signatures, compared to the mixed innate and low groups (Figure 4.5). One notable 

exception is OV, which does not have significant differences in normalized CDR3 

abundance between increasing immune activity groups, however, the immune high 

cluster does have significantly higher normalized CDR3 abundance than the immune low 

(p<0.001, Student’s t-test). In looking at the relationship between the normalized 

abundance of CDR3 in the RNA and immune signature groupings, all cancer types with 

sufficient samples in each immune signature groupings exhibit increasing normalized 

CDR3 abundances for increasing immune activity clusters (Figure 4.6). This is likely due 

to the increased sensitivity of CDR3 detection in the RNA, and in both cases reveal that 

most cancer types have detectable normalized CDR3 abundances that can serve as 

markers of immune activity in the tumor. 

4.3.3: Prediction of T-cell tumor infiltration  

Several factors, both host and tumor specific, can contribute to the TIL 

prevalence. The identification of these factors and the analysis of their relative  
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overall mutational burden is associated with an increase in immune activity and better 
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contribution to TIL prevalence is critical for our understanding of the tumor immune 

environment and the development of effective therapeutic strategies. For example, the 

overall survival [71]. We sought to identify additional molecular factors mediating T-cell 

infiltration. We created a model to predict which patients are likely to fall in the adaptive 

immune expression cluster (high overall and high adaptive immune clusters), versus the 

low immune cluster (high innate/low adaptive immune and low overall clusters). We used 

a forward stepwise approach, sequentially adding different groups of predictors (Table 

4.2). We applied some transformations to the variables in order to return more 

comparable coefficients in the model. We applied the decile transformation previously 

used for our iDNA score to the normalized CDR3 abundance in blood, as well as non-

synonymous mutational load. This transformation grouped samples into 11 groups, 0 for 

0 values of data, and 1-10 for increasing deciles in the distribution of either normalized 

CDR3 abundance in blood or non-synonymous mutational load. We first used predictors 

of age, sex, and blood iDNA score to test whether these tumor-agnostic factors were 

significant predictors of tumor immune response. Greater age was found to be a 

significant positive predictor (HR=1.004, p=0.04) of increased immune activity, while 

blood iDNA score (HR=0.9844, p=0.03) was found to be a significant negative predictor 

of immune activity. The addition of the mutational load score is a positive predictor for 

increased immune activity (HR=1.017, p=0.03), and it removed the significance of age 

(p=0.1), while making male gender become a significant negative predictor of immune 

activity (HR=0.9072, p=0.04). While in these analyses the predictors are significant, they 

are not strong, with HR values close to 1. However, the addition of cancer type to the 

model reveals that 12 of the 18 cancer types are significant positive predictors of 

immune activity, with stronger predictors including KIRC (HR=2.4), HNSC (HR=1.53), 

and BRCA (HR=1.45) (Table 4.2). However, the addition of cancer types removes the  
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significance of both iDNA blood score (p=0.59) and non-synonymous mutational burden 

score (p=0.07). CDR3 abundance in the blood DNA is reflective of the overall T 

lymphocytes counts, which may be driven by 1) host specific immune system or 2) tumor 

immune burden leaking in the circulation. To account for this latter possibility, we 

investigated the contribution of the iDNA score of CDR3 reads in the blood DNA to the 

tumor immune phenotype in the context of each cancer type. While iDNA score in the 

blood DNA was found to be an overall significant predictor of negative immune activity 

on its own, interestingly, it is not significant with the addition of cancer types to the 

model, nor with the interaction of any of the cancer types. Overall, this indicates that 

age, gender, mutational burden score, and blood iDNA score, and cancer type are all 

very mild factors in predicting high adaptive immune activity in the tumor, and the 

differences between cancer types that exhibit higher immune activity dwarfs the other 

factors.  

4.3.4: Characterization of the tumor TCR repertoire 

The sequence of the CDR3 region is unique for each T-cell clone and the result 

of a genetic rearrangement following activation by presentation of an immuno-reactive 

antigen. Thus, the identification of shared clonotypes between tumors may be indicative 

of a common underlying antigen, and possibly tumor-specific. In all 3,069 patients with 

CDR3 reads in their tumor DNA, we identified 5,434 unique clonotypes based on their 

amino-acid sequences. Of those, 34 clonotypes were identified in 2 separate patients, 2 

in 3 patients, 1 in 6, and 1 in 248 patients. This last one was previously reported as the 

c66 clonotype in BRCA tumors [70], and is explored further below. In the tumor RNA, a 

total of 61,914 unique clonotypes were identified from 6,267 patients, with 2,466 found in 

more than 1 patient. Surprisingly, the c66 clonotype (length of 29 amino acids) was not 
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found in the tumor RNA. In fact, no clonotype longer than 23 amino acids was detected 

in the RNA, while 293 were identified in the DNA, suggesting a possible technical 

difference in the sequencing or alignment of DNA and RNA reads to rearranged CDR3 

sequences, which prevents the identification of longer sequences in the RNA-seq data. 

