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We developed a computational method to infer the complementarity determining region 3 (CDR3)
sequences of tumor infiltrating T-cells in 9,142 RNA-seq samples across 29 cancer types. We
identified over 600 thousand CDR3 sequences, including 15% with full-length. CDR3 sequence
length distribution and amino acid conservation, as well as variable gene usage of infiltrating Tcells in many tumors, except brain and kidney cancers, resembled those in the peripheral blood of
healthy donors. We observed a strong association between T-cell diversity and tumor mutation
load, and predicted SPAG5 and TSSK6 as putative immunogenic cancer/testis antigens in multiple
cancers. Finally, we identified 3 potential immunogenic somatic mutations based on their cooccurrence with CDR3 sequences. One of them, PRAMEF4 F300V, was predicted to bind strongly
to both MHC-I and MHC-II, with matched HLA types in its carriers. Our analyses have the
potential to simultaneously identify immunogenic neoantigens and the tumor-reactive T-cell
clonotypes.
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Introduction

Author Manuscript

T cell receptor (TCR) consists of a heterodimer of two chains (α, β or γ, δ), both of which
are products of V(D)J recombination1. This somatic rearrangement only occurs in the T cell
genome and produces an extremely diverse repertoire of TCRs. The most variable region in
TCR is the complementarity determining region 3 (CDR3), which plays a critical role in
antigen recognition2. The lower limit of distinct TCRs in the peripheral blood of a healthy
individual is around 1.1 million3, and the theoretical diversity for αβ T cells, the most
abundant T cell type in humans, is up to1016 types4. This large repertoire of T cells with
structurally divergent TCRs is required to recognize cells expressing foreign or mutated
proteins, including neoantigens in cancer cells. Therefore, characterizing the repertoire of
tumor-infiltrating T cells can help identify the tumor-reactive T cell clones and facilitate the
clinical practice of cancer immunotherapies.
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The current common strategy for characterizing CDR3 is TCR profiling which amplifies the
cDNA or gDNA β-CDR3 locus using predesigned PCR primers followed by deep
sequencing. Recent developments of cancer immunotherapies5–7 have seen TCR sequencing
applied to monitor T cell repertoire changes before and after the therapy in humans or
animal models8–11. While these studies revealed exciting mechanisms of tumor immunity
and the pharmacology of checkpoint blockade drugs, they were limited by small sample size
thus had low power to detect important features shared among individuals. Efforts have been
made to study the repertoire of T/B cells using unselected RNA-seq data in liquid or solid
tumors12,13, which can potentially scale up to large cohorts. However, these studies adopt
computational methods not specifically designed for unselected RNA-seq data14–16,
resulting in poor CDR3 calls and limited power in the downstream characterization of the
tumor-infiltrating T cell repertoire on the cohorts.
In this study, we developed a novel computational method for de novo assembly of CDR3
regions using paired-end RNA-seq data, and applied it on 9,142 samples from the Cancer
Genome Atlas (TCGA). Compared to a previous RNA-seq based analysis13, we assembled
an order of magnitude more distinct CDR3 sequences, which gave us enough power to
perform deeper analyses on the TCR repertoire of the tumor microenvironment. We
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observed interesting interactions between tumor and the host immune system and identified
potential therapeutic targets that might be useful for multiple immunotherapies.

Results
De novo assembly of CDR3 sequences and method validation

Author Manuscript

We developed a de novo method to assemble the CDR3 sequences produced by TCR
transcripts using paired-end RNA-seq data (Supplementary Fig. 1 and Methods). In brief,
this method first maps the reads to the human genome and searches for read pairs with one
mate properly mapped to a TCR gene and the other mate unmappable to the genome,
potentially due to V(D)J recombination. It then initiates pairwise comparison of the
unmapped reads and constructs a read-overlap matrix, represented by an undirected graph,
with each node representing a read and an edge for partial sequence overlap between two
connected reads. This graph is further divided into disjoint cliques to represent potentially
different CDR3 sequences. Finally, the method assembles all the reads in each clique to
obtain contigs of DNA sequences and annotates them with information such as amino acid
sequence, associated variable (V) and joining (J) genes. Contigs not annotated as CDR3
regions were discarded to reduce false positive calls (Methods). Counts of reads and contigs
kept at each step of the method for an example was summarized in Supplementary Fig. 2.
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To validate the above approach, we first took 3 kidney renal clear cell carcinoma (KIRC)
samples from TCGA with available RNA-seq data, extract the genomic DNA from formalinfixed and parrffin-embedded (FFPE) tumors, and sent for TCRβ sequencing (immunoSEQ).
Although the number of CDR3 sequences assembled from RNA-seq is much smaller than
that from immunoSEQ, over 60% of CDR3 from RNA-seq was also observed in
immunoSEQ, which partially validates the accuracy of our method. It is worth noting that
due to DNA fragmentation in the FFPE samples, only a subpopulation (~25–50%) of the
infiltrating T cells can be recovered, so it is not surprising that a fraction of our assemblies
were not contained in the immunoSEQ results. Also as expected, CDR3 assemblies from
RNA-seq data were enriched for the abundant T cell clones, recovering over 50% of the
most abundant (99.9% quantile) clones (Supplementary Fig. 3 and Methods).
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Since immunoSEQ from FFPE samples cannot retrieve the complete infiltrating repertoire,
we conducted in silico simulations to systematically evaluate the performance of our
method. To this end, we generated pseudo tumor RNA-seq samples by in silico mixing of
TCR transcript reads from a deeply sequenced immunoSEQ sample3 and RNA-seq reads
from a TCR negative cancer cell line (K562) (Supplementary Fig. 4 and Methods). This
procedure demonstrated that our method achieved high accuracy in CDR3 sequence
assembly over a large range of T cell infiltration levels (Supplementary Fig. 5a). Our results
also confirmed the above observation that the assembled CDR3 sequences were enriched for
clonotypes with high frequency (Supplementary Fig. 5b–c).
In both the immunoSeq validation and in silico mixing simulation, our method assembled a
small fraction (0.5%–5%) of the total CDR3 repertoire (Supplementary Fig. 3 and 5). This is
because the actual coverage for the TCR region in an RNA-seq sample is estimated to be as
low as 0.04 (Methods). We introduced additional simulations to investigate how CDR3
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assembly rate changes with sequence depth (Supplementary Fig. 4 and Methods).
Surprisingly, we found that at coverage 1 (library size 5 billion reads), our method achieved
33% recall of the simulated true CDR3 transcripts with high precision (97.2%), while for a
competing method iSSAKE16 the recall was only 0.7% with precision 7.1% (Supplementary
Fig. 6). The above results indicate that our method is a highly sensitive and accurate CDR3
assembler for tumor RNA-seq data. It outperforms competing method by at least an order of
magnitude, making it statistically powerful to analyze the immune repertoire of large-scale
RNA-seq sample cohorts.
Distribution of TCR gene usage and T cell type abundance
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We applied the CDR3 assembly method to study 9,142 samples from 29 TCGA cancers, and
the resulting CDR3 sequences are available in Supplementary Data Set 1. We first used
mapped reads to estimate the usage of different TCRα variable (TRAV) and β variable
(TRBV) genes across all tumor samples. The top three genes are 30, 13-1 and 12-2 for
TRAV and 20-1, 5-1 and 6-5 for TRBV (Fig. 1a–b). While there are few studies on TRAV
usage to validate our estimates, our observation on TRBV is consistent with previous
reports17,18 using the peripheral blood from healthy donors16,17. This result suggests that the
TRBV usage in tumor-infiltrating T cells do not deviate significantly from that in the
peripheral blood. In most cancer types, TRAV or TRBV usage distributions among the
tumor samples are similar, except those in the brain and kidney cancers (Fig. 1c–d). Brain
cancer displays very different patterns of both TRAV and TRBV usage, while kidney cancer
is only different in TRAV usage, compared to the majority of TCGA tumors (Fig. 1a–b and
Supplementary Fig. 7). These differences might be due to potentially different immune
regulations in brain cancer and expression of endogenous retrovirus in kidney cancer19.