However, in the results of Li et al. [28] in analyzing the RNA-seq data, TCRB sequences 

up to 31 amino acids were identified. 

4.3.5: Comparison to the circulating TCR repertoire 

In order to determine whether the clonotypes identified in the tumor DNA are 

specific to the population of infiltrating lymphocytes, we compared them with the 

clonotypes identified in the blood DNA. We define such “public clonotypes” as tumor 

DNA clonotypes that can be found in any blood DNA, irrespective of the patient or 

cancer type. We identified 100 public clonotypes, including the c66 clonotype found in 

248 tumor and 211 blood samples.  A total of 546 patients had at least one public 

clonotype. We further separated the patients into two groups, the 348 who had c66, and 

the 222 who did not, in order identify possible clinical or molecular features associated 

with the presence of the c66 clonotype (Figure 4.7). Interestingly, the c66 clonotype 

appears in a significantly enriched fraction of patients in a few cancer types, including 

OV, UCEC, and READ (Figure 4.7a) (p<0.001, Fisher’s exact test). Further examination 

reveals that the c66 clonotype is mainly identified in female patients (303/348 - p<0.001) 

(Table 4.3a). 

In contrast, the non-c66 public clonotypes were distributed more sparsely 

throughout cancer types (Figure 4.7b), with a significant depletion in STAD and BRCA 

patients (p<0.001, Fisher’s exact test), and without gender bias (p=0.4 - Table 4.3b). 

Samples with a public clonotypes (c66 and others) have on average 20% more reads in  
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the tumor DNA and 30% more reads in the blood DNA (Figure 4.8 - p<0.001 Student t-

test), suggesting we are more likely to see public clonotypes with higher coverage. 

4.3.6: Inferring T-cell clonal diversity  

We further wanted to characterize the clonal diversity in samples with CDR3 

reads, by using the number of unique clonotypes identified in a patient as an 

approximation to the underlying clonotype diversity. The number of identified clonotypes 

increases with the total number of CDR3 reads identified in both the tumor DNA and 

RNA (Figure 4.9a,b), with on average one new clonotype identified every 1.73 or 2.1 

DNA or RNA CDR3 reads identified, respectively. This suggests that the approach 

reveals only a partial, unsaturated, subset of the TCR repertoire diversity. However, we 

hypothesize that the ratio of unique clonotypes to the relative CDR3 abundance in each 

patient still reflects its TCR diversity and may identify important differences between 

patients, specimens, or cancer types.  

UCEC has lower clonal diversity in the tumor RNA, while PAAD has higher clonal 

diversity in the tumor DNA. This inconsistency between RNA and DNA is surprising and 

may be due to technical artifacts. Indeed, the PAAD tumor DNA was sequenced at a 

much greater sequencing depth than other cancer types (Figure 4.4a), leading to 

increased rate of identification of CDR3 reads which leads to an overestimate of 

clonotype diversity using a frequency based metric (Figure 4.10). Similarly, tumor RNA 

in UCEC was sequenced at a lower sequencing depth than other cancer types, and 

STAD was sequenced at a higher depth. In UCEC, the tumor RNA sequencing yielded 

on average to 0.3 times fewer reads than other cancer types, while STAD yielded on 

average 1.5 more. This analysis highlights that while profiling genome-wide tumor 

datasets for T-cell information can identify important characteristics of infiltration and  
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clonality, they are greatly affected by differences that increase or decrease the likelihood 

of sequencing the rearranged TCR. These include technical factors, such as differences 

in sequencing depth, to biological factors, such as differences in infiltration.  

We identified 196 patients who had a clonotype identified in both the tumor DNA 

and RNA. A possible factor that can lead to an increased likelihood of identifying 

clonotypes shared between samples from the same patient in this way is oligo-clonality 

of the tumor. However, these cases did not have lower clonal diversity in the DNA nor 

from RNA data types (Figure 4.9d, p>0.1 Mann-Whitney U Test) compared to cases with 

reads in both the tumor DNA and RNA, but no shared clonotypes, consistent with an 

under-sampling of the TCRB repertoire. 

4.4: Discussion 

 Here, we have demonstrated that we can use normalized DNA and RNA CDR3 

abundance to estimate infiltration of T-cells in tumor samples, and we highlight ed 

differences between cancer types. In addition, we showed that we can use CDR3 

clonotype information to identify shared clonotypes between patients and data types, 

and clonotypes shared between blood and tumor highlighted the patient-specific immune 

response. We also showed that we could use clonotype and abundance information to 

estimate clonality, which highlighted both technical and biological variability between 

samples. 