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We next investigated the CDR3 assemblies. Here CDR3 regions are defined as all amino
acids between the last cysteine of variable gene and the phenylalanine in joining gene motif
FGXG as was previously described17. In total, we identified 683,418 sequences, including
650,496 from αβ T cells and 32,922 from γδ T cells. Of all the CDR3 assemblies, the vast
majority (95.8%) has read counts smaller than 10, with a median of 1.7 (Supplementary Fig.
8). Of these, 77,060 β-CDR3 and 1,060 δ-CDR3 are complete sequences harboring the
conserved N terminal 4 amino acids and C terminal phenylalanine. Based on sequence
count, γδ T cells account for ~4.8% of the total T cell population, consistent with previous
observations20. However, this γδ T cell fraction can vary among cancer types (Fig 1e),
potentially due to different neoantigens presented on different tumor cells.
Features of β and δ chain CDR3 sequences
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The TCR β and δ chains have undergone V(D)J recombination and are responsible for most
of the antigen recognition. β-CDR3 has sequence length ranging from 6 to 31, with a median
of 14 amino acids (Fig. 2a). The sequence pattern21 from the most frequent 14-amino acid
CDR3 sequences (Fig. 2b) is very similar to that from the peripheral blood of healthy donors
by TCR sequencing17 with minor differences in the first 4 residues. This difference is
potentially due to reduced TRBV20-1 abundance in our data, an observation consistent with
previous studies18,22.
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δ-CDR3 sequences also have length ranging from 6 to 31 amino acids, although a longer
median of 17 (Fig. 2c). Besides the larger median, δ-CDR3 also has larger length variation
(SD=4.6) than β-CDR3 (SD=1.9). The more constrained distribution of β-CDR3 lengths
potentially reflects the functional requirement for TCR β chain to contact the peptide major
histocompatibility complex (pMHC), which is not required for γδ T cells. These
observations agree with previous reports20,23, supporting the validity of our CDR3 calls. In
addition, β-CDR3 and δ-CDR3 show no strong overrepresentation of specific amino acids
except the small glycine prevalence in the middle of the sequence logo (Fig. 2d).
Identification of public and private β-CDR3 sequences
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Despite the extreme amino acid sequence diversity, 4,252 of the complete β-CDR3
sequences appeared in more than one tumors (Fig. 3a) and the number of individuals sharing
these sequences can be as high as 65 (Fig. 3b). A large fraction of the shared, or public,
CDR3 sequences are potentially products of convergent recombination in the thymus24. We
compared our CDR3 calls to the peripheral blood repertoire of healthy individuals by deep
TCR sequencing3, and 2,059 of TCGA shared CDR3 sequences are also present in this
dataset (Fig. 3a). This result suggests that a large fraction of the shared sequences might not
be related to the tumor antigens but derived from public T cells with potential role in
responses to common antigens such as persistent viral infections24. Interestingly, 10,249
CDR3 sequences private to individual TCGA tumor also overlap with the peripheral blood
CDR3 repertoire. These sequences are likely also shared but missed in other TCGA tumor(s)
due to the limited power of identifying T cell clonotypes with low abundance from the RNAseq data. Therefore, we merged these 10,249 sequences with the previous 4,252 ones as the
final set of shared β-CDR3 sequences. It is worth noting that a significant fraction of our
final set of private sequences in the TCGA data may still contain a significant number of
truly public β-CDR3 sequences.
Previous study reported that β-CDR3 sequences of private T cells are significantly longer
than those of public T cells in the peripheral blood3 and we observed the same in tumorinfiltrating T cells (Fig. 3c). As CDR3 sequences contain highly conserved four amino acid
sequence in the N terminus and phenylalanine in the C terminus (Fig. 2b), we defined
“CDR3 motif” as the amino acid sequence in between these conserved regions of the
complete CDR3 sequence. Interestingly, the middle 3 amino acids of the private CDR3
motifs contained significantly higher fraction of hydrophobic residues than those of the
public motifs. A recent study reported that hydrophobicity is a hallmark of immunogenic
neoepitopes25, and hence our results suggest that private CDR3 sequences might have higher
potential for tumor-antigen recognition.