With most pan-cancer analyses of immune markers relying primarily on 

expression markers, and studies of T-cell repertoires focusing on RNA, we analyzed the 

relationship between different methods of tumor-specific profiling and cancer type 

differences, as well as the comparison of matched blood normal samples to observe the 

patient-specific immune clonotypes. 
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A significant finding of this work is the influence that technical variability has on 

the ability to identify CDR3 reads. Since this method is so shallow, T-cell infiltration, read 

length, and read depth all have an impact on the amount of sequences that are identified 

in genome-wide sequencing data. Though we have demonstrated that the normalized 

abundance of CDR3 reads can be used as a marker of T-cell infiltration, large 

differences in read depth between cancer types prevent it from being used to evaluate 

the relative differences in infiltration between them. However, if read depth can be 

normalized, or if comparisons are made within a cancer type (such as with our work in 

breast cancer), interesting comparisons between samples and correlations between our 

marker of infiltration and clinical factors can still effectively be explored. This finding 

gives clear direction on the study designs that can be developed to use these markers of 

infiltration, and with consistent and deeper sequencing, the increased and more 

comparable resolution of the T-cell repertoire can be used to more clearly identify 

characteristics of T-cell infiltration across many cancer types and patients. 

Many challenges still remain to be addressed in following up on this work. Newer 

tools for TCR read identification have been developed, which may better handle low 

quality reads and improve the sensitivity and specificity of the alignment and annotation 

of CDR3 sequences. In addition, the technical issue of sequencing depth is a major 

confounding factor in the comparison of samples to determine differences in immune 

infiltration. Studies must be carefully designed to ensure similar sequencing depths 

between samples, or a subsampling approach may be necessary to ensure differences 

between samples are due to T-cell infiltration and not differences in sequencing, as done 

in the TCR profiling by Brown et al. [27]. However, this approach led to a removal of 

41.5% of all sequence data. The shallow nature of extracting CDR3 reads from genome-

wide or transcriptome-wide sequencing data is a major limitation, as it is not clear 
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whether either case can be used for a reliable metric of clonality of a sample without 

more thorough testing and possibly a methodology that involves deeper sequencing. 

Finally, we did not have data available with more careful study designs and thorough 

treatment and follow-up information, to evaluate differences in infiltration as it relates to 

recurrence or therapy. 

Despite these limitations, this work adds to the body of work in profiling immune 

infiltration in tumor samples, and provides a new molecular marker for T-cell infiltration 

that can be analyzed in further sequencing studies of tumor samples. With future studies 

involving deeper sequencing and designs that have the data to evaluate more 

thoroughly questions of immune infiltration compared to cancer progression and 

treatment, the profiling of reads originating from the T-cell receptor may further our 

understanding of the interaction between the immune system and tumors. 
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Chapter 5: Conclusion 

We have developed and applied an analytical framework designed to 

characterize the abundance and annotation of T-cells in genome-wide tumor samples. In 

Chapter 2, we used a gold standard deep repertoire sequencing to evaluate the ability of 

TCR alignment tools to identify real rearranged CDR3 sequences in a whole-exome 

sequencing sample. In Chapter 3, we used this methodology to identify CDR3 reads in 

breast cancer tumors from TCGA, and identified their correlation with other markers of 

immune infiltration and prognostic value in Her2+ patients. Finally, in Chapter 4, we 

extended this methodology to profile T-cell infiltration across 10,084 tumors from 28 

cancer types from TCGA data, and evaluated the differences in these markers between 

the cancer types. 

Throughout this work, we have made many crucial discoveries in using genome-

wide data to profile T-cell infiltration on a large cohort of tumors. First, we have found 

there is a very high variability in the results, due to both biological and technical reasons. 

We also have observed strong differences between cancer types due to this. Finally, we 

have found great value in these markers of T-cell presence for both measuring the 

infiltration of T-cells in tumors and the clonality of the immune repertoire. 

Our work deeply explores one aspect of immune-tumor recognition, profiling of 

the T-cells. The future vision of tumor immunology would enable us to explore all of the 

main factors of immune-tumor recognition: the mutanome to identify potential 

neoantigens, the HLA type, and the TCR repertoire, all of which can now be 

computationally analyzed [1]. With a deep understanding of the data to analyze each of 

these, and an exploration of the interplay between them, we will be able to further the 

possibilities of cancer treatment with immunotherapy.
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With even bigger data involving larger cohorts and more analysis, we will be able 

to generate a complete picture of this tumor-immune interaction. We have taken a 

comprehensive first step in just one aspect, and provided a framework that can be used 

as a resource to profile diverse cancer sequencing data to identify T-cell infiltration. 
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