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Association of T cell diversity with neoantigen load
Clonotype diversity of T cell repertoire is an important property of the immune system and
is closely related to the capacity for T cells to recognize antigens. As each T cell clone
possesses a unique TCR, CDR3 sequences are often used as proxies to represent clonotype
diversity. In our data, the number of unique CDR3 calls in each tumor is linearly correlated
with total TCR reads (Fig. 4a), an expected observation since tumors with higher T-cell
infiltrates have more TCR reads to assemble more CDR3 sequences. We therefore used the
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number of unique CDR3 calls in each sample normalized by the total read count in the TCR
region, which we called clonotypes per kilo-reads (CPK), as a measure of clonotype
diversity (Methods). In kidney, lung, and pancreatic cancers, female patients have
significantly higher CPK than male patients, consistent with the long-standing knowledge of
elevated immune responses in females26 (Supplementary Table 1). In addition, expression
level of granzyme A, an indicator of immune mediated cytolysis18,25, is also positively
correlated with CPK even after correcting for tumor purity19,27 (Supplementary Fig. 9).
These observations support the validity of using CPK as a measure of immune responses.
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We next calculated CPK for each tumor sample and observed a strong positive association
between the CPK value and the load of nonsynonymous somatic mutations (Fig. 4b and
Supplementary Fig. 10). When ranking the cancer types by their median CPK, we found that
breast cancer showed surprisingly high inter-tumor heterogeneity, where the CPK of basal
breast cancer is 1.2-fold that of the luminal subtypes. Besides basal breast cancer, testicular
cancer (TGCT) also has unusually high CPK, which might be related to the high level of
alternative splicing during spermatogenesis28. The remaining cancers with highest T cell
clonotype diversity include colorectal cancers, non-small cell lung carcinomas,
mesothelioma, and melanoma (Fig. 4c). These cancers are known to be associated with
external stimuli, such as microbiota, smoking, carcinogen, and UV exposure, respectively.
There are at least two explanations to our observation: 1) tumor genomes with higher
mutation load present more neoantigens to the immune system, which recruit antigenspecific infiltrating-T cells; 2) external stimuli such as UV or carcinogen directly interact
with the immune system to increase the T cell repertoire diversity. If the second explanation
were valid, we would expect a higher fraction of public β-CDR3 sequences in these cancer
types, due to the presence of public T cells in response to the common stimuli. Among the
above cancers, this is true only in melanoma (Supplementary Fig. 11), suggesting that the
diversity of infiltrating T cells in most cancers might be regulated through tumor-specific
somatic mutations.
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Cancer/testis (CT) antigens are a family of genes with normal expression restricted to germ
cells, but can also be expressed in tumors due to epigenetic instability. CT antigens do not
have thymus tolerance as genes expressed in other tissues and can be recognized as foreign
antigens by the immune system. Efforts have been made to explore the possibility of using
CT antigens as cancer vaccine targets29,30 and clinical trials have been conducted using a
number of CT antigens31. We examined whether the expression of CT antigens are
associated with infiltrating T cell diversity. Among the 109 known CT antigens19,32, SPAG5
and TSSK6 expression levels positively correlate with CPK in multiple cancers (Fig. 5). We
further analyzed all the 9 amino acid peptides in the SPAG5 and TSSK6 protein sequences
for their MHC-I binding affinity using NetMHC4.033 and identified 25 strong (rank < 0.5%)
binding sites for SPAG5 and 7 for TSSK6 for common HLA alleles (Supplementary Fig.
12). Together, these evidences support SPAG5 and TSSK6 as potential vaccine targets in
multiple cancer types.
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According to the mechanism of immunoediting34, tumors sharing the same immunogenic
somatic mutation might harbor tumor-reactive T cells with similar antigen-recognizing TCR
domains. To explore the recurrent patterns in the CDR3 sequences, we studied the CDR3
motifs as above defined. From the complete β-CDR3 sequences, we identified a total of
64,824 unique motifs. For each motif, we searched all the 683,418 CDR3 calls for sequences
containing the motif and documented the corresponding individuals. Extremely short motifs
are not informative, as their recurrences can be random. Also, highly recurrent motifs may
come from public T cell, which is not the interest of this analysis. Therefore, we focused on
CDR3 motifs with recurrence in 5 to 20 tumors and longer than 5 amino acids, resulting in
5,347 high quality motifs. Next, we obtained the somatic mutation profiles from the exomesequencing data of each tumor. We filtered 5’UTR, 3’UTR, nonsense and nonstop mutations
because they don’t result in altered peptides or potential neoantigens in the tumors. The
remaining 2,353 nonsynonymous (NS) mutations occurring in more than 3 tumors were kept
for downstream analyses.
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We then examined the co-occurrence of CDR3 motifs and NS mutations in cancer patients,
using Fisher’s exact test to estimate statistical significance. We applied a heuristic method to
find the most promising CDR3-mutation pairs and used permutation test to correct for false
discovery rate (FDR, Methods). Based on over 1.5 million null permutation tests and a
stringent selection criterion, we identified top 3 pairs to be statistically significant
(FDR=0.05) involving mutations on MUC4, PRAMEF4, and MUC5B genes (Fig. 6a).
Examining the 9 amino acid peptides containing these mutations for MHC-I binding with
NetMHC4.035, we found that all three mutations have at least one predicted binding peptide
(Supplementary Table 2). We compared the mutated peptides with their wild type (WT)
sequence and excluded mutated peptides with lower binding affinity than the WT ones. The
remaining peptides were all produced by PRAMEF4 F300V (Fig. 6b). Interestingly,
PRAMEF4 F300V is also predicted by NetMHC-II2.233,36 to produce high affinity MHC-II
binding peptide (Supplementary Fig. 13). PRAMEF4 F300V co-occurs with CDR3 motif
GESEQY in three patients: TCGA-4K-AA1I, TCGA-2G-AAGE and TCGA-2G-AAKO, all
of whom with testicular germ cell tumors. We did not find the CDR3 motif in two other
tumors carrying the F300V mutation, and one possible reason is that CDR3 motif was
present but failed to be identified from RNA-seq data. PRAMEF4 is expressed in
cholangiocarcinoma, liver, ovarian, endometrial and testicular cancers, but is almost silent in
other cancers and normal tissues (Supplementary Fig. 14). The three individuals with
PRAMEF4 F300V mutation all have tumor PRAMEF4 expression, so mutant PRAMEF4
peptides are produced in these tumors. We next annotated the HLA type information of the
above three individuals using POLYSOLVER27 (Supplementary Table 3). One has allele
A*30:01, the exact type predicted to bind peptide KVLTITNCV. Two of them, TCGA-2GAAGE and TCGA-2G-AAKO also have allele B*08:01, which is predicted to bind
CLKTSLKVL. Therefore, all three harbored at least one HLA allele binding the mutated
peptides. These results supported PRAMEF4 F300V as a potential immunogenic mutation in
testicular cancer. In addition, our analysis suggested that if F300V is truly immunogenic, the
corresponding tumor-reactive T cell clonotypes are likely to carry the GESEQY motif in the
CDR3 sequences.
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Discussion
Understanding the crosstalk between cancer antigens and the host adaptive immunity is
critical to finding therapeutic targets and developing effective immunotherapies. Improved
characterization of tumor-infiltrating T cell repertoire is highly desirable yet has been
limited to small scale of samples due to technical and cost barriers. In this study, we
developed a computational method to extract the TCR sequence from unselected tumor
RNA-seq data, and applied it to over nine thousands TCGA samples across 29 cancer types.
To our best knowledge, this work is among the first to analyze infiltrating T cell repertoire
on a large cancer cohort. Compared to a similar work relying on reads that covering the
complete CDR3 region13, our method assembled an order of magnitude more CDR3
sequences, leading to stronger associations and improved statistical power.
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Our observations on variable gene usage, CDR3 sequence length, amino acid conservation,
γδ T cells and features of public/private T cells were similar as previously reported on
peripheral blood repertoire3,17. These results suggest that the population of infiltrating T
cells maintained a large fraction of public clonotypes, which are also present in the
peripheral repertoire of healthy donors. Comparing to private T cells, the CDR3 regions of
the public clonotypes were shorter and less likely to bind neoepitopes according to the
hydrophobicity analyses25. Future efforts are needed to elucidate the potential functional
impact of public T cells in the tumor microenvironment.
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According to our results, the presence of cancer antigens, including somatic mutations and
cancer/testis genes might increase the diversity of infiltrating T cell repertoire. Specifically,
we identified SPAG5 and TSSK6 as candidates of cancer vaccine targets based on their
associations with CPK, a metric for T cell clonotype diversity. It must be emphasized that
our CDR3 calls only represent prevalent clonotypes in infiltrating T cells due to limited
detection power from RNA-seq data. Therefore, CPK is a simplified diversity measure of
abundant T cell clonotypes, which is potentially the reason that CPK was not associated with
patient survival (Supplementary Table 1).
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Our analysis identified 3 strong co-occurrences between recurrent tumor mutations and
CDR3 sequence motifs, and provided HLA typing evidence to support at least one of them,
PRAMEF4 F300V, as a putative immunogenic mutation. Our analysis also identified the
corresponding antigen-recognizing CDR3 motifs. Unfortunately we could not conduct TCR
sequencing on the remaining mutation positive but CDR3 motif negative samples or other
experimental validation at this point to further substantiate the association. Our
computational approach is potentially useful for cancer vaccines, adoptive T cell5 as well as
chimeric antigen receptor T cell therapies37,38. One possible reason that we were not able to
find more significant pairs is our limited CDR3 detection power. Another reason is that
TCRs with different CDR3s might be able to bind the same neoepitope and the same
somatic mutation may be recognized by multiple CDR3 motifs. Therefore, future efforts
might be made to group different CDR3 sequences with similar biochemical properties and
match the groups to somatic mutations to identify more immunogenic somatic mutations.
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In this study, we demonstrated the feasibility of using unselected RNA-seq data to
characterize the tumor-infiltrating T cell repertoire. Although the scale and power of our
analysis are sometimes still limited by low coverage and insufficient sample size, we were
able to observe interesting associations between T cell repertoire and tumor clinical and
molecular features in the TCGA cohort. With the rapid decrease of sequencing cost and
increase of tumor profiling efforts, we anticipate further analyses of tumor-immune
interactions on more high-quality RNA-seq data to yield better biological insights in the near
future.
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Figure 1.
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Distribution of αβ T cell variable gene usage and γδ T cell abundance in multiple cancer
types. a–b: Proportions of TRAV and TRBV genes in decreasing order. IMGT functional
genes were selected in the display. c–d. PCA analysis on TRAV and TRBV usage across
different cancer types. For TRAV, PC1 was driven by the difference between brain cancer
(LGG) and other tumors, while PC2 was driven by kidney cancer (KIRC). Dark blue circle:
LGG samples; cyan circle: KIRC samples. e. γδ T cell fractions (labeled in the x-axis) in
multiple cancer types in decreasing order. The mean γδ T cell fraction across all samples
was 4.8%. For each cancer, we used Binomial test with expected probability 0.048 to
calculate the statistical significance. We applied Benjamini-Hochberg adjusted P values for
FDR. The numbers listed on the right margin of the plot are q values. Disease abbreviations:
ACC: adenocortical carcinoma, BLCA: bladder carcinoma, BRCA: breast carcinoma,
CESC: cervical squamous carcinoma, CHOL: cholangiocarcinoma, COAD: colon
adenocarcinoma, DLBC: diffusive large B-cell lymphoma, GBM: glioblastoma multiforme,
HNSC: head and neck carcinoma, KICH: kidney chromophobe, KIRC: kidney renal clear
cell carcinoma, KIRP: kidney renal papillary cell carcinoma, LGG: lower grade glioma,
LIHC: liver hepatocellular carcinoma, LUAD: lung adenocarcinoma, LUSC: lung squamous
carcinoma, MESO: mesothelioma, PAAD: pancreatic adenocarcinoma, PCPG:
pheochromocytoma and paraganglioma, PRAD: prostate adenocarcinoma, READ: rectum
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adenocarcinoma, SARC: sarcoma, SKCM: skin cutaneous melanoma, TGCT: testicular
germ cell tumors, THCA: thyroid carcinoma, THYM: thymoma, UCEC: uterine corpus
endometrial carcinoma, UCS: uterine carsinosarcoma, UVM: uveal melanoma.
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Figure 2.

Length and amino acid conservation of β and δ chain CDR3 sequences in tumor-infiltrating
T cells. Length distribution of complete CDR3 calls was estimated using histogram for β
and δ chains (a and c). Length 14 β-CDR3 and length 20 δ-CDR3 sequences were selected
for weblogo analysis (b and d). The y-axis in the sequence logo plot was the conservation
score. For a given locus, the height of a letter reflects the relative frequency of that amino
acid.
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Figure 3.
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Public and private β-CDR3 amino acid sequences have different lengths and hydrophobicity.
a. β-CDR3 sharing between TCGA tumor, TCGA normal samples and peripheral blood
repertoire displayed in Venn diagram. Colors indicated difference tissues: red: peripheral
blood; green: TCGA normal samples; blue: TCGA tumor samples. The numbers of sharing
labeled inside the eclipses were the overall calls of that category. Numbers labeled outside
and connected to a colored region is the counts of the overlapped calls between categories.
b. Distribution of public β-CDR3 frequency. Sequence sharing was determined using only
TCGA data, not including the 10,249 sequences shared with blood repertoire. c. Comparison
of β-CDR3 lengths of private and public sequences. P value was calculated using Wilcoxon
test. Box includes data between the 25th and 75th percentiles, with horizontal line indicates
the median. There are 14,443 and 51,583 sequences in the public and private group
respectively. d. Hydrophobicity analysis of the middle 3 amino acids (see main text for
details) in the private and public CDR3 sequences. In each position, Binomial test was
applied to estimate the significance of the difference in hydrophobic amino acid fraction
between groups, using the fraction in the public group as expected probability. All three
positions were significant at FDR=0.05.
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The diversity of T cell clonotypes positively associates with cancer somatic mutation load. a.
Scatter plot of the number of CDR3 calls in each sample against the total reads extracted
from the 3 TCR regions. Prostate and pancreatic cancers were excluded due to high
expression of non-TCR genes in the region (Methods). b. Clonotypes per kilo-reads (CPK)
was positively associated with tumor mutation load. Median CPK and median somatic
mutation load for each cancer type were displayed on the scatter plot. Cancers with <50
samples were excluded. Significance was estimated using Spearman’s correlation test. c.
Distributions of CPK across all cancer types. PAM50 subtypes of breast cancer46 were
displayed to show the inter-tumor heterogeneity in this disease.
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Figure 5.

Association of T cell diversity and expression of cancer/testis antigens reveals SPAG5 and
TSSK6 as vaccine targets. Gray entries indicated the gene was not overexpressed in the
tumor cells, as suggested by correlative analysis with tumor purity. Association between
CPK and the CT antigen expression was evaluated using partial Spearman correlation
corrected for tumor purity. Solid boxes indicated significant associations at FDR=0.2.
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Figure 6.

Author Manuscript

Non-synonymous mutations co-occur with CDR3 motif. a. Three pairs of NS mutation and
CDR3 motifs co-occurred more often than random, with statistical significance (FDR=0.05)
based on permutation test (Methods). MHC-I binding predictions were performed on all the
possible 9 amino acid peptides derived from the above three mutations using NetMHC4.0,
and those with mutated peptides binding stronger than wild type peptides were displayed
(b). Bold letters indicated mutated amino acids.
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